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Abstract

Many people face mobility challenges due to spinal cord injury, stroke, and aging.
Therapeutic interventions using assistive exoskeletons have emerged as promising tools to
enhance their quality of life. The efficacy of exoskeletons requires a delicate balance be-
tween assistance and allowing users to regain control of their movements. This needs the
exoskeleton to continuously alternate between follower and leader roles to assist the user
only when needed. My PhD research focused on proposing a solution for this challenge by
optimizing the human-exoskeleton physical interaction. I developed an innovative method
to optimize interaction torques, enabling the exoskeleton to adapt its assistance based on
the user’s motor capacity. Using musculoskeletal modelling and simulation tools such as
OpenSim and MATLAB, I integrated human and exoskeleton models and simulated indi-
viduals with varying levels of injuries. I implemented an adaptive approach to determine
an efficient exoskeleton trajectory, resulting in improved gait stability and spatiotemporal
parameters by decreasing the physical disagreement between the user and the exoskeleton,
which is expected to increase the user comfort level. 1 further extended the optimization
formulation to adapt to the changes in gait speed, transitions, and pathological gait pat-
terns by developing a data-driven gait phase estimator using a rich dataset collected from
14 participants, offering superior performance in estimating gait phases under diverse con-
ditions. Moreover, I tackled the issue of measuring interaction torques in practice, where
direct measurements are impractical due to the complex nature of human-exoskeleton in-
teraction. I introduced an innovative excitation approach to capture the dynamics of the
exoskeleton in all regimes (i.e., swing, stance, and double support) with a single model. This
method allows researchers to estimate interaction torques throughout the entire gait phase,
ensuring accurate monitoring of the human-exoskeleton interaction dynamics. Leveraging
these contributions, I implemented my optimization method in practical settings, and val-
idated its effectiveness in experiments on 15 participants during treadmill and overground
walking. Finally, I developed an adaptive feedforward torque controller capable of learning
the user desired joint trajectory and accordingly generating an appropriate feedforward
torque based on the exoskeleton dynamical model. Comparative assessments on 9 partic-
ipants against current methods demonstrated that my controller reduces metabolic costs,
physical interaction, and enhances the overall user experience compared to a recently de-
veloped stated-dependent feedforward controller. As a part of this assessment, I proposed
a new method of evaluating human-exoskeleton interaction based on co-analysis of the
user muscular effort and the interaction torques called Interaction Portrait. I showed
that the distribution of the interaction portrait can determine different regimes of human-
exoskeleton physical interaction. In conclusion, the methodologies I introduced contributed
to the advancement of assistive robotics. By focusing on optimizing interaction torques, I
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addressed a key limitation in contemporary exoskeleton designs, ensuring the device intel-
ligently adapts to the user’s unique motor capacities. By successfully addressing real-world
challenges, such as adapting to diverse gait patterns and accurately estimating interaction
torques, my research offers a tangible and significant improvement in exoskeleton perfor-
mance. The practical implementation and subsequent evaluations underscore the potential
of my approach to not only enhance mobility but also elevate the user experience. My re-
search lays a strong foundation for future endeavours aimed at bridging the gap between
robotic assistance and human motor impairments.

vii



Acknowledgments

I would like to thank my supervisor, Prof. Arash Aramzi, who pushed me to achieve
my best and supported me throughout my PhD. I learned a lot from you.

Thanks to my family for their unwavering support and sacrifices.

And to my friends in Aramilab, thank you for creating a wonderful and memorable
experience for me.

Viil



Dedication

Dedicated to Sara, who has made my life colorful.

X



Table of Contents

Examining Committee Membership
Author’s Declaration

Statement of Contributions
Abstract

Acknowledgments

Dedication

List of Figures

List of Tables

List of Abbreviations

1 Introduction

2 Literature Review

2.1 Intent Detection. . . . . . . .. ..
2.1.1 Intent Definition . . . . . .

2.1.2  Relevant Signal Measurement

ii

iii

iv

vi

viii

ix

Xiv

XXVIii

xxviii

S ot ot Ot



2.1.3 Intent Decoding . . . . . . . . . ... 9

2.2 Arbitration . . .. .. 12
2.2.1  Conventional Controllers Without Arbitration . . . . . . . ... .. 13
2.2.2  Passive Arbitration . . . .. .. ..o 14
2.2.3 Active Arbitration . . . .. ... Lo 17

2.3 Human-Exoskeleton Physical Interaction Evaluation . . . . . . . .. .. .. 19

Ultra-Robust Real-Time Estimation of Gait Phase 21

3.1 Methods and Material . . . . . .. .. ... oo 22
3.1.1 Experimental Setup . . . . . . . ... .. L 22
3.1.2  Experimental Protocol . . . . . ... ... ... ... 23
3.1.3 Training and Evaluation of the Gait Phase Estimator . . . . . . .. 25

3.2 Results and Discussion . . . . . . . ... oL 28
3.2.1 Detailed Performance Analysis. . . . . . . ... .. ... ... ... 28
3.2.2  Gait Phase Estimation in Presence of an Exoskeleton . . . . . . .. 30
3.2.3 Robustness Analysis . . . . . . . ... 32
3.2.4 Comparison with the state of theart . . . . ... ... ... .... 36

3.3 Conclusion . . . . . . . . 37

Human—Exoskeleton Interaction Force Estimation in Indego Exoskeleton 39

4.1 Materials and Methods . . . . . . . . . ... oL 39
4.1.1 Interaction Torque Modeling . . . . . . . . .. ... .. ... .. .. 39
4.1.2  System Identification . . . . . . .. ... oL 40
4.1.3 Experimental Estimation of Human—Exoskeleton Interaction Torque 44

4.2 Results and Discussion . . . . . . . . ... oL 46
4.2.1 Tuning the Network Structure and Hyperparameters . . . . . . .. 46
4.2.2 N9 Performance on Test Dataset . . . . . .. .. ... ... .... 47
4.2.3 Human-Exoskeleton Interaction Torque Estimation . . . . . . . .. 48

el



4.3 Conclusions . . . . . . . . . . e 50
4.4 Supplementary Material: Model-based Estimation of Indego Exoskeleton . 51

4.4.1 Indego Exoskeleton . . . . . . .. ... oo o1
4.4.2 System Identification Objectives . . . . . . . . ... ... ... ... 52
Human-exoskeleton Interaction Portrait 56
5.1 Methods . . . . . . o7
5.1.1 Feedforward Control Strategies . . . . . .. ... ... ... .... 57
5.1.2 Experimental Setup . . . . . . . ... ... 59
5.1.3 Experimental Protocol . . . . . . .. .. ... ... L. 61
5.1.4 Data Analysis . . . . . . . ... 62
5.2 Results . . . . . .. 68
5.2.1 Initial Processed Data for a Representative Participant . . . . . . . 68
5.2.2  Overall Performance Analysis . . . . .. .. ... ... ... .... 68
5.2.3 Interaction Portrait Analysis . . . . . .. .. ... ... ... 69
5.2.4 Individual Adaptation Strategy . . . . . .. ... .. ... ... .. 71
5.3 Discussion . . . . . .. 72
5.3.1 Human Adaptation . . . . . .. .. ... ... . 72
5.3.2 Importance of Interaction Portrait (IP) Analysis . . . . . . . .. .. 74
5.4 Conclusion . . . . . . . . 76
5.5 Supplementary Material: Complementary Example . . . . ... ... ... 7
5.6 Supplementary Material: Comparison with Natural Walking . . . . . . .. 78
5.6.1 Gait Spatiotemporal Parameters . . . . . . . .. ... ... ... .. 78
5.6.2  Ground Reaction Force . . . . . . ... ..o oL 80

Online Reference Trajectory Adaptation: A Personalized Control Strat-
egy for Lower Limb Exoskeletons 81

6.1 Problem Statement . . . . . . . . . . 82

xii



6.2 Mathematical Analysis . . . . . . . . ..o 84

6.2.1 Adaptation Rule Extraction . . . .. ... . ... ... ... .... 84

6.2.2 Convergence Analysis . . . . . . . ... .. oL 85

6.3 Simulator Development . . . . . . . . . ... 85
6.3.1 Simulator Justification on Healthy Subject Data . . . . . . . . . .. 86

6.3.2 Simulation of Assisted Walking With an Exoskeleton . . . . . . .. 87

6.4 Results and Discussion . . . . . . . ... oo 90
6.5 Conclusion . . . . . . . . 92

7 Optimization of Human—Exoskeleton Physical Interaction 94
7.1 Methods . . . . . . . 95
7.1.1 Interaction force estimation . . . . .. .. ... ... ... ... .. 95

7.1.2  Exoskeleton Controllers . . . . . ... .. ... ... ... ... .. 95

7.1.3 Experimental Protocol . . . . . ... ... ... ... ... 97

7.1.4 Data Processing . . . . . . . . . .. 99

7.2 Results and Discussions . . . . . . ... ..o Lo 100
7.2.1 Overground Walking . . . . . ... .. ... .. ... ... ... 100

7.2.2  Comparison with Treadmill Walking . . . . . ... ... ... ... 107

7.2.3 Convergence Behavior . . . . ... ... ... ... ... ... 109

7.2.4 Interaction Portrait . . . . . . . .. .. oo 110

7.3 Conclusion . . . . . . . . L 111

8 Conclusion and Outlook 112
References 116

Xlil



List of Figures

2.1
2.2
2.3
24

3.1

3.2

3.3

3.4

Physical human-robot interaction framework . . . . . . . ... .. .. ...
Intention detection steps and levels . . . . . .. ... .. ... ... ....
Control arbitration levels . . . . . . . . . .. ... ... ...

Spatiotemporal decoupling in Path Control and Velocity Field Control (VFC)
method . . . . ..

Experimental setup: a participant walking on the treadmill (A) without and
(B) with an exoskeleton. Participants kinematics are recorded using the
motion capture and motor encoders during without and with exoskeleton
walking, respectively. The ground reaction forces are collected by separate
load cells under each belt of the treadmill. The participant has permitted
usage of their photo in this paper. . . . . . . . . ... ...

The speed profile during the treadmill walking session. The right and left
belts share the same speed profiles except during the asymmetric walking
condition. . . . . . ..

The TCN network consists of six residual blocks, each including two dilated
convolutional layers with the same dilation factor. Instantaneous joint angles
(x¢) are fed into the first residual block while the output of the last residual
block is fed into a linear layer to generate the final gait phase predictions
(¢¢). The dropout rate is set to 0.1 for all residual blocks. Kernel size of 3
is used for all dilated causal convolutional layers. . . . . . ... ... ...

Spatial (eg) and Temporal (er) error according to the estimated and target
gait phase profiles. The temporal error (er) is computed at the n'* heel-
strike event. . . . . .. L

X1v

15

22

23

24



3.5

3.6

3.7

3.8

3.9

(A) Spatial Accuracy comparison between the D67, Temporal Convolutional
neural Network (TCN), and D5 networks. The circles in each pair of network
and condition indicate the mean of spatial Root Mean Square Error (RMSE)
across all gait cycles of each participant in all conditions. The average
spatial RMSE across the subjects is also represented with the respective bar
height. Similarly, (B) compares the temporal MAE of the three networks
in treadmill and overground walking conditions. The comparisons denoted
by asterisks show significant difference between the average performance of
the compared networks. The p-value is smaller than 0.001 unless specified.

The performance of the D67 network in treadmill walking gait phase esti-
mation. (A) the average estimated gait phase profile with respect to the
target gait phase. Gait phase estimation standard deviation is shaded in
red. (B) the spatial RMSE of the estimated gait phase across the strides in
each condition made by all participants. The average RMSE of gait phase
estimation at each condition is represented by the respective bar height. (C)
the estimated gait phase temporal error across all participants in each con-
dition. The mean and standard deviation of the temporal error are depicted
by dashed lines and bold areas, respectively. . . . . . . . ... ... ....

The performance of the D67 network in overground walking gait phase es-
timation. Figure description is the same as Fig. 3.6. . . . . . ... ... ..

The comparison between the temporal and spatial performance of the D67
network in treadmill walking with the Passive and Active exoskeleton on
participant #5. (A) overall average gait phase profiles in Passive and Active
modes across experiment conditions. The shaded area shows the standard
deviation. (B) the spatial performance across the experiment conditions in
the Active and Passive control modes. (C) the temporal error distribution
across all conditions in case of the Passive and Active exoskeletons. The
mean and standard deviation of temporal errors are denoted by dashed lines
and dark shaded area under the curves, respectively. . . . . . . . . . .. ..

(A) Comparison of D67, D5, and TCN networks estimated gait phase mean
and standard deviation (denoted by shaded area) as the treadmill speed
jumped from 0.8 to 1.2m/s averaged across all participants. (B) Detailed
performance of the D67 network gait phase estimation in different speed
jump scenarios. Each gray line represents one of the subjects while the blue
line shows the average gait phase profile. . . . . . . . . ... .. ... ...

XV

26

30



3.10

3.11

3.12

4.1

4.2

D67 spatial and temporal performance for each step of the right and left legs
during asymmetric walking. The blue and red circles show the performance
at each step while the corresponding curve show the smoothed performance.
The intervals during which the right and left legs are severely limping are
denoted by blue and red shaded areas, respectively . . . .. ... .. ...

D67 gait phase estimates when the treadmill belts have stopped and start
moving again for participant #5 without exoskeleton and with the exoskele-
ton in the Passive and Active mode, respectively. The shaded area shows
the interval when the treadmill belts were fully stopped. . . . . . ... ..

Comparison of D67 gait phase estimator performance with approaches re-
ported in the literature for (A) fixed speed, (B) speed jumps, and (C) speed
sweep in treadmill walking as well as overground walking at (D) preferred
speed and (E) variable speeds. . . . . . . ... o000

(A) The exoskeleton coordinates and joint angles. The global, trunk, and
thigh frames are denoted by 0, 1, and 2 indices, respectively. The trunk
and thigh angles with respect to gravity vector are denoted by 6 and ~,
respectively. ¢, and ¢ represent the hip and knee joint angles, respectively.
p1 and p, shows the position of the trunk and thigh coordinated in the
global frame ((xg,y0)). In blue, the acceleration vector (a) measured by the
accelerometer embedded in the exoskeleton’s thigh is plotted against the
thigh frame. In red, we plotted the interaction force vector (fins) calculated
from the linear spring’s deflection measured by motion capture. The distance
from the trunk frame origin to the hip joint rotation axis and from there to
the accelerometer location on the exoskeleton’s thigh is indicated by [; and
l, and the gravity axis is illustrated by dashed lines. (B) The exoskeleton
in hung position during data collection for dynamics identification. Joints
are excited during the experiment while the exoskeleton interaction with
the environment is limited to the force applied through a linear spring with
reflective markers on both ends enabling us to measure the spring deflection
using a motion capture system and, consequently, the applied force.

The hip and knee excitation torques applied to the left and right exoskeleton
legs, as well as the interaction force on the y axis. During the generation of
each of the training, validation, and test datasets, exoskeleton joints were
activated with unique and different chirp commands resulting in different
exoskeleton—environment interaction profiles. . . . . . . . .. ... ... ..

Xvi

41



4.3

4.4

(A) Block diagram of the exoskeleton dynamic identification experiment.
The interaction force (fiy) is applied to the exoskeleton through a linear
spring through which the exoskeleton is hung. Exoskeleton joints are con-
trolled by chirp position commands using PD controllers applying the ex-
citation torques (T,;) to the exoskeleton. Measurements of the exoskeleton
(x), containing joint angles and their derivatives as well as the thigh angle
with respect to the gravity vector and its linear acceleration, are fed to a
neural network for the estimation of the interaction force (fin) and motor
torques (Taet), which are then compared to their actual values. The estima-
tion error is then used to update the neural network weights to improve its
estimation accuracy. (B) Structure of a time-delay neural network with 10
input delays and 3 hidden layers with 50, 50, and 20 neurons, respectively,
with a tanh activation function. . . . . . . . . .. .. ...,

(A) Validation performance of ANNs with 10 different structures in terms of
RMSE and adjusted R? computed on the z-normalized data. The training
procedure was repeated 5 times for each structure to study the sensitivity
of the training procedure to the network’s initial weight for each structure.
Each validation performance is denoted by a black dot while the average
performance is denoted by bars. The training was conducted with 5 input
delays and no regularization. N3 (denoted by red) and N9 (denoted by
blue) demonstrated a better performance compared to the other networks.
N9, however, exhibited more variability across training repetitions. Those
networks were selected for further analysis to investigate the effect of reg-
ularization factor and the number of input delays. (B) Comparison of N3
and N9 performance across different selections of regularization factors. The
variation of the N9 performance across training repetitions is unaffected by
regularization. (C) Effect of the number of input delays on the N3 and N9
networks’ performance. N3 has the best performance with 5 input delays
while N9 reaches the best performance at 10 input delays. . . . . . . . ..

xXvil



4.5

4.6

4.7
4.8

The test performance of N9 for each output channel. In the top row, the
distribution of the estimation error of external force or joint applied torques
relative to their peak-to-peak range is depicted. Interaction forces in the y
and x direction exhibit a higher estimation error compared to those of the
exoskeleton active joints. Applied torques to the hip joints, in particular,
are estimated with a higher accuracy and smaller standard deviation. Even
though knee joint applied torques are estimated with similarly small errors
(small bias), they show a higher standard deviation associated to the more
prominent role of static friction. The bottom row shows the correlation
between the measured data and the N9 estimation for each output channel.
The estimated outputs have a relatively lower coefficient of determination
in case of interaction forces, while they show R? > 0.9 for the active joints
of the exoskeleton. . . . . . . . . . ...

The estimated interaction torques at (A) the hip and (B) the knee joints
of the right leg for three participants walking at different speeds (ranging
from 0.4 m/s to 0.8 m/s) are shown. The values represent the average
across different steps. The solid lines represent the median of the estimated
interaction torque, while the shaded area represents the torques that fall
within the 5th to 95th percentile. Positive torque values are in favor of joint
flexion while negative values are in favor of joint extension. . . . . . . . ..

Indego exoskeleton and modeling of swing leg by a two-link manipulator

Single joint identification of hip and knee joints . . . . . . ... .. .. ..

XVviil



5.1 Block diagram of Time-Based Control (TBC), Hybrid Torque Control (HTC),
and Adaptive Model-based Torque Control (AMTC) controllers. (A) Block
diagram of the Time-Based Controller (TBC). A time-based gait phase along
with the estimated gait speed are fed into a lookup table to determine the ap-
plied torque to the exoskeleton joints according to joint torque data recorded
from the exoskeleton during high-gain joint control with the user passively
following the exoskeleton (with the minimum voluntary contribution to the
gait). (B) The diagram of the Hybrid Torque Controller (HTC) consisted
of a data-driven required joint torque estimator along with a look-up table-
based torque controller similar to the TBC. In this case, however, the gait
phase is determined according to the exoskeleton states rather than time.
The torque from the two different pipelines is finally combined with the
weight of w and 1 — w to form the applied torque to the exoskeleton. (C)
Block diagram of the Model-Based Torque Controller (AMTC). The gait
phase is estimated according to the exoskeleton joint angles and then fed
into a trajectory adaptation block which learns the joint trajectory of the
participant in real time and uses that trajectory as the reference for the
exoskeleton to be fed into the forward dynamics of the exoskeleton to deter-
mine the feedforward joint torques. . . . . . . . . .. ... ... ... ...

5.2 Dorsal, lateral, and frontal view of a participant with the Indego exoskeleton
with active hip and knee joints. The participant is standing on the Bertec
treadmill with two speed-controlled belts equipped with individual loadcells
underneath each of them for Ground Reaction Force (GRF) monitoring.
Muscle activation is measured from both right and left leg muscles using
ElectroMyoGraphy (EMG) sensors. Gait up IMUs are clipped to the outer
side of the shoes right bellow ankle joints to measure the spatiotemporal pa-
rameters of gait. Oxygen uptake of the participant is measured and recorder
at each breath through a mask connected to the gas analyzer device carried
at the back of the participant. . . . . . . . .. ... ... .

5.3 Treadmill speed changes while experimenting with the HTC, AMTC, and
the TBC controller. The order of the controllers was specific to participant
#1 and varied for other participants. Participants walked with each con-
troller for 300 seconds divided by three 100-second walking periods during
each the treadmill speed was set to ultra-slow (0.4 m/s), slow (0.6 m/s), and
moderate (0.8 m/s) speeds.. . . . . ...

Xix



5.4

2.5

2.6

Regions of Interaction Portrait (IP). Each quadrant of the circle corresponds
to different human-exoskeleton interaction modes determined by the vari-
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has increased with the increase in treadmill speed. . . . . . . . . . ... ..
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(A) Evolution of the modification term for Participant #1’s right hip tra-
jectory (Apip). Apip is zero before and after the AMTC block. During the
AMTC block, the modification term of the trajectory adapts to make the
reference trajectory closer to the user joint angle. At each of the ultra-slow,
slow, and moderate walking speeds, the modification pattern in the steady
state converges to a different amplitude and shape, indicating that the user
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to a different pattern at each speed. (B) Modification trajectory coefficients
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as mentioned for the modification term of the hip trajectory, differ for each
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erage GRF profile recorded during natural walking without the exoskeleton.
(D) Stride length computed using the Physiolog 6s Inertial Measurement
Unit (IMU) sensors. . . . . . . . . o

The average maximum heel clearance (A), minimum toe clearance (B),
stance percentage (C), and stride length (D), computed for each of the
ultra-slow, slow, and moderate speeds during natural walking with no ex-
oskeleton, TBC, HTC, and the AMTC blocks for each participant. Bars
show the average of each metric across participants. . . . . . . . . ... ..

(A) The average Pearson correlation computed between the average verti-
cal GRF in natural walking without the exoskeleton and the vertical GRF
during walking with each of the proposed controllers at different speeds.
Depicted bars show the average of each metric across participants. (B) and
(C) shows the similar graph for the lateral and longitudinal GRF plotted
only during the moderate speed. . . . . . . . . .. ... ... L.

Human and exoskeleton dynamical interaction block diagram. The exoskele-
ton reference trajectory (r(t)) is adapted based on the feedback from inter-
action force (F'). Human and exoskeleton controllers try to minimize their
tracking error. . . . ... Lo
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6.2

6.3

6.4

6.5

6.6

6.7

Dynamic walking simulator block diagram. The human and exoskeleton
controllers are implemented in MATLAB interfacing with the human and
exoskeleton models defined in OpenSim along with ground reaction forces.
The human tries to control her joint positions (g) on her intended trajectory
(p) while the exoskeleton, with no information about the human intended
trajectory, tries to minimize the error between the exoskeleton position (q)
and reference trajectory (7). The saturation is added to the human control
loop to simulate reduced motor capacity. . . . . . . . .. ... ... ..

The comparison of the simulator and experimental data of a healthy subject
(provided in [117]); the gray background indicates the stance phase. The
position of the simulator joints closely follows the experimental human tra-
jectory. The torque profiles’ sign and order of magnitude are also close to
the ones of human torque profile such that the R-values for hip, knee, and
ankle torques are 88%, 45%, and 76%, respectively. In addition, timing and
order of magnitude for ground reaction forces are acceptable, and R-values
for GRF in y and x directions are 96% and 85%, respectively. . . . . . ..

Exoskeleton reference trajectory adaptation at the hip, knee, and ankle
joints (simulation results). The gray background indicates the stance phase.
Each plot includes the human intended trajectory (in red), which is not
known by the exoskeleton controller, initial exoskeleton trajectory (in green),
and adapted exoskeleton trajectory (dashed lines). Subject B, C, and D are
simulated with different reductions in motor capacity to generate the neces-
sary joint torques for predefined intended motion according to Tab. 6.3. . .

The adaptation performance (started at t = 10s) comparison in four dif-
ferent subjects. The first row presents the normalized moving average (the
window length is 7' = 1.23s) of the trajectory modification and interaction
force terms in cost function. The second row illustrates the moving average
of the exoskeleton absolute tracking error. Final row is the variations of the
modification trajectories in course of adaptation. . . . . . .. .. ... ...

Comparison of the joint angles and the interaction torques of the simulated
subjects before (dashed lines) and after (solid lines) the adaptation.

Adaptation effect on gait stability (left), step time asymmetry index (mid-
dle), and minimum toe clearance (right) across subjects. The gray area
denotes the adaptation process started at t = 10s (step #8). Green markers
indicate the simulated healthy subject metrics without exoskeleton.
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7.1

7.2

7.3

(A) Block diagram of gait phase-based controller (referred to as non-adaptive
controller). Exoskeleton desired trajectories (rg) are generated as a function
of the gait phase using a lookup table obtained during passive walking at
slow speed. The gait phase is estimated in real-time using a pre-trained
neural network [122]. (B) Exoskeleton controller with adaptive trajectory
(referred to as adaptive controller). Human-exoskeleton interaction torques
are estimated using a pre-trained time-delay neural network according to
the exoskeleton measurements (x) [123]. The Fourier coefficients (8) are
then adapted, accordingly, and multiplied by the time-based basis functions
containing the first three harmonics of the Fourier series generating the tra-
jectory modification term (A). Finally, the exoskeleton desired trajectory r
is obtained by the addition of the initial trajectory (r9) and A. . . . . ..

Treadmill speed variations during treadmill walking are presented. The
experiment begins with 105 strides of walking with a passive exoskeleton,
equally distributed among slow (0.6 m/s), ultra-slow (0.4 m/s), and mod-
erate (0.8 m/s) speeds. The passive exoskeleton’s trajectory is learned as
a function of the gait phase at the slow speed and is used as the initial
trajectory (rg) for subsequent control phases. Following this, a gait phase-
based control without trajectory adaptation (non-adaptive) is tested for a
similar duration as the passive walking phase. Trajectory adaptation is then
activated during slow walking, a condition that persists for 105 strides. Af-
terward, the treadmill speed is adjusted to moderate and ultra-slow speeds,
each maintained for 52 strides, respectively. The adaptive controller is tested
over a longer duration than both the non-adaptive and passive scenarios to
ENSUTE CONVETZENCE. . . . . vt o o e e e e e e e e e e e e e

(A) A typical participant walking on the treadmill with the exoskeleton
while ground reaction forces are measured using force plates under the tread-
mill belts. Foot kinematics are recorded using Inertial Measurement Units
(IMUs) (Physilog 6s, Gait Up SA, CH) attached to the top of both shoes
and spatiotemporal parameters are estimated using a Gait Analysis package
(GaitUp SA, CH) [67]. Kinematic and muscle activation data are also col-
lected using EMG sensors at 2KHz and the exoskeleton IMUs and encoders
at 200 Hz. (B) Another participant during overground walking, the same
experimental setup except the instrumented treadmill. . . . . . . .. ...
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7.8

(A), (B) , and (C) show the distribution of the average Mean Absolute
Interaction Torque (MAIT), Mean Absolute Tracking Error (MATE), and
Mean Absolute Exoskeleton Torque (MAET) for the hip and knee joints with
non-adaptive and adaptive controllers across participants during overground
walking, respectively. (D) shows the muscular effort computed for the mea-
sured muscles at the right leg for each controller relative to those of walking
with passive exoskeleton. Similarly, (E) illustrates the spatiotemporal gait
metrics. Values in (A) and (D) are normalized by the metrics computed
during walking with passive exoskeletons as baseline. Values in (E) are
normalized over natural walking with no exoskeleton as a baseline. The
gray, red, blue, and black asterisks denote significant differences identified
in passive-to-baseline, adaptive-to-baseline, and between-controller compar-
isons, respectively. Squares denote the population mean and crosses indicate
the outliers. . . . . . . . .o

Joint angles, interaction torques, tracking error, motor torques, and normal-
ized muscle activation illustrated in (A), (B), (C), (D), and (E), respec-
tively, averaged across participants and strides within each controller and
temporally normalized based on gate phase. The shaded area denotes the
interquartile range. The gray area also indicates the stance phase. . . . . .

Evolution of the muscular effort (A), gait spatiotemporal metrics (B), MAIT
(C), MATE (D), and MAET (E) illustrated for each stride. The black and
yellow lines show the mean and median of each metric across participants at
each stride. The shaded area represents the interquartile range. Metrics are
normalized to their average value during walking with passive exoskeleton
except for the motor applied torque which is normalized to its average value
during with the non-adaptive controller. . . . . . . . .. ... .. .. ...

The change of MAIT, MATE, MAET, and muscular effort with the adaptive
controller relative to the non-adaptive control during treadmill walking at
ultra-slow (0.4 m/s), slow (0.6 m/s), moderate (0.8 m/s), and overground
walking (at proffered speed) are depicted in (A), (B), (C), and (D), respec-
tively. . . e

Adaptation of the modification trajectories at the hip (A) and the knee
(B) joints illustrated for a sample participant during treadmill walking at
ultra-slow, slow, and moderate speeds. Similarly, (C) and (D) show the
convergence patterns of the Fourier coefficients of each joint. . . . . . ..
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7.9

Interaction portrait depicted for the non-adaptive and adaptive controllers
compared to passive walking with the exoskeleton as a baseline at ultra-slow,
slow, and moderate speed walking on the treadmill as well as oveground

walking with preferred speed. Each point represents one of the participants.
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Chapter 1

Introduction

Every year, between 250,000 and 500,000 individuals worldwide suffer from Spinal Cord
Injury (Spinal Cord Injury (SCT)) [99]. A significant portion of these individuals, especially
those with incomplete Spinal Cord Injuries (incomplete Spinal Cord Injury (iSCI)) and an
ASIA score of C or D, can regain their ability to walk [108,115]. Consequently, various
assistive devices and techniques have been developed to aid their recovery. Noteworthy
among these are physical therapy, neuroprosthetics, pharmacological stimulation, func-

tional electrical stimulation (Functional Electrical Stimulation (FES)), and rehabilitation
exoskeletons [7,9,16,27,43,53,79].

In particular, assistive exoskeletons have made rehabilitation more accessible and ef-
ficient, allowing individuals with iSCI to engage in frequent training sessions that can
enhance their neuromotor control recovery [22]. Additionally, these devices hold signifi-
cant potential for improving the daily experiences of individuals, enhancing their mental
condition, and preventing muscle atrophy in the long term [90]. These benefits have mo-
tivated several studies to introduce novel control strategies for exoskeletons, ranging from
force control [8] and trajectory control [31] to purely reflex-based controllers |28, 150].

Early exoskeleton controllers were designed to dictate motion to users, regardless of
their intentions, a method shown to be counterproductive for post-stroke patients and
individuals with iSCT [49, 110|. Therefore, recent developments in the field have shifted
towards controllers that provide minimal support for gait execution, encouraging patients
to maximize their capabilities. These controllers, known as Assist As Needed (Assist As
Needed (AAN)) controllers, have been suggested to accelerate rehabilitation more effi-
ciently by engaging and stimulating the neuromuscular system more effectively [108]. Such
a controller is required to accurately synchronize with the user’s desired motion, identify



excessive physical disagreement and react with agility. Even though several methods have
been proposed to address each of these requirements, a resilient and robust framework
for addressing these needs with the minimum instrumentation and complexity is still a
shortcoming.

The dependency between the temporal and spatial guidance is one of the main short-
comings of the conventional control approach such as impedance control. Spatiotemporal
decoupling of exoskeleton assistance is, therefore, a critical aspect of advanced controllers,
allowing users to modify their gait speed and pattern independently without losing the
assistance provided by the exoskeleton. Consequently, the desired behaviour of the ex-
oskeleton is defined not based on time but on internal states such as gait phase [27] or joint
coordination phase [95]. This approach addresses the synchronization problem of exoskele-
ton assistance with the user’s desired motion, as the temporal evolution of such variables
is inherently in harmony with user movement. Achieving successful spatiotemporal assis-
tance decoupling, however, requires robust and agile estimation of the gait phase. To this
end, I designed and trained a real-time robust gait phase estimator aimed at accurately
and robustly estimating the gait phase for an unseen participant under all aforementioned

conditions, serving as the backbone of the subsequently developed controller during my
PhD.

In addition to spatiotemporal decoupling, estimating and optimizing the physical inter-
action between humans and exoskeletons plays a pivotal role in enhancing the performance
of assistive exoskeletons [53,61,78].

Estimating the physical interaction between humans and lower body exoskeletons re-
quires prior identification of exoskeleton dynamics. This process is typically simplified by
conditioning it to the gait cycle (stance/swing) or constrained conditions such as fixed
trunk sections. By proposing a new method for data collection, I identified and validated
the dynamics of the Indego exoskeleton unconstrained and during physical interaction with
the environment. This allowed me to estimate the physical interaction between humans
and the exoskeleton throughout the entire gait phase.

Controlling the physical interaction between humans and assistive exoskeletons is cru-
cial to ensure the appropriate amount of support is delivered to the user without imposing
unnecessary physical discomfort or encouraging complete reliance on the assistance. To
achieve this, I developed an online trajectory adaptation method for optimizing physical
interaction in lower body exoskeletons, validated through a simulator developed separately
using Matlab and Opensim. A more advanced version of this method, encompassing gait
phase estimation and interaction estimation, was then tested to demonstrate the effective-
ness of the developed method in practice. Besides the feedback controllers, which play a



corrective role, feedforward controllers are also essential for agile assistance. To fulfill this
requirement, I adapted the developed technique to learn the user’s trajectory and utilized
the identified dynamics of the exoskeleton to generate adaptive feedforward torques based
on the gait phase. Furthermore, to compare the performance of different controllers, I
introduced the Interaction Portrait (IP) analysis. Unlike conventional methods that sepa-
rately examine physical interaction or muscular effort, IP co-analyzes these metrics. This
approach allows for the determination of whether the tested controller encourages the user
to yield to the controller’s motion or to lead it. It also assesses the extent to which each

Needs

My PhD contribution

A reliable gait phase estimator

Developing a robust real-time gait phase
estimator that maintains its accuracy for a
new participant during wide ranges of gait
speed, transitions and abnormal walking.

Human-exoskeleton physical interaction

estimation

Identifying the dynamics of the Indego ex-
oskeleton regardless of gait phase and esti-
mating the human-exoskeleton interaction
torques accordingly.

An agile adaptive feedforward (assistive)
strategy

Developing an adaptive feedforward con-
troller that modifies exoskeleton assistance
according to gait phase and user trajectory.

A metric for comparing controllers with re-
spect to physical interaction

Proposing the Interaction Portrait (IP),
allowing co-analysis of interaction torque
and muscular effort to distinguish be-
tween different human-exoskeleton interac-
tion modes.

A simulation framework for exoskeleton
controller simulation in interaction with
human musculoskeletal model

Developing a simulation environment for
the design and testing of exoskeleton con-
trollers using Matlab and Opensim.

Personalizing Path and flow control with
respect to physical interaction

Proposing, validating, and experimenting a
real-time trajectory adaptation method for
optimizing human-exoskeleton interaction
torques with adjustable adaptation capac-
ity to accommodate a range of user impair-
ments.

Table 1.1: Identified gaps and my PhD research contribution in addressing each of them.




controller is successful in rectifying excessive physical disagreements between the human
and the exoskeleton. Identified gaps and my PhD research contributions addressing each
of them are summarized in Tab. 1.1.

My thesis is structured as follows: Chapter 2 presents a review of existing control
methods for lower limb exoskeletons. Chapter 3 introduces a robust gait phase estima-
tor. Chapter 4 discusses the method used for identifying Indego dynamics and estimat-
ing human-exoskeleton interaction torques. Chapter 5 introduces the Interaction Portrait
analysis and an adaptive feedforward controller. Chapter 6 presents an online method for
optimizing human-exoskeleton interaction torque, validated through simulation with par-
ticipants with varying levels of motor impairment. Chapter 7 integrates the works from
previous chapters, proposing a real-time interaction torque optimizer based on gait phase
and interaction torque estimation, experimented and analyzed using IP analysis. Finally,
Chapter 8 concludes my PhD work and proposes potential future research directions.



Chapter 2

Literature Review

The shared control problem from perspective of the physical human-robot interaction
(physical Human-Robot Interaction (pHRI)) consists of three main processes (Fig. 2.1) [78].
First, the robot has to identify the intent of the user. The identified intent can provide
information to the robot about the user desired goal, so the robot can help the user to
achieve that goal. Second, the robot has to arbitrate the control between user and itself
with respect to the user intent and the application objectives. Finally, the robot has to
provide user with feedback in order to enhance the user adaptation performance. Since
I am mainly focused on the robot (exoskeleton) side adaptation rather than human side,
feedback process will not be studied in this thesis.

2.1 Intent Detection

Intent detection process consists of three main steps: (1) defining the intent variable,
(2) measuring the information related to that variable, and (3) mapping the measured
information to the defined intent variable. Each of these processes are discussed in more
details in the following sections.

2.1.1 Intent Definition

There are several subsystems contributing to human motor control including the central
nervous system (Central Nervous System (CNS)), peripheral nervous system (Peripheral
Nervous System (PNS)), and the musculoskeletal system. Each of these subsystems could
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Figure 2.1: Physical human-robot interaction framework consists of human intent, feedback
and arbitration elements |78§].

be described by a very large set of states which are dynamically interacting with each
other, and human intent can be modeled as a function of these states. Depending on the
application, however, these states could be reduced to a small subset of variables (intent
variable) obtained from partial information of human intent states.

In its simplest form, human intent could be defined as a binary variable like active
versus passive or a set of discrete variables. Such intent definition is mostly used for
changing the behavioral regime of the exoskeleton controller. In lower limb exoskeletons,
for example, [41] has used a brain-machine interface (Brain Machine Interface (BMI)) for
detecting human intent in regard to a categorical speed values. Same definition was used
to define categorical intents for siting, walking, or standing in [120].

Continuous intent variables, in comparison to discrete ones, are more informative which
results in a more responsive role adaptation of the exoskeleton controller. Continuous intent
could be defined at kinematic level (such as desired trajectory or velocity), at force level
(such as interaction force), at muscle level such as (electromyography (EMG) signals),
or at neural level (such as electroencephalography (ElectroEncephaloGraphy (EEG)), or
Electrocorticography (ElectroCorticoGraphy (ECoG)) signals).

2.1.2 Relevant Signal Measurement

Neural measurement is mainly performed by measuring the cortex electrical activities in
terms of a voltage related to the local field potential (Local Field Potential (LFP)) using
electrodes. These electrodes in EEG method are usually placed at the surface of the
scalp, while in ECoG method, they are placed on the surface of the brain in a surgical
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Figure 2.2: Intent detection procedures and levels. (A) Different modalities of intent
information which is measured and then decoded (interpreted) by the robot [78]. (B)
Robustness and information detail trade off in different intent measurement level.

procedure. In comparison to EEG, ECoG method has higher signal to noise ratio, broader
bandwidth (0-200 Hz versus 0-60 Hz), and higher spatial resolution (tenths of millimeters
versus centimeters) [70]. Neural measurements with the highest resolution and precision
can be measured using intracortical electrodes inserted to the cerebral cortex to record
electrical signals generated by neural cells. Disadvantages of intracortical measurement
method include its high degree of invasiveness and progressive degradation of the recorded
signal quality [132].

Human intention can be also decoded from muscular measurements. The most usual
approach in this regard is electromygraphy (EMG). EMG signals are infact activation of
motor units measured using the nearby electrodes. These electrodes are usually attached
in a monopolar or bipolar configuration to the surface of the muscle (surface EMG). Bipo-
lar electrodes are in fact several monopolar electrodes attached to different areas of the
muscle. Therefore, they can additionally represent spatial information of the muscle ac-
tivity. Surface EMG measurement tools are easy to install and widely accessible but they
are more prone to measurement noise and errors due to replacement and skin properties
change such as sweating. Another problem with surface EMG is that not all muscles are
accessible form the skin surface. Intramuscluar EMG, on the other hand, measures muscle
activities using fine needle electrodes which are directly inserted into the muscle. They are,
therefore, more accurate and less prone to replacement and noise with the cost of invasive
placement.

Force myography (Force MyoGraphy (FMG)) [14] and sonomyography [1]| are other
approaches toward muscle activity measurement. The former maps the topological muscle
force (or pressure) to its activity while the latter uses ultrasound imaging of muscles to
perform the same mapping. Both of these approaches are non-invasive and robust to



the usual noises in EMG. FMG, however, can represent less details about the muscle
activity since it does not directly measure motor units activations. Sonomayography is
also not computationally cost effective and infeasible in mobile application such as lower
limb exoskeleton control.

User intention is also extractable by measuring interaction force using load cells. In
case of single interaction point applications (such as upper body therapeutic exoskeletons),
loadcells provide the best measurements of the exchange of force in the end-effector. In
lower limb exoskeletons, however, human legs are attached to the exoskeleton segments
using straps and interaction forces are distributed over these straps. In addition, human-
exoskeleton contact is not rigid due to the compliance of human body and straps and that
makes the force measurement almost impossible using load cells. In such cases the inter-
action force is estimated directly using the exoskeleton dynamics [27, 53| or is considered
as a disturbance and is indirectly estimated using disturbance observers [56, 65, 76, 97].
Alternatively, joint torques could be estimated using ground reaction force and lower limb
kinematics assuming that user is able to project his/her intent in these measurements. A
disadvantage of indirect torque estimation methods is that dynamics of the human body
and exoskeleton are required to be known. The latter is challenging to be obtained accu-
rately especially in case of having exoskeleton motors with high gear ratio transmissions
which inject huge static friction to the dynamics.

Movement kinematics data provide another source from which intent information can be
extracted. These signals could be accurately measured using a wide variety of equipments
including motor encoder, Inertial Measurement Unit (IMU), and optoelectronic motion
capture systems. In case of healthy subjects, this information could help robot to predict
future motion of the user and provide assistance accordingly. Statistical features of the
kinematic information can help the robot compute an intent confidence level which is later
useful for role arbitration particularly in impaired subjects. For example in [27], kinematic
information is used to compute the geometrical gait cycle percentage. The distribution of
the difference between temporal and geometrical gait cycle percentage is then shown to be
related to the contribution level of the user to the task. This idea can be further developed
and be used in estimation of intent detection confidence. The same information could be
also extracted from the distribution of the trajectory tracking error.

It is noteworthy that intent measurement comes with a trade off between information
details, delay, and robustness against the measurement noise (see Fig. 2.2A). From a dy-
namical system point of view, human intents first emerge at CNS (the deepest level). It
is then transformed to muscle activities. Muscle activities generate interaction forces be-
tween the user and the exoskeleton which consequently affect the movement kinetics and
kinematics (the most superficial level). Accordingly, the deeper the intention is measured
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the lesser measurement delay and higher detailed information will obtained.

2.1.3 Intent Decoding

Generally, the intent information that we wish to know is not always the same as the signals
we are able to measure. Therefore, we need to interpret the measured signals to find out
the intent information we are looking for. Intent decoding is done by finding a mapping
between measured signals and the intent variables. This mapping could be obtained using
modeling of human and exoskeleton behavior in different levels depending on the intent
information. Furthermore, the intent information could be directly interpreted as explicit
human intentions or indirectly interpreted as human desire to change robot’s behavior.
The latter approach of intent decoding is tightly related to role arbitration.

Neural based intent information which is widely used in BMI applications are mainly
mapped into categorical intent variables using various machine learning techniques ranging
from simple linear classifier to deep neural networks depending on the extracted features
from the EEG data [41,87|. In [41], for instance, the frequency domain features of EEG
signals are classified using linear discriminant analysis method into 4 modes of gait at
different speeds.

Myography information is interpreted as categorical or continuous intents depending
on the application. Pattern recognition approaches are more useful in mapping extracted
features from muscle activity information to discrete numbers of desired robot states or
operations [87,107]. In many applications, however, we are interested in mapping muscle
activity features such as amplitude to continuous intent variable. [41], for example, used
low-passed versions of Rectus Femoris and Semitendinous EMG signals as inputs of a
central pattern generator in order to modulate the gait speed in a dynamical manner. This
way, muscle activation information is decoded as the user intent for increasing or decreasing
the gait speed. Alternatively, [127] derived an agonist-antagonist actuation system of an
exoskeleton joint by proportionally mapping the amplitude of EMG signals of agonist-
antagonist muscle pairs to the actuators torque. Although the gains are hand-tuned later,
this mapping could be autonomously learned in case of having an estimation of the user
desired torque [59]. Despite its simplicity, this approach has a potential to involve the CNS
adaptation capacity to minimize the gap between the intended and actual behavior of the
exoskeleton. [69].

Another approach for joint torque computation using EMG signals is to identify the
Hill’s muscle model parameters and compute the joint torque accordingly [35,131]. A major
issue of this approach is that muscle activation of several muscles for each joint needs to



be measured and modeled. This requires identifying a large set of parameters which varies
across users. Furthermore, frequent calibration procedures are required to maintain the
accuracy of the model since model parameters change due to sensor displacement and skin
property changes. An alternative approach for tackling this issue is to use Artificial Neural
Networks to map the muscle activation to joint torques. In order to tackle the calibration
issue, network training is done with respect to achieving a control objective rather than
decreasing the estimation error. Gui et.al. [42] has used this method to train a network
for estimation of joint torques in a lower limb exoskeleton application while appling a
Slotine-Li trajectory tracking method to the system.

Intent decoding is also possible using kinematic information. Healthy users can repre-
sent their intended motion in their kinematic information given that the robot controller
provides them with enough freedom. Therefore, it is possible to predict human intent based
on the previous kinematic observations [17|. Both of these works used measured position
to estimated a minimum jerk, bell-shaped profile of the user’s desired speed that is con-
tinuously updated. In case of impaired users, however, it is not safe to rely solely on their
kinematic measurements. As a result, their intent is taken into account indirectly in order
to adapt exoskeleton trajectory or impedance. Finally, kinematic information combined
with force measurement are useful in estimation of the human joint impedance.

Interaction force information is widely used in the framework of pHRI. It could be
directly used for estimating the human intended motion [37,73,74]. For example, in [74],
an impedance model for the human limb was assumed with an equilibrium point equal to
the human intended position. They proposed a gradient descent adaptation method to
estimate the desired motion by minimizing the interaction force square. In this scenario,
the estimated human position is directly used as the reference input for the robot controller.
Indirect applications of human intent in force level are later covered in Section 2.2.3.

The human—exoskeleton interaction force is key information that can reveal human in-
tentions [78|. This allows exoskeleton controllers to adjust their behavior to match each
individual’s specific needs during therapy or everyday life. Accurate measurement of in-
teraction forces is challenging due to the complex nature of the exoskeleton—user interface,
involving multiple contact points such as the feet, shanks, thighs, and torso, making it
difficult to isolate and measure the forces transmitted between human and robot [20].

The human-exoskeleton interaction can be modeled in a single-degree-of-freedom (DOF)
exoskeleton using a spring-damper system, allowing one to obtain a single dynamical equa-
tion describing both human and exoskeleton behavior. For example, human-exoskeleton
dynamics were identified in [121] for a one-DOF back-support exoskeleton. A Kalman
observer was employed to estimate the interaction torque as a function of system states.
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However, obtaining human—exoskeleton dynamics together is not straightforward in ex-
oskeletons with higher DOFs, and the dynamic identification has to be repeated for each
user. Therefore, the exoskeleton passive dynamics need to be identified independently. The
interaction torque is then computed by subtracting the exoskeleton passive dynamics from
the actuation torques (see [27,53]). Alternatively, disturbance observers could provide a
more robust estimation of interaction torques, assuming the human contribution to the
gait is an external disturbance [56,76,119].

Many previous works on the system identification of lower-limb exoskeletons have pri-
marily focused on identifying dynamics during the swing phase of walking [13,39, 153],
often assuming a simplistic two- or three-link inverted pendulum model for each leg while
ignoring the coupling between the hip joints. These simplifications frequently lead to inac-
curate interaction torque estimations, particularly during the stance phase of walking. To
achieve precise interaction torque estimation throughout the entire gait cycle, it is crucial
to identify the exoskeleton dynamics as a whole multibody system.

In contrast to previous work, a comprehensive multibody model considers the complex
interactions between the exoskeleton and the user’s body segments, such as the torso. By
incorporating these interactions, the model can provide more accurate estimates of the
interaction forces and torques exchanged between the exoskeleton and the user throughout
the entire gait cycle. Recent studies have identified exoskeleton dynamics as a whole multi-
body system through a data-driven model that involves exciting the exoskeleton joints with
rich torque commands while the exoskeleton is fixed to a rigid supporting platform [154].
However, this approach fails to capture the exoskeleton—environment interaction, which
is the supporting force that fixes the exoskeleton to the platform. Consequently, impor-
tant information about the exoskeleton—environment interaction was ignored, limiting the
applicability of these methods for certain exoskeletons. For example, gait training sys-
tems such as Locomat (Hocoma, Switzerland), where the hip torque is applied between
the femur and a fixed support [140], are better suited for this method than exoskeletons
with trunk segments such as Indego (Parker Hannifin, Cleveland, OH, USA), where the
hip torque is applied between the femur and trunk, and the interaction occurs primarily
between the user’s core and the exoskeleton trunk segment [33]. Therefore, to accurately
identify the exoskeleton dynamics and interaction torques, it is necessary to include the
exoskeleton—environment interaction in the system identification process.

To address this issue, [118] proposed an approach for identifying exoskeleton dynam-
ics. This method involves learning the joint torques of the exoskeleton using a nonlinear
autoregressive network with exogenous inputs (Nonlinear AutoregRessive network with
eXogenous inputs (NARX)), based on data collected while the user wears the exoskele-
ton and applies minimum joint torques. However, this method assumes that the user can
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Figure 2.3: Control arbitration levels based on their dependency on intent information.

completely disable their contribution to the motion, which is not feasible in legged loco-
motion where maintaining stability is crucial. Moreover, the identified dynamics are a
combination of the exoskeleton dynamics and the passive dynamics of the user, requiring
the identification process to be repeated for each new user.

2.2 Arbitration

Arbitration refers to sharing of the control between human and exoskeleton. In pHRI ap-
plications, the robot has to adapt its level of dominance based on the human performance.
Level of dominance regulation in exoskeleton applications is mostly done by adjusting the
impedance properties of the exoskeleton or its reference trajectory. The level of dominance
varies between two extreme levels [40]. In the lowest level, the robot has no role in com-
pleting the task (passive follower) while in the highest level the opposite applies (active
leader). Agent’s level of dominance in shared control tasks is adjusted according to specific
strategies called roles. Different roles could be considered as different cost functions which
in the simplest form are a sum of error and effort norm of either human or robot. Within
this framework, the level of dominance is regulated with respect to the minimization of
each agent’s cost function at a Nash equilibrium point [51]. Role arbitration, therefore,
could be seen as modification of the robot cost-function.

Investigating the literature, it is noticed that the existing exoskeleton controllers do
not necessarily include the role arbitration feature. Conventional controllers including
trajectory and impedance control have no role arbitration (the robot role is always fixed).

12



It is shown that pure position control strategy is not effective for iSCI rehabilitation since
it does not encourage users to actively contribute to the motion [49]. Therefore, the user
either passively follows the exoskeleton or fights back depending on their impairment level.
Obviously, none of these situations are favorable unless for early stages of rehabilitation
when users cannot actively contribute to the task performance.

In order to tackle this issue, role arbitration feature was incorporated in the design of
assistive and rehabilitation controllers which has led to the concept of Assist-As-Needed
(AAN) controllers. AAN controllers try to provide the minimum required support to the
user in order to maintain a sustainable level of challenge for the user to perform gait. This
strategy promotes neuroplasticity which in long term can lead to neural control recovery.
AAN partially assists patients while allowing voluntary active movements, and maximally
engage their neuromuscular system [27,155]. Role arbitration in AAN controllers take place
in passive or active form. Controllers with passive arbitration adjust the robot’s level of
dominance by modulating the impedance and decoupling spatial and temporal control
based on human performance measure regardless of the human intent. AAN methods with
active role arbitration, on the other hand, share the control with the user according to the
human intent.

2.2.1 Conventional Controllers Without Arbitration
Position Controller

Position control is the very first control approach used for lower limb exoskeletons. In this
method, the exoskeleton joint trajectories are controlled on a predefined sets of trajectories.
The controller goal is to reduce the trajectory tracking error regardless of the control
effort. This is mainly done by combining a feedback and feedforward control scheme.
Any contribution of the user to the motion is considered as a disturbance unless it is
consistent with the controller effort. This controller scheme works well for users who
cannot contribute to the motion considerably. For individuals with residual motor control,
however, this controller is mostly disruptive than beneficial since often, their contribution to
the motion is not consistent with the applied torques by the user (or trajectories) resulting
in a conflict between human and the exoskeleton. Since there is no adaptation capacity
considered for the controller, it is to human to adapt himself/herself to the robot to resolve
this conflict. This adaptation in human leads to yielding the control to the exoskeleton
and not contributing to the motion. Therefore, the capacity of the user is ignored and
their participation is discouraged in this scheme while an effective control strategy should
incentivize the user to engage in performing the task as much as possible.
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Impedance Control

Impedance control (combination of position and force control) is used [45] in order to
enhance the performance of pure position control in exoskeleton control. Impedance control
has the ability to endure a divergence from the reference trajectory in presence of an
external force which in our study is mostly the force applied by the user. This capacity
which is called compliance gives us a degree of freedom to allow user contribution in
the gait. This approach, however, imposes a trade off to the controller design between
spatiotemporal guidance and freedom. In other words, if I use a stiff setting for compliance,
a solid trajectory is imposed to the user while he/she cannot contribute to the motion.
In contrast, if the compliance is too soft, user has more freedom comparatively but I
cannot correct his/her movements where it is needed. This has led to the development of
AAN controllers with passive arbitration approaches which enrich the impedance control
by autonomously modulating the system compliance with respect to gait state and user
performance.

2.2.2 Passive Arbitration

As mentioned previously, impedance control by itself cannot satisfy an efficient rehabilita-
tion performance. Two main drawbacks of impedance control are spatiotemporal coupling
and lack of impedance variability. Here, I investigate the main approaches for tackling
these issues.

Spatiotemporal Decoupling

Instead of controlling trajectory or force directly, a relation (usually linear) between them
is controlled in impedance control scheme. This approach, therefore, imposes an inherent
coupling between system position and its behavior in presence of external force. Using time-
based trajectories in this scheme leads to spatiotemporal coupling which constrains the user
from altering his/her gait pattern and timing independently. One solution is utilization of
a time-independent reference trajectory. In this approach, reference trajectories are defined
in terms of gait cycle parameter (S) which is monotonically increasing during each stride
and is related to the system states rather than time explicitly. For example, [143| has used
the stance leg’s ankle joint angle as such state for controlling a bipedal robot.

Finding a monotonically increasing variable in terms of system state is not always
feasible, especially when it comes to gait control. Alternatively, researchers have used geo-
metrical methods for estimating S by finding the closest point on the reference trajectory
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Figure 2.4: (A) Finding the reference position 0. by orthogonal projection of current joint
position 0 to the geometrical reference path regardless of time. n is the unit error vector
and t is the tangential vector to the reference trajectory curve. & is also the spatial joint
velocities (& = df/dS) [83]. (B) Variable error dead-zone around the reference trajectory
(gray area) and time-dependent velocity constraint on the motion where the ¢ (joint posi-
tion) is constrained to be projected within the back and front time-walls (the yellow area).
For example, orthogonal projection of ¢; is between the back and front time-walls (yellow
area), so the reference position is the same as the projected point. g, and g3 projections
are, in contrast, outside of the back and front time-walls, so their corresponding reference
positions are limited to the position of back and front time-walls, respectively. Exoskele-
ton reference trajectory (black curve) complexity is also reduced in comparison to the real
human gait trajectory curve (light gray) [27]. (C) Velocity field design based on weighted
combination of error (72) and the tangential () vectors [83].

curve to the current position of each leg. S is then computed based on the obtained refer-
ence position index. In this method, the reference position is found regardless of time (see

Fig. 2.4A) [60].

Velocity Flow Control (VFC) [72] is another approach proposed for spatiotemporal
decoupling. In this approach a forgiving velocity controller is set to track desired velocity
values instead of position references. The spatial profile of the desired velocity is shaped,
however, to represent the desired trajectories (see Fig. 2.4C). Since the desired velocities are

function of kinematics rather than time, temporal freedom is achieved using this approach
[4,5,83].

Both Path Control and VFC methods are based on estimation of gait cycle variable ()
which is found using the projection algorithm. One drawback of this approach is that the
obtained S is prone to instability and jumps, particularly in transitions between swing and
stance phases. As a result, complexity of human natural gait is reduced in Path Control
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and VFC methods (Fig. 2.4B, C) and gait control is disabled during stance phase where
exoskeleton support is still required.

Gait phase estimation has been widely used in control of assistive technologies such as
lower-limb exoskeletons [80,135], also in gait neuromechanical modeling and analysis such

as joint impedance identification [3,63] or estimation of gait spatiotemporal parameters
[145].

Accurate real-time gait phase estimation is challenging, particularly, in case of patholog-
ical gait patterns. Obtaining an accurate estimation of the gait phase is largely dependent
on predicting the next gait event’s timing. Typically, the gait phase is estimated by the ra-
tio of the elapsed time from the latest heel-strike over the expected stride duration. [68,71].
As the estimated stride duration is updated at the end of each step, this method is only
appropriate for conditions with low variability in gait.

To address this issue, gait phase has been redefined and usually estimated according to
joint angles or the body motion. In [46,106], for example, the phase-shift between the hip
joint angle and its integral is interpreted as the gait phase. In [111,151,152,156], a cluster of
adaptive oscillators (Adaptive Oscillator (AO)) is employed to lock to the hip angle phase
and frequency or variation of leg’s muscle shapes. Alternatively, a Kalman filter (Kalman
Filter (KF)) is used in [135] instead of AOs to estimate the gait phase. In these methods,
gait speed changes are continuously reflected in the gait phase, however, with some lag due
to the AO or the KF convergence dynamics. A solution is to reset the estimated gait phase
to zero at each heel-strike, detected using a contact sensor. Such instantaneous correction
of the gait phase error, leads to discontinuous estimation. The phase error is, therefore,
gradually corrected to maintain the smoothness of the gait phase [152].

A more accurate gait phase estimation, nevertheless, requires more joints to be involved
in the estimation process. As an example, the gait phase is estimated in [2] by finding a
point on the hip-knee reference path that has the minimum distance from the current hip-
knee coordinate. To include more kinematic features (e.g., joint velocity or body segments
acceleration) data-driven models are widely used as they can learn the mapping from
multi-dimensional kinematic space to the gait phase. A Robust estimator, on the other
hand, is expected to provide an accurate mapping in a wide range of gait speeds, patterns,
conditions, and user characteristics. Artificial Neural Networks (Artificial Neural Network
(ANN)) have the capability of learning such complex mapping.

In [54], for example, an ANN is used to estimate the gait phase at different speeds
from the hip joint angle and trunk and thigh inertial measurement units (IMUs) measure-
ments. Alternatively, long-short-term-memory (Long Short Term Memory neural network
(LSTM)) networks are used to learn the gait phase from the IMU data [64,113,116]. Addi-
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tionally, [55] uses a convolutional neural network (Convolutional Neural Network (CNN))
to estimate the gait phase while accounting for the variable gait patterns associated with
stairways and ramps.

Using data-driven models, the problem of designing a robust and accurate gait phase
estimator is turned into the problem of collecting a rich data set that enables the model
to capture a generalizable yet accurate mapping between input data and the gait phase.
The need for a specially designed and trained gait phase estimator is even more critical for
gait training exoskeletons because they must be capable of assisting a broad spectrum of
pathological gait patterns. The natural conflict in physical human-exoskeleton interaction
also require extra robustness. Therefore, acceleration or velocity data, which have a higher
sensitivity to emerging conflicts, have to be avoided as input features making the gait phase
estimation even more difficult.

Currently, none of the existing studies are designed to provide accurate phase estima-
tion during abnormal or pathological gait. They are also designed specific to a certain
exoskeletons or prosthetic device.

In case of using spatiotemporal decoupling approaches for disabled people, temporal
freedom needs to be restricted depending on their motor deficits by imposing a constraint
to the system velocity. This is more straightforward in VFC method since it is inherently
a velocity controller. This issue in Path Control method is tackled by simply limiting the
lower and upper bound of S by sandwiching it between two monotonically increasing time
dependent profiles [27]. This is like a set of back and front-wall that push the user forward
and backward if he/she is not moving fast or slow enough, respectively (see Fig. 2.4B).
Otherwise, it does not affect the user.

A shortcoming of time-wall method is that it does not consider the human intention
in acceleration of deceleration of the gait. Another contribution of my PhD thesis is to
include human intention extracted from muscle activation or kinematic measurements to
adapt the back-wall constraint. I am also going to develop a gait speed predictor which is
useful in designing the desired velocity field properties in the VFC method.

2.2.3 Active Arbitration

As previously discussed, intent information can be directly used for determining the user
desired trajectory or applied force directly. In such cases, these information are simply
utilized as the robot controller reference inputs [74]. This approach is, however, applicable
upon existence of high confidence on the decoded intent which is not always achievable
particularly when it comes to rehabilitation and assistive exoskeletons. Therefore, in most
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of the applications, intent information indirectly affects the controller by adapting the
reference trajectory or the controller impedance. In this scenario, instead of estimating
the human intended motion or impedance directly, the robot’s reference trajectory or
impedance is adjusted according to the intent information or adapted with respect to min-
imization of a cost function defined over the intent information. This adaptation is usually
being controlled by a confidence factor showing the reliability of the intent information.

With respect to controller impedance adaptation, |75] employed a cost function that is
the weighted sum of the robot’s applied force, interaction force between user and robot, and
tracking error. Assuming that the human has the same cost function, the optimal actuator
torques and interaction forces at the Nash equilibrium are computed as functions of the
cost-function weights. These weights are then adapted with respect to minimization of the
difference between actual and the optimal interaction force which is considered as the intent
information. It is shown that adaptation of the cost function weights in this approach is
equivalent to adaptation of the the robot impedance. An increase in the interaction force,
therefore, leads to a decrease of robot’s impedance and vice versa.

In [88], an approach is introduced to use the intent information and their statistical
features. An optimal control scheme is then used in order to find the optimal robot torque in
a limited horizon using Linear Quadratic Regulator (Linear Quadratic Regulator (LQR)).
Intent information is included in the definition of the cost function such that the robot
hands over the control to the user where there exist higher variability (which is interpreted
as disagreement) in the motion and in the interaction force.

Exoskeleton trajectory modification is another active arbitration method in AAN con-
trollers with active arbitration. In its simplest form, it could be done using heuristic
approaches. For example, in [84], the controller adjusts the swing trajectory based on the
joint positions at the late stance phase. A more systematic framework, however, is to adapt
the trajectory with regard to minimization of the interaction force, exoskeleton’s applied
torque, or tracking error [29,30,53,110,112,137,148,155|. For instance, [53| presented three
different control strategies for minimizing the interaction force between exoskeleton and
patient. Also in [30], an AAN control method is proposed where the swing phase trajectory
is adapted by online minimization of applied force and position error.

In active arbitration framework, the main assumption is that the user can generate
reliable intent information. Therefore, any trajectories or impedance setting that minimizes
the cost function is an acceptable solution. This is not necessarily a valid assumption for
the whole spectrum of iSCI individuals and we cannot always rely on their exhibited
trajectory. This issue is already discussed in [53|, where the adaptation method converged
to nonphysiological patterns for impaired cases or in [27], where it is shown that some of
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the impaired users relied on the tunnel boarders (which means relying on robot assistance)
in order to be able to walk.

2.3 Human-Exoskeleton Physical Interaction Evaluation

Despite recent advancements, including human-in-the-loop optimization to improve ex-
oskeleton assistance [10,26,36,104|, exoskeletons still lack the sophistication to automati-
cally fine-tune the level of support required for each individual user effectively [66,98|. This
personalized touch, instinctive for physical therapists in traditional therapy sessions, re-
mains a challenge for robots. The challenge arises because, although separate performance
indicators like metabolic cost [105,147], muscle activation [82,157|, interaction forces [61],
comfort [32], cognitive load [85], and user preference 48] are utilized, the lack of a unified
metric that fully encapsulates the nuances of human-robot physical interactions obstructs
the precise adjustment and customization of lower limb exoskeleton support [103|. There-
fore, this task is often delegated to adaptive controllers with implicit considerations to
control the human-exoskeleton physical interaction. The control of human-exoskeleton in-
teraction plays a key role in optimizing the user experience and performance of lower limb
exoskeletons for rehabilitation as well as power augmentation applications [125]. In power
augmentation scenarios, the user retains full autonomy, and the exoskeleton follows user
commands directly or indirectly by interpreting their intended motion. In case of dis-
agreement between the user and the exoskeleton, the exoskeleton must relinquish control
in favour of the user [83,88|. However, in the context of rehabilitation and assistive ex-
oskeletons, human-exoskeleton interaction control is more challenging due to two primary
factors. First, the user-performed motion is not always reliable due to musculoskeletal
or motor impairments [124] which may undermine the quality of decoded intention solely
based on user-robot physical interaction. Second, the exoskeleton should encourage the
user to maximize their engagement in motion when possible and assist or correct when the
user is unable to perform the motion correctly [6,25]. Consequently, the exoskeleton must
seamlessly transition between the leader and follower roles [78].

To determine the appropriate control strategy for human augmentation and rehabilita-
tion applications, it is crucial to understand human-exoskeleton adaptation as an indicator
of how individuals respond to specific exoskeleton control strategies concerning shared
motion control [50]. In power augmentation, the ideal scenario involves users adapting
to a strategy in which they contribute primarily by guiding the motion, without physi-
cal exertion [26]. The exoskeleton takes the responsibility of moving the human body by
applying interaction torques or forces to the human body, as demonstrated by reduced
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muscle activity or metabolic rates [36]. Conversely, in rehabilitation, users must often be
guided to increase their muscle activity and actively engage in motion control [8]. The
human-exoskeleton interaction torques exhibit a dual behavior in this context. When the
user performs the motion correctly, the exoskeleton must transparently follow the user,
resulting in zero interaction torques [61]. However, when motion correction is required,
the exoskeleton controller should intervene. This intervention creates a conflict necessi-
tating an increase in the interaction torque to rectify the motion. Neither muscular effort
nor interaction torques alone can discern the aforementioned conditions. For example, an
increase in muscular effort may stem from human-exoskeleton disagreement [124], while
it can also signify that the human user is engaged in walking and relies on their motor
capacity rather than on exoskeleton assistance. Therefore, to compare different controllers
in such cases, interaction torque needs to be considered alongside muscular effort. A low
level of interaction torque coupled with higher muscular effort suggests no physical dis-
agreement, indicating that the exoskeleton is following the user and the user is walking
with minimal assistance. Otherwise, a higher level of interaction torque along with high
muscular effort indicates that the user and exoskeleton do not share the same desired mo-
tion patterns, and they are fighting for control [78]. Therefore, determining the suitability
of a controller for either power augmentation or rehabilitation applications necessitates
co-analysis of muscular effort and interaction torque.
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Chapter 3

Ultra-Robust Real-Time Estimation of
Gait Phase

An ultra-robust accurate gait phase estimator is developed by training a time-delay neural
network (D67) on data collected from the hip and knee joint angles of 14 participants
walking on a treadmill and overground. Collected data include normal gait at speeds
ranging from 0.1m/s to 1.9m/s and conditions such as long stride, short stride, asymmetric
walking, stop-start, and abrupt speed changes. Spatial analysis of our method indicates
an average RMSE of 1.74+0.23% and 2.35+0.52% of gait phase on test participants in the
treadmill and overground walking, respectively. The temporal analysis reveals that D67
detects heel-strike events with an average MAE of 1.70+0.54% and 2.7440.92% of step
duration on test participants in the treadmill and overground walking, respectively. Both
spatial and temporal performances are uniform across participants and gait conditions.
Further analyses indicate the robustness of the D67 to smooth and abrupt speed changes,
limping, variation of stride length, and sudden start or stop of walking. The performance
of the D67 is also compared to the state-of-the-art techniques confirming the superior and
comparable performance of the D67 to techniques without and with a ground contact
sensor, respectively. The estimator is finally tested on a participant walking with an
active exoskeleton, demonstrating the robustness of D67 in interaction with an exoskeleton
without being trained on any data from the test subject with or without an exoskeleton.
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Figure 3.1: Experimental setup: a participant walking on the treadmill (A) without and
(B) with an exoskeleton. Participants kinematics are recorded using the motion capture
and motor encoders during without and with exoskeleton walking, respectively. The ground
reaction forces are collected by separate load cells under each belt of the treadmill. The
participant has permitted usage of their photo in this paper.

3.1 Methods and Material

3.1.1 Experimental Setup

Measurements of lower-limb kinematics were carried out with a motion capture system
that included eight Vero Cameras (Vicon, UK). The motion of the lower limbs was cal-
ibrated, labeled, and tracked using 16 reflective markers according to the Plug-In Gait
convention [92]. An instrumented split-belt treadmill (Bertec, US), capable of measuring
ground reaction forces (GRF) under each foot, was used to monitor and control the speed
of each belt (Fig. 3.1A). The treadmill and the motion capture data were synchronized
and recorded at 1KHz and 100Hz, respectively. A lower-limb exoskeleton (Indigo, Parker
Hannifin, USA) with actuated hip and knee joints was also used, worn by an able-bodied
individual, to test the performance of the gait phase estimator in the presence of an ex-
oskeleton. The exoskeleton sensory data as well as control commands are transmitted at
200Hz.
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Figure 3.2: The speed profile during the treadmill walking session. The right and left belts
share the same speed profiles except during the asymmetric walking condition.

3.1.2 Experimental Protocol

Fourteen participants (age: 2844 years, body mass: 75.2+17.6 kg, height: 176.6+6.8 cm,
7 females and 7 males) with no known musculoskeletal impairments participated in this
study. All participants provided informed consent prior to the experiment. The study

protocol and procedures were approved by the University of Waterloo Clinical Research
Ethics Committee (ORE#41794) and conformed with the Declaration of Helsinki.

The experiment involved treadmill and an overground sessions. The treadmill session
consisted of walking without the help of handrails in 8 different conditions for a total of
13 minutes (see Fig. 3.2). The first four conditions of the test consisted of walking at
a constant speed of 0.8 m/s where the participants were asked to walk normally, with
short strides, with long strides, and then again normally (for 45 seconds each). The fifth
condition of the test included a speed sweep where the treadmill speed increased from
0.1m/s to 1.9m/s with a constant acceleration of 0.02m/s?, immediately followed by a
constant speed decrease back to 0.1m/s at the same rate. The sixth condition involved
speed jumps between 0.4m/s, 0.8m/s, and 1.2m/s. The acceleration of the treadmill during
these jumps was 0.4m/s?. The seventh condition involved asymmetrical walking. Gait
asymmetry was imposed by driving the treadmill belts with different speeds, up to a
speed difference of 0.4m/s. As one of the most prominent asymmetric features observed
in post-stroke patients, we used the swing time ratio (fionger/tshorter) for validation of the
protocol [101,136]. The speed difference between treadmill belts was chosen to have a
maximum swing time ratio of 1.41+0.19 on average for all participants falling within the
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Figure 3.3: The TCN network consists of six residual blocks, each including two dilated
convolutional layers with the same dilation factor. Instantaneous joint angles (x;) are fed
into the first residual block while the output of the last residual block is fed into a linear
layer to generate the final gait phase predictions (¢;). The dropout rate is set to 0.1 for
all residual blocks. Kernel size of 3 is used for all dilated causal convolutional layers.

reported average values of 1.24 [101] and 1.44 [136]. The eighth and final condition involved
repetitions of start walking, at a speed of 0.8m/s, and stop walking.

To check the sensitivity of the developed gait phase estimator to the exoskeleton dy-
namics and its controller effect, one participant repeated the same experiment two more
times while wearing the exoskeleton; once in the Passive mode (controller was off) and once
in the Active mode (controller was on). In the Active mode, the exoskeleton joints were
controlled using the trained gait phase estimator embedded in a path controller [27| with
the following joint stiffness (K) and damping (D) coefficients: Ky, = 300 N.m.rad™*,
Dy, = 45 Nm.srad™, Kknee = 65 Nom.rad™', Dipee = 25 N.m.s.rad~!. The same
impedance values were used for both legs. The reference path was taken from [144].

The overground session consisted of walking on a 10-meter straight path, three times
with the following conditions: normal walking, slow walking, fast walking, short strides,
and long strides. The participants were instructed to walk at a self-selected pace and adjust
as they see fit for the trials at faster and slower speeds.
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Figure 3.4: Spatial (eg) and Temporal (er) error according to the estimated and target
gait phase profiles. The temporal error (er) is computed at the n'* heel-strike event.

3.1.3 Training and Evaluation of the Gait Phase Estimator

Collected data, including joint angles, marker positions, and GRF were filtered using a
Woltring filter [149]. A Boolean stance flag, S(t), is then computed as

S(t) = sgn(max(Fgr(t) — Fis,0)) (3.1)

where Fr(t) > 0 is the vertical GRF and Fy, is a threshold set to 0.01 of each participant’s
weight. The heel-strike event is then detected from the rising edge of the stance flag. The
heel-strike events in overground walking, when GRF was not measured, was extracted
by applying the Foot Velocity Algorithm (Foot Velocity Algorithm (FVA)) [100] on the
foot marker data. The target gait phase (y) is then determined according to [144] as
a monotonically increasing line going from 0 to 1 between two consecutive heel-strikes.
The toe-off event is excluded from gait phase generation since its specific phase is not
predetermined. If we assume a fixed phase for toe-off (e.g., 0.63), the target gait phase
becomes bilinear, causing discontinuities in the controllers designed based on the gait phase.

The target gait phase values are then transformed to an extended description as ¢ =
(1, P, 3, P4t = [sin(2myr), cos(2myr), sin(27yy, ), cos(2myr )] before being utilized in the
training of gait phase estimator. Such transformation avoids the sharp gait phase tran-
sition in the 0 to 1 representation which is easier for a data-driven model, e.g., a neu-
ral network, to represent. A time-delay neural network [142] with 67 input delays (D67
network) was trained separately using the scaled conjugate gradient backpropagation al-
gorithm [89] to learn the mapping from both legs’ hip and knee joint angles (input:
& = [Ouip.r, Oknee. > Ottip .1, Oxcnee.1.]* ) to the extended target gait phase (¢) by minimizing a
loss function of the mean square error (Mean Square Error (MSE)) between the estimated
and the target extended gait phase. We note that our model is not sensitive to the method
by which the joint angles are computed as long as they are accurate enough. For example,
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Figure 3.5: (A) Spatial Accuracy comparison between the D67, TCN, and D5 networks.
The circles in each pair of network and condition indicate the mean of spatial RMSE across
all gait cycles of each participant in all conditions. The average spatial RMSE across the
subjects is also represented with the respective bar height. Similarly, (B) compares the
temporal MAE of the three networks in treadmill and overground walking conditions. The
comparisons denoted by asterisks show significant difference between the average perfor-
mance of the compared networks. The p-value is smaller than 0.001 unless specified.

motor encoders are later used instead of motion capture to measure joint angle in an ex-
oskeleton-assisted walking scenario(Section 3.2.2). Moreover, since distal joints are more
impaired in people with incomplete spinal cord injury, the ankle joint angles are excluded
to decrease sensitivity of the trained model. The D67 network consisted of three hidden
layers of 30, 20, and 10 neurons with Relu activation functions. The input data to the net-
work is X = [z, @1, ..., 7] where @, is the joint angles delayed by d,, = > " | 1+ [1.17/15]
samples where | | is the floor operator. This way, the sampling density is decreased for
older samples enabling the network to increase its memory horizon up to 473 samples
(2.365s). For example, in a normal gait with 1.23s step time duration, the first 50 inputs
of the network are sampled from the last half-step-time, while only 8 inputs are sampled
with more than a step-time delay.

Besides the D67 network, we constructed two baseline networks. The first one is a
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Temporal Convolutional Network (TCN), i.e. a modern convolutional architecture capa-
ble of capturing long-term dependency of the input similar to recurrent networks while
maintaining high computational efficiency of the convolutional operations [62]. Our TCN
formulation as well as network hyper-parameters can be found in Fig. 3.3. Instantaneous
joint angles (x(t)) are used as an input to the TCN while the dilation factors are increased
exponentially across the residual blocks to ensure wide receptive fields. The number of
residual blocks is chosen such that the receptive field of the neurons in the last dilated
causal convolutional layer covers roughly the period of one full gait cycle. The second
baseline network is a time-delay neural network with two hidden layers of 5 neurons with
5 input delays (D5 network). Compared to the previous studies such as [15,55] which
have a 0.3s of sampling buffer, the D5 network has only a 0.025s of sampling buffer, serv-
ing as a model with minimum complexity to evaluate if employing more complex network
architectures is worth the performance improvement.

We used leave-one-subject-out cross validation to test the neural network’s performance
on each subject (training on 13 subjects’ data, testing on one, and repeating the process
for all fourteen subjects). Training was performed using treadmill and overground walk-
ing data of twelve subjects for updating the neural network weights, while training stop
condition was checked using one randomly selected subject. Walking data with exoskeleton
are not included in training or validation but are kept apart to evaluate the the estimated
gait phase sensitivity to the possible etfects of the exoskeleton dynamics and controller.

~

The network estimate (¢) is then transformed to the vector of left and right gait phases g
using

9=0.5+ %[atarﬂ(gb}, Q§2>, atan2(g53, gz§4)]T. (3.2)

The instantaneous spatial gait phase estimation error is defined as eg(t) = y(t) — y(¢t).
The spatial root mean square error (RMSE) of gait phase estimation over each gait cycle is
then computed to compare the spatial performance of the networks. The temporal error is
also defined as er[n] =T, — Tn where T, and Tn are the n'" heel-strike time detected from
target and estimated gait phase, respectively. er[n] in then divided by the duration of n't
stride (separately for the left and the right legs) to normalize the temporal error across
different conditions (e.g., long or short strides). Temporal mean absolute error (Mean
Absolute Error (MAE)) is used as a compact measure for between-network comparisons.
The statistical differences are identified by applying a two-sample Kolmogrov-Smirinov
test with a significance level set to 0.05 with a Bonferroni correction being applied when
comparing the three networks.
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Table 3.1: Comparison of D67, TCN, and D5 network Performances.
Session Network  Spatial RMSE [%]  Temporal MAE [%]

. D67 1742023 1702054

Treadmill TCN 257+0.79 2.8740.55
Walking

D5 6.41 3230 4374227

D67 2351052 2741092

Overground - 2.69+1.40 3.65+ 135
Walking

D5 633 £347 5264232

3.2 Results and Discussion

The overall spatial and temporal performances of D67, TCN, and D5 networks on the
test participants across all trials are compared in Fig. 3.5and Tab. 3.1. The D67 network
outperforms the TCN network with 32.3% and 39.3% smaller spatial and temporal errors
during the treadmill session, respectively. The D67 also exhibits 24.9% smaller temporal
MAE in overground walking. The spatial performance, however, is not significantly differ-
ent between the D67 and the TCN networks during the overground session. D67 network
significantly outperforms the D5 spatially and temporally in treadmill walking and spa-
tially in overground walking. The similar observation applies to the TCN except for the
temporal performance during the overground walking. In all cases, D67 and TCN have
a more uniform spatial and temporal performance across all participants, confirming the
generalization of the trained models. D5 performance, in contrast, has greater variations,
particularly, in terms of temporal MAE implying the lack of expressivity in D5.

3.2.1 Detailed Performance Analysis

We now focus on D67 network for more detailed analysis of gait phase estimation perfor-
mance across different conditions in both treadmill and overground walking.

Treadmill walking

Fig. 3.6A shows the average estimated gait phase spatial profile with respect to the target
gait phase across all gait cycles in different conditions in treadmill walking. The coefficient
of determination for the estimated gait phase is greater than 0.999 that along with its
negligible standard deviation confirm the accuracy and generalization of the D67 network.

The spatial performance across different experiment condition is further investigated
in Fig. 3.6B where the mean Spatial RMSE is plotted for each participant along with the
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Figure 3.6: The performance of the D67 network in treadmill walking gait phase estima-
tion. (A) the average estimated gait phase profile with respect to the target gait phase.
Gait phase estimation standard deviation is shaded in red. (B) the spatial RMSE of the
estimated gait phase across the strides in each condition made by all participants. The
average RMSE of gait phase estimation at each condition is represented by the respective
bar height. (C) the estimated gait phase temporal error across all participants in each
condition. The mean and standard deviation of the temporal error are depicted by dashed
lines and bold areas, respectively.

total mean Spatial RMSE across all participants in each condition. The standard deviation
of mean performance across all conditions is 0.12%, indicating consistent generalization of
the D67 model over experiment conditions.

Fig. 3.6C illustrates the distribution of the temporal error across experiment conditions.
The D67 has accurately detected heel-strike events on average 0.85% earlier (e.g., about
10ms earlier in a stride with duration of 1.2s). The leading temporal estimation is, however,
not consistent as the multimodal distribution of temporal error reveals that the estimated
heel-strike event lags behind the actual event rather than leading for a sub-group of partic-
ipants and conditions. The magnitude of the temporal error is, nevertheless, consistently
small in treadmill and overground sessions across all experiment conditions showing the
accuracy of D67 in heel-strike detection based on the hip and knee joint angles.
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Figure 3.7: The performance of the D67 network in overground walking gait phase estima-
tion. Figure description is the same as Fig. 3.6.

Overground Walking

The average estimated gait phase profile across all gait cycles in different conditions during
overground walking is depicted in Fig. 3.7A showing a slight increase in standard devia-
tion compared to the treadmill walking. Fig. 3.7B provides further details on the spatial
performance for each participant across different conditions, indicating the D67 network’s
consistent performance.

In contrast to the treadmill session, the heel-strike detection takes place with a small
but consistent lag during the overground walking. Fig. 3.7C illustrates that the heel-strike
event is detected -1.83% later than the actual event (e.g., about 21ms later with a 1.2s
stride time). This implies that the controlled condition in treadmill walking enables the
model to better capture the gait dynamics and therefore, predict the heel-strike accurately.
Moreover, the heel-strike events are reflected in the target gait phase with higher precision
during treadmill walking than the overground walking due to the higher accuracy of force-
based heel-strike detection than the marker-based method. Henceforth, the D67 network
has probably learnt the heel-strike timings more precisely in treadmill walking.

3.2.2 Gait Phase Estimation in Presence of an Exoskeleton

In contrast to the previous tests, we used the joint angles computed by the exoskeleton
motor encoders as the gait phase estimator inputs. The spatial performance of the D67
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Figure 3.8: The comparison between the temporal and spatial performance of the D67
network in treadmill walking with the Passive and Active exoskeleton on participant #5.
(A) overall average gait phase profiles in Passive and Active modes across experiment
conditions. The shaded area shows the standard deviation. (B) the spatial performance
across the experiment conditions in the Active and Passive control modes. (C) the temporal
error distribution across all conditions in case of the Passive and Active exoskeletons. The
mean and standard deviation of temporal errors are denoted by dashed lines and dark
shaded area under the curves, respectively.

in presence of the exoskeleton in the Passive mode and Active mode in treadmill walking
is shown in Fig. 3.8A B, respectively. The D67 exhibits a slightly smaller spatial error
(1.67£0.67%) compared to the treadmill session without the exoskeleton. The exoskeleton
regularizes gait in the Passive mode due to its passive dynamics (i.e., inertia and friction)
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which causes the human lower-limb motion to be damped and, therefore, restricts the kine-
matic variability. In the Active mode, in contrast, the spatial error increases by almost
100% and reaches to 3.49+1.06% which is still sufficiently accurate for the exoskeleton
controller to provide assistance properly in all experiment conditions. The decrease in the
gait phase estimation performance stems from the human-exoskeleton occasional conflicts
in leading the motion since the exoskeleton assistance was not always aligned with the user
intention. These conflicts emerge as excessive interaction force which to some extent dis-
torts the gait pattern and, therefore, worsen the gait phase estimation performance. The
overall estimated gait phase profile is illustrated in Fig. 3.8A. A slight distortion is notice-
able in the overall gait phase both in the Passive and Active modes compared to treadmill
walking without exoskeleton. This is because of the exoskeleton effect on gait pattern.
The gait phase profile in the Active mode also demonstrates a higher standard deviation
due to the human-exoskeleton conflicts. Furthermore, the temporal error distribution in
Fig. 3.8C exhibits greater standard deviation in the Active exoskeleton mode compared to
the Passive mode and no exoskeleton conditions. The Spatial distortion and the higher
temporal error standard deviation issues in the Active exoskeleton mode could be allevi-
ated by incorporating the data from walking in presence of exoskeleton in the training.
This is, however, not suggested as it reduces the generalizability and robustness of the
model to different exoskeleton structures and controller designs (e.g., reference trajectory
and controller impedance).

3.2.3 Robustness Analysis

To compare the robustness of the trained gait phase estimators, we scrutinized the gait
phase estimation in the speed jump, asymmetric gait, and stop and go conditions.

Abrupt speed change

We considered a single stride in the speed jump condition where the treadmill speed
abruptly changes from 0.8m/s to 1.2m/s. Fig. 3.9A shows the estimated gait phase pro-
files averaged over all participants. While D67 and TCN network demonstrate a negligible
standard deviation, the D5 exhibits an unstable gait phase estimation facing the sudden
change of the treadmill speed which has led to a standard deviation more than 20%. This
analysis reveals that D5 network is of no use in daily life where an exoskeleton user fre-
quently decides to switch their gait speed. According to the overall results represented
in Fig. 3.5, however, the D5 network seems to have an acceptable performance. It even
seems to be a better option for practical purpose where lower computational complexity
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Figure 3.9: (A) Comparison of D67, D5, and TCN networks estimated gait phase mean
and standard deviation (denoted by shaded area) as the treadmill speed jumped from 0.8
to 1.2m/s averaged across all participants. (B) Detailed performance of the D67 network
gait phase estimation in different speed jump scenarios. Each gray line represents one of
the subjects while the blue line shows the average gait phase profile.

and simple implementation is an advantage. Nevertheless, the recent robustness analysis
shows that the overall performance measures such as RMSE, which is widely used in the
literature, are not sufficient for validating the performance of a gait phase estimator.

Robustness of D67 network is further investigated in strides when the treadmill speed
has jumped back and forth between 0.4m/s, 0.8m/s, and 1.2m/s in Fig. 3.9B. The estimated
gait phase remained smooth for all of the participants in all cases. The highest gait phase

33



I
T
Y

@
=

Spatial RMSE [%)]
N

o

0 20 40 60 80 100
—_ 5 T T m
X
S
o 0f .
I
o
Q
E |
|_ ) 1 1 1 1

0 20 40 60 80 100

Step #
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legs during asymmetric walking. The blue and red circles show the performance at each
step while the corresponding curve show the smoothed performance. The intervals during
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respectively

variation is observed in case of 0.4m/s to 0.8m/s speed increase. In general, the gait phase
estimation is more variable in the case of abrupt increase in the speed rather than abrupt
decrease.

Asymmetric gait

(Fig. 3.10) shows the performance of D67 in asymmetric gait condition. The spatial and
temporal errors are always less than 4.81% and 6.16%, respectively, indicating stability and
robustness of the estimation. As the speed difference between treadmill belts increases, the
spatial error in the phase estimation of both legs increases. This is however, more stressed
for the left leg during the right leg limping interval. The opposite is also valid during the
left leg limping interval.
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Figure 3.11: D67 gait phase estimates when the treadmill belts have stopped and start
moving again for participant #5 without exoskeleton and with the exoskeleton in the
Passive and Active mode, respectively. The shaded area shows the interval when the
treadmill belts were fully stopped.

Stop and start

(Fig. 3.11) Shows the estimated gait phase of participant #5 with and without exoskeleton
as the treadmill stops and start running again. The estimated gait phase during walking
without exoskeleton and with the exoskeleton in Passive mode smoothly converges to a
constant level when the treadmill stops and maintains that level until the treadmill starts
running again. In the Active exoskeleton mode, the estimated gait phase slope decreases
gradually as the treadmill stops. During the stop interval, however, the estimator exhibits
some oscillations on the gait phase which are due to the controller design rather than
the sensitivity of the gait phase estimator. With a fixed gait phase in the stop interval,
the exoskeleton imposes a fixed posture and therefore, fights against the natural human
motions (such as shifting the body load between legs). The resultant conflict, as mentioned
earlier, disturbs the estimated gait phase.
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Figure 3.12: Comparison of D67 gait phase estimator performance with approaches re-
ported in the literature for (A) fixed speed, (B) speed jumps, and (C) speed sweep in
treadmill walking as well as overground walking at (D) preferred speed and (E) variable
speeds.

3.2.4 Comparison with the state of the art

The performance of the D67 network is further compared to the performance of other
gait phase estimators reported in literature for constant speed walking, speed jumps, and
speed sweep on treadmill walking as well as overground walking at self-selected speed. We
used three time-based gait phase estimators (Time-Based gait phase Estimator (TBE)s)
developed by Lenzi et al. [68], Ferris et al. [71], and Kang et al. [54] as baselines along with
the following methods compared to the D67

e Kang(NN): A neural network (reffered to as the independent model) trained for
gait phase estimation on new participant similar to D67. The model is trained on a
range of speeds between 0.6 and 1m/s, which includes steady state walking at 0.8m/s
as well as speed jumps with accelerations of 0.05m/s?.

e Kang(CNN): Later in [55], Kang et at. trained a CNN for gait phase estimation
for level ground and ramp walking as well as stair ascend and descend.

e Yan(AO): An AO-based gait phase estimator developed by Yan et al. in [152] that
uses foot contact sensors for phase error correction. D67 is compared to the vGRF
variation of their method as it has the similar definition for gait phase. Yan(AO),
Lenzi(TBE), and Ferris(TBE) methods are tested in this work during steady state
walking at 0.67, 0.94, and 1.22m/s. They are additionally tested during speed jumps
between the aforementioned speeds with an acceleration of 0.028m/s%.

e Thatte(Gaussian Process extended Kalman filter (GP-EKF)): A gait phase
estimator developed by Thatte et al. [135] using Gaussian Process extended Kalman
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filter (GP-EKF). This method is tested on treadmill walking with a sinusoidal speed
profile varying between 0.4 and 1.2m/s with a 20s period.

In fixed speed treadmill walking (Fig. 3.12A) the D67 has an RMSE of 1.824+0.41%
for steady state walking at 0.8m/s outperforming all the competents but the Lenzi(TBE)
which has a slightly better performance. The well-controlled gait conditions during fixed-
speed treadmill walking causes lower variation in step duration and gait pattern allowing
TB methods to provide accurate estimations. Besides Kang(NN), other methods also rely
on heel-strike detection sensors. D67, in contrast, uses only joint angles and still provides
the second best accuracy.

Fig. 3.12B shows the comparison in speed jump condition on treadmill. Kang(NN) and
Kang(TBE) is tested on speed jumps between 0.6 and 1m /s with an unreported accelera-
tion. The D67 network, with an RMSE of 1.540.42%, outperforms all approaches despite
not using any contact sensors.

The comparison in speed sweep condition is illustrated in Fig. 3.12C. The D67 network
resulted in RMSE of 1.6+£0.42% while the Thatte (GP-EKF) method obtained 44+0.55%
RMSE during the speed sweep experiment. For a more realistic comparison, however, both
approaches should be tested on the same condition.

There is no comparable gait phase estimator presented in the literature with reported
performance on asymmetric gait. As a close study, however, we also compared our method’s
performance with Thatte (GP-EKF) for walking with one prosthetic leg. As the other leg
is intact in that study, some asymmetric features are presented in the gait. Our method
resulted in RMSE of 1.69+0.33% outperforming Thatte (GP-EKF) resulted in RMSE of
440.55% RMSE. For a more realistic comparison, however, both approaches should be
tested under the same conditions.

With an RMSE of 2.11£0.41%, the D67 outperforms the Kang(CNN) with a RMSE
of 3.5+£1.5%, the YAN(AO) with performance of 4.254+0.47%, and the rest of the time-
based methods in overground walking with preferred speed (see Fig. 3.12D). The D67
maintains its edge over the YAN(AO) and the time-based methods in overground walking
with variable speed with an average RMSE of 2.314+0.76% as illustrated in Fig. 3.12E.

3.3 Conclusion

In this study, a time-delay neural network (D67) is trained using hip and knee joint angles
collected from 14 participants walking on a treadmill and overground to develop an accu-
rate and robust gait phase estimator. Several types of gait data were collected in the study
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including normal gait at speeds between 0.1m/s and 1.9m/s and conditions such as long
stride, short stride, asymmetric walking, stop-start, and abrupt speed changes. On average,
our model’s RMSE for gait phase estimation on treadmill walking and overground walk-
ing was 1.7440.23%, and 2.35+0.52%, respectively. The temporal analysis also revealed
that D67 was able to detect heel-strike events with an average MAE of 1.70+0.54% and
2.74£0.92% for treadmill and overground walking, respectively. Across participants and
gait conditions, spatial and temporal performance is found to be consistent. Additional
analyses demonstrated the robustness of the D67 to sudden changes in walking speed,
limping, changing stride length, and sudden stops or halts of walking. Furthermore, this
study tested the D67’s performance with an active exoskeleton to determine its reliability
in interaction with such a device. Finally the D67 model exhibits comparable or superior
performance to the state-of-the-art gait phase estimators.

Our gait phase estimator is designed to enhance comfort and performance for exoskeleton-
assisted walking in impaired individuals. However, the dataset was collected from healthy
individuals simulating pathological gait patterns, which does not fully represent the com-
plexity of impaired gait. Therefore, further evaluation with individuals with impaired
gait is necessary to assess the robustness of our method. Future steps include incorporat-
ing pathological walking data into the training process, adding more gait conditions like
stair climbing and over-ramp walking, and implementing the estimator in various assist-as-
needed controllers. Additionally, leave-condition-out cross-validation can provide insights
into the estimator’s performance for unseen conditions [133].
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Chapter 4

Human—Exoskeleton Interaction Force
Estimation in Indego Exoskeleton

Accurate interaction force estimation can play an important role in optimizing human—
robot interaction in an exoskeleton. In this chapter, we propose a novel approach for the
system identification of exoskeleton dynamics in the presence of interaction forces as a
whole multibody system regardless of the gait phase or any assumption on the human—
exoskeleton interaction. We hung the exoskeleton through a linear spring and excited the
exoskeleton joints with chirp commands while measuring the exoskeleton—environment in-
teraction force. Several structures of neural networks were trained to model the exoskeleton
passive dynamics and estimate the interaction force. Our testing results indicated that a
deep neural network with 250 neurons and 10 time delays could obtain a sufficiently ac-
curate estimation of the interaction force, resulting in an RMSE of 1.23 on Z-normalized
applied torques and an adjusted R? of 0.89.

4.1 Materials and Methods

4.1.1 Interaction Torque Modeling

Figure 4.1A illustrates the Indego exoskeleton and its coordination systems in the sagittal
plane. This lower limb exoskeleton has seven DOFs including one rotational and two
translational DOFs of the trunk (three DOFs in total) with respect to the global frame
and only four active DOFs of the exoskeleton knee and hip joints of the right and left
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legs. The exoskeleton also has two carbon-fiber ankle foot orthoses, which were removed
from the exoskeleton due to their negligible mass. Given that the Indego exoskeleton
does not have joints with off-sagittal-plane degrees of freedom (such as hip abduction
and adduction DOFs) the off-sagittal dynamics of the exoskeleton during straight walking
were negligible compared to its dynamics in the sagittal plane. The Indego lower-limb
exoskeleton’s dynamics, with actuated hips and knees, in the presence of interaction forces
and torques in the sagittal plane were considered as

F<0797é7p-17Q7q7q') = Uact +uint7 (41)

where p1 = (p1a;p1,) € R? and 6 € R are the exoskeleton’s trunk segment position
and orientation, respectively, described in the fixed global frame in the sagittal plane and
(@ = [qnhr; Qer; qna; qny) € R*) consists of the exoskeleton right hip and knee joint angles
followed by the left hip and knee joint angles. .t = [03x1; Tact] i the applied motor
torques at the hip and knee joints of both legs (Tuct € R?). Uing = [fint; Mint; Tint] includes
the interaction force (fiy € R?) and moment (my, € R) applied to the exoskeleton trunk
as well as the interaction torques applied to the exoskeleton joints (7, € R?). Finally, T'(.)
represents the exoskeleton passive dynamics containing the inertial forces, centrifugal and
Coriolis forces, and the forces due to gravity [128]. We note that p; and p; do not appear
in I" as there are no forces being applied to the trunk due to the trunk linear position (p;)
and velocity(py). Figure 4.1A provides a visual representation of the Indego lower-limb
exoskeleton.

4.1.2 System Identification

To estimate the interaction forces and torques (wi,), we first identified the exoskeleton
passive dynamics (I') without imposing any constraints on the system dynamics such as
fixing the trunk segment. This was accomplished by hanging the exoskeleton from the
ceiling by a spring with K = 1926.4 N/mm, with reflective markers attached to both
ends (Figure 4.1B). This way, we could measure the spring deflection and consequently
compute the applied interaction force (fi,) accurately using Hooke’s law and a motion
capture system consisting of eight Vero Cameras (Vicon, UK). Note that the absence of a
human participant wearing the exoskeleton during the experiment did not hinder the iden-
tification of the exoskeleton passive dynamics as the measurements of the spring force and
exoskeleton joint torques were sufficient for this purpose, without imposing any constraints
on the system states. The identified exoskeleton passive dynamics could then be used to
estimate the human—-exoskeleton interaction.
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Figure 4.1: (A) The exoskeleton coordinates and joint angles. The global, trunk, and thigh
frames are denoted by 0, 1, and 2 indices, respectively. The trunk and thigh angles with
respect to gravity vector are denoted by 6 and +, respectively. ¢, and g, represent the hip
and knee joint angles, respectively. p; and p, shows the position of the trunk and thigh
coordinated in the global frame ((x, yo)). In blue, the acceleration vector (a) measured by
the accelerometer embedded in the exoskeleton’s thigh is plotted against the thigh frame.
In red, we plotted the interaction force vector (fine) calculated from the linear spring’s
deflection measured by motion capture. The distance from the trunk frame origin to the
hip joint rotation axis and from there to the accelerometer location on the exoskeleton’s
thigh is indicated by [y and [y, and the gravity axis is illustrated by dashed lines. (B)
The exoskeleton in hung position during data collection for dynamics identification. Joints
are excited during the experiment while the exoskeleton interaction with the environment
is limited to the force applied through a linear spring with reflective markers on both
ends enabling us to measure the spring deflection using a motion capture system and,
consequently, the applied force.

The exoskeleton joints were excited in three different scenarios each for 500 s by applying
chirp command trajectories controlled by joint-level PD controllers with &, = 1.5 N.m/deg
and k; = 0.1 N.m.s/deg for the hip and &k, = 0.2 N.m/deg and k; = 0.03 N.m.s/deg for
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the knee joint. Controller gains were obtained by trial and error to achieve a maximum
tracking error of less than 10 degrees for the hip and 5 degrees for the knee joint during the
experiment. The chirp commands had unique initial and final frequencies to prevent phase
lock between joints (see Figure 4.2). The chirp signals were designed to cover at least 80%
of each joint range of motion with frequencies between 0.2 to 0.9 Hz covering the speed
ranges below 1.4 m/s for healthy individuals [86] . The spring force measurement, as well as
the exoskeleton data consisted of its joint angles (gq), angular velocity (q), the angle of each
thigh with respect to gravity (y € R), the linear acceleration of each thigh (a = [a,;a,] €
R?), and the applied joint torques (T..;) were acquired at 200Hz. By choosing different
upchirp and downchirp rates for the command trajectories to each joint, we applied three
different patterns for the interaction forces to the exoskeleton trunk. During the first
scenario (training dataset), the right hip and left knee frequencies upchirped from 0.2 Hz
to 0.9 Hz, while the left hip and right knee frequencies downchirped from 0.9 Hz to 0.2 Hz.
All joints in the second scenario (validation) upchirped from 0.2 Hz to 0.9 Hz. Finally, in
the last scenario (test), the joints on the right leg upchirped from 0.2 to 0.9 Hz while those
on the left leg downchirped from 0.9 to 0.2 Hz. In all these cases, the frequency sweep rate
for the upchirping or downchirping joints were selected slightly different to prevent phase
locking between joints (Figure 4.2).

According to Equation (4.1), we then computed the trunk orientation () and its deriva-
tive in addition to its linear acceleration (p1) to train a data-driven model for the estimation
of exoskeleton passive dynamics (I'). Even though this information was not directly in-
cluded in the exoskeleton measurements, they were obtained using either of the thigh’s
linear accelerometer measurements (a) or through obtaining its angle () with respect to
the gravity vector (g). The trunk orientation was then computed using the angle () and
the corresponding hip joint angle (the angle between the thigh and the upper segment)
measured using the motor encoders. Therefore, we drop the leg index hereafter. According
to Figure 4.1A, we could simply obtain the trunk orientation as

0 =qn—1. (4.2)

To obtain p;, we first mapped the thigh acceleration (a) from the thigh coordinate to
the global coordinate frame. As the thigh coordinate frame ((z9,y2)) rotated clockwise by
7 — v rad compared to the global frame ((z¢, o)), the linear acceleration measured in the
thigh frame (a) could be mapped to the global frame as

. 50 _lcos(m—r) —sin(mr—7)|  |[—cos(y) —sin(y)
P> = F(v)a = sin(m —7) cos(m—7) } a@= [ sin(y) —cos(7) @ (4.3)
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Figure 4.2: The hip and knee excitation torques applied to the left and right exoskeleton
legs, as well as the interaction force on the y axis. During the generation of each of
the training, validation, and test datasets, exoskeleton joints were activated with unique
and different chirp commands resulting in different exoskeleton—environment interaction
profiles.

Moreover, the following equation holds between the origin of the trunk frame and the
accelerometer position with respect to the global frame (ps = (P 4:p2,y))

[ p2u+lasin(y) — 1 sin(6)
Pi= ( D2,y + 15 cos (’y) + 1 cos (9) : (44)

Taking the second derivative from the above equation and substituting Equation (4.3),
we obtain

v sy AP A lise0? —cya, —syay+icyly—coli 0
P1= —c b —cglh0? —cray —syay, —Flas, —lisgl )’

(4.5)

where ¢, and s, are shorthanded versions of sin(x) and cos(z), respectively. According to
Equations (4.2) and (4.5), both 6 and its derivatives, as well as p;, could be obtained as a
function of the exoskeleton joint angles (q), thigh accelerations (a), thigh orientation with
respect to gravity (7), and their derivatives. In other words, we have

0;0;0; 1) = (v, 4,4, 4,4, d,a). (4.6)
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Henceforth, without loss of generality, we can consider I' as only a function of the exoskele-
ton measurements and rewrite Equation (4.1) as

I‘(77 "Ya ;}'/7 q, q.a q.a G,) = Uact T WUint- (47)

Therefore, we can use the thigh angle with respect to the gravity vector and its linear accel-
eration instead of the position and orientation of trunk segment to identify Equation (4.1).
Moreover, we defined the origin of the exoskeleton’s trunk frame exactly at the point
where the spring force was applied (Figure 4.1). This allowed us to consider m;,, = 0.
Equation (4.1) can thus be further simplified as

I'z) =y, (4.8)

where & = [v;9;9; q; 4; §; a] € R and y = [fini; 0; Tuct) € RT.

Various time-delay ANNs [142] with a tanh activation function (Figure 4.3B) were
trained on the training dataset to learn the exoskeleton’s passive dynamics (I'(z) = §)
by minimizing the root mean squared error (RMSE) between the Z-score normalized mea-
sured (y) and estimated (g) forces and torques (Figure 4.3A) using the scaled conjugate
gradient backpropagation algorithm [89]. The training was stopped when 10 consecutive
iterations did not improve the performance of the ANN on the validation dataset. Different
combinations of network structure (ranging from a single hidden layer with 10 neurons to
three hidden layers with 250 neurons in total), number of input delays (ranging from 0
to 50 samples), and L? weight regularization factors (ranging from 0 to 0.5) were evalu-
ated according to (Figure 4.4A), by training each network five times and computing their
mean performance on the validation dataset to compare networks and to obtain the best
architecture.

4.1.3 Experimental Estimation of Human—Exoskeleton Interaction
Torque

We estimated the human-exoskeleton interaction torques by conducting experiments on
three able-bodied participants. Interaction torques were estimated in real time using the
exoskeleton measurements fed to the N9 network implemented on a real-time kernel using
MATLAB Simulink Desktop Real-time toolbox running at 200 Hz. The participants in-
cluded two 22-year-old males with heights of 180 cm and 182 cm, and body masses of 82 kg
and 90 kg, respectively, and a 24-year-old female with a height of 174 ¢cm and body mass
of 68 kg. They walked on a treadmill at slow (0.4 m/s), medium (0.6 m/s), and fast (0.8
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Figure 4.3: (A) Block diagram of the exoskeleton dynamic identification experiment. The
interaction force (fin) is applied to the exoskeleton through a linear spring through which
the exoskeleton is hung. Exoskeleton joints are controlled by chirp position commands using
PD controllers applying the excitation torques (7,¢) to the exoskeleton. Measurements of
the exoskeleton (z), containing joint angles and their derivatives as well as the thigh angle
with respect to the gravity vector and its linear acceleration, are fed to a neural network
for the estimation of the interaction force (fin) and motor torques (7ac), which are then
compared to their actual values. The estimation error is then used to update the neural
network weights to improve its estimation accuracy. (B) Structure of a time-delay neural
network with 10 input delays and 3 hidden layers with 50, 50, and 20 neurons, respectively,
with a tanh activation function.

m/s) speeds while wearing a passive exoskeleton. All participants had no known muscu-
loskeletal impairments and provided informed consent prior to the experiment. The study
protocol and procedures were approved by the University of Waterloo Clinical Research
Ethics Committee (ORE#41794) and conformed to the Declaration of Helsinki.

Knowing the exoskeleton passive dynamics, we could estimate the human—exoskeleton
interaction forces and torques using Equation (4.1) as

A

Uiy = D(T) — Uset = G — Uacr.- (4.9)

In this case, since the exoskeleton motors applied no torques (u,; = 0), the estimated
interaction torques were obtained as u;,; = I
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Figure 4.4: (A) Validation performance of ANNs with 10 different structures in terms of
RMSE and adjusted R? computed on the z-normalized data. The training procedure was
repeated 5 times for each structure to study the sensitivity of the training procedure to
the network’s initial weight for each structure. Each validation performance is denoted by
a black dot while the average performance is denoted by bars. The training was conducted
with 5 input delays and no regularization. N3 (denoted by red) and N9 (denoted by blue)
demonstrated a better performance compared to the other networks. N9, however, exhib-
ited more variability across training repetitions. Those networks were selected for further
analysis to investigate the effect of regularization factor and the number of input delays.
(B) Comparison of N3 and N9 performance across different selections of regularization
factors. The variation of the N9 performance across training repetitions is unaffected by
regularization. (C) Effect of the number of input delays on the N3 and N9 networks’
performance. N3 has the best performance with 5 input delays while N9 reaches the best
performance at 10 input delays.

4.2 Results and Discussion

4.2.1 Tuning the Network Structure and Hyperparameters

To tune the network structure and complexity, we trained ten networks with complexities
ranging from a single hidden layer with 10 neurons up to a network with three hidden
layers with 250 neurons in total. Figure 4.4A shows the average RMSE and the coefficient
of determination (R?) computed using each of the trained networks on the validation
datasets. The training procedure was repeated five times for each network to account for
the randomness of the training process without a regularization coefficient and with input
delays equal to five. Our results indicated that the average test performance dropped as
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the network complexity increased. This was indicated by the increase in the average RMSE
and the decrease in the average adjusted R? after N3 (the third network denoted by red
in Figure 4.4A), which resulted in one of the best performance results consistently in all
five training trials (RMSE = 1.03 R* = 0.92). On the other hand, the RMSE and R?
variations on the validation dataset also increased with the network complexity. This can
be explained by the association between the networks’ expressiveness and overfitting. N9
(the ninth network denoted by blue in the same graph), for example, obtained one of the
best validation performance results among all networks three out of five times. To further
improve the results, the training procedure was repeated for N3 and N9 with regularization
coefficients ranging from 0 to 0.5 and with different numbers of input delays ranging from
0 to 50 samples equal to 0-250 ms.

Figure 4.4B investigates the effect of the regularization coefficient on N3 and N9’s per-
formance results, indicating that increasing the regularization coefficient improved neither
the network performance in the case of N3 nor the consistency of the validation results
in case of N9. The number of input delays, on the contrary, showed to be effective in en-
hancing both networks’ performance. According to Equation (4.8), providing ANNs with
histories of & would not be effective as I' is solely a function of &. However, the best per-
formance for N3 was obtained with 5 input delays (RMSE = 0.99 and R? = 0.92), while
N9’s best performance was obtained with 10 input delays (RMSE = 0.82 and R? = 0.93).
The underlying reason was that by adding input delays, the ANNs could learn to smooth
the input data and therefore become less sensitive to the input noise. The more flexible
structure of N9 enabled it to benefit from the additional information embedded in the
input history, while N3’s capacity became saturated with more than five input delays, and
therefore, N9 was able to reach a less biased performance. Hence, we chose N9 consisting
of three hidden layers each with 50, 50, and 20 neurons, respectively, with 10 input delays,
for the estimation of the exoskeleton dynamics.

4.2.2 N9 Performance on Test Dataset

The overall RMSE of N9 on the test dataset was 1.23 and R? = 0.89. Figure 4.5 shows
the test performance of N9 for each output channel. The relative error was computed by
normalizing the estimation error over the maximum range of each output channel. For
example, according to Figure 4.2, the range of fi,;, was about 200 N. In that case, 1%
of relative error means 2 N of force estimation error. The trained network exhibited an
accurate estimation of the applied exoskeleton joint torques with a coefficient of determi-
nation greater than 0.9. The knee torque estimation was slightly more biased compared
to the hip due to the more pronounced static friction at the knee. Particularly, at lower
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speeds, the larger mass (4.7 kg) of the thigh segment dominated the static friction of the
motor gears at the hip joint, resulting in a more predictable dynamical behavior. The
light weight of the shank segments, in contrast, was negligible (0.6 kg) compared to the
static friction and motor backlash, causing a greater estimation bias at the knee. This was
evident from the dead zone-like behavior emerging in the y—y graphs for the knees. At
the higher speeds when static friction was dominated by inertial and damping torques, the
knee torque estimations were more accurate than the hip joint due to its smaller moment of
inertia leading to a higher coefficient of determination at the knee joint. The RMSE value
for the interaction forces was higher than the joint torques. Simplifying the exoskeleton
dynamics into the sagittal plane was the main reason behind this, as our model could not
represent the applied interaction force to the exoskeleton trunk in the z direction. The
external forces were also estimated with an RMSE smaller than 1.6 with a negligible bias
(ME < 0.2%).

4.2.3 Human—Exoskeleton Interaction Torque Estimation

The estimated interaction torques at the hip and knee joints of the right leg are pre-
sented for three participants walking on a treadmill at slow, medium, and fast speeds in
Figure 4.6. The estimated torques are plotted against the estimated gait phase [122],1i.e., a
gait-cycle-based monotonic measure often defined based on gait events such as heel strike
and used to elucidate the evolution of the gait cycle [146]. The results showed a similar
behavior in the estimated interaction torques at both joints regardless of the participant
and walking speed. As expected, the magnitude of the interaction torques at both joints
increased as the walking speed increased. At the knee joint (Figure 4.6B), a large peak
during the late swing and early stance phase (about 10% of the gait cycle) indicated that
the interaction torque was in favor of a knee flexion for damping the knee ballistic swing
before the heel strike and stabilizing the knee after the heel strike. In the late stance and
early swing phases (approximately 60% of the gait cycle), a negative interaction torque
peak was in the direction of a knee extension, which was required to throw the exoskeleton
shank segment forward during the swing phase.

At the hip joint (Figure 4.6A), a relatively large peak occurred during the late stance
phase, indicating that the user torque tended to flex the exoskeleton hip joint. Similarly,
a less pronounced and unexpected peak was also exhibited in the early stance phase. This
was surprising since the hip joint typically extends during this phase, leading to an antici-
pated negative interaction torque. To better understand this observation, it was necessary
to consider the left hip gait phase and its interaction torque. During the early stance phase
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Figure 4.5: The test performance of N9 for each output channel. In the top row, the
distribution of the estimation error of external force or joint applied torques relative to
their peak-to-peak range is depicted. Interaction forces in the y and x direction exhibit a
higher estimation error compared to those of the exoskeleton active joints. Applied torques
to the hip joints, in particular, are estimated with a higher accuracy and smaller standard
deviation. Even though knee joint applied torques are estimated with similarly small errors
(small bias), they show a higher standard deviation associated to the more prominent role
of static friction. The bottom row shows the correlation between the measured data and
the N9 estimation for each output channel. The estimated outputs have a relatively lower
coefficient of determination in case of interaction forces, while they show R? > 0.9 for the
active joints of the exoskeleton.

of the right leg, the left leg was in its early swing phase, applying a large positive interac-
tion torque to the left joints of the exoskeleton. Since the trunk segment of the exoskeleton
was shared between the right and left thigh segments, the isolation of those two interaction
torques was not fully possible, leading to a leakage of interaction torques between the left
and right hip joints of the exoskeleton. Consequently, the large positive flexion torque of
the left hip manifested itself in the estimated interaction torque at the right hip, and vice
versa when the left leg was in the early stance phase.
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Figure 4.6: The estimated interaction torques at (A) the hip and (B) the knee joints of
the right leg for three participants walking at different speeds (ranging from 0.4 m/s to 0.8
m/s) are shown. The values represent the average across different steps. The solid lines
represent the median of the estimated interaction torque, while the shaded area represents
the torques that fall within the 5th to 95th percentile. Positive torque values are in favor
of joint flexion while negative values are in favor of joint extension.

4.3 Conclusions

The dynamics of a lower-body exoskeleton were identified and used for the estimation of
the human-exoskeleton interaction torques. An exoskeleton was hung using a linear spring
allowing us to measure the exoskeleton—environment interaction forces by motion capture.
Meanwhile, exoskeleton joints were excited with different chirp commands designed to
cover the range of motion of all joints in three scenarios, each used either for the training,
validation, or test of the data-driven model. Various time-delay ANNs were trained and
validated on the collected datasets and the network structure, the number of input delays,
and regularization factors were tuned according to their validation performance. Testing
results indicated an accurate performance of the exoskeleton joint torque estimation (RMSE
< 0.85, ME < 0.6%, and R* > 0.9) as well as an acceptable performance of the interaction
force estimation (RMSE < 1.6, R* > 0.84). One of the challenges of the presented method
was the redundancy between the estimated interaction torques at the left and right hips
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due to sharing the trunk segment. Modeling the exoskeleton motion in the sagittal plane is
another limitation of this work. Even though a high accuracy in the joint torque estimation
was obtained, with more accurate modeling of the exoskeleton in 3D space, we could
model the interaction forces applied to the exoskeleton better. Developing a driftless trunk
orientation estimation method is another challenge in this regard, which is required for
monitoring the orientation of the exoskeleton trunk in 3D space continuously. Despite
these challenges, this direction will have implications for building a data-driven ground
reaction force estimator in our future work or using force-plate-free predictions of joint net
torques [23]. Our next step, however, is to integrate the identified exoskeleton dynamics
in our adaptive trajectory and feed-forward controllers [94,124], which were only tested in
simulation due to the lack of ability to estimate the human—exoskeleton interaction torques.

4.4 Supplementary Material: Model-based Estimation
of Indego Exoskeleton

4.4.1 Indego Exoskeleton

Exoskeleton dynamics identification is required for estimation of interaction force as well
as dynamic compensation. In this section, I focus on the identification problem of Indego
exoskeleton (Fig. 4.7.A). Indego is a lower limb exoskeleton with two degrees of freedom for
hip and knee joints of each leg driven by brushless DC motors. The exoskeleton has also
built-in carbon fiber ankle-foot passive orthoses that provide ankle stability and transmit
the weight of the exoskeleton to the ground. Therefore, the dynamical equations of Indego
during walking are explained either by a 4-DOF serial or parallel manipulator in the single
or double support phases, respectively.

Two modes of current control (torque control) and impedance control are available for
each motor. Sensory information includes each motor’s position, velocity, current, and
temperature as well as the IMU data included in each upper leg segment. A real-time
controller implemented in Matlab Simulink receives sensory information and sends control
commands using a CAN bus interface with a refresh rate of 200Hz.
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Figure 4.7: (A) Indego exoskeleton consisting of 5 segments and actuated by 4 motors at
the right and left legs, hip and knee joints and passive ankle orthoses [134]. (B) Swing
leg modeling as a two-link manipulator. /; and [y are the length of upper and lower leg,
respectively. r; and ry are also the location of center of mass on each segment.

4.4.2 System Identification Objectives
Interaction Torque Estimation

The first objective of system identification is to estimate the interaction force between the
user and the exoskeleton. In this regard, the estimation of the exoskeleton joint torques
is needed (7Tuxo) to compute the interaction torques as Tinteraction = Tapplied — Texo Where the
applied torque (Tappliea) is the vector of motor applied torques. As a preliminary study, I
focused on the estimation of exoskeleton torque in the swing leg assuming that the swing
leg is governed by the dynamics of a tow-link manipulator in the swing phase (Fig. 4.7.B).
Training data (Tex, ¢, ¢ and ¢) was collected while the upper leg of the exoskeleton was
fixed and independent sine torques were applied to both knee and hip joints. To excite
the system as much as possible, the frequency of the applied torque to both joints varied
between 0 to 1 Hz independently. The amplitude of applied torque to each joint was
also modulated to achieve the highest possible range of motion at each joint. The system
identification problem is then formulated as:

~

U_;* = arg Hgn (ﬁexo - 7__’exo)T(lﬁexo - ?exo) ) ?exo - f(_; q_; (77 u_j) (410)

where 7., = f(q, 7 (f,zﬁ) is the parametric model and w is the vector of model parame-
ters. f was determined using dynamical model of two-link manipulator (Fig. 4.7.B) as the
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Figure 4.8: Single joint identification of hip and knee joints. (A) Hip joint estimated torque,
measured torque, and position in low frequency where the static friction effect is dominant.
(B) Hip joint estimated torque, measured torque, and position in high frequency where the
static friction effect is diminished. (C) Knee joint torque. estimation at high frequency.
The effect of static friction is still dominant even in high frequencies.

parametric model [91, pp. 165]:

Texoh = W1Gn + Wady + w3(24nck + Gocr — S2Gk(24n + k) + WaSh + WsSh ik
+ wedn + wrsgn(qn) (4.11)
Texok = Wadn + Gx) + w3 (Gick + G7Sk) + WsShtrk + Wsd + wosgn(dy)

where wy, ..., w5 are functions of each segment’s mass, moment of inertia, and center of
mass position, while wg, ..., wg are friction coefficients. In the above equations, s and c are
shorthand for sin(.) and cos(.) functions. For example s, = sin(q, + qx). Eq. 4.11 is a
linear model (f = ¢Tw) in terms of w where ¢y is the matrix of basis functions.

Fitting the above parametric model to the collected data, nevertheless, did not lead to
an acceptable performance, particularly at knee joint dynamic identification (MSEa =
4.45 N.m, MSEp;, = 2.38 N.m, MSEjpee = 2.06 N.m, Ry, = 0.92, and Rypee = 0.94,
where MSE is the mean square error and R is the Pearson correlation coefficient between
measured and estimated torques). The underlying reason is the unmodeled dynamics and
measurement noise. This is more observable in identification of the knee joint and lower
leg since it is very light (0.6 Kg) compared to its upper leg segment (4.17 Kg). Therefore,
unmodeled dynamics such as static friction and measurement noises are more pronounced
in the knee torque measurement than the hip joint.
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Dynamic Compensation

Dynamic compensation is required for feedback linearization of the exoskeleton dynam-
ics. Even in the case of using an independent joint control method, gravity and friction
compensation enhances the controller performance as well as the user comfort given that
the exoskeleton’s upper leg segments are heavy (4.17 Kg) and its joints have considerable
amount of static friction. In this regard, I need to identify the Mass, Centrifugal and
Coriolis matrices, and Gravity vector.

I approached this problem by identification of each segment’s mass, moment of inertia,
location of the center of mass, and friction parameters. Having these parameters enables us
to compute dynamical equations of the system in both serial and parallel configurations.
furthermore, data collection and model fitting in a single joint identification problem is
more straightforward than a multi-joint one. This is vital in case of Indego dynamic
identification because fixing the exoskeleton lower leg segment and exciting other joints
simultaneously is a challenging task since the lower leg segment is not designed to tolerate
the exoskeleton weight without a human in it.

Dynamical model of a 1-DOF rotary link yields:
(I +ml*) G+ mglsin(q) + Fiiction = T (4.12)

where m, [, and I are the mass, location of the center of mass on the link, and the moment
of the inertia about the center of mass, respectively. Fliction stands for Coulomb, viscous,
and static friction [109, 141]:

Cosen(d) +bad 4 < —Av
B max (D, F,) —Av<g<0
Fvietion = min(D,, F,) 0<qg<—Av (4.13)
Cpsgn(q) + byg G > Av

where C, and C,, are the positive and negative values of the Coulomb friction; b, and b,
are the positive and negative values of the viscous friction; D, and D,, are the positive and
negative values of the static friction; Av is the value below which the velocity is considered
to be zero, and; F, is the sum of non-frictional forces being applied to the system. In order
to compare the effect of consideration of static friction force in the model, the dynamical
model was fitted in Eq. 4.12 once with Fhiction computed from Eq. 4.13 and once with
Fhiction = Csgn(q) 4+ bg where C' and b are the Coulomb and viscous friction coefficients in
both directions. The optimization problem is solved using constrained nonlinear optimiza-
tion toolbox in Matlab (fmincon). All the parameters were constrained to be positive. D,,,
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Table 4.1: Upper leg and hip joint identification with and without consideration of static
friction effip—

MSE Parameters

Static friction
Actual | Practical | 7 42 | mgl | C, | C, | b b D | D | Ap

n P n p n P

Yes 2.11 2.92 0.63 737 103705 |066|056]|397|4.23|0.002
No 2.82 0.64 7.81 0.43 0.59
Nominal value - 0.2186 | 8.18 - ‘ - - ‘

Table 4.2: Lower leg and knee joint identification with and without consideration of static
friction eff —

MSE Parameters

Static friction
Actual | Practical | 7 42 | mgl | C, | C b b D | D Av

p n P n p

Yes 0.06 0.39 0.034 0.7 1025|026|0.16 |0.14| 2 2 | 0.005
No 0.35 0.047 1.01 0.27 0.16
Nominal value - 0.05 1.47 - ‘ - - ‘

D,, and Av were also constrained to be smaller than 5, 5, and 0.01 for hip and 2, 2, and
0.005 for knee, respectively.

Accurate computation of F, is impossible in practice due to the interaction force be-
tween exoskeleton and the user. Therefore, in addition to the actual MSE, the practical
MSE is also reported for the system identification in case of considering static friction.
Practical MSE is computed with Ficion = 0 when |¢| < Awv. Tab. 4.1 shows the result
of system identification at hip joint. According to the table, the addition of static fric-
tion does not improve the practical performance of model fitting. Comparing the MSE
with the amplitude of the maximum applied torque to the hip joint (in Fig. 4.8.B), we
can concluded that both methods have acceptable fitting performances. The dynamical
model without static friction is, however, preferred due to its simplicity and slightly better
performance. The performance of dynamic identification is depicted in Fig. 4.8 for the low
and high frequencies of the applied torque. According to these figures, the effect of static
friction is mostly dominant in lower frequencies. This effect is reduced in relatively higher
frequencies which leads to better performance in dynamic identification.

In contrast to the hip joint, none of the dynamical models (with and without static
friction) performed well on estimation of knee applied torque (see Tab. 4.2 and Fig. 4.8.C).
Static friction is dominant due to the light weight of the lower limb segment in all frequen-
cies and this makes the identification challenging at the knee joint.

95



Chapter 5

Human-exoskeleton Interaction Portrait

Human-robot physical interaction contains crucial information for optimizing user experi-
ence, enhancing robot performance, and objectively assessing user adaptation. This chapter
introduces a new method to evaluate human-robot co-adaptation in lower limb exoskeletons
by analyzing muscle activity and interaction torque as a two-dimensional random variable.
We introduce the Interaction Portrait (IP), which visualizes this variable’s distribution in
polar coordinates. We applied this metric to compare a recent torque controller (HTC)
based on kinematic state feedback and a novel feedforward controller (AMTC) with online
learning, proposed herein, against a time-based controller (TBC) during treadmill walking
at varying speeds.

Compared to TBC, both HTC and AMTC significantly lower users’ normalized oxygen
uptake, suggesting enhanced user-exoskeleton coordination. IP analysis reveals this im-
provement stems from two distinct co-adaptation strategies, unidentifiable by traditional
muscle activity or interaction torque analyses alone. HTC encourages users to yield control
to the exoskeleton, decreasing muscular effort but increasing interaction torque, as the ex-
oskeleton compensates for user dynamics. Conversely, AMTC promotes user engagement
through increased muscular effort and reduced interaction torques, aligning it more closely
with rehabilitation and gait training applications. IP phase evolution provides insight into
each user’s interaction strategy development, showcasing IP analysis’s potential in com-
paring and designing novel controllers to optimize human-robot interaction in wearable
robots.
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Figure 5.1: Block diagram of TBC, HTC, and AMTC controllers. (A) Block diagram of
the Time-Based Controller (TBC). A time-based gait phase along with the estimated gait
speed are fed into a lookup table to determine the applied torque to the exoskeleton joints
according to joint torque data recorded from the exoskeleton during high-gain joint control
with the user passively following the exoskeleton (with the minimum voluntary contribution
to the gait). (B) The diagram of the Hybrid Torque Controller (HTC) consisted of a data-
driven required joint torque estimator along with a look-up table-based torque controller
similar to the TBC. In this case, however, the gait phase is determined according to the
exoskeleton states rather than time. The torque from the two different pipelines is finally
combined with the weight of w and 1—w to form the applied torque to the exoskeleton. (C)
Block diagram of the Model-Based Torque Controller (AMTC). The gait phase is estimated
according to the exoskeleton joint angles and then fed into a trajectory adaptation block
which learns the joint trajectory of the participant in real time and uses that trajectory as
the reference for the exoskeleton to be fed into the forward dynamics of the exoskeleton to
determine the feedforward joint torques.

5.1 Methods

5.1.1 Feedforward Control Strategies

This section describes three controllers tested in our study.
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Time-Based Torque Controller

Fig. 5.1A depicts the block diagram of the Time-Based Torque Controller (TBC). This
controller utilizes lookup tables to determine the desired joint torques wp by considering
both the gait phase (¢(t) and the estimated gait speed (v). To construct the lookup table,
measurements of exoskeleton joint torques were taken at different speeds while a participant
walked with the exoskeleton governed by a high-gain PD controller. The participant was
asked to exert the minimum voluntary effort during walking. The joint trajectories were
controlled based on reference trajectories derived from the participant’s walking without
the exoskeleton. The input gait phase to the lookup table was obtained by dividing the
stride length, calculated using the exoskeleton joint angles (q), by the stride time updated
at each heel strike. For this controller, the gait phase (¢(t)) was generated based on the
desired gait speed, following the formula ¢(t) = mod(t,T'), where T represents the average
measured stride time when the participant walked without the exoskeleton at the desired
gait speed. For more detailed information about the construction of the lookup table and
the gait speed estimator, refer to [24].

Hybrid Torque Controller

Fig. 5.1B presents the block diagram of the Hybrid Torque Controller (HTC), which com-
bines the torque outputs of two distinct controllers [23]: the Kinematic State Dependent
Controller (KSC) and the Gait Phase Dependent Controller (GPC). The KSC incorporates
an Artificial Neural Network (ANN) that calculates the required biological torque for the
user based on the kinematic measurements of the exoskeleton [24] . On the other hand, the
GPC adopts the same structure as the TBC mentioned earlier, however, instead of relying
on a time-based gait phase, it utilizes a real-time estimation of the gait phase derived from
the kinematic measurements [122|. The outputs of these two controllers are linearly com-
bined in the HTC: up = wugsc + (1 — w)ugpe, where w represents the weight assigned
to the KSC output.

Adaptive Model-based Torque Control

The Adaptive Model-based Torque Control (AMTC) depicted in Fig. 5.1C, leverages the
estimated dynamics of the exoskeleton to generate joint torques for control. According
to [123], the interaction between the Indego exoskeleton and the human in the sagittal
plane can be described by the following dynamical model:

F(Vaﬁ/aﬁ/aaaqaq:q‘) =Ug + Uint, (51)
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where v € R and a € R? denote the exoskeleton thigh segment angle with respect to the
gravity vector and its acceleration in the sagittal plane, respectively, ¢ = [qn.r; Qrr; Ghi; qny) €
R* represent the exoskeleton hip and knee joint angles, ur € R* denote the exoskeleton
applied motor torques, and wu;,; € R* represents the torques arising from the human-
exoskeleton interaction. The AMTC controller employs a dynamic compensatory approach.
In a dynamic compensator, the exoskeleton’s applied torques are set equal to the exoskele-
ton’s passive dynamics (ug = I'(v, 4,4, a, q, 4, §)) which ideally results in the transparency
of the exoskeleton (u;,; = 0). However, in AMTC, instead of using the current joint angles,

the desired joint angles are used to compute the exoskeleton torques:

Up = F(777777 a’7TE77.,E7/FE)7 (52)

where 7 € R* are the desired exoskeleton joint angles. This approach allows the exoskele-
ton to be transparent only when the user’s joint motions align with the desired trajectories.
Otherwise, the exoskeleton will assist or resist the user’s motion depending on the consis-
tency between the user’s desired motion and the exoskeleton’s desired trajectories. To
ensure that the exoskeleton always assists the user and avoids resisting their motion, the
reference trajectory of the exoskeleton needs to be synchronized temporally with the user’s
desired motion and matched spatially to their intended gait pattern. Temporal synchro-
nization is achieved by defining the exoskeleton’s reference trajectory as a function of the
estimated gait phase computed from the exoskeleton’s joint angles (rg(t) = rr(d(q))).
Spatial consistency is ensured by adapting the reference trajectory based on the minimiza-
tion of the error between the exoskeleton’s reference trajectory and its current joint angles
(e = rg—q). At each joint, the reference trajectory is defined as rg = r9(¢) + A(¢), where
o represents the initial reference trajectory of the exoskeleton, and A(¢) = 07 x 1(¢)
is the modification term. Here, 1(+) represents the Fourier series basis functions with up
to m harmonics, and @ represents the coefficients of the Fourier series that are adapted
similar to [124]. The adaptation rule is then derived to minimize J = 0.5¢? using Gradient
Descent (with a learning rate of €):

.0 0] Oe org 8A__
9——680— eaexaTEx A <98 cep(). (5.3)

5.1.2 Experimental Setup
The experimental setup comprised a split-belt instrumented treadmill (Bertec, US), with

force plates under each belt, providing ground reaction forces (GRF) under each belt, a
lower limb exoskeleton (Indego, Parker Hannifin, US) with actuated hip and knee joints,
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nstrumented Treadmill

Figure 5.2: Dorsal, lateral, and frontal view of a participant with the Indego exoskeleton
with active hip and knee joints. The participant is standing on the Bertec treadmill with
two speed-controlled belts equipped with individual loadcells underneath each of them for
GRF monitoring. Muscle activation is measured from both right and left leg muscles using
EMG sensors. Gait up IMUs are clipped to the outer side of the shoes right bellow ankle
joints to measure the spatiotemporal parameters of gait. Oxygen uptake of the participant
is measured and recorder at each breath through a mask connected to the gas analyzer
device carried at the back of the participant.

fourteen wireless EMG sensors (Trigno, Delsys, USA), and a COSMED K5 wearable
metabolic system (Albano Laziale, Roma, Italy) to measure oxygen uptake (VO2). Addi-
tionally, four Physilog IMUs (Physilog 6s, Gait Up SA, CH) and a COSMED K5 wearable
metabolic system (Albano Laziale, Roma, Italy) are employed to measure gait spatiotem-
poral parameters and oxygen uptake (VO2), respectively. The exoskeleton, IMUs, load
cells, and EMG sensors have sampling rates of 200 Hz, 128 Hz, 1000 Hz, and 2000 Hz,
respectively. Following appropriate skin treatment, EMG sensors were placed on Glu-
teus Maximus, Biceps Femoris, Rectus Femoris, Vastus Medialis, Gastrocnemius Medialis,
Soleus, and Tibialis Anterior muscles of each leg. Spatiotemporal gait parameters such
as Minimum Toe Clearance (minTC), Maximum Heel Clearance (maxHC), Stance Time
Percentage, and Stride Length are computed using the Physilog sensors, as validated in
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previous studies [11,114]. Before recording data for each subject, the COSMED K5 un-
derwent a calibration process following a standardized procedure. Fig. 5.2 illustrates the
exoskeleton and the placement of the sensors within the experimental setup.

5.1.3 Experimental Protocol

- A HTC AMTC TBC
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Figure 5.3: Treadmill speed changes while experimenting with the HTC, AMTC, and the
TBC controller. The order of the controllers was specific to participant #1 and varied
for other participants. Participants walked with each controller for 300 seconds divided
by three 100-second walking periods during each the treadmill speed was set to ultra-slow

(0.4 m/s), slow (0.6 m/s), and moderate (0.8 m/s) speeds.

The experiment consisted of three blocks, each involving participants walking on the
treadmill with the exoskeleton controlled by one of three different controllers: TBC, HTC,
or AMTC. The order of the blocks was varied among participants to mitigate any potential
order effects. Within each block, participants walked at three distinct speeds: ultra-slow
(0.4 m/s), slow (0.6 m/s), and moderate (0.8 m/s). Each speed lasted for a duration of 100
seconds. For an illustration of the treadmill speed and the order of the controllers applied
to the exoskeleton for participant #1, refer to Fig. 5.3.

A total of nine able-bodied participants (5 males and 4 females, age: 23.4+4.2 years,
mass: 73.6+20.2 kg, height: 176.749.6 cm) participated in the study. All participants
provided informed written consent prior to the experiments. The study protocol and
procedures received ethical approval from the University of Waterloo Clinical Research
Ethics Committee (ORE#41794). The study adhered to the principles outlined in the
Declaration of Helsinki.
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5.1.4 Data Analysis
Ground Reaction Force

Force plates are utilized to measure the ground reaction forces (GRF) in the vertical,
lateral, and longitudinal directions. Heel strike events are detected using the vertical
GRF, enabling the segmentation of collected data into individual strides. The recorded
GRF during no exoskeleton walking is temporally normalized and averaged based on the
gait phase as

fv(¢) = mean f,(¢),

SESU

where v €{ultra-slow, slow, moderate} is the treadmill speed index, s € N is the stride
index, .S, is the set of the strides during no exoskeleton walking with speed v, and fs(¢) is
the temporally normalized GRF at stride s. To assess the similarity between the ground
reaction force profiles with each controller and the natural walking without the exoskeleton,
a normalized Pearson correlation is computed as

Tes = {Corr(£:(¢), £o(9))]s € Seo}

where S., is the set of all strides during walking with exoskeleton at treadmill speed v
with controller ¢ € { TBC, HTC, AMTC}.

Muscle Activation

The EMG data was bandpass filtered, with cutoff frequencies of 5 and 500 Hz. The signal
was then full-wave rectified and its envelope was computed by applying a moving average
with a window of 100 ms. Each EMG signal is normalized by its respective maximum vol-
untary contraction (Maximum Voluntary Contraction (MVC)), computed for each muscle
as the maximum measured contraction during walking on the treadmill (maximum across
with and without the exoskeleton walking). The average muscle effort [18,102] is computed
for each muscle at each stride as
1 2
Hm,s = TS T em(t)dt,

where e(t) is the filtered EMG signal, Ty is the duration of stride s computed by heel-strike
events obtained from vertical GRF measurements, m €{Gluteus Maximus (GM), Biceps
Femoris (BF), Rectus Femoris (RF), Vastus Medialis (VM), Medialis Gastrocnemius (MG),
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Soleus (Sol), Tibialis Anterior (TA)}, is the muscle index. The muscle effort over all strides
with controller ¢ and speed v is, therefore, computed as

Heom = jg: jlunuw

SESC,U

where S, is the set of all strides taken with controller ¢ and speed v. Finally, the total
muscular effort (1) was determined as the weighted average of the muscle efforts across all
muscles. Physiological cross-sectional areas of muscles, obtained from [77|, were employed
as the weights for total muscular effort computation. This weighting scheme partly accounts

for the differences in force contributions across muscles.

Interaction Torque
The human-exoskeleton interaction torque is estimated based on Eq. 5.1, given by

Uint = I‘(’Y? 7a ;7./7 a,q, (ja q.) —Ug. (54>

The mean absolute interaction torque is then calculated for each joint as:

1
ma= o [ sttt

r

where j €{hipyight, kneeyight, hipiee, kneeyes } is the joint index. The overall absolute inter-
action torque with each controller is computed as

Tew,j = § T

s€Sec,v

The total interaction torque (7!%) is finally obtained for each controller as the average

c,v

interaction torques across all joints.

VO2

VO2 is computed for each breath. To normalize the VO2 measurements across participants,
the average VO2 during treadmill walking with no exoskeleton at each speed v is computed
as:

My = Mean 7y,
neNv

63



where n is the breath index and N, is the set of all breaths during walking with no
exoskeleton at treadmill speed v. The normalized VO2 during exoskeleton walking is then
computed as

ﬁc,v,n = {nn/ﬁv|n € Nc,v}u

where N, is the set of all breaths during walking with exoskeleton at treadmill speed v
with controller ¢. The sum of the VO2 measurements is also obtained for all of the exhales
for each controller as

W= Newn-

nENc,v

Human-Exoskeleton Interaction Portrait (IP) Analysis

To examine the impact of each controller on the human-exoskeleton interaction dynamics,
we analyzed the changes in total interaction torques (A7) relative to variations in total
muscular effort (Ap) when switching from controller ¢; to controller ¢y (¢; — ¢;). For each
treadmill speed (v), these changes are computed as:

ETATIfOt = Tés,tv - T(ff,tv

AP = ot — ptet.
After normalizing A7 and Ay across participants and walking speeds, we investigate their
variation with respect to each other. Fig. 5.4 illustrates the possible outcomes:

e Disagreement Increase (AT >0, Au > 0)

This condition is associated with an increase in both the total interaction torque and
the total muscular effort, indicating that switching from controller ¢; to controller ¢,
has led to an elevation of human muscular effort. Consequently, their contribution
to motion has increased. This, however, has resulted in a higher total interaction
torque with the exoskeleton, implying that the applied torques by the exoskeleton
are not aligned with the user’s desired motion. As a result, the user needs to exert
additional effort to correct the motion while contending against the applied torques
from the exoskeleton. Thus, the increased interaction indicates a lack of harmony
between the user’s intentions and the assistance delivered by the exoskeleton.

e Disagreement Decrease (AT <0, Au < 0)
If controller ¢y demonstrates improved consistency compared to ¢; with the user’s
desired motion, the user will experience less resistance from the exoskeleton. This
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Conventional Analysis of Interaction Torque
and Muscle Activation

Interaction Portrait Analysis
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Figure 5.4: Regions of Interaction Portrait (IP). Each quadrant of the circle corresponds to
different human-exoskeleton interaction modes determined by the variation of the normal-
ized total muscle activation (£2Apu) with respect to the normalized total interaction torque
(¢2A7) between controllers ¢; and ¢, respectively. The first quadrant (red) indicates in-
creased disagreement between the user and exoskeleton, resulting in an increase in both
muscle effort and the total interaction torque. The second quadrant (green) determines
the co-adaptation of the user toward participating in the motion as much as possible and
leading the motion. The third quadrant (blue) denotes the decrease in total interaction
torque and the total muscle effort, associated with the decrease in human-exoskeleton dis-
agreement. Finally, the fourth quadrant (orange) denotes the condition at which the user
yields control of the motion to the exoskeleton and minimally activates their muscles. In
this case, muscle activation decreases while the total interaction increases since the ex-
oskeleton has to carry the user’s body (passive dynamics) in addition to the exoskeleton
dynamics.

reduced discordance between the exoskeleton and the user’s intended movements re-
sults in decreased total muscular effort and overall exertion by the user. Additionally,
achieving a further reduction in disagreement between the human and exoskeleton
can lead to one of the two next scenarios.

e Human Yields Control to Robot (A7 >0, Au < 0)
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With the continued reduction in human-user interaction, a user may consider relin-
quishing motion control to the exoskeleton. This implies that the user will no longer
actively contribute to the movement and will essentially deactivate their muscles,
resulting in a decrease in overall muscular effort. Consequently, the exoskeleton must
generate the necessary torque to facilitate the movement of both the exoskeleton
and the passive dynamics of the human body. The increase in human-exoskeleton
interaction torques, in this scenario, is not due to conflicts between the exoskeleton’s
motion and the user’s desired motion but rather because the exoskeleton is effectively
carrying the user’s body.

e Human Takes Control (A7 <0, Ap > 0)
In a contrasting scenario, the user may actively participate in the motion, resulting
in an increased level of muscular effort. Consequently, the total interaction torque
between the user and the exoskeleton may decrease. This reduction occurs because
the human and exoskeleton motions are synchronized in time and consistent in space,
creating a harmonious alignment between the two.

We conducted the aforementioned analysis at various speeds for the TBC— SHTC,
TBC—AMTC, and HTC—-AMTC cases. We also performed a stride-wise analysis for
the TBC—HTC and TBC—AMTC scenarios, which involves computing changes of total
interaction force and muscle effort at each stride during the HTC and AMTC controllers

as

c tot
TBC A,ufu,s = Hew,s — MTBC,v

c o tot
TBC ATU,S = Tew,s — TTBC,v’

where ¢ € {HTC, MBTC}. These calculations allowed us to analyze the precise changes in

interaction force and muscular effort for each stride during the HTC and AMTC controllers
in relation to the TBC controller.

Interaction Portrait is a relative measure that compares human adaptation under differ-
ent control strategies. If a baseline value is provided by a physical therapist or a reference
controller, this metric can evaluate individual controllers. Additionally, Interaction Portrait
offers clinicians an abstract metric that quantifies human-exoskeleton interaction during a
gait cycle, allowing objective tuning of the exoskeleton assistance strategy.

Statistical Analysis

To identify statistical differences, we initially employed a Friedman test with a significance
level of 0.05 to test group-level differences. Following the Friedman test, we conducted
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Figure 5.5: A portion of a typical participant’s experimental data; for ease of visualization
and interpretation, the interaction torque at the right hip and activation of one of the
muscles are illustrated along with the relative oxygen uptake. (A) The mean absolute
interaction torque at the right hip at each stride with each controller and speed for Partic-
ipant #1. (B) Normal muscle activation for the Gastrocnemius Medialis at the right leg.
(C) Relative oxygen uptake for each breath for each controller and speed. The oxygen
uptake has increased with the increase in treadmill speed.

pairwise comparisons, between the blocks, using the Wilcoxon signed-rank test. To account
for multiple comparisons between the three blocks, we applied the Bonferroni correction.
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5.2 Results

5.2.1 Initial Processed Data for a Representative Participant

Fig. 5.5 showcases some of the signals obtained from a typical participant (Participant #1)
during robot-assisted treadmill walking with different controllers. Fig. 5.5A shows the mean
absolute interaction torque at the right hip joint (as one of the four joints we computed
interaction torque about) for each stride. The interaction torque increases with an increase
in treadmill speed across all blocks. During ultra-slow and slow walking, AMTC interaction
torques are smaller than those of HT'C and TBC. Fig. 5.5B shows Gastrocnemius Medialis
(GM) activation (fieq.m), selected for visualization here as an example from seven muscles
recorded on each leg, for each stride. Similar to the interaction torques, muscular effort
increases at higher treadmill speeds, mostly during the HTC and TBC blocks. In the
AMTC block, however, GM’s muscular effort does not change from slow to moderate
speeds. Moreover, the muscular effort is smaller during the AMTC block compared to the
two other blocks. The relative oxygen uptake (7,.,) during the experiment for breath cycles
is presented in Fig. 5.5C. As anticipated, the oxygen uptake increases with an increase in
treadmill speed in the HTC, AMTC, and TBC blocks.

5.2.2 Overall Performance Analysis

Fig. 5.6A shows the sum of the oxygen uptake for participants for each of the TBC,
HTC, and AMTC blocks during ultra-slow, slow, and moderate-speed walking. TBC and
AMTC have the highest and lowest metabolic rate at all walking speeds, respectively. The
AMTC-resultant metabolic rate is significantly less than other controllers, at ultra-slow
and slow walking, where AMTC resulted in 22.9%+17.1 (Friedman: p <0.03, Wilcoxon
signed rank: p,p. 4yre <0.01) and 28.7%+12.7 (Friedman: p <0.005, Wilcoxon signed
rank: p,pe e <0.003) decrease in the total oxygen uptake, respectively. The total mean
absolute interaction torque is similarly illustrated for the participants in Fig. 5.6B. AMTC
has the lowest interaction torque compared to TBC and HTC, indicating the least dis-
agreement, between the exoskeleton assistance and the user desired motion. With respect
to the TBC, AMTC shows 17.1412.5%, 124+15%, and 9.2£7.7% of reduction in human-
exoskeleton total interaction in ultra-slow, slow, and moderate-speed walking, respectively.
The difference is statistically significant at the ultra-slow walking (Friedman: p <0.04,
Wilcoxon signed rank: p,... .00 <0.01). Compared to HTC, AMTC shows 19.8421.1%,
17.9410.1%, and 18.14£9.9% reduction in human-exoskeleton total interaction. These dif-
ferences are statistically significant in the case of slow (Fridman: p <0.03, Wilcoxon signed
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Figure 5.6: The average performance metrics for each treadmill speed and controller across
participants. (A) The sum of the relative oxygen uptake across all the strides for each
speed in each controller block graphed for each participant. The bars show the average of
the sum of the oxygen uptake across all participants. Similarly, the average total absolute
value of the human-exoskeleton interaction and total normalized muscle effort are graphed
in (B) and (C), respectively.

rank: pp,e anre <0.004) and moderate-speed (Fridman: p <0.0008, Wilcoxon signed rank:
Puroanre <0.004) walking. Fig. 5.6C shows the total muscle effort for participants’ right
legs during ultra-slow, slow, and moderate-speed walking across the three different con-
trollers. Natural walking without the exoskeleton has the lowest total muscle effort com-
pared to other cases in which the exoskeleton is involved. This is expected as wearing the
exoskeleton adds about 17 kg of extra weight to the body resulting in higher muscle ef-
fort. Among the three controllers, TBC has the highest total muscular effort at all speeds.
AMTC and HTC’s total muscular effort are close in all cases while AMTC is slightly
lower and higher in ultra-slow and moderate speeds, respectively. None of the identified
differences are statistically significant.

5.2.3 Interaction Portrait Analysis

Fig. 5.7 compares the examined controllers one by one in ultra-slow, slow, and moderate-
speed walking by illustrating the average change in the max-normalized total muscular
effort with respect to the change in the max-normalized total interaction torque (the av-
erage [P is plotted by a single vector for each participant). To compare the IP results
of participants more easily,Fig. 5.7A shows the average IP for HTC compared to TBC,
denoted as [HTCArtet HTC A ptot] . In ultra-slow and slow walking, participants adapt dif-

v v

ferently to HTC compared to TBC, as the average IP, indicated by vectors, are spread in
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Figure 5.7: Comparing the Average Interaction Portrait for each Pair of Controllers. The
average Interaction Portrait (IP) depicted according to the average total muscle effort and
the average total human-exoskeleton interaction for each participant computed at each of
the ultra-slow, slow, and moderate-speed walking for the TBC—HTC, TBC—AMTC, and
HTC—AMTC illustrated in (A), (B), and (C), respectively. The yellow areas denote the
area between the 25 and 75 percentiles.

all quadrants. In moderate speed, however, the majority of average IP vectors fall within
the fourth quadrant, indicating that most participants yield control to the HTC-controlled
exoskeleton. This observation aligns with participants exhibiting the lowest total mus-
cular effort when walking with an HTC-controlled exoskeleton, as shown in Fig. 5.6C.
Similarly, Fig. 5.7B presents the average IP vectors of AMTC compared to TBC, denoted
by [fMIC ATttt AMTC Aytot]. Unlike HTC, AMTC effectively decreases user-exoskeleton

v v
disagreement at all tested speeds, as indicated by the majority of average IP vectors con-
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centrated in the third quadrant. To further examine, Fig. 5.7C compares the HTC and
AMTC controllers, denoted as [4 75 C Artot 4MTC A ytet]. Tt shows that at all walking speeds,
participants lean more toward contributing to the motion rather than yielding control to
the exoskeleton, as most of the average IP vectors fall around the border of the second and

third quadrants.

5.2.4 Individual Adaptation Strategy

p#8: 60 Kg

p#7: 48 Kg

TBC - HTC Il
TBC — AMTC Il

p#6: 60 Kg 7

p#4: 81 Kg p#5: 90 Kg

Figure 5.8: Comparison of the Interaction Portrait distribution between TBC—HTC and
TBC—MTBC. Interaction portrait distribution for HT'C and AMTC blocks with respect
to the average total muscle effort and total interaction torque across all strides during the
TBC block graphed for each participant plotted for moderate speed walking. The radius
of data points is normalized with respect to the maximum radius computed across all
participants’ strides. Participants are arranged increasingly according to their body mass.
The polar histograms show the concentration intensity of the depicted points. Each bin of
the histogram covers 7/6 rad.

We analyzed the dependency of user adaptation strategy formed in interaction with
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each of the HTC and AMTC cases with respect to the TBC. To this end, we computed the
average total muscular effort and interaction torque in TBC. We then computed the total
muscular effort and interaction torque for each stride in the HTC and AMTC cases. For
each stride, the difference in total muscle effort and interaction torque is then computed
with respect to the TBC. Fig. 5.8 shows the stride-wise IP distribution of the TBC—HTC
(FEEAT, LS Ap, o] in red), and TBC—AMTC ([4MTCAT, (AMTC Ap, ] in blue) for
each participant separately during moderate speed walking. The graphs are ordered from
left to right and top to bottom, corresponding to a monotonic increase in participants’
body mass. According to the graph, except for participant #7, our lighter participants
leaned towards contributing more to the gait and leading the motion, with either HTC or
AMTC, as their IP is consistently distributed in the third quadrant. Conversely, heavier
participants in our experiment showed a tendency to relinquish control and passively fol-
low the exoskeleton. This tendency is more pronounced in the case of the two heaviest
participants who consistently adopted such a strategy in the case of HTC, with their IP
distribution falling in the fourth quadrant, while their IP distribution for the AMTC is
spread over a wider area. The strength of the adopted co-adaptation strategy is propor-
tional to the radius of the IP distribution. Accordingly, the higher radius of TBC—AMTC
IP distribution compared to TBC—HTC in the case of participants #9, 8, 6, and 3 reveals
that AMTC-controlled exoskeleton led users to adopt a more consistent strategy compared
to the HTC case. Participants #5 and 1, as exceptions, adopted a more consistent strategy
during HTC. Fig. 5.8 also reveals that Participant #1 did not adopt a strong strategy in
either the HTC or AMTC cases.

5.3 Discussion

5.3.1 Human Adaptation

An interesting observation in Fig. 5.5 is the variation in metrics associated with the TBC
controller. For instance, Participant #1 experienced varying interaction torques at ultra-
slow and slow walking speeds, as shown in Fig. 5.5A. Conversely, at moderate-speed walk-
ing, the variation in the interaction torque decreases, demonstrating a more consistent
performance by the participant. A similar observation is evident in the case of GM mus-
cle activation (Fig. 5.5B). For further investigation, Fig. 5.9 illustrates the average profile
of GM activation and hip interaction torque, temporally normalized with respect to the
gait phase at ultra-slow, slow, and moderate-speed walking. Both metrics exhibit a large
standard deviation (shaded area) during ultra-slow and slow walking, while the standard
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Figure 5.9: Muscle activation and interaction torque profile with respect to the gait phase.
(A) The average normalized muscle activation pattern for the TBC, HTC, and MBTC
blocks for the right Gastrocnemius Medialis during ultra-slow, slow, and moderate-speed
walking. The shaded area represents the standard deviation of the muscle activation about
their mean value. Similarly, the average human-exoskeleton interaction torque at the right
hip is plotted in (B).

deviation significantly drops during moderate-speed walking. This indicates an inconsis-
tency in the participant’s performance in both spatial and temporal aspects.

The inherent difference between the TBC and the other two controllers can explain this
observation. During the TBC block, the feedforward torque is generated regardless of the
user’s performance, and the exoskeleton has no capacity for adapting to the user. Therefore,
it is entirely up to the user to adapt to the torque delivered by the exoskeleton. In ultra-slow
and slow walking, the participant was unable to adjust their gait timing to the exoskeleton,
resulting in inconsistent interaction with the exoskeleton. At the higher speed, however,
the user was able to synchronize their gait with the exoskeleton assistance and, therefore,
adopted a solid interaction strategy, which emerges as a lower variation in all the above
metrics. This has not been the case for all participants, as six of them were not successful
in effectively synchronizing their walking to the TBC-controlled exoskeleton assistance at
any speed. These results highlight the importance of human-robot co-adaptation, which is
not achievable with a time-based controller.
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5.3.2 Importance of IP Analysis
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Figure 5.10: Evolution of IP phase at each stride at different walking speeds for two
sample participants. The top and bottom rows depict IP phase evolution at ultra-slow,
slow, and moderate speed walking for each of the TBC—HTC and TBC—AMTC cases

for participants #3 and #6, respectively.

In Fig. 5.6A, the lower total muscular effort during walking with the HTC and AMTC
compared to TBC is consistent with their lower metabolic rate with respect to the TBC,
indicating that both controllers reduce the walking effort more than the TBC-controlled
exoskeleton. However, a similar trend has not been observed in the total interaction torque,
where HT'C resulted in higher interaction torque compared to the TBC. This indicates that
even though HTC and AMTC both reduced users’ metabolic rate and muscular effort, they
encouraged users to adopt two different interaction strategies. IP analysis further investi-
gates the effect of each controller on the performance of each participant by analyzing the
difference in total muscular effort with respect to the difference in total human-exoskeleton
interaction torque. Fig. 5.7 reveals that the decrease in metabolic rate occurred based on
two different human adaptation strategies. In the HT'C controller, users relinquished con-
trol to the exoskeleton, passively following the exoskeleton’s motion. In contrast, AMTC
encouraged users to lead the motion more actively. Our IP analysis suggests that the HTC
controller is particularly well-suited for applications requiring power augmentation, such as
in industrial settings for workers or healthcare environments for nurses. In these contexts,
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the primary goal is to minimize human exertion, thereby enhancing operational capabilities
and safety. Conversely, the AMTC controller shows greater promise in rehabilitation con-
texts for individuals with residual motor functions, such as those with incomplete spinal
cord injuries or post-stroke conditions. Here, the imperative is to actively involve the
user in task execution, thereby amplifying their motor functions and accelerating recovery
processes.

Fig. 5.7 also demonstrates that different participants adopted a more consistent strategy
with AMTC compared to the HTC, as the average IP vectors across participants exhibit
lower variation with AMTC compared to the HTC controller.

[P distribution itself can also shed light on the strength of the adopted strategy in each
participant depending on the radius of the vectors forming the IP. This is more evident in
Fig. 5.8 where each point of IP represents the difference in muscle effort and interaction
torque obtained for each stride. As an example, the IP analysis in Fig. 5.8 reveals that
Participant #3 (2nd row, 2nd column) and Participant #6 (2nd row, first column) adopted
the same interaction strategy with the AMTC controller compared to the TBC. This is,
nevertheless, more significant for Participant #6 due to the larger radius of the distributed
points compared to those of Participant #3.

Using the IP analysis, it is also possible to track the evolution of the adopted strategy
across the stride at each walking speed. Fig. 5.10, as an example, shows the evolution of the
IP phase for each of the TBC—HTC and TBC—AMTC comparisons for participants #3
and #6, respectively. Implied by the large variation in the IP phase, Participant #3 did not
converge to a consistent interaction strategy with neither the HT'C nor AMTC controllers
during ultra-slow walking. This lack of convergence to a consistent interaction with the
exoskeleton agrees with our difficulty in maintaining smoothness and continuity of ultra-
slow movements, possibly explained by limitations of dynamic primitives that often lead
to segmented movements (Park, et al., 2017). In slow walking, however, the user adopted
a more consistent strategy using AMTC, evidenced by low variations in the IP phase.
In the case of the HTC controller, the participant’s strategy remains inconsistent. Only
in the case of moderate-speed walking was Participant #3 able to converge to consistent
interaction strategies both with the AMTC and the HTC controllers. Our IP analysis in
this case shows that AMTC decreased the human-exoskeleton interaction, but the user
did not completely obtain the motion control or yield the motion to the exoskeleton, as
the IP phase is still in the third quadrant. In thecase of the HT'C controller, the user has
relied more on the exoskeleton assistance since the IP phase is primarily concentrated in
the 4th quadrant. Participant #6, in contrast to Participant #3, converged to a consistent
interaction with the exoskeleton at all three walking speeds. The HTC controller, regardless
of the walking speed, has guided the participant to rely more on the exoskeleton as the 1P
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phase is mostly concentrated on the border of the 3rd and 4th quadrants. In the case of the
AMTC controller, however, we observe that as the gait speed increases, the user strategy
develops more toward leading the gait and contributing to motion control, evidenced by an
83-degree shift in the average IP phase in moderate-speed walking compared to ultra-slow
walking.

These results showcased the ability of IP analysis to provide an objective comparison
of different exoskeleton controllers, the adopted interaction strategy by the user, as well as
evaluating user-exoskeleton co-adaptation. Besides offline analysis, IP provides designers
with a quantitative metric that can be tuned in a human-in-the-loop optimization set-
ting to tailor the exoskeleton controller to the unique requirements of each application or
participant.

5.4 Conclusion

We proposed a new metric for the analysis of human-exoskeleton interaction (Interaction
Portrait) and employed it in investigating the effect of three feedforward controllers in
enhancing human-exoskeleton interaction during assisted treadmill walking at different
speeds. Through interaction portrait analysis, we found that the HT'C controller demon-
strated a more suitable performance for power augmentation along with reducing muscle
activation and metabolic cost. On the other hand, the AMTC controller, also proposed in
this study, proved to be more suitable for rehabilitation applications, as it promoted user
reliance on their own muscular capacity by making the exoskeleton transparent.

Furthermore, we observed that the human adaptation pattern facing each of the HTC
and AMTC controllers was influenced by the participants’ weight. Individuals with lower
weight tended to take control with the AMTC controller, while heavier participants were
more inclined to relinquish control when interacting with the HTC-controlled exoskeleton.
IP analysis has been only performed to evaluate the able-bodied individuals’ interaction
with exoskeletons. As the next step of this research, we plan to analyze the interaction
portrait of motor-impaired individuals with exoskeletons equipped with different assist as
needed controllers to provide a meaningful and objective comparison of these controllers.
In this work, user physical interaction and muscular effort under the baseline controller
were averaged across gait cycles. For each step of the tested controllers, the distance
from these means was calculated to obtain the IP distributions. If the baseline controller
measurements are skewed, a Bayesian approach or Mahalanobis distance could offer a more
accurate comparison. Therefore, developing a probabilistic Interaction Portrait analysis is
a future direction of this work.
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Figure 5.11: (A) Evolution of the modification term for Participant #1’s right hip trajec-
tory (Apip). Anip is zero before and after the AMTC block. During the AMTC block, the
modification term of the trajectory adapts to make the reference trajectory closer to the
user joint angle. At each of the ultra-slow, slow, and moderate walking speeds, the modifi-
cation pattern in the steady state converges to a different amplitude and shape, indicating
that the user joint angle, and as a result, the exoskeleton reference trajectory has evolved
to a different pattern at each speed. (B) Modification trajectory coefficients evolve during
the AMTC block. Each coefficient has converged to a steady state value at the end of
each treadmill speed condition. After the change in treadmill speed, coefficients converge
to new optimum levels. These levels, as mentioned for the modification term of the hip
trajectory, differ for each speed. (C) Pearson correlation between the GRF of each stride
with the average GRF profile recorded during natural walking without the exoskeleton.
(D) Stride length computed using the Physiolog 6s IMU sensors.

5.5 Supplementary Material: Complementary Example

Fig. 5.11A illustrates the modifications made to the hip reference trajectory (Arp,) during
the AMTC block. These modifications occur after the HTC block and before the TBC
block, as depicted in (Fig. 5.3), across ultra-slow, slow, and moderate walking speeds.
Similarly, Fig. 5.11B showcases the adaptation of the Fourier coefficients (@) and their
convergence pattern during the AMTC block at ultra-slow walking. The Fourier coefficients
begin to adapt as soon as that block starts. It takes approximately 20 seconds for them to
converge, and they subsequently exhibit minor oscillations around their converged values
until the treadmill speed is switched to the slow speed. This change in treadmill speed
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induces new walking conditions, resulting in distinct gait patterns. Consequently, the
Fourier coefficients converge toward a new set of steady-state values. A similar pattern
emerges when the treadmill is switched to the moderate speed. Pearson correlation between
the vertical Ground Reaction Forces during each of the HTC, AMTC, and TBC blocks and
natural walking with no exoskeleton is plotted for each stride in Fig. 5.11C. According to
the graph, the GRF patterns resemble the GRF in natural walking at slow and moderate
walking speeds. In ultra-slow speed, however, the correlation slightly decreases in all three
blocks. Finally, Fig. 5.11D shows the computed stride length. As expected, in all three
blocks, the stride length increases with the increase in treadmill speed.

5.6 Supplementary Material: Comparison with Natural
Walking

To identify which controller led to a gait closer to natural walking, we analyzed the spa-
tiotemporal parameters of gait (obtained using GaitUp Sensors) in TBC, HTC, and AMTC
and compared them to those of each participant’s natural walking with no exoskeleton.
Moreover, we analyzed the correlation of recorded ground reaction torques in the case of
each controller with natural walking.

5.6.1 Gait Spatiotemporal Parameters

Fig. 5.12A shows the maximum heel clearance in natural walking condition (with no ex-
oskeleton) and during exoskeleton walking at each of the TBC, HTC, and AMTC blocks
at ultra-slow, slow, and moderate speeds. Natural walking has the greatest heel clear-
ance, which is expected as the addition of the exoskeleton weight makes it harder for
the participant to lift their foot to their convenient level. Among the three controllers,
AMTC has a heel clearance closer to that of natural walking, indicating that maintain-
ing the desired heel clearance is easier for the participant in the case of this controller.
Similarly, Fig. 5.12B compares the minimum toe clearance, showing that at all walking
speeds, natural walking with no exoskeleton has the lowest minimum toe clearance. The
HTC controller demonstrates lower toe clearance than the TBC and AMTC at all speeds.
However, these differences are not statistically significant unless during moderate walk-
ing, where the HTC has led to a 21.3%=+18.2 and 12.2%+9.3 decrease in minimum toe
clearance compared to the AMTC and TBC, respectively (Friedman: p <0.001, Wilcoxon
signed rank: Purc.amrc <0.007, Purcrse <0'003>‘
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Figure 5.12: The average maximum heel clearance (A), minimum toe clearance (B), stance
percentage (C), and stride length (D), computed for each of the ultra-slow, slow, and
moderate speeds during natural walking with no exoskeleton, TBC, HT'C, and the AMTC
blocks for each participant. Bars show the average of each metric across participants.

Regarding the stance percentage, as depicted in Fig. 5.12C, AMTC exhibits the closest
behavior to natural walking at all speeds. In all cases, TBC has a smaller stance percentage
compared to natural walking. During ultra-slow and slow-speed walking, HTC has the
smallest stance percentage. In moderate-speed walking, however, HTC has the highest
stance percentage. Finally, Fig. 5.12D illustrates the stride length for each of the controllers
at the three experimented walking speeds. The stride length generally increases with the
increase in treadmill speed. At each individual speed, however, natural walking appears
to have the smallest stride length on average, mostly compared to the TBC, which has the
highest stride length (Friedman: p <0.05, Wilcoxon signed rank: p <0.01 for all speeds).
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5.6.2 Ground Reaction Force
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Figure 5.13: (A) The average Pearson correlation computed between the average vertical
GRF in natural walking without the exoskeleton and the vertical GRF during walking
with each of the proposed controllers at different speeds. Depicted bars show the average
of each metric across participants. (B) and (C) shows the similar graph for the lateral and
longitudinal GRF plotted only during the moderate speed.

Fig. 5.13A shows the Pearson correlation of the vertical ground reaction force between
walking with each of the controllers and natural walking without the exoskeleton. At all
speeds, TBC exhibits the most different vertical GRF compared to the other controllers
(Friedman: puigasiow <0.02, psiow < 0.001, and pyoderate < 0.016; Wilcoxon signed rank:
p <0.01 for all speeds). In contrast to the TBC, HTC and AMTC led to more natural
vertical GRF profiles with Pearson correlations greater than 96% at all speeds. The same
observation stands for the GRF's in lateral (Fig. 5.13B) and longitudinal (Fig. 5.13C) direc-
tions, where TBC shows the least natural GRF profile while HTC and AMTC demonstrate
closer to natural walking GRF with Pearson correlations greater than 82.2% and 91.5%
in lateral and longitudinal directions, respectively (Friedman: p <0.003; Wilcoxon signed
rank: p <0.004 for all cases).
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Chapter 6

Online Reference Trajectory
Adaptation: A Personalized Control
Strategy for Lower Limb Exoskeletons

This chapter presents a novel method for reference trajectory adaptation in lower limb
rehabilitation exoskeletons during walking. Our adaptation rule is extracted from a cost
function that penalizes both interaction force and trajectory modification. By adding tra-
jectory modification term into the cost function, we restrict the boundaries of the reference
trajectory adaptation according to the patient’s motor capacity. The performance of the
proposed adaptation method is studied analytically in terms of convergence and optimal-
ity. We also developed a realistic dynamic walking simulator and utilized it to analyze our
method. The proposed trajectory adaptation technique guarantees convergence to a sta-
ble, reliable, and rhythmic reference trajectory with no prior knowledge about the human
intended motion. Our simulations demonstrate the convergence of exoskeleton trajectories
to those of simulated healthy subjects while the exoskeleton trajectories adapt less to the
trajectories of patients with reduced motor capacity (less reliable trajectories). Further-
more, the gait stability and spatiotemporal parameters such as step time symmetry and
minimum toe clearance were enhanced by the adaptation in all subjects. Our mathemati-
cal analysis and simulation results show the applicability and effectiveness of the proposed
method and its potential to be used in lower limb rehabilitation exoskeletons.
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Figure 6.1: Human and exoskeleton dynamical interaction block diagram. The exoskeleton
reference trajectory (r(t)) is adapted based on the feedback from interaction force (F').
Human and exoskeleton controllers try to minimize their tracking error.

6.1 Problem Statement

Human-exoskeleton interaction dynamics (Fig. 6.1) is

FH(‘L‘L Q) =uy + F , FH() L RPXNXN R (61)
Tz(q,q,G) =up—F , Tg():R”™" 5 R"

where I'y(.) and I'g(.) represent the passive dynamics of human and exoskeleton. We
assume human and exoskeleton joints are coupled and q € R™ is the joint position of
the exoskeleton and human (n: number of joints). F € R" is the human-exoskeleton
interaction force, assumed to be directly measured using a force sensor. p(t) € R™ is the
desired trajectory of human (human intention). 7(¢f) € R™ is the exoskeleton reference
trajectory that will be adapted in interaction with human dynamics. ey € R”™ is the
human error defined as ey = p(t) — q. uy € R™ is the human applied torque which tries
to minimize the human tracking error. Similar to human, exoskeleton tracking error and
applied torque is considered as e = r(t) — q and ug, respectively. Exoskeleton reference
trajectory (r(t)) is modeled as the sum of initial trajectory (ro(¢) € R") and a trajectory
modification term (A € R™). r(t) is a fixed T-periodic function with the period of gait
cycle and A(t) is left to be adapted. We parameterize A(t) as a linear combination of
basis functions as

r(t) = At) +ro(t), Aj(t) = O d(t) (6.3)

where j refers to jth joint. ®(t) € R™ is a vector of m individual basis functions and
©; € R™ is the coefficient vector that is adapted to minimize the desired cost function.
It is assumed that the basis functions are T-periodic, sufficiently smooth, and persistently
exciting.
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Figure 6.2: Dynamic walking simulator block diagram. The human and exoskeleton con-
trollers are implemented in MATLAB interfacing with the human and exoskeleton models
defined in OpenSim along with ground reaction forces. The human tries to control her joint
positions (g) on her intended trajectory (p) while the exoskeleton, with no information
about the human intended trajectory, tries to minimize the error between the exoskeleton
position (q) and reference trajectory (r). The saturation is added to the human control
loop to simulate reduced motor capacity.

The proposed adaptation rule updates the bases coefficients at each joint (©;) to min-
imize our suggested cost function (J) which is the sum of squared interaction force (cost
of interaction force) and a weighted norm of the trajectory modification term (cost of
modification), which penalizes deviation from the initial trajectory (ro(t)).

J= %(FTF + ATBA) (6.4)

B = diag(f1,...,0n) is a diagonal and positive definite matrix. For healthy users, we
set 3 = 0 which leads to interaction force minimization; i.e., the exoskeleton would be
the follower of human motion. For users with lower motor capacity (e.g., those with
iSCI) the user’s executed movement trajectories are not fully reliable to follow. Therefore,
we consider 8; > 0 to penalize the exploration of reference trajectory at each joint and
facilitate maintaining a physiological gait pattern. The increment of 3; depends on the
motor capacity of impaired users at each joint; the higher the level of motor impairment,
the larger 3; should be.

Bipedal locomotion is generally an underactuated control problem, and its stability
is closely associated with the stability of zero dynamics [143|. Any conflict between the
human and the exoskeleton controllers can act as a disturbance on the zero dynamics and
adversely affect the gait stability and spatiotemporal parameters. In the next section,
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we propose a trajectory adaptation method that minimizes the conflict emerging in the
form of human-exoskeleton interaction forces (Eq. 6.4) and, therefore, enhances the gait
quality. We also investigate the effect of our proposed method on i) gait stability, using the
stability margin defined as the minimum distance between the zero moment point (Zero
Moment Point (ZMP)) [130] and borders of the extended base of support [96], and on ii)
spatiotemporal parameters of gait including the Step Time Asymmetry Index (Step Time
Asymmetry Index (STAI)) [101], and minimum Toe Clearance (Minimum Toe Clearance
(minTC)) [81], as a low minTC increases the risk of fall.

6.2 Mathematical Analysis

6.2.1 Adaptation Rule Extraction

To extract the adaptation rule for coefficient vector of the jth joint, we apply the gradient
descent method to the cost function (Eq. 6.4) as

OF; OA;

—LF+ B, =LA 6.5
SoE+ Bt ) (6.5)
where ¢; is the adaptation rate. Without loss of generality, in the rest of this section, we

follow our analysis at the joint level, therefore, ®, ® € R™, and the rest of the variables
are treated as scalers.

. 1
@j = —erV@jJ = —€5 (

Assuming a PD controller at each join of the exoskeleton yields up = Kpep + Kiép
where K, and Ky are the proportional and derivative gains, respectively. Therefore, from
Eq. 6.2, we obtain F = K,ep + Kqép — I';(q, ¢, §) where T'; is the jth element of T'g (we
drop the j superscript from now on). According to Eq. 6.3, the exoskeleton error and its
derivative are

ep=r—q=r9+0T® —¢ (6.6)
bp=r—q4=r9+OT®+O0Td —g.
Therefore, )
(9F/86) = Kpf)eE/(?G)—irch‘)éE/a@ = Kp(I:‘—l-qu). (67)

On the other hand, from Eq. 6.3, we have 0A/0© = ®. Substituting this expression and
Eq. 6.7 into Eq. 6.5, we obtain the adaptation rule as

O = —c[aF + BA®] , a = K,® + K;®. (6.8)

According to the Eq. 6.8, only the user-exoskeleton interaction force (F') is needed to
adapt the exoskeleton trajectory.
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6.2.2 Convergence Analysis

To investigate the convergence and optimality of the adaptation rule, we substitute F' =
Kperp + Kgérp —Tr(q,4,4), A = 70O, and Eq. 6.6 into Eq. 6.8, that yields
O = —cla(K,® + K;®)'0 + 32370 + K;a®T©
+ a (Kp(ro — q) + Ka(to — 4) — T'r)].

Performing some algebraic manipulations, the above equation can be rewritten as

(I 4+ eKqa®T)® = —€¢[A(t)O® — B(t)] (6.9)
A(t) = (aa® + p2dT) (6.10)
B(t) = a(I's — Kp(ro — q) — Ka(fo — ¢)) -

Choosing ¢ sufficiently small, we can ignore e Kya®? compared to the identity matrix and
simplify the Eq. 6.9 as .
© =—€[A(t)® — B(t)]. (6.11)

Since rg, 79, ®, and P are periodic smooth and bounded functions of time, and ¢, ¢,
and ¢ are bounded smooth and almost periodic [34] functions of time, we can compute the
averaged adaptation dynamics using General Averaging Theorem presented in [57, pp. 413]
as

Oug = —€Q2(Ouyy — OF,,) (6.12)
1 t+7T
Q= Tlgiéo T/ A(T)dr
) 1 t+T
* =Q7" lim — B .
Oy Jim o t (T)dr

Since @ is persistently exciting, and aa? is positive semi definite, €2 is positive definite
[93]. This guarantees the stability and convergence of the average adaptation dynamics
(Eq. 6.12) toward ©,,4 = O, . The adaptation rule (Eq. 6.8) is thus stable and convergent
on average to ©

*
avg*

6.3 Simulator Development

To test the proposed method, we developed a dynamic gait simulator using exoskeleton and
human musculoskeletal models in OpenSim. State feedback controllers were implemented
within MATLAB (Fig. 6.2). We utilized a 9-DOF lower limb dynamical model in the
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sagittal plane as in [21], with the ground reaction force (GRF) formulated using the model
from [44,47]. At each joint, the input torque is the sum of human (uy) and exoskeleton
(up) torque. Both human and exoskeleton controllers are assumed as PD controllers that
apply torques based on the error from their own joint reference trajectories, which are p
and 7, respectively.

6.3.1 Simulator Justification on Healthy Subject Data

The human desired trajectories (p) are fitted to the walking data (at 1.2 m/s) of a healthy
adult (provided by OpenSim) with an eight-harmonic Fourier series. For the validation
purpose, the exoskeleton model was excluded from simulation and its torques were con-
sidered to be zero (ug = 0). The human controller parameters are reported in Tab. 6.1.

Table 6.1: Exoskeleton and healthy human controller parameters.

Exoskeleton Healthy Human
Parameter
Hip Knee Ankle Hip Knee Ankle
Kp [N/deg] 349 2268349 2268 13.96 31.41
Kd [Ns/deg] 1.04 104 0.17 0.52 052 0.12
Saturation Level [N.m] - - - 90 85 130

Fig. 6.3 compares joint positions and torques of our simulator with those of real healthy
human data. The real and simulated joint positions are almost equivalent with Pearson’s
correlation coefficient (R) of ~ 1. In addition, the torque profiles in all of the joints are
comparable to the experimental torques in terms of sign and magnitude. It must be noted
that the simulated torques are the result of a PD controller, where the experimental torques
are computed by 2D inverse dynamics in OpenSim. The difference between the simulated
and the experimental torques is also caused by the imperfection in ground contact modeling
and the difference between simulated and real neuromuscular feedback (PD) gains.

Tab. 6.2 compares the R for each joint with two of the well-known biomechanical
walking simulators ([38,138]). Our simulator exhibits a more realistic hip torque profile,
while it has a comparable performance at the knee and ankle. Finally, the ground reaction
force profiles of our model are similar to the results presented in [38] with R of 0.96 and
0.85 in y and x directions, respectively.
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Figure 6.3: The comparison of the simulator and experimental data of a healthy subject
(provided in [117]); the gray background indicates the stance phase. The position of the
simulator joints closely follows the experimental human trajectory. The torque profiles’
sign and order of magnitude are also close to the ones of human torque profile such that
the R-values for hip, knee, and ankle torques are 88%, 45%, and 76%, respectively. In
addition, timing and order of magnitude for ground reaction forces are acceptable, and
R-values for GRF in y and z directions are 96% and 85%, respectively.

Table 6.2: Simulated joint torques R-value compared to other works.

Joint Gayer Van.Noot Our work
Ryp 0.45 0.53 0.76
Rinee 0.65 0.24 0.45
Rankie 0.99 0.92 0.88

6.3.2 Simulation of Assisted Walking With an Exoskeleton

Four different human subjects were simulated, one healthy and three with different motor
impairments, subjects B, C, and D. To model different motor impairment levels, we con-
sidered a torque saturation block, imposing different saturation levels in the human control
loop (Fig. 6.2) and decreased the PD gains for the human controller with decreased torque
range at more distal joints, which has resemblance to the reduced muscle recruitment in
individuals with iSCI, who has ASIA score of B, C and D [52]. Parameters of mid-sever
impairment were extracted from [52] indicating that iSCI with ASIA score C can apply
between 24% to 36% of the knee extensor and 26% to 38% of the ankle plantar flexor
torque that can be generated by healthy subjects. Accordingly, we limited joint torques
of our mid-severely impaired subject at 30%, 35%, and 75% of healthy subject maximum
joint torque at the ankle, knee, and hip joints, respectively. We assumed the two other im-
paired subjects to be less and more severely impaired (see Tab. 6.3 for simulated impaired
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Figure 6.4: Exoskeleton reference trajectory adaptation at the hip, knee, and ankle joints
(simulation results). The gray background indicates the stance phase. Each plot includes
the human intended trajectory (in red), which is not known by the exoskeleton controller,
initial exoskeleton trajectory (in green), and adapted exoskeleton trajectory (dashed lines).
Subject B, C, and D are simulated with different reductions in motor capacity to generate
the necessary joint torques for predefined intended motion according to Tab. 6.3.

subjects’ control parameters).

Table 6.3: Relative controller parameters of impaired subjects compared to healthy subject
(Tab. 6.1).

‘ Saturation Level |%] PD Controller Gains |[%)| B
Subject
Hip Knee Ankle Hip Knee Ankle Hip Knee Ankle
D 85 60 50 90 80 60 3 91 304
C 7™ 35 30 80 70 50 6 152 760
B 65 25 25 70 50 30 15 304 1220

Considering the heterogeneity of gait across the subjects, which is more pronounced
in case of neurological conditions, and the uncertainty between the intended and executed
gait patterns, it is not trivial to have an exoskeleton trajectory with a predefined set of
harmonics to exactly match the user’s intended trajectory. To benchmark our adaptation
rule in a more realistic scenario with the mentioned uncertainties, we chose fewer degrees
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Figure 6.5: The adaptation performance (started at ¢ = 10s) comparison in four different
subjects. The first row presents the normalized moving average (the window length is
T = 1.23s) of the trajectory modification and interaction force terms in cost function. The
second row illustrates the moving average of the exoskeleton absolute tracking error. Final
row is the variations of the modification trajectories in course of adaptation.

of freedom for the exoskeleton trajectory to a maintained mismatch to the user trajec-
tory. Therefore, a three-harmonic Fourier series was fitted to the data of healthy human
(provided in [117]) to define ry. We perturbed the obtained Fourier coefficients so that
the resultant exoskeleton initial reference trajectories considerably vary from the human
intended trajectories (p), particularly at the hip and ankle. Note that the exoskeleton
reference trajectories cannot fully adapt to the human trajectories due to their fewer har-
monics, more obvious at the ankle as more oscillations can emerge in comparison to other
joints.

We considered the same human trajectories for all the simulated subjects. In practice,
however, those trajectories might differ across the users due to different physical charac-
teristics or different impairment levels. With the help of the proposed adaptation method,
however, the controller is less sensitive to the mismatch between the initial exoskeleton
trajectory and the user preferred gait. We also assumed that the subject was walking on a
treadmill. Therefore, there is no mismatch between the frequency of the human intended
motion and the exoskeleton’s trajectories. In addition, for impaired cases, we have ap-
plied a soft constraint to regulate the orientation of the body w.r.t. the world frame; as
motor-impaired individuals usually use walkers, walking sticks, and weight compensatory
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harnesses to walk. The adaptation rule parameters are as follows: The basis functions (®)
are the same as Fourier series bases, which are used for initial reference trajectory fitting.
€ is set to 6.5e-4, 3.2e-4, and 1.6e-4 for the hip, knee, and ankle trajectory adaptation,
respectively, so that the basis coefficients (®;) converge to their optimal values within
10 seconds. Adaptation was disabled in the first 10 seconds (8 steps), then enabled and
simulations were continued for 60 seconds to ensure gait convergence. We also tuned the 3
matrix according to the impairment of each subject and the saturation level at each joint,
see Tab. 6.3.

6.4 Results and Discussion

Fig. 6.4 compares the adapted, initial, and intended trajectories during one gait cycle in
four different simulated subjects. It indicates that, the exoskeleton reference trajectory at
the hip joint closely follows the human intended trajectory after the course of adaptation
in all subjects regardless of their impairment. The underlying reason is that the hip joint
was the least affected joint in simulations. Thus, it can apply the sufficient torque required
for the adaptation rule to decode the required trajectory modifications from interaction
force. The knee and ankle joints, in contrast, were severely disabled in subjects C and B.
As a result, small deviations from the initial trajectories was observed. On the other hand,
in the healthy subject and subject D, where those joints are less affected, we observe closer
convergence to the human intention due to higher reliance on their performance.

Fig. 6.5 illustrates the cost function, tracking error, and trajectory modification during
adaptation. The trajectory modification term and the interaction force costs are convergent
while the former is increasing and the latter is decreasing in all cases. Those opposite
competing trends provide an equilibrium point for the basis coefficients (©*), which is
adjusted (personalized) by B3 matrix for each subject. Consequently, the interaction force
cost decreased in the range of 43%, for severely impaired subject (subject B), to 91%, for
the healthy subject.

Moreover, we observed that the healthy subject initially has a comparatively higher
tracking error that eventually converges to a lower error since 3 = 0 does not penalize the
trajectory modification. That is because the adaptation has higher flexibility to explore the
parameter space, suggesting the active contribution of simulated user to the gait. As we
move toward subject B, this observation becomes less pronounced due to the lower motor
capacity of the subjects. The interaction torque was almost proportional to the error and
followed the same trend as the ones shown in Fig. 6.5.

Fig. 6.7 demonstrates the converged joint angle and interaction torque patterns in all
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Figure 6.6: Comparison of the joint angles and the interaction torques of the simulated
subjects before (dashed lines) and after (solid lines) the adaptation.
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Figure 6.7: Adaptation effect on gait stability (left), step time asymmetry index (middle),
and minimum toe clearance (right) across subjects. The gray area denotes the adaptation
process started at t = 10s (step #8). Green markers indicate the simulated healthy subject
metrics without exoskeleton.

simulated subjects before and after adaptation. Our simulations exhibited larger modifi-
cation of hip and knee angles at early stance and late swing comparing to the rest of the
gait cycle. Adaptation of the exoskeleton reference trajectory leads to a drop in exoskele-
ton applied torque across all joints (Fig. 6.5) since the exoskeleton torque is the sum of
dynamics compensation and interaction torques (based on Eq. 6.2) and while the former
is almost fixed the latter is decreased. Besides, the decrease in tracking error indicates
that adapted trajectories are more consistent with the dynamics of the human-exoskeleton
system.

Fig. 6.7 shows the improved gait stability, step time symmetry, and increased minimum
toe clearance, all as a result of trajectory adaptation which decreased the conflict between
human and exoskeleton. Stability margin increased in the range of 8cm for the severely
impaired subject to more than 18cm for the healthy subject. The healthy subject has the
lowest and the highest stability margin before and after the adaption, respectively, while
the opposite trend was observed for the severely impaired subject. Moreover, negative
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stability margin for the healthy and less severely impaired subjects shows their gait stability
is maintained solely due to the harness. Comparison of these results to the stability margin
of the healthy subject walking without exoskeleton (~ 17.7cm) indicates that dependent
on the motor capacity of the simulated subjects, the adaptation method resulted in a more
natural gait in all cases. Adaptation has also eliminated the gait asymmetry which emerged
more in the healthy subject. The decrease in the STAI measure for all subjects indicates
more symmetric walking, which is now comparable to the healthy subject walking without
exoskeleton. Note that, expected STAI is between 2.36% to 3.6% in real world walking
scenario [101], but our simulated healthy subject has an exaggerated symmetric walking.
Finally, the minimum toe clearance of the simulated subjects increased by about 40% on
average, getting closer to the minTC of the healthy human walking without exoskeleton.
The minTC of healthy adults was reported as 2.7 + 0.7cm [81], which is close but slightly
lower than minTC exhibited in our simulation, i.e. ~ 3.9cm. Maintaining sufficient toe
clearance is crucial for impaired individuals to prevent obstacles and reduce the risk of fall.

We assumed that the frequency of human and exoskeleton trajectories are the same. In
contrast to the treadmill walking, this assumption is not accurate in overground walking,
requiring adaptive identification of the gait frequency [58].

We did not model the adaptation of human desired trajectories. Hence, a large mis-
match between the initial trajectories of human and exoskeleton can lead to instability.
This is more pronounced in simulation of healthy subject as it can provide high torques
to fight back the exoskeleton. In practice, however, human adaptation prevents severe
mismatch and triggers the adaptation rule automatically to converge to new trajectories,
representing their Nash equilibrium [75].

In this study, the motor impairment was simulated by saturating and weakening joint
controllers. We acknowledge that motor impairment can have other aspects which are not
modeled here; however, our simulator provides a fair benchmark for testing the proposed
method. As a future work, the human controllers will be reimplemented at the muscle
level enabling us to simulate more complex impairments such as muscle flaccidity [19] or
spasticity [12]. We also plan to implement the proposed adaptation in human experiments.

6.5 Conclusion

We presented an online trajectory adaptation technique based on interaction force mea-
surement with an adjustable capacity to converge to the human intended joint trajectories.
We also developed a gait simulator by integrating MATLAB and OpenSim. We applied
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the proposed method to simulated healthy and three motor-impaired subjects, with sim-
ilarities to iSCI patients with different levels of injury. The simulation results show that
we can adapt the exoskeleton reference trajectories to the intended trajectories of healthy
subjects. On motor-impaired subjects, the proposed method can restrict the adaptation
to guarantee a stable, reliable, and rhythmic gait. Exoskeleton trajectory adaptation also
led to considerable improvement in gait stability and spatiotemporal parameters. Limiting
joint torques for simulation of different impairment levels is an oversimplification. The as-
sumption of human and exoskeleton joint coordinates being the same is another limitation
of this work, ignoring the misalignment and the contact dynamics between the user and
the exoskeleton.
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Chapter 7

Optimization of Human—Exoskeleton
Physical Interaction

This chapter presents an online human-exoskeleton interaction optimization method through
the adaptation of the exoskeleton’s desired trajectories. Leveraging gait phase and human-
exoskeleton interaction torque estimators, our approach allows seamless assistance adap-
tation to various walking patterns and speeds, relying solely on kinematic measurements
of the exoskeleton. We compared our adaptive controller with a similar non-adaptive con-
troller during self-selected overground walking and treadmill walking at three different
speeds ranging from 0.4 to 0.8 m/s. Analysis of data collected from 16 participants during
overground walking showed that the adaptive controller significantly decreased the human-
user interaction torque at the hip and knee joints by 51.2%=+11.1 and 63.9%429.7, respec-
tively. The muscular effort also significantly decreased by 21.0%+34.5 and 28.1%+34.6
at the Bicep Femoris and Rectus Femoris muscles, respectively, while remaining relatively
the same in other muscles. Spatiotemporal gait analysis demonstrated an average in-
creased cadence and gait speed by 7.6%+5.2 and 10.7%+8.3, respectively. This suggests
that participants were able to walk faster with similar or lower muscular effort, which
can be attributed to trajectory adaptation. Furthermore, the temporal analysis revealed
that the emerged trajectories of participants after adaptation better matched to that of
walking without the exoskeleton. Additionally, the exoskeleton-applied joint torque exhib-
ited higher harmony with the human natural torques as a result of trajectory adaptation.
Our proposed adaptive controller maintained its performance during treadmill walking at
different speeds indicating a speed-invariant performance over the non-adaptive controller.
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7.1 Methods

7.1.1 Interaction force estimation

An Indego Explorer exoskeleton (ekso Bionics, US) was used in this study. According to

[123], we consider the dynamics of the lower-limb exoskeleton, with actuated hips and
knees, in the presence of interaction forces and torques with 10 degrees of freedom in the
sagittal plane as

I'z)=u (7.1)

where T' : R — R represents the exoskeleton passive dynamics containing the inertial
forces, centrifugal and Coriolis forces, and the forces due to gravity [129]. = € R'7 is
the vector of exoskeleton measurements containing the exoskeleton joint angles and their
derivatives, one of the exoskeleton’s thigh angle with respect to the vector of gravity, its
derivatives as well as its linear acceleration measured using an embedded accelerometer.
u € R” contains the net torques and forces applied to the exoskeleton trunk in the hori-
zontal and vertical directions, and the net torques applied to the exoskeleton hip and knee
joints of both legs.

A time-delay neural network with 10 input delays, 4 hidden layers of [50 50 20 7|
neurons with tanh activation is trained using scaled conjugate gradient backpropagation
algorithm and was tested to learn the exoskeleton passive dynamics (I'). This enables us
to estimate the net forces and torques being applied to the exoskeleton (u) in real-time.
Therefore, at each of the exoskeleton hip and knee joints, we can estimate the interaction
torque between the human and the exoskeleton as f = 7 — u where f and u stand for the
interaction torque and the exoskeleton motor torque, respectively.

7.1.2 Exoskeleton Controllers
Gait Phase-based Exoskeleton Control

At each joint, we implemented a damped P controller (see Fig. 7.1B) with a stiffness of 1.5
N.m/deg and damping of 0.25 N.m.s/deg as

Ugp = k:p(TO - Q) - de7 (72)

where ¢ and ¢ are the angular position and velocity of the joint and 7 is the desired joint
angles obtained from the user during walking with the exoskeleton in passive mode.
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Figure 7.1: (A) Block diagram of gait phase-based controller (referred to as non-adaptive
controller). Exoskeleton desired trajectories (rq) are generated as a function of the gait
phase using a lookup table obtained during passive walking at slow speed. The gait phase
is estimated in real-time using a pre-trained neural network [122|. (B) Exoskeleton con-
troller with adaptive trajectory (referred to as adaptive controller). Human-exoskeleton
interaction torques are estimated using a pre-trained time-delay neural network according
to the exoskeleton measurements (x) [123]. The Fourier coefficients (0) are then adapted,
accordingly, and multiplied by the time-based basis functions containing the first three
harmonics of the Fourier series generating the trajectory modification term (A). Finally,
the exoskeleton desired trajectory r is obtained by the addition of the initial trajectory
(ro) and A.

Trajectory Adaptation

To adapt the exoskeleton desired trajectory, we assume the desired trajectory is composed
of an initial trajectory obtained walking with the passive exoskeleton (ry) and a modifica-
tion term as 7 = ro+A. Therefore, the initial trajectory is modified through the adaptation
of A to minimize the following cost function

J = 0.5(f* + BA?). (7.3)

The weight ( is included in the cost function to punish deviations from the initial trajectory;
different Bs can be applied at different joints of each user according to their motor capacity.
For healthy users, we used g = 0.05 for both joints.

To obtain the adaptation rule, we first parameterize the modification term as A =
071 (p) where 8 € R?"! is the coefficient vector multiplied to the Fourier basis functions
(¢ € R?*™1) up to the nth harmonic. Using the gradient descent method, the following
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update rule is obtained for 6 as
oJ aoJ of or odJ 0A
00

where € = 0.2 is the step size tuned by trial and error to achieve a smooth yet sufficiently
fast convergence. See [124] for the details of adaptation rule extraction, and convergence
proof.

7.1.3 Experimental Protocol

The experiment consisted of treadmill and overground walking. The treadmill walking
contained three blocks, each involving participants walking first with passive exoskeleton,
followed by non-adaptive controller, and finally with an adaptive controller. Within each
block, participants walked at three distinct speeds: ultra-slow (0.4 m/s), slow (0.6 m/s),
and moderate (0.8 m/s). The order of treadmill speed is designed such that the tread-
mill speed remains the same in between switching exoskeleton control. The passive and
non-adaptive phases of the treadmill walking lasted for 105 strides (35 for each speed).
Walking with the adaptive controller was designed to last longer to ensure convergence of
the exoskeleton trajectories. For an illustration of the treadmill speed and the order of the
controllers applied to the exoskeleton refer to Fig. 7.2.

Performance of the gait phase-based controller with and without adaptation is tested on
16 able-bodied participants (11 males and 5 females, age: 24.5+2.8 years, mass: 65.7+24.1
kg, height: 177.2£10.5 cm). The participants had no known musculoskeletal impairments
and they provided informed consent prior to the experiment. The study protocol and pro-
cedures were approved by the University of Waterloo Clinical Research Ethics Committee
(ORE#41794) and conformed with the Declaration of Helsinki.

The experimental setup comprised a split-belt instrumented treadmill (Bertec, US),
with force plates under each belt, providing ground reaction forces (GRF) under each belt,
a lower limb exoskeleton (Indego, Ekso Bionics, US) with actuated hip and knee joints,
and 14 wireless EMG sensors (Trigno, Delsys, USA). Additionally, four Physilog IMUs
(Physilog 6s, Gait Up SA, CH) are employed to measure gait spatiotemporal parameters.
The exoskeleton, IMUs, load cells, and EMG sensors have sampling rates of 200 Hz, 128 Hz,
1000 Hz, and 2000 Hz, respectively. Following appropriate skin treatment, EMG sensors
were placed on Gluteus Maximus, Biceps Femoris, Rectus Femoris, Vastus Medialis, Medial
Gastrocnemius, Soleus, and Tibialis Anterior muscles of each leg. Spatiotemporal gait
parameters such as Minimum Toe Clearance (minTC), Maximum Heel Clearance (maxHC),
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Figure 7.2: Treadmill speed variations during treadmill walking are presented. The exper-
iment begins with 105 strides of walking with a passive exoskeleton, equally distributed
among slow (0.6 m/s), ultra-slow (0.4 m/s), and moderate (0.8 m/s) speeds. The passive
exoskeleton’s trajectory is learned as a function of the gait phase at the slow speed and
is used as the initial trajectory (rg) for subsequent control phases. Following this, a gait
phase-based control without trajectory adaptation (non-adaptive) is tested for a similar
duration as the passive walking phase. Trajectory adaptation is then activated during
slow walking, a condition that persists for 105 strides. Afterward, the treadmill speed is
adjusted to moderate and ultra-slow speeds, each maintained for 52 strides, respectively.
The adaptive controller is tested over a longer duration than both the non-adaptive and
passive scenarios to ensure convergence.

Stance Time Percentage, and Stride Length are computed using the Physilog sensors, as

validated in previous studies [11,114]. Fig. 7.3 illustrates the exoskeleton and the placement
of the sensors within the experimental setup.
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Figure 7.3: (A) A typical participant walking on the treadmill with the exoskeleton while
ground reaction forces are measured using force plates under the treadmill belts. Foot
kinematics are recorded using Inertial Measurement Units (IMUs) (Physilog 6s, Gait Up
SA, CH) attached to the top of both shoes and spatiotemporal parameters are estimated
using a Gait Analysis package (GaitUp SA, CH) [67]. Kinematic and muscle activation
data are also collected using EMG sensors at 2KHz and the exoskeleton IMUs and encoders
at 200 Hz. (B) Another participant during overground walking, the same experimental
setup except the instrumented treadmill.

7.1.4 Data Processing
Muscle Activation

The EMG data was bandpass filtered, with cutoff frequencies of 5 and 500 Hz. The signal
was then full-wave rectified and its envelope was computed by applying a moving average
with a window of 100 ms. Each EMG signal is normalized by its respective maximum vol-
untary contraction (MVC), computed for each muscle as the maximum measured contrac-
tion during walking on the treadmill (maximum across with and without the exoskeleton
walking). [18,102]is computed for each muscle at each stride as
1 2
Hm,s = T, - em(t)dtv

where e(t) is the filtered EMG signal, Ty is the duration of stride s computed by heel-strike
events obtained from vertical GRF measurements, m €¢{GM, BF, RF, VM, MG, Sol, TA},
is the muscle index. To compare the muscular effort between participants in different
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speeds and controllers, we also computed the average muscular effort as

ﬂm,c,v = Z Hom,s (75>

SESc,v
where S, is the set of all strides with speed v € {ultra-slow, slow, moderate} and controller

¢ € {passive, non-adaptive, adaptive}.

Exoskeleton-Related Metrics

The human-exoskeleton interaction torque is estimated based on Eq. 4.7, given by

Uint = F(777777 a'7q7q.7q.) —Ug. (76)
The Mean Absolute Interaction Torque (MAIT) is then calculated for each joint as:

1
Uint,j,s = T/ ’uint,j (t)‘ dta

where j €{hip,ight, kn€eyight, Nipefe, kneees | is the joint index. The Mean Absolute Tracking
Error (MATE = e;,) and the Mean Absolute Exoskeleton Torques (MAET = ug ) are
likewise computed. The average MAIT (Uint jcw), MATE (€;.,), MAET (tg ..) are also
computed similar to Eq. 7.5.

Statistical Analysis

To identify statistical differences, we initially employed a Friedman test with a significance
level of 0.05 to test group-level differences. Following the Friedman test, we conducted
pairwise comparisons, between the blocks, using the Wilcoxon signed-rank test. To account
for multiple comparisons between the three blocks, we applied the Bonferroni correction.

7.2 Results and Discussions

7.2.1 Overground Walking
Overall comparison

Fig. 7.4A shows the distribution of the average MAIT (@ ;) across participants relative
to the passive walking. The non-adaptive controller resulted in significantly larger inter-
action torques at both hip (+14.5%+16.4, p < 0.005) and knee (+62.1%+£32.2, p < 0.001)

100



>

Interaction torque change
relative to passive walking
(&)

W

Exo Metrics

[t
2]

N

o
13} -

Tracking error (deg)

N

-
S (o2} © o

Motor torque (N.m)
N

p <0.001 p <0.001 D
*
*
ﬁ
ﬁ
* e
(]
=
__% _____ - ©
* [0
—
& g
(@]
C
@©
<
O
p<0.002 %
M
p<0.011
*
ﬁ
% p<0048
[

™ g

Change relative to
no exoskeleton walking

Hip

Knee

passive walking

Muscle Activation

Passive B=3
251 p<0.019 Non- =
* Adaptive =43
p<0.049
= *
2
- p <0.042 *
*
1.5F .
+ *
0.5 .
- +
0 | 1 1 1 | 1 +
GM BF RF VM GMH Sol TA
161 Gait Spatiotemporal Metrics
1.4 oot o0
20" 20 ot0
if 1 i * < 9‘0'0‘47—()-001 9‘0'028001 p‘o‘ol?).oog
12+ — 1 .0%® b P P 0
: * * * * * * *
™M %%? - i 1 —/r
N
1____ —_— —_ — = —_—— —_—_———— ) [ —_ = j— —_——
I flﬁéé ™ Q
N +
o8 E{J 1 E]ﬂ
+
0.6 - ? Y
* * % * * % * * k% * * * * * * * * * % *
04 1 1 1 1 1 1 1 1
Cadence StanceT SwingT StepL Speed maxHC  maxTC minTC

Figure 7.4: (A), (B) , and (C) show the distribution of the average MAIT, MATE,
and MAET for the hip and knee joints with non-adaptive and adaptive controllers across
participants during overground walking, respectively. (D) shows the muscular effort com-
puted for the measured muscles at the right leg for each controller relative to those of
walking with passive exoskeleton. Similarly, (E) illustrates the spatiotemporal gait met-
rics. Values in (A) and (D) are normalized by the metrics computed during walking with
passive exoskeletons as baseline. Values in (E) are normalized over natural walking with
no exoskeleton as a baseline. The gray, red, blue, and black asterisks denote significant
differences identified in passive-to-baseline, adaptive-to-baseline, and between-controller
comparisons, respectively. Squares denote the population mean and crosses indicate the
outliers.
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joints compared to walking with passive exoskeleton. adaptive controller, on the other
hand, has led to a MAIT decrease by 37.2%=+9.1 (p < 0.001) at the hip joint while the
knee joint interaction torque has not significantly changed. Compared to the non-adaptive
controller, the adaptive control has led to a significant reduction of the interaction torque
both at the hip (-51.2%=+11.1, p < 0.001) and knee joints (-63.9%+29.7, p < 0.001). The
accuracy in the interaction torque estimation plays an important role here as at the knee
joint, the motor gearbox friction is more dominant compared to the negligible torque due to
inertial and Coriolis forces. Due to its semi-random behaviour, static friction identification
is less precise at the knee joint decreasing the interaction torque estimation accuracy at the
knee joint causing less reduction of interaction torques at the knee joint with the adaptive
controller. However, as the adaptive controller is introduced to the user, the interaction
torque at the knee joint, which had already increased due to the non-adaptive control, is
soon rectified meaning that the interaction torque estimation is accurate enough to resolve
excessive interactions at the knee joint.

Similarly, the distribution of the average mean absolute tracking error is presented in
Fig. 7.4B. Compared to the non-adaptive controller, tracking error has significantly in-
creased with adaptive control on both hip and knee joints with 0.87°+ 1.1 (p < 0.011) and
2.46°+ 2.1 (p < 0.002), respectively. Interestingly, the actual hip trajectory with the adap-
tive controller at Fig. 7.5A does not show an abnormal difference from the hip trajectory
obtained with the non-adaptive control or passive exoskeleton condition. Therefore, the
relatively huge tracking error observed in Fig. 7.4B is caused by the increase in the range
of the desired trajectory. Looking at the controller equation at Eq. 7.2, we notice that
the only way the adaptation can directly affect controller output is to modify the desired
trajectory. Therefore, the large tracking error in the case of the adaptive control is not
necessarily an unfavourable performance measure.

From Fig. 7.4C we notice that the applied torque at the hip joint is significantly higher
(+1.13 N.m £ 1.64, p < 0.048) with the adaptive controller compared to the non-adaptive
control. The lower interaction torque at Fig. 7.4A, moreover, indicates that with adaptation
of the desired trajectory, the exoskeleton has more efficiently contributed to the motion at
both the hip and the knee joints.

The relative muscular effort is analyzed in Fig. 7.4D. All computed muscular efforts
show a slight decrease with the adaptive control compared to walking with passive ex-
oskeleton nevertheless none of these were statistically significant. In Contrast, GM, BF,
RF, and VM muscles show increased muscular effort with the non-adaptive controller. MG,
Sol, and TA, on the other hand, show decreased muscular effort with non-adaptive control
among which Sol (16.5%+20.3, p < 0.021) and TA (18.6%+23.9, p < 0.020) reductions
in muscular effort were significant. Compared to the non-adaptive control, the adaptive
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controller has led to 21.0%+34.5, and 28.1%=+34.6 significant reduction in BF (p < 0.047)
and RF (p < 0.039) muscular effort, respectively.

Finally, Fig. 7.4E investigates the gait spatiotemporal metrics. Compared to natural
walking, Cadence, speed, maximum heel and toe clearances have significantly dropped by
-17.2%+7.9, -21.3%+11.6, -29.3%+11.3, and 24.4%+9.2, respectively (p < 0.001) during
non-adaptive control. Compared to the non-adaptive controller, adaptive control has led
to a significant increase in cadence (47.6%=+5.2), speed (+10.7%=8.3), maximum heel
(+8.3%=+6.0) and toe (10.6%410.2) clearances, respectively (p < 0.001). The increase
in gait speed and cadence with the adaptive controller further indicates the efficiency of
the exoskeleton assistance as the muscular effort has decreased or remained the same but
walking speed has increased. Another unfavorable effect of the non-adaptive controller
which is alleviated when switched to the adaptive control is the decrease in heel and toe
clearances. Since the user has full control when walking with passive exoskeleton, a closer
to 1 value in these measures could be an indicator of a more desired walking in terms of
being close to what the participant wants. As a result, the adaptive controller could lead
to more desirable walking for the users.

Temporal Analysis with respect to the Gait Phase

Fig. 7.5A shows the average hip and knee joint angles across strides of all participants
temporally normalized based on the gait phase. The average hip joint angle with the non-
adaptive and adaptive controllers have a Pearson correlation of 0.92 and 0.97, respectively,
compared to the natural hip joint angles obtained from [139]. The Pearson correlation
coefficient for the knee joint is also obtained as 0.91 and 0.96, respectively. The closer-to-
natural joint angles with the adaptive controller may indicate a more natural gait.

Fig. 7.5B represents the average interaction torque across the gait phase being close to
zero in most of the gait cycle for the hip joint except at the beginning of the stance and the
swing phases. In the case of the knee joint, even though the interaction torque is smaller
with the adaptive controller compared to the non-adaptive control, it closely follows the
interaction torque during the passive walking which aligns with observations in Fig. 7.4A.

Fig. 7.5C shows the average tracking error with respect to the gait phase. During
walking with the passive exoskeleton, the tracking error is close to zero as the exoskeleton
is actively learning the used trajectory. Switching to the non-adaptive controller, even
though the desired trajectory is the same as what the user maintained during walking with
passive control, the tracking error has increased because the exoskeleton applied torques
are perceived by the user more as a disturbance rather than assistance. This conclusion
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Figure 7.5: Joint angles, interaction torques, tracking error, motor torques, and normalized
muscle activation illustrated in (A), (B), (C), (D), and (E), respectively, averaged across
participants and strides within each controller and temporally normalized based on gate
phase. The shaded area denotes the interquartile range. The gray area also indicates the
stance phase.

is supported by the increase in the interaction torques signifying an excessive human-
exoskeleton physical disagreement. Switching to the adaptive controller, the tracking error
is increased even more. However, the smaller interaction torque along with the closer-
to-natural joint trajectories suggest that the increase in tracking error is more toward
shaping the exoskeleton assistance in line with the user preference rather than correcting
their motion by introducing excessive physical conflict.

Fig. 7.5D shows the average applied motor torques at the hip and knee joints with the
non-adaptive and adaptive controllers compared to the physiological joint torques obtained
from [139]. The exoskeleton applied torques at the hip joint, when equipped with the
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adaptive controller, has almost an opposite sign compared to the non-adaptive controller.
The applied torque with the adaptive controller is closer to the human natural torque (R
= 0.65) than the non-adaptive controller (R = -0.05). Notably, natural torque is not the
optimal assistive torque as other studies have also reported a lagged version of natural
torque to be obtained as local optimum exoskeleton ( [10]) torques complying with our
findings here. A relatively similar observation is also valid for the knee joint as in this
case, both controllers do not show a great match with the natural torque. The adaptive
controller applied torque at the knee joint resembles the close-to-toe-off knee flexion torque
apparent in natural torque. Both controllers apply a knee extension torque which is not
present in the natural torque. The adaptive controller, however, applied this torque slightly
later than the toe-off while the non-adaptive controller applied it right at the toe-off. On
the other hand, at the early stance phase, the natural torque indicates a relatively large
knee extension torque which is slightly present in the non-adaptive controller torque as
well, but not in the adaptive controller torque.

Fig. 7.5E shows the muscle activation patterns with respect to the gait phase. In the
GM, BF, RF, and VM muscles, the activation during the adaptive controller is smaller
than with the non-adaptive controller. Especially the peak of the activation profile is
decreased by 17.1%, 12.6%, 8.9%, and 18.5%, respectively. In the GM, the non-adaptive
and adaptive controllers have reduced the peak muscle activation by 26.1% and 10.3%,
respectively. For the MG, Sol, and TA muscles, the activation is not that different among
controllers. Having an unassisted ankle joint may explain invariant Sol and TA activation
as these muscles provide torques only on the ankle.

Temporal Analysis with respect to the Stride Count

Fig. 7.6 shows the evolution of computed metrics in Fig. 7.4in a more detailed manner
with respect to the strides during each of the experiment phases across all participants.
With the non-adaptive controller, an abrupt change can be observed in muscular efforts
in GM, RF, BF, and VM (Fig. 7.6A). As the users become familiar with the controller,
their muscular effort decreases gradually as participants try to adapt themselves to the
exoskeleton assistance modifying their gait such that they can benefit more from the non-
adaptive control. As the controller is switched to adaptive, the muscular effort goes back
to their walking-with-passive-exoskeleton level. This is more evident in the case of GM and
EF muscles. From the graphs, it is obvious that Adaptation has facilitated the reduction
of muscular effort but a longer non-adaptive phase is needed to judge whether muscular
effort could have gone back to their level of passive exoskeleton walking without adaptive
controller or not. As discussed earlier, MG, Sol, and TA are not affected much by switching
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Figure 7.6: Evolution of the muscular effort (A), gait spatiotemporal metrics (B), MAIT
(C), MATE (D), and MAET (E) illustrated for each stride. The black and yellow lines
show the mean and median of each metric across participants at each stride. The shaded
area represents the interquartile range. Metrics are normalized to their average value during
walking with passive exoskeleton except for the motor applied torque which is normalized
to its average value during with the non-adaptive controller.

between the controllers.

Fig. 7.6B illustrates the evolution of spatiotemporal gait metrics with respect to the
stride number. Walking with the passive controller has the lowest cadence which almost
remained the same during the non-adaptive control. With the start of adaptation, cadence
increased by almost 10.1% in a few strides. The step length has remained the same within
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all three conditions. Therefore, the increase in cadence has translated to gait speed with
the adaptive controller. The stance and swing percentages and the minimum toe clearance
have remained relatively the same with both controllers. The maximum heel clearance
does not show an increase during the non-adaptive control while showing about an 8.7%
increase with the adaptive controller. The maximum toe clearance which decreased by
about 15% with the non-adaptive controller went back to the same level of walking with
passive exoskeleton as a result of trajectory adaptation.

Fig. 7.6C shows the evolution of MAIT relative to its average value during walking with
passive exoskeleton. As the non-adaptive control begins, the interaction torque increases
by 21.1% on average on the hip joint and remains the same during the whole period of non-
adaptive control. With the introduction of the adaptive controller, the interaction torque
decreased by 45.6.1% compared to the non-adaptive controller (35.1% compared to walking
with passive exoskeleton). Similarly, at the knee joint, the interaction torque is increased
by 76.2% with non-adaptive control which is reduced back to the same level of walking
with passive exoskeleton during the adaptive control. In terms of steady-state behaviour
of tracking error and motor applied torques, the same results presented in Fig. 7.4B, C are
observable here as well.

7.2.2 Comparison with Treadmill Walking

Fig. 7.7A compares the change in MAIT with the adaptive controller relative to the non-
adaptive control at the hip and the knee joints during ultra-slow (0.4 m/s), slow (0.6 m/s),
and moderate walking speeds (0.8 m/s) along with overground walking. The adaptive con-
troller exhibits a consistent performance across different treadmill speeds and overground
walking with about a 50% reduction in the average MAIT across all participants. The
same observation is true for the knee joint, however, with less reduction in the MAIT. The
least reduction at the knee joint is associated with ultra-slow speed walking. Fig. 7.7B
similarly investigates the MATE. Compared to the hip joint, MAIT at the knee joint ex-
hibits a higher increase with the adaptive controller compared to the non-adaptive control.
Considering the tracking error as a degree of freedom being used for tuning the assistance,
the lower increase in the tracking error at the knee joint during the ultra-slow walking
speed can explain the low decrease in the interaction torque reduction demonstrated in
Fig. 7.7A. With regard to the exoskeleton applied torques, Fig. 7.7C shows that at the hip
joint, exoskeleton contribution has dropped with the adaptive controller only in treadmill
walking, whereas, in overground walking, the exoskeleton applied torque has increased.
This can be associated with the different gait dynamics in treadmill walking compared to
overground. During treadmill walking, the treadmill belt’s movement reduces the need for
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Figure 7.7: The change of MAIT, MATE, MAET, and muscular effort with the adaptive
controller relative to the non-adaptive control during treadmill walking at ultra-slow (0.4
m/s), slow (0.6 m/s), moderate (0.8 m/s), and overground walking (at proffered speed)
are depicted in (A), (B), (C), and (D), respectively.

forward propulsion decreasing the effort required. The optimum interaction, is therefore,
achievable with less exoskeleton contribution to the gait whereas in overground walking, it
is all up to the exoskeleton to adjust the assistance and therefore optimizing such assistance
can lead to more noticeable changes at the motor applied torques. Fig. 7.7D illustrated
the Muscular effort changes in adaptive control compared to non-adaptive controller. At
moderate-speed treadmill walking, the adaptive controller was shown to have the most
decrease in muscle activation. This can be related to the fact that in treadmill walking,
the gait is assisted by both the exoskeleton and the treadmill. As a result, optimizing
the exoskeleton assistance can lead to further easing of the motion. Conversely, this is
not the case in the ultra-slow speeds where the adaptive controller performance shows to
have higher standard deviation (less consistent) across participants. The ultra-slow walk-
ing is different from natural walking in terms of motor control (it is not efficient because
the swing leg frequency is far from its natural frequency [126]), the human control over
the gait is less consistent and therefore converging to a beneficial exoskeleton behaviour
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Figure 7.8: Adaptation of the modification trajectories at the hip (A) and the knee (B)
joints illustrated for a sample participant during treadmill walking at ultra-slow, slow, and
moderate speeds. Similarly, (C) and (D) show the convergence patterns of the Fourier
coefficients of each joint.

(assistance) would be more challenging for the exoskeleton.

7.2.3 Convergence Behavior

Fig. 7.6C-E show that convergence of the performance metrics with the adaptive controller
is different for the hip and knee joints in terms of convergence speed, even though the
same step length is selected for adaptation on both joints. Further analysis of the conver-
gence behaviour is provided in Fig. 7.8where joint angle modification and adaptation of
the Fourier series coefficients are illustrated for both the hip and knee joint of a sample
participant. According to the graph, trajectory modification and its associated Fourier
coefficients are zero before the start of adaptive control. As the adaptation starts, the
modification trajectory (Ay;,) converges to a semi-steady-state pattern. As the adaptation
goes on, the hip modification trajectory oscillates as a result of human co-adaptation. It
is observed that with fast adaptation, the human-exoskeleton co-adaptation can lead to
instability. Therefore, it is necessary that the exoskeleton behaviour changes slowly enough
so that the user has enough time to adapt. Moreover, slower exoskeleton adaptation makes
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it more predictable from the perspective of the user further facilitating the human adapta-
tion. The hip adaptation speed at the current setting is slow enough to prevent undesired
behavior but it can still capture the natural variations in the human walking strategies.
At the knee joint, on the other hand, since the magnitude of interaction torque is smaller,
the adaption happens at a slower speed. Therefore, human co-adaptation is not reflected
at the exoskeleton’s desired trajectory immediately and therefore the convergence happens
much smoother but less agile at the knee joint.

7.2.4 Interaction Portrait

Non Adaptive-Passive IP @
A A,Ll Adaptive-Passive IP A A[J A A[t
1 1
X
@é‘
>
o \
°".5

Ultra-slow (0.4 m/s) Slow (0.6 m/s) Moderate (0.8 m/s) Overground

Figure 7.9: Interaction portrait depicted for the non-adaptive and adaptive controllers
compared to passive walking with the exoskeleton as a baseline at ultra-slow, slow, and
moderate speed walking on the treadmill as well as oveground walking with preferred speed.
Each point represents one of the participants.

Fig. 7.9 shows the Interaction Portrait analysis for the adaptive and non-adaptive con-
trollers with respect to the passive controller as a baseline during treadmill and over-
ground walking (see chapter 5 for more details). In the case of adaptive controller, most IP
points are distributed in the second and third quadrants indicating a decrease in human-
exoskeleton physical disagreement compared to the passive passive walking with the ex-
oskeleton. During the ultra-slow treadmill walking and overground walking, the IP points
of more participants are located within the second quadrant meaning that compared to
the non-adaptive controller, more participants are leading the gait. On the other hand,
non-adaptive-passive [P points are mostly distributed in the fourth quadrant denoting that
users tend to relinquish control to the exoskeleton rather than taking the lead. The ultra-
slow walking speed on the treadmill is an exception where the non-adaptive controller has
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led to more human-exoskeleton physical disagreement demonstrated by an increase in total
muscular effort and Interaction torques.

7.3 Conclusion

We proposed an online human-exoskeleton interaction optimization method by adaptation
of desired exoskeleton trajectories. Leveraging gait phase and human-exoskeleton interac-
tion torque estimators, our approach seamlessly adapts assistance across varying walking
patterns and speeds, relying solely on kinematic measurements of the exoskeleton. Com-
parative analysis against a similar, non-adaptive controller—across both overground and
treadmill walking scenarios at speeds between 0.4 to 0.8 m/s—was conducted. Data from
16 participants reveal that our adaptive controller markedly reduced interaction torque
at the hip and knee joints by 51.2% 4 11.1 and 63.9% =+ 29.7, respectively. Furthermore,
muscular effort at the Bicep Femoris and Rectus Femoris muscles significantly declined by
21.0% =+ 34.5 and 28.1% = 34.6, with minimal changes observed in other muscles. Spa-
tiotemporal gait analysis also indicated enhancements in both cadence and gait speed by
7.6% +5.2 and 10.7% =+ 8.3, suggesting that participants could walk faster, with similar or
reduced muscular effort, as a direct consequence of trajectory adaptation. Temporal anal-
ysis further demonstrated that post-adaptation trajectories more closely resembled those
of walking unaided by an exoskeleton. Additionally, the application of joint torque by
the exoskeleton exhibited greater synchrony with human natural torques, underscoring the
efficacy of trajectory adaptation. Notably, the proposed adaptive controller maintained
consistent performance across various treadmill speeds, highlighting its speed-invariant
capabilities relative to the non-adaptive counterpart.

In this study, § was treated more as a regularization factor to ensure stable conver-
gence. However, dealing with people with neuromuscular injuries requires a more careful
and systematic tuning procedure for the . Automatic tuning of 3 is a future direction of
this work enabling the exoskeleton to adjust its level of assistance based on the user per-
formance. Moreover, human passivity is helpful in keeping the human-exoskeleton physical
interaction stable. In cases such as clonus, the exoskeleton controller has to avoid certain
joint angles and velocity profiles to avoid triggering involuntary reflexes. Considering such
constraints in our trajectory adaptation method is another future improvement of this
work.
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Chapter 8

Conclusion and Outlook

This thesis focused on improving lower limb assistive exoskeletons through the develop-
ment of novel adaptive control strategies. The core of this work revolved around enhancing
the responsiveness of exoskeletons to user movements and intentions, a critical aspect for
effective rehabilitation and daily use. By developing adaptive feedback and feedforward
controllers based on advanced gait phase and human-exoskeleton interaction torque esti-
mation, this research aimed to make significant strides in the field of robotic rehabilitative
technology. In summary, my PhD research contributions are:

1. Developing a robust real-time gait phase estimator.

2. Identifying the dynamics of the Indego exoskeleton regardless of gait phase and esti-
mating the human-exoskeleton interaction torques accordingly.

3. Developing an adaptive feedforward controller that modifies exoskeleton assistance
according to the gait phase and user trajectory.

4. Proposing the Interaction Portrait (IP), allowing co-analysis of interaction torque
and muscular effort to distinguish between different human-exoskeleton interaction
modes.

5. Developing a simulation environment for the design and testing of exoskeleton con-
trollers using Matlab and Opensim.

6. Proposing, validating, and experimenting a real-time trajectory adaptation method
for optimizing human-exoskeleton interaction torques with adjustable adaptation ca-
pacity to accommodate a range of user impairments.
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A cornerstone of this thesis was the development of a robust gait phase estimator, a
tool designed to synchronize the exoskeleton’s assistance with the user’s gait cycle accu-
rately (chapter 3). Utilizing a time-delay neural network (D67) trained on a rich dataset
encompassing various walking speeds and conditions, this model proved effective across a
broad spectrum of gait patterns. It achieved an RMSE of 1.74% and 2.35% for treadmill
and overground walking, respectively, with the capability to accurately detect heel-strike
events—a testament to its precision and potential applicability in real-world settings. Even
though this model is trained to maintain its performance in case of a new participant, lack
of pathological data in the collected dataset can limit its extension to individuals with
severed intramuscular impairments. Parallel to the development of the gait phase esti-
mator, dynamics of the Indego exoskeleton was accurately identified chapter 4. This was
achieved through an innovative data collection method that facilitated the measurement of
exoskeleton-environment interaction forces. By training various time-delay ANNs on this
data, a model was developed that could precisely estimate exoskeleton joint torques and
interaction forces, an essential step towards human-exoskeleton interaction torque estima-
tion needed for optimizing the physical interaction between the user and the exoskeleton.
Despite its simplicity due to proposing a unified mode for the whole gait cycle, our ap-
proach does not support interaction estimation in the presence of ground reaction forces
even though the provided formulation can be extended to such scenarios easily.

Significant strides were made in advancing adaptive control strategies for assistive ex-
oskeletons, particularly through the development of two distinct adaptive controllers. One
of the adaptive controllers developed is centred on an online trajectory adaptation tech-
nique, aimed at minimizing human-exoskeleton interaction torques. This approach is crit-
ical for adapting the exoskeleton’s assistance to match the intended joint trajectories of
the user, thus accommodating users with varying levels of motor impairment. Through
simulation with MATLAB and OpenSim in chapter 6, this controller demonstrated its
capacity to adjust reference trajectories to closely align with those of healthy and simu-
lated motor-impaired subjects. The results underscored improvements in gait stability and
spatiotemporal parameters, evidencing the potential of this technique in making exoskele-
ton use more natural and supportive. Building upon this, an online optimization method
was introduced in chapter 7 to refine this adaptation process further, utilizing gait phase
and interaction torque estimators. Tested against a non-adaptive baseline controller, this
enhanced feedback controller significantly reduced interaction torques and muscular effort
across key muscles, indicating a more harmonious and less strenuous walking experience
for the user.

The adaptive feedforward controller developed in this research (chapter 5) represents
a simple approach to enhancing the functionality of assistive exoskeletons. This controller
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learns the user’s trajectory based on the estimated gait phase, capturing the nuances of
individual movement patterns. By integrating this learned trajectory with the dynamic
model of the exoskeleton, the controller generates feedforward torques that align closely
with the user’s natural gait and enhance the overall walking experience.

To evaluate the impact of the developed controller, we introduced the Interaction Por-
trait (IP) analysis chapter 5. Providing a comprehensive view of the dynamics between the
user and the exoskeleton, offering insights into how different control strategies affect user
reliance and engagement. Through IP analysis, it was observed that the proposed adap-
tive feedforward and feedback controllers promote an optimal balance between user effort
and mechanical assistance compared to other tested controllers. This balance is crucial
for encouraging active participation from the user, an essential element in rehabilitation
scenarios and for the long-term efficacy of assistive technologies.

Outlook

Despite the contributions of this research, several areas require further exploration:

e Further Testing of Gait Phase Estimator: While the estimator demonstrated high
accuracy, additional validation with individuals exhibiting impaired gait patterns is
necessary. This would ensure the estimator’s robustness and applicability to a wider
range of users.

e Inclusion of Pathological Gait Data: Integrating data from individuals with specific
gait impairments into the training process of the gait phase estimator could enhance
its predictive accuracy and make the adaptive controllers more effective for users
with varied mobility challenges.

e Refinement of Adaptive Controllers: Future work should focus on refining the adap-
tive feedback controllers to include automatic tuning of parameters such as the adap-
tation capacity. This would allow the controllers to more precisely adjust the level
of assistance based on the user’s real-time performance and rehabilitation progress.

e Expansion to Diverse Walking Scenarios: Testing the developed controllers in a
broader array of walking environments and conditions would provide deeper insights
into their adaptability and effectiveness in real-world applications.

e Application to Other Mobility Aids: Extending the research to encompass other types
of mobility aids could broaden the impact of these findings, offering new solutions
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to enhance mobility and independence for a wider range of individuals with mobility
impairments.

e Inclusion of Human Cost Function: Human behavior can be modeled as the result
of an optimization process. Identifying and incorporating the human cost function
in controller design is essential for a more harmonious assistance strategy. This
approach also requires developing stochastic models to account for natural human
variability.

In summary, this thesis contributes to the field of rehabilitative exoskeletons by devel-
oping advanced control strategies aimed at improving user-exoskeleton interaction. While
it lays a solid foundation for future work in this area, it also highlights the need for con-

tinued research to fully realize the potential of these technologies in enhancing the lives of
individuals with SCI.
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