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Abstract

Mechanical interactions at the hand affect its entire neuromuscular circuit — from hand kine-
matics and peripheral nervous activation, to motor and somatosensory cortex activation, to cog-
nition and decision making. Neuromechanics is the approach of understanding mechanical inter-
actions as the biproduct of these subsystems. An important domain of neuromechanical analysis
is the development of hand-assistive robotics, a diverse range of technologies that facilitate neu-
romuscular rehabilitation for individuals with motor impairments, sensory feedback to acceler-
ate skill acquisition, and assistance to support functional movement and strength. Hand assistive
devices are typically designed for locally stationary neuromechanical states such as kinematics
and muscle activation, providing maximally effective interactions only under fixed experimental
conditions. In practice, neuromechanical states like fatigue and motor learning impose nonsta-
tionary transition dynamics that can impede interaction objectives and reduce performance quality.
This thesis introduces a suite of computational neuromechanics tools comprising the NeuroSiGHT,
NeuroMERGE, and NeuroGAIN algorithms. NeuroSiGHT integrates neuromuscular theory and
topological data analysis to construct a robust partially observable Markov decision process model
of stationary and nonstationary neuromechanical states from surface electromyography. Neu-
roMERGE refines these insights by introducing an active exploration strategy for assistive robots
to estimate neuromechanical state transition dynamics unsupervised through controlled perturba-
tions. NeuroGAIN extends this by employing generative architectures to forecast state transition
dynamics and optimally evolve estimation and control strategies. To explicate its utility, the suite is
validated in simulation and human participant experiments aiming at improving motor perfor-
mance. The significant take-away of this thesis is reduction of neuromuscular fatigue and effort ,
and enhanced hand motor-cognitive efficiency in hand motor skill acquisition and performance.

The neuromechanical suite enables practical neuromuscular interaction control at the hand.
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This thesis presents a computational neuromechanical suite to enhance human-machine

mteraction. The members of this suite are NeuroS1iGHT, which models neuromechan-

1cal states, x, including intent, /, effort £, fatigue, /', and motor skill S. NeuroMERGE

estimates neurmechanical state transition dynamics, f in response to feedback y and

user neuromuscular action a. NeuroGAIN forecasts neuromechanical meta-dynamic

evolution using a generative probabilistic framework P, for robust optimal control of

1s depicted 1n the above flowchart.| . . . . . . . ... ... o0 o Lo

A depiction of the functional scope of each suite member 1n the context of generative

model-predictive tracking 1s shown for additional clarity regarding the functionality of

This thesis presents the estimation of neuromuscular states (hand pose intent, /(n),

effort, £(n), and fatigue F (n)) from spatial synergies, temporal synergies, and activa-

tion coefficients, via non-negative matrix tri-factorization (NM3F) of locally station-

ary epochs of SEMG data (n). Above, a schematic example 1s shown of the space-by-

time decomposition of SEMG signals extracted from four forearm muscles.| . . . . . .
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In a prior work [6], it was found that intent estimation /(¢) (comprising power grasp

(PG), lateral pinch (LP), two finger pinch (TP), and three finger pinch (ThP) hand

poses), was linearly separable in the synergy-domain, while effort £(z) and fatigue

F'(t) were not linearly separable from each other without frequency terms.|. . . . . . .
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Even with the reduced dimensional input space of muscle synergies, mixed behav-

1or can make 1t difficult to track mtent online with unsupervised models. Supervised

models are more computationally expensive and can tend toward overfitting. Yet the

persistent homologies that arise 1n the neuromechanics of hand control motivate unsu-

pervised statistical estimators with robustness constraints. Persistent orbits in syner-

gies corresponding to flexion-extension action are depicted above.| . . . . . . . . . ..
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2.4

Here several schematic diagrams are provided to illustrate the differences in data

separability due to channel capacity in spatial domains. In the center black box, (II),

separable (B.), and entangled, 1.e., un-separable (C.) statistical distributions of sSEMG

signals across spatial resolutions (five, corresponding to the five-D sEMG 1nput space,

and 1 corresponding to the mean of the five SEMG signals) are shown. Each of the

four plots 1n B. correspond to one of four hand poses shown 1n (IB) 1n the left black

box. The higher dimensional manifolds for each hand pose have unique geometry and

are readily distinguishable. They can be 1dentified in an SEMG data stream for online

classification, but need to be pre-computed yielding a potentially overfit model. The 1-

D manifolds are obfuscated; though they do not need to be pre-computed, any sSEMG

signals that fall within the large red obfuscation band can not be used to distinguish

hand poses. It has been shown that spatiotemporal task-manifolds incorporate tem-

poral dimensionality to mitigate task-manifold obfuscation. Here, 1t 1s proposed to

use self-supervised learning 1n the Riemannian metric latent space to i1dentify task-

manifolds online without labels or training data.|. . . . . ... ... ... ... ... ..
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This thesis mtroduces Neuromuscular Model-free Epistemic Risk-Guided Exploration

(NeuroMERGE), a RL architecture which bounds exploration with a multivariate non-

convex boundary. Arrows represent training starttoend.| . . . . .. ... oL L.
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2.6

From left to right, a schematic-level hand neuromuscular model 1s presented, which

1s utilized to reduce the 27 degree of freedom (DoF) workspace of the hand to five

flexion/extension DoFs. one nominal DoF, (E) for the single finger flexion/extension

experiment 1s considered and presented in thisthesis.| . . . . . ... ..o,
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NeuroGAIN-MPC, Neuromechanical Generative Autoencoding Impedance Network

with Model-Predictive Control, 1s presented for an assistive soft hand exoskeleton to

reduce wearer effort and fatigue. NeuroGAIN uses an autoencoder-based generative

neuromechanical model to treat the wearer as a position-based equilibrium point ref-

erence governor (EPRG)and forecast EPRG effort and intent from muscle synergies
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Three experimental conditions were utilized to examine the utility of NM3F sEMG

B2

This thesis explores the unsupervised classification of intent from sEMG correspond-

ing to the repetition of four unique hand poses used 1n activities of daily living. These

A simulated cart-pole environment bearing kinematic similarities to index finger joints

was used to evaluate NeuroMERGE. The pole was free to rotate about a underdamped

rotational joint attached to a sliding cart controlled by the RL agent. The movement

of the cart-pole environment and the performance of the optimized policy are visualized.| 60
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Three adult participants were outfitted with sSEMG sensors over the FPL, FDP, EDC,

and PT muscles, and with a soft hand exoskeleton. Participants flexed and extended

their index finger slowly every two seconds for 60 seconds, and the NeuroMERGE

agent was trained on-line to minimize effort by driving an air pump to drive the index

finger actuator. . . . . . . . . . . .. e e e e e e
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Each nested system 1in our HRI paradigm has an objective, feedback modality and con-

trol algorithm. The innermost layer was the wearer, presumed to use visual feedback

and EPRG control to achieve a desired block trajectory in the BB'T task. The next layer

was the hand exoskeleton which uses sSEMG-derived inputs and NeuroGAIN-MPC to

assist the wearer. Then, the final layer was the haptic interface, which simulates the

BBT task. This thesis focuses on NeuroGAIN 1n the middle layer to augment the

mechanical interaction between the inner and outer layers.| . . . . . ... .. ... ..

3.6

In this thesis, we construct a MATLAB simulation environment with EPRG-based

control of the 2DoF shoulder, and single DoF elbow, wrist, and finger joints for each

of five fingers. We use MATLAB’s fmincon function with SQP to deliver joint torques

according to the EPRG dynamicmodel. |. . . . . . ... ... ... ... .......
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A 6-DoF haptic mterface was used to render a virtual 2-D BBT task on a computer

monitor. The wearer interacts with the haptic interface while receiving assistance

from a soft pneumatic hand exoskeleton. The hand exoskeleton was driven using

NeuroGAIN-MPC. The haptic interface has a bulb dynamometer attached to 1ts end

point to collect grasp pressure. Shown 1n the inset are the locations of the sSEMG

sensors. The participant performs 75 BBT repetitions while wearing the hand ex-

oskeleton, 25 without assistance with 0 kg bulb weight (to ensure minimal fatigue),

then 25 BB'T repetitions without assistance with 0.5 kg bulb weight (to ensure accrual

of fatigue), then 25 BBT repetitions with assistance from the NeuroGAIN-MPC with

05kgbulbweight,| . . . . .. ...
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Batch normalized spatial synergies are shown as bars (top). The confusion matrix

below shows the results of a multiple linear regression model trained on trial data

and tested on simulated data including for four hand poses (bottom left), 1sometric

sustained PG (bottom right, top row), and dynamic TP (right bottom two rows) 1s

shown below. . . . . . . . .

True and estimated effort (E(z), E(t), top) and true and estimated fatigue (F (1), F'(2),

bottom) are shown for sustained and repeated PG. Average estimation RMSE for 50%

and /0% max voluntary contraction PG trials was less than 5% and 20% for effort and

0% and less than 10% for effort and fatigue respectively.| . . . . . . .. .. ... ...

310

Estimation results are shown above for a participant in each experimental condition

(Condition 1: mtent fixed, effort fixed, fatigue variable; Condition 2: intent fixed, ef-

fort variable, fatigue fixed; Condition 3: intent variable, effort fixed, fatigue fixed).

In row 1, the effects of fatigue (i.e., 100% - F (¢)) estimated by temporal synergies is

shown, while effort and intent remain constant. In row 2, the glove resistance required

more effort from the participant, but did not effect fatigue or intent classification. In

row 3, the fatigue level stayed constant, and effort levels while not explicitly con-

strained between poses, remained consistent within poses, which were varied.| . . . . .

72
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Trajectory segmentation and manifold detection using topological filtration. Elliptical

regions are accurately identified across attractor switches. The percent of trajectory

data required to allow the model to adapt to the new attractor dynamics and account

for 90% of the variance (VAF) of the new orbits was 18%, 11%, and 3%. . .. .. ..
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The trajectories of the three muscle synergies extracted from sEMG signals are shown,

highlighting the mean-reverting behavior of hand pose repetitions. The 1dentified at-

tractors corresponding to the orbits are shown. With < 21% 90% VAF time, indicat-

g succestful online, unsupervised application, and < 33.3% misclassification rates

for very similar hand poses, e.g., two- and three-finger pinch, the proposed method

was successful in unsupervised intent classification for highly mixed signals based on

persistent homology of signal trajectories.| . . . . . .. ... ... ... ........
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313

Confusion matrix showing the classification accuracy across four hand poses—Power

Grasp (PG), Lateral Pinch (LLP), Three-Finger Pinch (ThP), and Two-Finger Pinch

(TP)—as 1nferred using the topological classification method. Diagonal elements in-

dicate correct classifications, while off-diagonal entries reflect misclassifications.| . . .

Average results for Wrist Ninja performance by fifteen participants over 10 repetitions

1s shown. The acquisition of accuracy and precision skills fit exponential models with

R? > 0.9, suggesting the reliability of a linear second order differential equation model

for skill ascent as proposed.| . . . . . . . ...

315

Phase portraits of the state exploration by conventional REINFORCE RL and Neu-

roMERGE agents (top left pair of tiles) and as well as 3D portraits 1llustrating risk

(top right pair of tiles) in the CP simulated environment are shown. These 1llustrate

the efficiency of exploration per the spread of the exploration trajectories and three

dimensional distributions of risk with respect to the exploration trajectories. The 1im-

mediate exploration of high risk states by REINFORCE 1s shown and the gradual

exploration of high risk states by NeuroMERGE 1s apparent, illustrating the enhanced

exploration safety of the NeuroMERGE agent.| . . . . . ... ... ... ... ...
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NeuroMERGE-based control of a cart-pole environment resulted 1n a succesful control

policy with steady state behavior within prescribed bounds.|. . . . . . ... ... ...
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The performance of NeuroMERGE 1n the soft exoskeleton control study are shown

below, where concatenated 3D distributions with respect to effort and AR reveal the

predicted non-convex dynamic control profile of NeuroMERGE, which satisfies the

hypothesis. NeuroMERGE exhibited the hypothesized non-convex dynamic explo-

ration profile evidencing sate and efficient exploration during continuous user voli-

tional effort. In both cases, the policies converge toward the origin of the state space,

where the objective was minimized.| . . . . . . ... ... ... ... ... L.

318

The simulated block trajectory for each of the human-only (with and without fatigue),

HRI with classical MPC, and HRI with NeuroGAIN-MPC BB'T conditions 1s shown

(BBT obstacle 1s represented with as a black prism 1n the workspace). Both MPC

and NeuroGAIN MPC ensure successtul BBT completion, whereas human-only with

fatigue does not avoid the obstacle. Cumulative volitional joint torques are shown

on bottom. Muscle fatigue causes reduction of joint torque and collision with BBT

obstacle. Performance without assistance requires more effort and induces more fatigue.| 84

B.19

Trajectories of a representative participant are shown above, including the bulb tra-

jectory with and without assistance from NeuroGAIN-MPC (top) (BBT obstacle 1s

shown as a black prism). The shaded regions represent 95% confidence intervals.

With assistance from NeuroGAIN-MPC, the wearer was able to perform all 25 BBT

repetitions while avoiding the obstacle, whereas 25% of BBT trials without assistance

yielded obstacle collisions. The effect of muscle fatigue, notable in obstacle collisions

n the top plot, 1s shown on the bottom plot, where NeuroGAIN-MPC assistance re-

duces fatigue more than when unassisted. The vertical axis 1s 1n arbitrary units (A.U.),

to show normalized effort. These results align with the simulated performance of

NeuroGAIN-MPC to reduce effort and fatigue during BBT|. . . . . . ... ... ...
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[3.20 NeuroGAIN performance for a single representative participant, with arbitrary units

(A.U.) of effort 1s visualized during a single characteristic BBT trial repetition. Neu-

roGAIN prediction performance was reliable, with mutual information index of 0.976

A1

The experimental setup and haptic feedback scheme used to explore the capabilities of

NeuroS1GHT includes the 3D Systems Touch haptic interface and a computer monitor

which displayed a computer animation of a point cloud of 10 red dots which were

refreshed to random locations every 5 seconds. Participants were instructed to reach

each point on the screen from left to right using the cursor operated with the Touch

interface. Precision was measured by average trajectory variance (with respect to a

fixed point cloud variance). Accuracy was measured as the distance of the movement

trajectory from the pomtcloud.|. . . . . . . .. ... o oo

90

A2

The ARMS Lab Wrist and Hand model in OpenSim (left); Example NeuroSiGHT

stmulation in MATLAB performing a 3-finger grasp and trajectory tracking task in 3D

space. T'he NeuroSiIGHT model 1s subject to biomechanical constraints imposed by

the biomechanics engine of the OpenSim Wrist and Hand model (right).| . . . . . . ..

97

a3

Performance of three characteristic participants trained with each of no haptics, cold

started, and warm started policies including performance and motor skills 1n 1nitial

(yellow) and learned (green) stages of performance were averaged over training time

(%). The simulated results show that trajectory tracking accuracy and precision 1n-

crease with exponential saturation, while average task error decreases exponentially.

This 1s consistent with human subject results of training and simulated motor skill ac-

qusition ( Fig. 3.14). Training without haptics yields poorer trained performance and

poorer skill increase indicated by the final normalized amplitude of tracking error, ac-

curacy, and movement precision. Training with warm start yields better performance,

and better, accuracy, and movement precision.| . . . . . . ... ... ... ...

XV

98



4.4 Tracking performance for the three characteristic participants, trained 1n each of no

haptics, warm start, and cold start conditions, including accuracy in mitial (yellow)

and learned (green) stages, were averaged over each of the ten target points of each

trial. The results show that trajectory tracking error decreases with training. Training

without haptics yields poorer learned performance and training with warm start yields

best performance.| . . . . . . . .. L. 100

4.5 Characteristic task performance for a single task repetition (top row) and haptic policy

frequency response (bottom) row are shown for the initial (I) and final (F) stages of

the cold start (C) and warm start (W) training for the two characteristic participants

trained with haptics in Fig 4.3 The warm started policy has the most comparable

frequency response and task performance relative to the learned performance 1n either

case. The cold start frequency response and task performance is less similar to the

learned state 1n either case, indicating that the mnitial warm started policy 1s closer to

the optimal policy.| . . . . . . . . .. 101
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A6

In this work, we present the Anthropomorphic Generalized Neuromechanical Testbed

(AGeNT) as a simulation platform to train data-driven control architectures for hand

exoskeletons. The testbed integrates anthropomorphic size, shape, and joint dynamics

with a cohesive computational neuromechanical model to mimic human neuromotor

function. As shown on the flow chart above, on the left, we obtained a robust model of

the human neuromuscular force control parameterized with cursory human-participant

sEMG data explaining how movement control 1s solved by transforming a mixture

(f) of input signals (single solid dash representing visual/proprioceptive feedback)

into muscle synergies (three dashed lines). We simulate this neuromuscular model

(f) on AGeNT, representing neuromuscular response to force and torque inputs to

train a model-free optimal control policy 7 for a commercial-off-the-shelf (CoTS)

soft exoskeleton. We then implement 7 on the CoTS device with human participants

to find that training with AGeN'T produces individualized optimal control policies with

minimal requirements for human participant data. AGeN'T simulates the biomechanics

of the human hand as well as the neuromuscular dynamics of hand neural control to

support data-reference exoskeleton control.| . . . . . . ... ..o 00000

a7

AGeNT features anthropomorphic design with the three fingers used most commonly

in activities of daily living [44], with (DP), middle (MP), and proximal (PP) pha-

langes of each finger being independently actuated 1n flexion/extension and adduc-

tion/abduction (CMC joints only) by negligibly extensible bowden transmissions linked

to 12 DC motors. The orientations, and ranges of motion (RoMs) of each of the distal

interphalangeal (DIP), proximal interphalangeal (PIP), and carpometacarpal (CMC)

joint of each finger reflect anthropomorphic data for healthy adults [[150]]. Tendons are

routed through the body of each phalanx and the palm, leaving smooth outer surfaces

forrobotmounting.| . . . . . . . ...
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A3

A fine motor task was developed to assess the capabilities of AGeNT to mimic human

neuromechanical performance. Participants abducted and adducted the thumb CMC

joint from position 1, to 2 and back to 1 to rotate a small red bulb dynamometer,

the x and y position of which were recorded using a webcam. There was negligible

displacement 1n the z axis. The fine motor task was repeated by human and AGeNT

utilized to train the ESC policy to reduce neuromuscular effort, recorded from sEMG

signals from the human, or as the internal EP-based control of AGeNT.| . . . .. ...

4.9

AGeNT accurately mimics the passive stiffness of human finger joints [[156] with R” =

0.985. A variable sinusoidal load was applied to AGeNT’s index finger by sweeping

mput frequencies (from 0.10 Hz to 2 Hz) through the hand exoskeleton. ETFE was

extracted post-hoc, and correlated with 0 Hz data (R* = 0.985). This shows that the

nonlinear biomechanical dynamics which dominate movement in human hands 1s well

represented by AGeNT with high fidelity across the joint and frequency space.|

. 113

710

AGeNT 1s able to track the active effort dynamics of the human hand [ 1] with RMSE

= 0.25%. Here human sEMG-based and AGeN'T EP control-based effort are repre-

sented. The vertical axis 1s the inter-set min-max normalized effort amplitude, and the

horizontal axis represents the progression of a 20 second trial recording of movement

BT

A fine motor task was designed to demonstrate AGeN'T’s neuromechanical represen-

tation of dexterous movement. During the task, participants adducted and abducted

their thumb CMC joint to rotate a bulb dynamometer held between the thumb and

index finger. AGeNT was commanded to repeat the same movement. The average

movement trajectories are plotted above, along with a scale indicating 0.32 cm dis-

tance. The maximum tracking error of the bulb dynamometer between AGeNT and

human participants during the fine motor task in X and Y was 11% and 17.6% respec-

........................................... 114
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.12 The ESC gain for the exoskeleton during training on the human (gray dotted) and |

| on AGeNT (green dotted) are shown. The vertical axis represents the inter-set min- |

| max normalized amplitude of the gain and cumulative loss and the horizontal axis |

| represents progression of the 120 second trial. Training with the human participant |

| 1s more dynamic because 1t 1s difficult for humans to move without reflex and tissue |

| artifacts. The rate of the cumulative loss during training on the human (gray) and on |

| AGeN'T (green) decreases over the duration of training, indicating convergence.[ . . . . 115

.13 Resulting average sEMG-based effort profile for movement repetitions (1.e., abduct- |

| ing and adducting the thumb from position 1, to 2 and back to 1, representing 100% |

| movement completion) of a characteristic human participant performing the motor |

| task without assistance (gray plot) and with assistance by AGeNT (green plots) are |

| shown. The vertical axis on both plots 1s min-max normalized effort. Human-trained |

| and AGeN'-trained extremum seeking control yield reduction in neuromuscular ef- |

| fort when applied to the human by up to 80% compared to the human-only effort and |

| are within 1 standard deviation of each other. AGeN'T predicted profile - the effort of |

| profile, indicating 1ts efficacy in mimicking neuromechanical response. The shaded |

| regions are 1 standard deviation.| . . . . . . . ... ..o L oL 116
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10.

11.

12.

13.

14.

15.

16.

17.

18.

List of Acronyms

. SEMG - Surface Electromyography

DoF — Degrees of Freedom

HRI — Human-Robot Interaction

BBT — Box and Block Test

. NM3F - Non-negative Matrix Tri-Factorization

POMDP - Partially Observable Markov Decision Process

. MPC — Model Predictive Control

. RL — Reinforcement Learning

. EP — Equilibrium Point

EPRG - Equilibrium Point Reference Governor

ESC - Extremum Seeking Control

AGeNT - Anthropomorphic Generalized Neuromechanical Testbed

ETFE - Empirical Transfer Function Estimate

CoTS — Commercial-Off-The-Shelf

LSTM - Long Short-Term Memory

VAE - Variational Autoencoder

AR - Accuracy and Reliability

Power Grasp (PG) — A full-hand grasp used for forceful grip, typically involving all fingers

wrapped around an object (e.g., holding a hammer).
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26.
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28.

29.
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31.

32.
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34.

35.

Lateral Pinch (LP) — A pinch between the thumb and the lateral side of the index finger

(e.g., holding a key).

Two-Finger Pinch (TP) — A fine motor grasp involving the thumb and index finger (e.g.,

picking up a small object).

Three-Finger Pinch (ThP) — A precision grip using the thumb, index, and middle fingers

(e.g., manipulating a pen).

FPL - Flexor Pollicis Longus

FDP — Flexor Digitorum Profundus

EDC - Extensor Digitorum Communis

PT — Pronator Teres

PG - Power Grasp

LP — Lateral Pinch

TP — Two-Finger Pinch

ThP — Three-Finger Pinch

CMC - Carpometacarpal (joint)

PIP — Proximal Interphalangeal (joint)

DIP - Distal Interphalangeal (joint)

RoM - Range of Motion

I — Intent: The motor plan or goal the user aims to execute.

E — Effort: The volitional activation level, derived from sEMG magnitude or synergy activa-

tion.
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37.

38.

39.

40.

41.

42.

43.

F — Fatigue: A time-frequency degradation metric of neuromuscular performance, derived

from spectral shift.

S — Skill: The learned motor efficiency, modeled as reduced variability or increased precision

over trials.

x — Neuromechanical state vector: Includes [, E, F, and S.

f — Transition dynamics: A function describing how neuromechanical states evolve over

time.

a — Neuromuscular action or command (e.g., muscle activation)

NeuroSiGHT - Neuromechanical Simulation for Generalized Human Testing

NeuroMERGE — Neuromuscular Model-free Epistemic Risk-Guided Exploration

NeuroGAIN — Neuromechanical Generative Autoencoding Impedance Network
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Chapter 1

Motivating Neuromechanical Models

This chapter motivates the development of computational neuromechanical models by high-
lighting the complex, individualized, and nonlinear nature of hand motor control and rehabilita-
tion. It introduces a three-part computational suite comprising the NeuroSiGHT, NeuroMERGE,
and NeuroGAIN algorithms that integrate physiological signals, control theory, and generative

modeling to enable adaptive, user-specific hand assistive technologies.E]

1.1 Fundamentals of Hand Neuromechanics

Neuromuscular impairments, such as those resulting from stroke or spinal cord injury, disrupt
motor function [7, [8], sensory processing, and neuromuscular control [9]], leading to difficulty
performing activities of daily living (ADLs) [10]. The hand is a particularly vulnerable region due
to its high degrees of freedom and complex mechanical demands in ADLs, yet it is essential to
functional independence [/11]].

Robotic exoskeletons are being developed to assist with finger flexion and extension, enhance
sensory feedback, and increase the number of therapy repetitions during early stages of recovery
when neuroplasticity is high [[10, [12]. These devices are also increasingly relevant in domains
beyond rehabilitation, including surgery and emergency response, where reliable hand motor skills
are crucial, and robotic tools are not yet reliably autonomous [ 13, /14].

Motor skill acquisition in such domains is bolstered by haptic feedback, which delivers tactile

cues that can engage mechanisms of neuroplasticity and somatosensory reorganization [15-17].

"Portions of this chapter have been published in ASME Letters in Dynamic Systems and Control [[1], MDPI Journal
of Clinical Medicine [2f], and IEEE Journal of Medical Robotics Research [3]. Portions have also been presented at
the IEEE International Symposium of Medical Robotics [4], IEEE American Controls Conference [5], and IEEE
Modeling Estimation and Controls Conference [6].



These cues may be cutaneous (e.g., vibrations) or kinesthetic (e.g., force-feedback), and have been
shown to improve the rate and persistence of motor learning [18]].

However, motor learning is not purely mechanical—it involves complex and nonlinear inte-
gration of sensory, cognitive, and dynamic control processes [[19} [20]. Learners often show rapid
early progress followed by plateaus [21]], and excessive reliance on external feedback can under-
mine the transferability of learned skills [22]]. To be effective, training systems must account for
the evolving and individualized nature of motor performance.

Computational neuromechanics is an interdisciplinary field that seeks to model, simulate, and
analyze the interactions between neural control signals, musculoskeletal dynamics, and sensory
feedback during movement [23| 24]. It bridges neuroscience, biomechanics, and control theory
by representing the neuromuscular system as a coupled dynamical system with sensory [25]], mo-
tor [26]], and mechanical components. These models capture how descending motor commands
translate into muscle activations, how muscles generate forces and torques, and how those forces
produce movement under biomechanical and environmental constraints [27]. Surface electromyo-
graphy (sEMGQG) offers a window into voluntary muscle activity, providing predictive insight into
intended movement as much as 200 milliseconds in advance [28| 29]. However, mapping sEMG
signals to limb kinematics is challenging due to their nonlinear and context-dependent nature [30]].
Neuromechanical models address this by integrating biomechanical knowledge to produce inter-
pretable representations of motor state, enabling more robust exoskeleton control [4]. By integrat-
ing physiological signals—such as sSEMG—with biomechanical simulations and control frame-
works, computational neuromechanics enables estimation of internal states like motor intent, fa-
tigue, effort, and motor learning, which are otherwise difficult to measure directly [26]. Such
models support robust interpretation of sensor data [31], prediction of motor outputs, and the de-
sign of feedback or assistance strategies that adapt to user-specific dynamics [27]. They also enable
synthetic experimentation on virtual limbs [32]], allowing researchers to explore how changes in

neuromuscular control affect performance or adaptation over time.



In addition to data-driven and statistical frameworks, biologically inspired neural control mod-
els provide critical insight into how the central nervous system may organize motor behavior [33-
35]. One foundational theory is the Equilibrium Point Hypothesis (EPH), which posits that move-
ments are generated not by directly specifying muscle forces or joint trajectories, but by shifting
the limb’s reference configuration—the posture at which net muscle torques are balanced [36—
38]. According to this model, voluntary movement emerges from the interaction between neural
command signals [39] and the passive dynamics of the musculoskeletal system [40], with sensory
feedback playing a stabilizing role. Such frameworks are particularly relevant for hand modeling,
where distributed coordination and impedance modulation are essential for grasp stability and fine
motor control [41, 42]. Incorporating such control models into computational neuromechanics can
enrich simulations by aligning them more closely with neurophysiological mechanisms [|17, 43,
441, offering a complementary layer of interpretability beyond purely data-driven models.

In rehabilitation, computational neuromechanical approaches help personalize robotic inter-
ventions by modeling each user’s impairments and predicting how they respond to therapy [|12} 21]],
linking functional and neural outcomes [45]]. In skill training contexts, such as surgery or remote
manipulation [[14]], these models can provide insight into how motor skills are learned, general-
ized, and retained—particularly when augmented by haptic interfaces [20, 46[]. This thesis extends
the neuromechanics framework to a three-part computational suite that integrates classical time-
frequency measurement modeling, unsupervised dynamical modeling, and generative forecasting

for dexterous hand control.

1.2 Computational Neuromechanical Frameworks

Computational neuromechanics aims to model the dynamic interplay between neural signals,
musculoskeletal dynamics, sensory processing, and task-level motor behavior [23] 24]. For hand
function, this modeling challenge is amplified by the high degrees of freedom [47]], dense sen-
sory innervation [48]], and nonlinear motor coordination involved in dexterous manipulation [49].

Effective models must account for time-varying state transitions [7], latent neuromuscular states



(such as intent, fatigue, or adaptation) [1]], and measurement noise across multiple sensor modal-
ities [[16]]. Frameworks developed for this purpose often span three conceptual spaces: the input
space (comprising task constraints and sensor data), the model space (specifying the algorith-
mic or statistical modeling architecture), and the output space (describing the predicted or inferred
neuromechanical states or functional metrics) [[50]]. Input modalities typically include surface elec-
tromyography (SEMG), kinematics, neuroimaging, and behavioral metrics from reaction time or
motor tasks. Output measures span from muscle-level intent to higher-order indicators of motor
performance and adaptation [20]. Models must manage not only complexity and variability in
these data streams, but also computational demands and real-time feasibility [29].

For example, a comprehensive review of computational neuromechanical models used in
mild traumatic brain injury (mTBI) characterization [51]] which involved the screening and meta-
analysis of over 800 studies and detailed extraction from 57 articles—identified four principal mod-
eling approaches: stochastic/ANOVA models (STMs), linear regression (LNR), time—frequency
decomposition (TFD), and machine learning (ML). The review revealed systematic trade-offs be-
tween interpretability, computational complexity, and adaptability. STMs offered robustness to
noise and variability, making them suitable for real-time applications [52-54]; LNR provided clar-
ity but limited expressiveness for nonlinear dynamics [55, [56]]; TFD models excelled at repre-
senting transient, nonstationary processes like SEMG spectral shifts [57]]; and ML models captured
high-dimensional patterns but demanded large, curated datasets [58-61[]. These insights generalize
well to modeling of hand neuromechanics. Stochastic models remain critical for handling noisy
signals such as SEMG and accelerometry, particularly under fatigue or during free-form move-
ment [53]|62]]. TFD models are ideal for analyzing time-varying muscle activations during repeti-
tive or reactive hand tasks [57]. Machine learning, especially neural networks and decision trees,
enables modeling of nonlinear relationships between multimodal sensor data and inferred motor
states [59,|60], though careful tuning, feature selection, and training data diversity are essential to

avoid overfitting and ensure generalizability. Linear regression and generalized linear models still



serve as valuable baselines and interpretable tools, particularly when modeling simpler movements
or known biomechanical relationships [55} 63]].

Signal preprocessing is a key determinant of model performance. Across the studies reviewed,
preprocessing techniques such as normalization, feature selection, signal filtering, and artifact re-
moval were critical to improving model robustness [54, 60, |64]]. Signals from sSEMG sensors were
often band-pass filtered in the 20-450 Hz range to retain meaningful motor information while
reducing electrical noise [58| 65]. Feature extraction techniques—such as mean absolute value,
zero-crossing rate, and spectral entropy—enabled dimensionality reduction while preserving rel-
evant physiological variance [66, |67]]. For neuroimaging and high-dimensional inputs, principal
component analysis (PCA) and independent component analysis (ICA) were frequently used [63,
68|]. Data augmentation strategies such as jittering, time-warping, and spatial transformations were
employed to enhance generalization, especially in ML-based studies [69, [70]].

Model evaluation typically used cross-validation techniques, including k-fold (commonly 5-
or 10-fold) and leave-one-out strategies, to test model generalizability [61, 71-73]. When dealing
with imbalanced outcome classes—such as rare fatigue episodes or skill regression—resampling
methods like SMOTE or bootstrapping were used to improve class representation [S3, 55, 57].
Missing data were handled through imputation, ranging from simple mean-substitution to multiple
imputation for longitudinal or multimodal datasets [59, 65, |74].

Importantly, computational constraints also shaped model choices. STM and GLM frame-
works demonstrated scalability with relatively modest computational overhead [51} 53, 71]]. TFD
models, especially wavelet-based methods, offered favorable trade-offs between performance and
complexity for frequency-rich signals like SEMG or EEG [52, [75]. ML models, while powerful,
often incurred high memory usage and time complexity proportional to sample size, feature count,
and network depth—making them less suitable for edge-device deployment unless optimized [|69,
76]]. From these findings, several broader conclusions emerge for hand neuromechanical model-
ing. First, modeling frameworks must be tailored not only to task demands but also to the nature of

available data: simpler models may outperform complex ones when data are sparse or noisy [aline,



'/'7]. Second, combining structural priors from biomechanics with data-driven adaptation (e.g., hy-
brid or warm-started models) enhances both interpretability and adaptability [/8]. Third, effective
preprocessing and feature engineering remain foundational to model robustness, regardless of the
algorithm [54]].

In hand-specific applications—such as assistive robotics, rehabilitation, and haptic skill train-
ing—these principles underscore the importance of computational frameworks that are physio-
logically grounded, robust to variability, and feasible for real-time implementation [79} 80]. The
models introduced in this dissertation—NeuroSiGHT, NeuroMERGE, and NeuroGAIN—build on
these insights by fusing structured neuromechanical priors with data-driven inference to enable

robust estimation and control of hand neuromechanical states across diverse task conditions.

1.3 Implications for Hand Assistive Devices

The integration of computational neuromechanical modeling into the design and control of
hand assistive devices offers significant opportunities for enhancing their function across both
clinical and non-clinical domains. These devices—ranging from wearable robotic exoskeletons
to haptic feedback systems—must interface with the highly dynamic and individualized neurome-
chanics of the hand, as depicted