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Abstract

Modern power assistive technologies, neuromuscular rehabilitation engineering, and haptic research have all en-
tered into a new age thanks to wearable exoskeleton robotics. Exoskeleton robots, which range from fully passive
to fully active-assisted movements, have become an important instrument for assisting industrial employees and
stroke rehabilitation therapy. Further technological advancements in this realm should continue to increase the
upper limb functionality needed for activities of daily living (ADLs). Although exoskeleton technology is rapidly
developing, interdisciplinary research is still required to address technological issues such as designing efficient
power sources, evaluating human-robot interaction, estimating user intent, and developing control systems.

This thesis presents: 1) a scalable musculoskeletal (MapleSim Biomechanics) model for the dynamic sim-
ulations of movement, 2) an advanced high-fidelity human-exoskeleton multibody biomechatronic model, 3)
a novel design for an efficient active-passive power source for wearable portable robots, 4) a human intent
machine learning estimator using surface electromyography (sEMG) biological signals as input, 5) an efficient
assist-as-needed (AAN) hierarchical control scheme of upper-limb power assist exoskeletons, and 6) a short-term
experimental human-in-the-loop (HITL) evaluation of sEMG-based machine learning-driven hierarchical control
of active-passive exoskeleton.

A musculoskeletal (MSK) model is a valuable tool for assessing complex biomechanical problems, estimating
joint torques during motion, optimizing motion in sports, and designing exoskeletons and prostheses. This
study proposes an open-source upper body MSK model that supports biomechanical analysis of human motion.
The MSK model of the upper body consists of 8 body segments (torso, head, left/right upper arm, left/right
forearm, and left/right hand). The model has 20 degrees of freedom (DoFs) and 40 muscle torque generators
(MTGs), which are constructed using experimental data. The model is adjustable for different anthropometric
measurements and subject body characteristics: sex, age, body mass, height, dominant side, and physical
activity. Joint limits are modeled using experimental dynamometer data within the proposed multi-DoF MTG
model. The model equations are verified by simulating the joint range of motion (ROM) and torque; simulation
results have a good agreement with previously published research.

As an alternative to static optimization for resolving the redundancy issue in inverse muscle models, we
proposed a new machine learning method. A recurrent neural network (RNN) was optimally configured, trained,
and tested to estimate the pattern of muscle activation signals. Five biomechanical variables (joint angle,
velocity, acceleration, torque, and activation signal) were used as inputs to the RNN, while the outputs were
sEMG signals. The proposed approach permits a fast and direct estimation ability instead of iterative solutions
for the inverse muscle model. It raises the possibility of integrating such a model in a device for functional
rehabilitation and sports evaluation devices with real-time estimation and tracking. This method provides
clinicians with a means of estimating sSEMG activity without an invasive electrode setup.

Designing the exoskeleton actuation is challenging and time-consuming due to closed-kinematic loops in the
3D human-exoskeleton multibody model, complicated interactions, and interdependent selection of power trans-
mission features. This research proposes a process for dynamic syntheses of passive and active assistive shoulder
exoskeletons. First, a multibody model was developed using six components: an upper-body musculoskeletal
model, an optimal controller, the exoskeleton’s structure/mechanism, a passive mechanism, a powered actuator,
and an assistance model. The system design was optimized by choosing features of the passive mechanism and
exoskeleton motor such that the human joint active torque, power, muscle metabolic energy expenditure, and
actuator electricity consumption were minimized. The resultant optimized active-passive exoskeletons allow for
the creation of lighter and smaller wearable robots that reduce the user’s muscular activation torque for the
tasks being studied.

To estimate the human intent, motion, and force/torque in the high-level controller, a machine learning
model for the regression of interrupted sEMG signals to future control-oriented signals (e.g., robot’s joint angle
and assistive torque) of an active biomechatronic device is proposed. The regression models, collectively known
as MuscleNET, take one of four forms: artificial neural network (ANN), RNN, convolutional neural network
(CNN), and recurrent convolutional neural network (RCNN). Inspired by conventional biomechanical muscle
models, delayed kinematic signals were used along with sSEMG signals as the machine learning model’s input.
The results indicated that the RNN (with filtered sSEMG signals) and RCNN (with raw sEMG signals) models,
both with delayed kinematic data, can extract underlying motor control information (such as joint activation
torque or joint angle) from sEMG signals for pick-and-place tasks. The CNNs and RCNNs were able to filter
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raw SEMG signals. The RNN with a 0.1-second prediction horizon could predict the control-oriented joint
angle and assistive torque with 92% and 86.5% regression accuracy, respectively, on the test dataset. This
proposed approach permits a fast, predictive, and direct estimation of control-oriented signals, instead of an
iterative process that optimizes assistive torque in the inverse dynamic simulation of a multibody human-robot
system. Training with these interrupted input signals signi cantly improved the regression accuracy in the case

of sEMG signal disconnection. This robust predictive control-oriented model (RobustMuscleNET) can support
volitional high-level myoelectric-based control of biomechatronic devices such as exoskeletons, prostheses, and
assistive/resistive robots. The RNN model with Itered SEMG and delayed kinematic signals is particularly
appropriate for applications in musculoskeletal simulation and biomechatronic device control.

A closed-loop human-robot system requires the development of an e ective robotic controller that considers
models of both the human and the robot, as well as the human adaptation to the robot. Doing so requires optimal
coordination with the central nervous system (CNS) that manages the MSK. To develop an AAN upper-limb
controller and assess human-robot interactions, we compared AAN-proportional rule, AAN-computed-torque
method (CTM), AAN-fuzzy logic rule, and AAN-model predictive control (MPC) frameworks. The human-
robot adaptation was simulated using a nonlinear model predictive control (NMPC) as the human CNS for
the three conditions of initial (the initial session of wearing the robot, without any previous experience), short-
term (the entire rst session, e.g., 45 minutes), and long-term experiences. The results showed that the desired
strength of the robot should be increased gradually to suppress unexpected human-robot interactions (e.g., robot
vibration, human spasticity). Although both controllers derived the necessary torques for following the target
shoulder joint trajectories and desired assistance strength, from experimental testing with a human participant,
model-predictive control was able to outperform the CTM control in the presence of a substantial control loop
delay, but at a greater computation cost.

This research studied exoskeleton control challenges, developed a test framework for evaluating a new active-
passive shoulder exoskeleton, and proposed an SEMG-based human-robot cooperative control method to carry
out the wearer's movement intentions. The active-passive assistance was compared with fully-passive and fully-
active exoskeletons using the following criteria: 1) post-test personal survey, 2) load tolerance duration, and 3)
computed human active torque, power, computed metabolic energy expenditure using SEMG signals and inverse
dynamic simulation. The experiments outcomes showed that active-passive exoskeletons required less muscular
activation torque (50%) from the user, and reduced fatigue duration indicators by a factor of 3, compared to
fully-passive ones.
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Chapter 1

Introduction

1.1 Motivations and objective

One-third of all work-related injuries and disorder cases involve musculoskeletal diseases (MSDs) [1]. The upper
extremities in particular constitute one out of every ve MSD [1] cases. Work-related MSDs of the upper
extremities, particularly the shoulders, are common amongst Canadian workers [2{6]. According to reports,
the prevalence of shoulder and arm pain is around 30%, making it one of the most prevalent regional pain
syndromes [1]. One reason for this prevalence is that long-term muscular contractions tend to reduce blood ow
and worsen exhaustion, in which static positions and manual force applications are necessary when lifting the
weight of hand tools while performing overhead activity.

Due to the human shoulder's intricacy and the demands that can be placed on it, they are vulnerable to
sprains and strains, especially when there is an excessive amount of overload placed on them [5, 7, 8]. Moreover,
injury risks and MSDs at the shoulder location can have a causal link with cumulative exposure to overhead
postures and shoulder joint elevations greater than 60 degrees [5, 9]. Object manipulation or manual handling
(heavy lifting, pushing, tugging, holding, and carrying), working overhead, maintaining awkward postures,
repetitive motions, and vibration are a few of these signi cant occupational exposures [7, 10{12]. Multiple
occupational exposures raise the likelihood of shoulder issues [12]. The hands, elbows, shoulders, and back are
the areas most frequently impacted by occupational exposures. For instance, in one US state, the total medical
and insurance costs of all shoulder MSD claims with more than 7 days of lost work over 5 years were projected
to be $457 million [13]. Upper extremity assistance is becoming increasingly important in a variety of industries,
especially in regards to reducing work-related physical stresses [5, 14].

Muscle weakness, lack of speci ¢ joint control, joint sti ness, and aberrant synergy are all the main contrib-
utors to upper limb impairment following stroke [15]. The elbow and shoulder joints' ability to move in exible
unison is also compromised. For the rehabilitation of weak or stroke-a ected limbs, movement disorders, or even
just to increase muscular strength, a person may need an assistive device [16]. This is because when a person
has a mobility issue, their capabilities are still restricted, which thus lowers their quality of life even more [17].
Physical rehabilitation involves using orthoses and physiotherapy to enhance the functionality of the injured
limb [15, 16]. Although physiotherapy sessions may be bene cial, there is still a high likelihood for the incorrect
movement of body parts if these movements are conducted manually in physiotherapy [16, 17].

Some animals, like turtles and crabs, have an external structure that is often termed as an exoskeleton.
Their exoskeleton often serves as a protection mechanism from its environment and other species. It can also
serve as a desiccation-preventing watertight barrier, a sensory organ, and a point of attachment for muscles
[18]. Scientists were inspired by this animal biological structure and so, they designed a structure with joints
derived from actuators or passive mechanisms, and linkages similar to the human body [19, 20]. Upper extremity
exoskeletons, as biomechatronic systems, are interfaced with the user to supplement, replace, or amplify motor
function [21]. By design, exoskeletons can supplement weak, ine ective, and injured muscles, joints, and skeletal
parts caused by MSDs or a neurological disorder [19, 22]. In e ect, an exoskeleton system is a brand-new form
of intelligent human-machine system centered on a human [18]. It blends the abilities of both humans and
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machines, hence enhancing their capabilities. As a result, the human-exoskeleton system performs at a higher
level than either can do alone. Human-exoskeleton systems have broad areas of application, such as power
ampli cation in industrial settings, compensation for neuromuscular dysfunction or post-stroke rehabilitation,

and assistance with ADLs for persons with disabilities.

The concept of an exoskeleton dates back to the late 19th century. However, it was not until the 1960s
that a practical prototype was operated in a master-slave con guration for use in the military to improve the
wearer's strength and performance [23]. Afterward, upper limb exoskeletons with a human-robot interaction
(HRI) concept were developed. The various biomechanic engineering elds have paid close attention to the upper
limb exoskeletons utilized for di erent applications, throughout the past two decades. As a result, exoskeleton
systems are becoming more signi cant as a potential tool for physically disabled or weak persons. However,
despite their high utility and rising demand, HRI, mechanism designs, and control systems are still di cult to
implement in upper limb exoskeletons [19].

Extensive study and development have gone into exoskeletons that facilitate the movement of di erent
human joints. So far, rapid advancements in mechanical and electronic engineering, automation technology,
biology, and material science have all contributed to the development of exoskeleton systems. These devices can
either have 1-DoF, such as to help facilitate elbow exion/extension, or multiple-DoF, such as to help facilitate
shoulder joint movement. The kinematic con guration, ROM, control system, and power transmission are some
of the variables that a ect the exoskeleton's complexity and physical capabilities [24]. The selection of these
components give the exoskeleton characteristics that must be assessed in its design. Any incorrect con guration
would have a detrimental impact on the user, such that it could prevent extended and continuous use of the
device. The most important considerations in an ergonomic exoskeleton system are mechanical design and
kinematic analysis [25]. Weight, safety, portability, and comfort are also a few notable characteristics [24].

Exoskeleton robots are well known to be highly intricate wearable systems, and several engineering techniques
have been employed to enhance the HRI. The three main areas of study that profoundly in uence HRI are: 1. For
better HRI, exoskeleton kinematic structures are created by taking into account complex biological properties
and activities [26]; 2. The compliance/sti ness factor must be considered while selecting the actuation mode
and power transmission [27]; 3. Most of all, the HRI is impacted by the control method used [28].

1.2 Challenges

~ Portability and weight:

The exoskeleton's portability increases with decreasing exoskeleton weight [29]. The device must be small,
simple to use, and maneuverable, in order for the user to move around without restriction and excessive
fatigue. Consequently, only the necessary DoF for the required mobility should be included in the system,
which would then lessen its complexity. Some actuators and the power source must be placed far away from
the injured joint [30]. Combining the device components in easy-to-wear clothing is another critical step to
achieving portability. A lightweight power source with more battery life is also essential for extended usage
periods [24]. Researchers are trying to implement regeneration technology into the exoskeleton system to
restore energy from negative power motion [31].

Power source selection:

A crucial factor that designers and manufacturers should take into account during the design and building
phases is the suitable choice of actuators for the upper limb exoskeleton. Although it also relies on the
intended application, the suitable choice of actuators in the design is crucial because it tends to add weight
to the exoskeleton structure. Therefore, one should choose an actuator with a high power-to-weight ratio
(PWR) and the capacity to generate high torque with accurate movement [32].

Any joint in the body requires a signi cant amount of energy to function. To build lightweight exoskeletons
with su cient force/torque to move the joints, it is crucial to use actuators with a high PWR. Actuators
typically need to be optimized in order to increase the PWR due to the constrained space in an exoskeleton
and the high torques needed for its functioning [33]. If possible, the inertia in operation and the weight
of the actuator and power supply should be decreased to prevent uncomfortable loads for the user. Thus,
it is important to incorporate passive components into the design to reduce the number of actuators.
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Figure 1.1: The diagram of HREI structure. The force/torque and the signals are in blue and black, respectively. The
dashed line may connect or not, based on the situation of object handling, installed sensors, type of sensors, and place
of sensor installation.

Based on the sources of force/torque, the exoskeleton design is divided into three categories: fully passive,
fully active, and active-passive. A fully passive mechanism system usually stores potential energy from
human motion [26, 34]. Compared to other categories, it is less sophisticated in terms of sensing and
control. However, it is portable, safe, economical, and requires less maintenance [26, 34, 35]. Instead
of supplying an assistive torque through a xed function of joint angle (fully passive), active (powered)
exoskeletons supply torque as a variable function of time using actuators such as an electric motor, a
hydraulic cylinder, or a pneumatic arti cial muscle [34, 36]. Since the net torque depends on the active
component, the energy source and the used actuator must be powerful. As a result, active (powered)
exoskeletons are big, heavy, xed in place, expensive, and have a low PWR [37].

Sensing, sensor fusion, and interpretation:

To e ectively collect the status information of the full human body and the exoskeleton system in real-time,
various critical issues must be addressed. Kinematic, kinetic, and bioelectric feedback signals that measure
the characteristics of human motion are the three broad categories of perceptual signals [19, 38, 39]. Every
sensor has drawbacks. Numerous studies have attempted the fusion of multiple sensors as a means of
intention acquisition to overcome their limitations.

Integratable sensor modules are now readily available on the market for practically all types of electrical
actuators, and can accurately predict the characteristics of the robot. However, identifying the exact
human intent is crucial for controlling active exoskeletons [40]. Control failure is heavily in uenced by the
human operator's inability to produce real-time input to the machine while it is operating. Establishing a
relationship between physiological and physical parameters and the bioelectrical signal is vital [19, 38, 39].
It is thus necessary to use sophisticated algorithms to extract helpful brain information [41]. So far, the
biomimetic bioelectrical-based controller shows smooth and natural movements [42{44].

Design and optimization using models:

Designing exoskeletons using human biomechanics could result in safe and obedient HRIs [45]. In order to
analyze the impact of the upper limb exoskeleton and ultimately evaluate and perhaps optimize the robot
design, a thorough MSK model is needed. The MSK model enables researchers to investigate, assess, and
possibly optimize the mechanical design by incorporating HRI. The human MSK system has been studied
and modeled in an e ort to comprehend it better. The human MSK system can be analyzed kinematically
and dynamically using a variety of techniques, which provide access to pertinent biological information
such as the response forces of the MSK system [46].

Performance assessment using models:

So far, it is unclear how a robotic exoskeleton would a ect the human body, especially how it will a ect
safety, ergonomics, and health care [47]. The robotic exoskeleton system cannot only be assessed using



common performance indicators or testing procedures [19]. It is necessary to establish special testing
processes that consider safety and HRI.

In addition, the wearer can adapt to the robot dynamics and the controller in the long term. The
exoskeleton system's performance inherently depends on how the human may be adapting to the device.
It would be useful to consider the human adaptation to the robot in the exoskeleton controller [28].

Human{robot interaction:

Humans and robots have a symbiotic relationship that goes beyond primary physical contact [48]. By
implementing new mechanisms, modalities of actuation, and control strategies, several solutions have
been implemented to enhance the connection between the human and exoskeletons [49]. In contrast to
autonomous robots, the HITL control technique is the main focus of exoskeleton systems (Figure 1.1).
However, it is di cult to fully or partially implement such a control loop [28, 50]. The challenges in devel-
oping such a control approach include cooperation and function allocation, human-exoskeleton information
interchange, real-time motion planning, and safety control.

1.3 Thesis outline

Motivated by these challenges, this thesis research aims to support the active-passive actuation and automated
control of next-generation robotic exoskeletons for real-world occupational assistance. Chapter 2 reviews the
state-of-the-art in 1) the development of a scalable biomechanical MSK model according to anthropometric
values and subject body characteristics (section 2.1); 2) the requirement(s) of developing a method to estimate
EMG signals from kinematic and dynamic data for biomechanical analysis (inverse dynamic musculoskeletal
simulation), post-rehabilitation analysis, sports engineering/optimization, functional electrical stimulation con-
trol, and assessment and biofeedback (section 2.2); 3) recent model development, design, and computational
evaluation of active-passive actuators (section 2.3); 4) neuromuscular sensing and the machine learning intent
estimation methods as high-level controllers of the active component of exoskeletons (section 2.4); 5) recent
AAN automated mid-level control of power assist exoskeletons (section 2.5).

Chapter 3 presents the development details of the MSK (MapleSim Biomechanics) model, which is a valuable
tool for assessing complex biomechanical problems, analyzing injuries, estimating joint torques during motion,
optimizing motion in sports engineering, as well as designing exoskeletons and prostheses. This chapter proposes
an open-source upper body MSK model that performs biomechanical human motion analysis. The MSK model
of the upper body consists of 8 body segments (torso, head, left/right upper arm, left/right forearm, and
left/right hand). This model has 20 DoFs and 40 MTGs, which are constructed using experimental data. This
model is also adjustable for di erent anthropometric measurements and the subject body characteristics of sex,
age, body mass, height, dominant side, and physical activity. Joint torques are modeled using experimental
dynamometer data within the proposed multi-DoF MTG model. The model equations are veri ed by simulating
the joint ROM and torque; simulation results have good agreement with previously published research.

Chapter 4 presents a machine learning model that is proposed as an alternative to static optimization
for resolving the redundancy issue in inverse muscle models. A RNN was optimally con gured, trained, and
tested to estimate the pattern of muscle activation signals. Five biomechanical variables (joint angle, velocity,
acceleration, torque, and activation signal) were used as inputs to the RNN. The proposed approach permits a
fast and direct estimation ability instead of iterative solutions for the inverse muscle model. It also raises the
possibility of integrating such a model in a real-time device for functional rehabilitation and sports evaluation
devices with estimation and tracking. Hence this method allows clinicians to estimate SEMG activity without
an invasive electrode setup.

Chapter 5 presents a multibody model that was developed using six components: an upper-body muscu-
loskeletal model (chapter 4), an optimal controller, the exoskeleton's structure/mechanism, a passive mechanism,
a powered actuator, and an assistance model. The inverse muscle model in chapter 4 was used for the experi-
mental validation of the developed multibody model.

Chapter 6 proposes a process for the dynamic syntheses of passive and active assistive shoulder exoskeletons,
which was modeled in chapter 5. The system design was optimized by choosing features of the passive mechanism



and exoskeleton motor, such that the human joint active torque, power, muscle metabolic energy expenditure,
and actuator electricity consumption were minimized. The desired motion was experimentally measured from
six tasks: frontal reaching, left to right reaching, overhead reaching, sagittal-plane object handling, frontal-plane
object handling, and over-head object handling. The dynamic synthesis processes resulted in lighter and smaller
wearable robots that reduced the user's muscular activation torque for the tasks being studied.

Chapter 7 presents a machine learning model for the regression of interrupted SEMG signals to future control-
oriented signals (e.g., robot's joint angle and assistive torque) of an active biomechatronic device. High-level
myoelectric-based hierarchical control of an active-passive exoskeleton (designed in chapter 6) is also proposed.
A RNN was trained using output data, which was obtained from the o ine optimization of the biomechatronic
(human-robot) device and then shifted by the prediction horizon. The input of the RNN consisted of interrupted
sEMG signals (to mimic signal disconnections) and previous kinematic signals of the assistive system. This
robust predictive control-oriented model (RobustMuscleNET) can support volitional high-level myoelectric-
based control of biomechatronic devices such as exoskeletons, prostheses, and assistive/resistive robots.

Chapter 8 presents the development of an AAN upper-limb controller and assesses human-robot interactions.
We compare AAN-proportional rule, AAN-CTM, AAN-fuzzy logic rule, and AAN-MPC frameworks in this
chapter. The goal of AAN is to provide the required extra torque because of the robot's dynamics and external
load compared to the human limb's free movement. As a result of the AAN framework, the robot provides
assistive torques that yield the movements desired by the user by measuring SEMG biomechanical signals. The
human-robot adaptation is simulated using an NMPC as the human CNS for three conditions of initial (the
initial session of wearing the robot, without any previous experience), short-term (the entire rst session, e.g.,
45 minutes), and long-term experiences.

Chapter 9 presents practical control challenges, the development of a test framework for evaluating a new
active-passive shoulder exoskeleton, and the proposal of a sSEMG-based human-robot cooperative control method
to carry out the wearer's movement intentions. This hierarchical control used control-oriented SEMG-based
intention estimation, a mid-level strength regulation, and low-level actuator control. It was applied to the
exoskeleton's shoulder joint elevation movement experiments to verify the controller's e ectiveness. The active-
passive assistance was compared with the fully-passive and fully-active exoskeleton using the following criteria:
1) post-test personal survey, 2) load tolerance duration, and 3) computed human active torque, power, and
metabolic energy expenditure using SEMG signals and inverse dynamic simulation. The experiments showed
that active-passive exoskeletons required less muscular activation torque from the user, and was 3 times more
helpful in terms of fatigue and operating duration.

Finally, chapter 10 reviews the contribution of this research, proposes some recommendations on improving
this study path, reviews current exoskeleton development challenges, and discusses potential future research
directions.



Chapter 2

Literature Review

This thesis combines the elds of human motion (i.e., the MSK upper extremity model) and mechatronics (i.e.,
the wearable robot) into a system known as biomechatronic systems. In this chapter, the state-of-the-art in
the following areas are reviewed: 1) development of a scalable biomechanical MSK model according to an-
thropometric values and subject body characteristics (section 2.1); 2) development of a method to estimate
EMG signals from kinematic and dynamic data for biomechanical analysis (inverse dynamic musculoskeletal
simulation), post-rehabilitation analysis, sports engineering/optimization, functional electrical stimulation con-
trol, and assessment and biofeedback (section 2.2); 3) recent model development, design, and computational
evaluation of active-passive actuators (section 2.3); 4) neuromuscular sensing and the machine learning intent
estimation methods as high-level controllers for the active component of exoskeletons (section 2.4); 5) recent
AAN automated mid-level control of power assist exoskeleton (section 2.5).

2.1 Musculoskeletal models

An MSK model is a valuable tool for evaluating complicated biomechanical problems [51], simulating and
evaluating injuries [52, 53], designing and controlling exoskeletons [19, 26, 27], prostheses [31], and rehabilitation
robots [54], estimating joint torques in a certain posture or during motion [52], predicting the outcome of
orthopedic procedures [52, 55], optimizing motion or tools in sports engineering [56], and studying the CNS for
optimal control [52, 57, 58]. The mechanical complexity of the musculoskeletal system necessitates the use of
computer models that are both su ciently accurate and reasonably e cient [53, 54, 59].

Skeletal and muscular elements are the two subsystems that make up the MSK system [43, 53]. Speci cally,
the bones and the connective tissues (such as cartilages and ligaments) make up the skeletal system. Skeletal
muscles are similarly organized in layers over the bones, with tendons connecting them to the bones so that
the forces created by the contractile components of the muscle bers drive the body motions [51, 52, 60]. The
activation of each muscle group causes one or more joints to move [58].

Most MSK models are mainly used for biomechanical simulation [53, 55] and not biomechatronics, i.e. they
cannot be readily utilized for mechanical tool design problems that involve human-tool interaction (e.g., golf
clubs [56], robotic mechanisms [26], exoskeletons [27], or bicycles [61]). The objective of this utilization is the
biomechanical analysis and synthesis stage of designed mechanisms [52, 55], deriving a muscle-driven model for
developing control frameworks for wearable robotic systems [19, 54], and integrating sensor information (e.g.,
SEMG, electroencephalography (EEG), IMU, camera) into control algorithms [19]. In addition, it is critical to
have an MSK model for real-time data collection, simulation, and visualization in virtual reality applications
with the patient in the loop [62]. One of the objectives of this paper is to develop a user-friendly adjustable
model to aid biomechanical analysis, incorporate external sensory data, investigate various optimal control
algorithms for the CNS, and optimize the design of sports tools, rehabilitation robots, and assistive devices.

Biomechanical MSK models are limited by measurement processes and the population on which they are
built [53, 63{65]. As a result, the model should not be used or studied outside of its intended use [66]. So far,
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multivariate analyses have been performed to assess the e ect of subject characteristics on peak isometric and
isokinetic strength. Consequently, multiple regression equations have been proposed for the strength prediction
from anthropometric values [67]. These values, along with subject body characteristics, on which the biome-
chanical musculoskeletal model relies, consist of sex, mass, stature, age, dominant side, and physical activity; in
particular, sex, body mass, and body height impact the anatomical locations, the COM, and inertia parameters
[68, 69]. Furthermore, sex [70], age [70{73], body mass [70, 74, 75], body height [70, 74, 76], dominant side
[71, 77{79], and physical activity [80] impact isometric and isokinetic strength of muscles and consequently
joints.

Apart from these anthropometric values and subject body characteristics, the amount of torque generated at
a joint is limited by the number of muscles, tendons, and joint constraints. Force-velocity scaling, force-length
scaling, nonlinear passive force production owing to ligaments and connective tissue around a joint, and muscle
activation dynamics are among the fundamental muscular constraints. These biomechanical constraints can
be either modeled with an anatomically-detailed muscle tension [81{83] or MTGs [84]. Complicated wrapping
geometry and redundancy should be taken into consideration when employing muscles [52, 53]. MTGs allow for
the reduction of multibody system models by directly approximating force-length-velocity curves and passive
components at the joint level (scaling torques using the joint kinematic biomechanical variable) [84]. We have
adjusted the MTG models to consider anthropometric values and subject body characteristics.

So far, MTG models have only been implemented on 1-DoF joints [56, 84{86]. In , McNally and McPhee
[56] used a weighted approach to combine the SAA with SFE torque [56, 87]. Recently, Bell and McPhee [38]
evaluated a coupling e ect of shoulder motions and developed a 2-DoF shoulder model. To date, multi-DoF
joints, e.g., torso, neck, or hip, have not been comprehensively modeled by MTGs.

To model and simulate human MSK systems, several commercial (e.g., AnyBody, ADAMS-LifeMOD, Mu-
JoCo, SIMM, SimMechanics, MapleSim) and open-source (e.g., OpenSim, MSMS, RBDL, BiomechZoo) multi-
body dynamics simulation software have been used [52]. Except for SimMechanics and MapleSim, it is chal-
lenging to use the above software for augmenting the human model with sports tools, active prostheses, or
exoskeleton models [52], especially when using hydraulic, pneumatic, or exible components such as bike tires
[61] or golf shafts [87]. MapleSim is based on symbolic computing and provides analytic derivatives when
necessary, such as for optimization or sensitivity analyses, whereas the other software mentioned are based on
numerical computation.

2.2 Inverse muscle models

Muscle contractions generate tension and, as a result, a moment about the human joint. Knowing the muscle
forces or activation signals during human movement can assist in understanding the underlying biomechanical
systems [89]. These analyses can improve movement performance, especially for athletes and patients [90].
Forward dynamic simulations of a given musculoskeletal model, driven via muscle activations, yield calculated
motions [57] (Figure 3.4). As depicted in Figure 3.4, rst, the raw SEMG goes through initial ltering steps

and a muscle activation dynamic model [91, 92]. Second, the resultant activation converts to muscle forces
using muscle contraction dynamics [91, 93, 94]. Third, the muscle forces convert to joint torque using the
musculoskeletal geometry model [95]. Finally, the joint torque is used in the forward dynamic simulation of the
torque-driven skeletal model to obtain the motion [96].

Conversely, the inverse dynamic problem yields either (I) muscle tensions or (1) SEMG signals from a prede-
ned kinematic motion, introducing a redundancy resolution problem [97{101]. This redundancy is due to the
number of participating muscles being greater than the number of joint degrees of freedom [102]. The redun-
dancy resolution problem is commonly formalized as an optimization approach to nd multiple muscle tension

combinations for a given joint torque [97, 98, ]. This optimization minimizes a function of muscle forces,
muscle activations, and/or metabolic energy expenditure [101, ]. Various static and dynamic optimization
formulations have been proposed by [57, 97, , , ] (Figure 2.1(a)). Generally, for model simpli cation of

the optimization problem, four assumptions have been considered [105]: (A) there is no prede ned history of the
co-contraction pattern for the modeled muscles (assuming previous values have no impact), (B) the maximum
muscle forces are unaltered by the muscle geometry, (C) muscles do not have dynamics and may produce any
tension immediately, and (D) the musculoskeletal system satis es a cost [97, , ] (which is a function of
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muscle stresses, muscle activations, or metabolic energy expenditure). However, the mentioned assumptions do
not support the observed nature of muscles [82, {109] as muscles follow a co-contraction pattern [110], are
de ned by a dynamic model [111], and have a geometry that impacts the maximum muscle forces [91, 93].
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Figure 2.1: Inverse simulation of a musculoskeletal system with multiple muscles, using (a) conventional two optimization
loops for estimation of muscle forces and activation signals, (b) machine learning model for muscle force estimation and
one optimization loop for activation signals, and (c) machine learning model for activation signals estimation.

In conventional dynamic approaches, muscle activations or EMG signals are determined by an optimization
algorithm (Figure 2.1(a)) [97, , ]. Concurrently, the muscle tensions and joint moments are calculated
by an EMG-driven model simulation. The optimization cost function is computed using a comparison of the
joint moments with desired joint moments, calculated by the skeletal model's inverse dynamic simulation [110].
No inverse muscle model is used, and optimization tries to nd the inputs of the forward dynamic muscle
model to achieve speci ¢ joint moments [112]. The issues here lie in our approximation of complex skeletal
muscle mechanics, which often requires modeling assumptions and sophisticated geometry/wrapping models
[95, , ]. Sensitivities and di culties in tting and identifying the relevant muscle parameters [114, 1,
in addition to uncertainties related to experimental data, add further challenges to this process [116]. Due to
the mentioned assumptions and challenges, the simulation results in estimated muscle activations that may not
be correct [117].

Machine learning is an instrument or model for solving complicated mathematical problems without know-
ing the analytical relationship between the inputs and outputs [118]. Supervised machine learning o ers an
alternative solution to the optimization, leading to the easing of muscle redundancy, complexity, and pattern
estimation of muscle tensions (or EMG signals) within a musculoskeletal model [118, ]. This methodology
substitutes the mathematical equations in musculoskeletal modeling with a network of interconnected arti cial
neurons imitating CNS function. Experimental data is used to train the model to nd the mapping from joint
moment time-series to a pattern of muscle tensions or EMG signals. This approach o ers a computationally
e cient method; however, it requires collecting and processing a signi cant amount of experimental data as well
as optimizing the machine learning model con guration for the highest prediction accuracy, mapping e ciency,
and real-time estimation ability.

Recently, machine learning models have been developed to estimate skeletal muscle tensions without explicit
modeling of the physical muscle behaviors [106{109, ]. Arjmand et al. [106] constructed ANNSs to predict
the trunk muscle forces required during static lifting. They used ve input variables: thorax exion angle,



load magnitude, the anterior and lateral distances of the reaching task, and the load handling technique. They
disseminated that ANNs are more accurate than a regression-based mapping of input-output relationships.
Cecchini et al. [107] also used ANNSs to predict muscle force patterns for an athlete cycling. They validated the
ANNSs against an independent validation set and compared two alternative approaches using the Bland-Altman
method [107]. Vilimek [109] used an ANN model for estimating the musculotendon forces around the elbow joint
during a exion/extension movement. Here, the network model's input parameters were the morphological and
anatomical musculotendon parameters as well as the measured activation level. The author used that ANN for
one speci ¢ muscle, which showed better results than the ANN for general muscles [109]. Instead of the previous
ANN models [106, , ] for considering the dynamic temporal relationships of the muscle forces, which is
a time-series forecasting problem, recurrent deep neural networks (RDNNSs) have been used by Dao [108]. Dao
[108] used a long short-term memory model as an RDNN to approximate muscle forces from kinematic data.
Rane et al. [118] trained a convolutional neural network on a set of kinematic, kinetic, and electromyographic
measurements from 156 subjects to predict the muscle internal force magnitudes.

Many previous studies [106{109, ] have predicted muscle tensions only and not activations in their
solutions to the muscle redundancy problem. However, the inverse muscle model was not evaluated using the
machine learning model in these previous studies (Figure 2.1(b)). Commonly, using the previous solution of the
estimated muscle tensions, a second optimization problem should be used to estimate the muscle activations
since there is no inverse dynamic model of the muscles. Providing an inverse dynamic model of the muscles
with inputs of joint moments and outputs of activation variables can o er the ability to compare the subject's
EMG signals via estimated activation signals. This inverse model completes the inverse dynamic simulation of
the skeletal model for biomechanical analysis, post-rehabilitation analysis, and sports engineering/optimization.

A successful study by Gonzalez-Vargas et al. [120] developed a predictive model to generate muscle-speci ¢
excitation patterns for a given locomotion condition (i.e., speed and elevation) and a set of weightings charac-
terizing the condition. However, the proposed pattern regression was used for cyclic gait and required subject-
speci ¢ muscle weightings. To date, a couple of studies predict muscle activations using ANN machine learning
and di erent kinds of kinematic or kinetic input signals [121{124]. Since the ANN's performance deteriorates
with small variations in data, Sekiya et al. [125] used the linear logistic regression model, but its generalization
performance is limited. Recently, Nasr et al. [38] demonstrated that RNNs could outperform ANNs (forward
networks) for direct muscle modeling (EMG to biomechanical signal). We plan to use an RNN to predict muscle
activities from biomechanical signals (inverse to the forward model in [38]). To the best of our knowledge,
the inverse muscle model using the recurrent machine learning method is novel and proposed for the rst time
(Figure 2.1(c)).

2.3 Passive and active exoskeletons

The exoskeleton design splits into three categories based on sources of assistance: fully passive, fully active, and
active-passive.

Passive exoskeletons are equipped with a mechanism to store potential energy from human motion for future
use [26, 34]. For example, upper limb passive exoskeletons are mostly meant to unload the weight of the arm and
any lifted tool while the arm is elevated, decreasing muscular strain [126]. The mechanism is assembled from
a spring [26, ], an elastic band [128], a counterweight [129, ], or composed of a pneumatic cylinder for
gravity compensation [131, ]. The main advantages of entirely passive exoskeletons include being lightweight,
portable, safe, a ordable, high torque-weight ratio (TWR), less complex concerning sensing and control, and
requiring less maintenance than other categories [26, 34, 35, , ]. Consequently, a signi cant interest
in studying, developing, commercializing, and utilizing passive industrial exoskeletons does exist [34, 37, 1.
On the other hand, passive devices are limited to providing a consistent torque pro le for gravity-concerned
movements only [14, 26, 34, ]. However, the user may exert even more e ort with a passive exoskeleton than
without for some problematic dynamic activities [47].

On the contrary, active (powered) exoskeletons supply an assistive torque through a exible function of
time instead of the constant function of joint angle [26, 34]. The assistive force/torque is achieved through
a controllable component such as an electric motor, a hydraulic cylinder, or a pneumatic arti cial muscle
[19, 35, 36]. This actuator controls via a sophisticated control algorithm that requires various types of sensors and
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energy sources [19, 28, 36, , {140]. Since the total torque source relies on an active component, the utilized
actuator and the energy source should be powerful and, consequently, are bulky, heavy, irremovable, expensive,
and have a lower PWR [37]. Increased device bulk and inertia resulting from heavier motors and battery
packages would necessitate more e ort from the human body, lowering motion e ciency through increased
metabolic power use [141].

To mitigate the issues of active and passive exoskeletons, some devices use a combination of active and passive
power transmissions [129, {146]. As a de nition, an active-passive exoskeleton simultaneously has both active
and passive power sources for at least one joint. Essentially, passive mechanisms contribute to lowering the size,
weight, and required active torque, advancing the portability [14, , ]. The motor primarily provides extra
assistance and may be used in negative work harvesting like electric vehicles [31, ]. Speci cally, the operating
time of an active exoskeleton robot can be increased by more than 20% thanks to an energy harvesting module
[148]. Recently, this combination transmission system has been conceptually studied as semi-active, semi-
passive, or quasi-passive on lower-limb [131, , , {152], upper-limb [127, , , , ], and spinal
[136] wearable robots. Using the combined systems (especially the rotational inertia) may decrease the angular
velocity and acceleration of the user by more than 60% [154]. Controlling the active component of this combined
system requires considering the interaction with the human [28], the motor control (activation) delay [129], and
understanding the dynamics of both systems. We aim to evaluate a fully passive, fully active, and active-passive
shoulder exoskeleton and compare them for the speci ¢ task.

Designing the power transmission source for an exoskeleton requires a deep understanding and broad con-
sideration of both human and robot systems via di erent criteria. In designing exoskeletons, several research
studies employed multibody dynamic models of human limbs that are kinematically constrained to the exoskele-
tons' structure [26, ]. Regarding the redundant actuation in these multibody human-exoskeleton models,
various cost functions were optimized in the designing process [14, 26, ]. These optimization variables are
classi ed into (I) kinematic, (II) dynamic, and (lll) biomechanics parameters.

Examples of the kinematic variables in the optimization are the dimensions of the exoskeleton and the
kinematic t to subjects via geometric parameters [156], the linkage dimensions of the exoskeleton to maximize
the force transmission to the wearer [157], or motion/task-based optimization [158, ]. The dynamic parameter
optimization for active exoskeletons is motor torques, or for passive exoskeletons, the characteristics of the spring
within the passive mechanism [14]. In this scenario, the optimization goal was to reduce human e ort in the

form of joint (cumulative and peak) torques [3, 26, , ], powers [8, ], joint reaction force [163], and
muscle forces [3, ]. An example of a biomechanics parameter in optimization is muscle fatigue, which is
reduced [127, , ] or, speci cally, muscle activity measured through electromyography [142, , , ].

We aim to design the system by concerning human variables (e.g., joint torque, active torque, activation signal,
and power) and robot properties (e.g., the power, the inertia, and the dimensions of the actuator).

The model-based optimization utilizes a dynamic model expressed by nonlinear problems using forward
dynamics simulations of the multibody human-exoskeleton model [164] and an optimal controller as the human
CNS [166]. Note that the exoskeleton's controller is introduced in section 5.2.5. The forward and inverse
dynamic simulations utilize two equations classi cations according to exoskeletons' joints/axis con guration and
requirements. The rst classi cation is the ordinary di erential equation (ODE) that are used for multibody
models in which the exoskeleton joints/axis coincide with the human joints [155]. The exoskeleton link can
be grouped with human segmental bodies and simplify the multibody model [155]. The second classi cation
is the di erential-algebraic equations (DAES) that are used for the multibody system with misaligned human-
exoskeleton respective joints (primarily for higher than 1-DoF joints, for example, 3-DoF shoulder joints) [14,

, , ]. Using DAE instead of ODE can provide the opportunity to measure and evaluate human-robot
interaction forces/torques. Due to the formed closed-loop kinematic chains in the multibody human-exoskeleton
model, the governing equations are DAEs within additional interaction dynamic and the kinematic constraints
model than the motion equation [14, 26, 46, ]. However, solving the DAEs is challenging, time-consuming,
and not straightforward. We aim to introduce the framework for designing exoskeletons using DAEs.

To the best of our knowledge, the literature has not supplied clear guidelines to design and optimize of
complex fully passive, fully active, and active-passive systems alongside using a complicated human-exoskeleton
interaction model. First and foremost, this research aims to create dynamic analysis techniques that may be
used to construct and customize an upper limb exoskeleton for a speci ¢ worker or patient. The second objective
is to decrease the user's e ort by choosing motor and passive element characteristics. For task-based designing
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Figure 2.2: The essential components of the human-robot system. The human consists of the CNS (modeled using NMPC
[166]), neural control (previously modeled by MuscleNET [38, 1), muscle (modeled using the MTGs of human model),
and skeletal system. The robot consists of mechanical and electrical hardware. The essential electrical components are
wearable wireless SEMG sensors and the receiver (Delsys Inc, Boston, MA), controller, adaptor, BLDC motor, emergency
stop, and power supply. The EVO (Ekso Bionics Holdings Inc, California, USA) upper limb exoskeleton is used as a
wearable device with three levels of passive assistance.

and optimization, the data were recorded from participants doing functional activities.

2.4 Neuromuscular sensing and estimation

The state-of-the-art control of biomechatronic devices, such as robotic exoskeletons, prosthesis, and rehabilita-
tion systems, employs a hierarchical design (high, mid, and low-level controllers [171, ]) for rehabilitation,
power augmentation, and arti cial replacements of body segments [19, 38]. The high-level controller is in charge
of interpreting the user's motion [54] or the wrench employed by the user (torque and force) [38, ]
The mid-level controller considers the determined intended motion or wrench from the high-level controller and
regulates the biomechatronic actuators according to the human-robot interaction model and assistive/resistive

regulations [38, ]. The low-level controller is in charge of decreasing the actuator error.

The high-level control system may use human motion prediction as one of the feedback signals [54, ]. To
predict human motion, the three main categories of signals used are kinematic (position, velocity, or acceleration)
[174], kinetic (force or torque) [175], and bioelectric signals (cognitive human-robot interaction) [19, 54, ]-
Bio-signals are one of the principal inputs of high-level controllers embedded within biomechatronic devices,
rehabilitation robots, prostheses, and exoskeletons [19, 39, 54, , ]. Amongst bio-signals, EMG, the

measurement of the electric potential di erence triggered by the nervous system to command muscle contraction,
has demonstrated potential in illuminating human motion intention for controlling biomechatronic devices [19,

, 39, ]. Myoelectric control of biomechatronic devices has encouraged the study of more advanced sEMG
control algorithms [180]. Accordingly, two main strategies have been used: (a) detailed muscle modeling and
(b) machine learning methods.

One way to convert the sEMG signal to the muscle joint torque is to use a biomechanical muscle model. The
most commonly used model is the three-component model, which takes inspiration from the lumped-parameter
model developed by A.V. Hill for active and passive muscle tension behavior [82]. However, including a general
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muscle model within a multibody model introduces various shortcomings such as muscle redundancy, a need
to specify complex musculoskeletal geometry such as intricate muscle wrapping pathways and, di cult-to- t
parameters for each muscle, along with sensitivity to these additional parameters. One method that alleviates
the muscle geometry, complexity, redundancy, and interpretation of SEMG signals within a control framework
uses a machine learning model trained by experimental data.

The output of the machine learning method can be categorized into two groups: (A) a set of decisions,
classes, or conditions [181{188], and (B) a data-driven kinematic or kinetic prediction value (regression-based)
[189, ]. The set of classes is usually used for state control and requires a large window of data to make the
precise prediction class. Speci cally, classi cation is a post-processing technique that requires the motion data
after the motion task is completed. Thus, the regression method has superiority over classi cation method in
terms of real-time processing. The regression-based schemes provide the capability of independent, simultaneous,
real-time, and volitional control of each DoF. Recently, the regression of SEMG signal to biomechanical signals
(human joint angle, velocity, acceleration, and torque) has been studied using machine learning models [191{194].

From the general input perspective, the machine learning models fall into two groups: (1) the single instan-
taneous value of the sEMG signal [195] and (2) pattern recognition techniques (discovering regularities in the
pattern of the data) [39, , , ]. Due to the sEMG signals' stochastic and time-varying nature, sSEMG
signal windows are utilized for pattern recognition instead of a single instantaneous value. The insu cient and
stochastic nature of raw SEMG signhals may be solved partially by using a considerable amount of training data
and a complex machine learning model.

Transformation of a set or a window of SEMG data into a more readily implemented decreased set of features
often uses two methods: (1) feature engineering and (2) machine learning. Feature engineering method's
performance relies on the choice of features for extracting discriminative information from the SEMG data
[185, {203]. Since the sEMG signal contains temporal or spectral information, the learning algorithms
should not rely on speci ¢ and limited features. On the other hand, the deep-learning solution uses a hierarchy
representation, which learns complex features by con guring and extracting stacks of features [204]. Deep
learning architectures, like RNNs, CNNs, and RCNNs, are primarily used in image analysis or processing [205],
speech recognition [206], and recently, bioinformatics [207].

Owing to the CNN's broad feature learning capability, they have become the most popular deep learning
architectures that can perform classi cation or regression using multi-dimensional data [208]. Lately, CNNs
have been applied in SEMG-based classi cation of hand or wrist gestures [181, , , , , ], and
limitedly in SEMG-based regression [211, ]. Bao et al. [211] used a CNN for wrist multi-DoFs kinematics
estimation. Ameri et al. [213] introduced a regression-based CNN that was developed for real-time SEMG based
estimation of simultaneous wrist motions.

The RCNN is a particular type of CNN and can mine sequential data or time-frequency information. Chen
et al. [189] used an RCNN as sEMG-to-Force mapping for multi-DoFs nger force prediction. They made
signi cant improvements to the prediction results with an RCNN consisting of LSTM networks. Moreover, an
RCNN has been utilized for o ine estimation of upper-limb motions using SEMG frequency bands [214, ]
and wrist motion intention recognition using the time-frequency spectrum of SEMG signals [216].

The main similarity of the previous studies is that the estimators depend only on the SEMG signal as an input.
However, by considering the biomechanical muscle model, the muscle tension relies on the joint's kinematics
in addition to the sEMG signals that function as an activation. The joint angle, velocity, and acceleration
partially de ne the muscle's tension, with the joint angle speci cally de ning the muscle ber orientation. The
ber orientation indicates the direction of tension applied on the bone, and consequently the joint torque. Thus,
we propose that in addition to the SEMG signal, the joint's kinematics be used as input signals to a machine
learning model.

Using wearable myoelectric sensors for daily living activities has challenges and limitations discussed in the
following paragraphs. One challenge with using myoelectric sensors is that signal disconnection or the wearable
sensors losing contact from the skin is inevitable [217]. SEMG signals may have signal loss due to electrode
disconnection, muscle artifacts, or impractical for deep muscles [217, ]. In these cases, the myoelectric-based
control would likely fail. Thus, preparing a robust prediction model for signal disconnection is necessary.

The second challenge relates to the delay of mapping the SEMG signals to the outputs in the control algo-
rithm. Speci cally, recording, transmitting, digitizing, Itering raw signals, and employing complex equations or
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mapping via a multilayer neural network to the output signal is time-consuming. Having a model that can pre-
dict future human intent can help in predictive control. Theoretically, the electromechanical delay phenomenon
is de ned as the time delay between the onset of the EMG and the onset of the human motion [219, ] In
other words, since the muscle activation signals are generated before the production of torque at a joint, it is
possible to use EMG signals to predict motion intent [221, ]. Thus, it is hypothetically possible to predict
future motion from the current SEMG signal. A solution to predict motion intention or future joint torque using
SEMG signals is bene cial in myoelectric control.

The third challenge emerges from di erences in the con guration of robotic joints compared with human
joints and a requirement of extra conversion. For example, a shoulder exoskeleton may have one joint for the
elevation angle, although a human shoulder joint may be de ned by SFE, SAA, and SMLR [14, 26]. Therefore,
transferring the human joint variables to robot joint variables is necessary and sometimes uses time-consuming
iterative calculations [26]. To satisfy the mentioned objective of the control-oriented model, we propose to have
a model with outputs of the control-oriented variables (robot assistive torque or joint angle) instead of human
variables (human joint torque or joint kinematics). The conversion should be done o ine, and the resultant
variables are the mapping target of a machine learning model.

Determining the optimal assistive wrench pro le supplied by biomechatronic devices throughout human
motion is an ongoing challenge [223, ]. Most researchers have used a time-consuming optimization method
in oine simulation [157, , ]. For example, Zhang et al. [225] introduced an iterative process that
optimizes the assistive torque pro le for one stride of walking (in one hour of computation) to minimize human
energy cost. Additionally, the human-robot system has redundant actuation, and nding the optimum torque
pro le is complicated. Although fast optimization methods have been suggested [166, , ], they struggle
to run real-time with su cient model delity. Thus, the control loop of active biomechatronic devices should
preferentially use the oine optimized result of an iterative optimization process. Consequently, ine cient
online optimization for assistive control loops is not necessary.

The myoelectric-based control should be fast in terms of computation costs [177] and robust in terms of
responsiveness to myography challenges [177, , ]. The controller should predict the future state [229],
de ne the assistive torque pro le, and require no extra conversion of human to robot metrics.

Combining the mentioned solutions produces MuscleNET (de ned as the machine learning models of SEMG
signals to regression of kinematic and dynamic variables), a robust predictive control-oriented model for mapping
SEMG to biomechanical or robot's variables using for myoelectric control of biomechatronic devices. This
model representing muscles in a musculoskeletal simulation, sports biomechanics simulation, controlling active
exoskeletons and prostheses, developing model-based assistive/resistive robots, and post-rehabilitation analysis.
To the best of our knowledge, using interrupted EMG signals to train a machine learning model, along with the
o ine optimization of the required assistive torque pro le as the output, has not been studied yet.

2.5 Assist-as-needed control of active exoskeleton

The human CNS and the robot control system simultaneously modify the behavior of the closed-loop system
with di erent approaches of robot's hierarchical control [19, ] and human's optimal control [166]. Desirable
performance of wearable devices entails good coordination between these two controllers [230]. This can be
accomplished by developing an e ective robot controller that considers both the wearer and the robot in its
design. Additionally, the robot controller should be appropriately modi ed as the human adapts to the device

to account for human-robot coadaptation. For this purpose, researchers have either conducted HITL studies
or personalized computer simulations [231{234]. Since safety is a major consideration in biomechatronics re-
search, this work adopts the both approach; the results of this research pave the way for future experimental
implementations.

The control strategy that assists users according to their capabilities is widely known as AAN [28, ].
Ideally, AAN control supports the user only when further assistance is necessary to complete a given task. To
do so, the underlying intention of the user, i.e., what movement the CNS desires, should be considered, especially
for power-assist wearable robots [28]. To elaborate, the human operator is both the control supervisor as well
as a component of the human-robot complex system [18]. Said user makes the decisions on which movement to
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Figure 2.3: Schematic of HREI system with hierarchical strategy control. ~ |, is estimated human joint torque and “t+1
is predicted/desired joint angle computed by the high-level controller.

execute, and the exoskeleton follows suit. Di culties arise as the robot and the human operator continuously
exchange feedback information bidirectionally [28, 45]. As a result, the exoskeleton system's performance
inherently depends on how the human may be adapting to the device, e.g., increased strength or slacking.
From a control viewpoint, human-exoskeleton systems must coordinate two control units in parallel (shown in
Figure 8.1): the human CNS and the exoskeleton controller [28].

The state-of-the-art control of robotic rehabilitation, assistive, exoskeleton, and prosthesis systems utilizes a
hierarchical design: high, mid, and low level controllers [28, , ] (Figure 2.3). The high-level controller is
responsible for interpreting the motion intent of the user (primarily for robotic prosthesis systems) or the exerted
torque and force by the user (mainly for wearable robotic systems); the two approaches are categorized into
cognitive human-robot interaction (cHRI) [236, ] and physical human-robot interaction (pHRI) [238, ].
The mid-level controller transforms the determined intended motion or wrench (force/torque) from the high-
level controller into the desired motion or wrench trajectories for the low-level controller [240]. Finally, the
low-level controller is responsible for following the desired states (from the mid-level controller) by considering
the measured device states (from the robotic sensors) and directly commands the robotic actuators [137, ].
The current chapter focuses on the mid-level controller.

Apart from the quality of the sensors, the accuracy of the interpreted intent/wrench, the actuator, and the
low-level feedback control, the mid-level controller plays a vital role in users' experience [241]. It governs the
HREI [40]; the HREI depends on the robot's mid-level cooperation control. Developing e ective robotic systems
requires the consideration of application targets (clinical or industrial), power augmenting purposes (resistive
rehabilitation or power-assistive xture), and the human interaction adaption level [40, ]. An ine cient
control policy may limit the normal human range of motion or increase discomfort due to unnatural motion
[242, ]. Executing natural motions from human intent is challenging, applying volitional natural human
adjustment is di cult, and the overall applicability is limited [19]. Recently, the AAN strategy, which operates
based on enhancing motor activity but not replacing it, shows promising results [233, , {246].

So far, common strategies have been used for controlling wearable robots: nite state machines (prerecorded
motion) [247, ], master-slave [40], proportional gain [28, , , ], proportional-integral-derivative
(PID) [251], decision-based fuzzy mapping [28, {254], CTM [28], impedance [138], MPC [255{259], and
combination control strategies [240, ]. Finite state machines use prerecorded motions usually purposed for
cyclic [248] (e.g., walking, running, and stair climbing) or categorized movements (e.g., hand/ nger posture).
Problems include that the maneuver evoked is non-volitional once triggered, and that the controller does not
use corrective feedback at any stage. Although the master-slave control uses human motions and simultaneously
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commands the same motions, the robot wearer feels an uncomfortable contact force if there is a human-robot
size inconsistency [40]. A proportional controller was established to create a proportional command from the
high-level input, often a biological signal [236, , , ]. However, as the the biological signal-torque
ratio is not proportionate, this method causes the exoskeleton user to move uncomfortably [19, ]. To address
this issue, novel controllers recruit kinematic/kinetic signals in addition to the biological signal. Still, tuning
the gains of PID controller is time-consuming in addition to task- and subject-specic [261]. Developing a
decision-based fuzzy controller system avoids the need for a complex MSK dynamic model [252{254]; however,
generalizing this fuzzy model is still a challenge as it reduces a wide range of biomechanical signals to just a
few variables [28]. The CTM control strategy uses a complex human limb model within the control unit to
maneuver the exoskeleton [28]. However, these methods are not e cient and robust in the presence of model
uncertainties, external disturbances, sensor noise, control delay, and do not consider the energetic cost in the
actuators. Researchers have used a hybrid assistive control since signal-based control strategies are ine cient
for di erent motions [262]. Depending on the motion requirements, the controller was segmented into various
control phases [262].

MPC is well-regarded as a control method as it is capable of considering the input and output signal
limitations as constraints [259, , ]. Predictive control approaches are receiving increasing attention from
researchers with frequent use in a variety of dynamic systems [255{257, , , ]. Reducing the cost
function in the MPC control formulation guarantees the tracking error and the smoothness of the assistive device
behavior [264]. The exoskeleton user's comfort may be signi cantly and favorably impacted by this smoothness
[263]. The MPC law is also known for its capacity to anticipate future disruptions and to implicitly take into
account constraints on the kinematic outputs and wrench inputs, which may ensure the user's safety and overall
control stability [263]. Likewise, it can counteract external disturbances and parametric uncertainties [267].
However, two of the main drawbacks of MPC are the computational costs associated with iterative processes
[268] and the dependency on model accuracy [264].

Overall, the ine ciency, application limitation, uncomfortable movement, and usage anxiety challenges are
still important issues to resolve [241, ]. They result from the following: ignoring the limb dynamics or assum-
ing constant limb dynamics, neglecting the robot sti ness and inertia, adapting to an overly simpli ed strategy
that does not capture the mathematical relationships between variables, and struggling with tuning/adjusting
the controller for participants. The system dynamics play an essential role since the applied torque to robots,
external wrench (from disturbance or manipulation object), and the reaction wrench on the user lead to the mo-
tion according to the system dynamics [243]. The sources of human-robot-environment system dynamics consist
of inertial properties of human segments and robot links (proportional to the joint acceleration, according to
Newton's law), centripetal force (proportional to the joint velocity squared and toward the center of rotation),
Coriolis e ect (interaction of two rotating links/limb), gravity wrench (caused by gravity), and external wrench
(caused by friction, environment, or heavy object handling).

For example, in the presence of an external load, the amount of necessary active torque increases compared
to the free human limb movement. The robot's dynamics (sti ness and inertia) and the environment/external
load result in extra necessary torque. The AAN mid-level control of wearable robots should be designed to
provide this extra torque [244, ]. As a result, the primary goal of this project is to create a model for a
mid-level controller that includes two distinct parts: the robot and the environment. This method is similar
to a combination of torque and gravity compensation control approaches [240, ]. Previous researches have
converted the HREI system to an overly simpli ed rule. Consequently, adjustments are necessary for any changes
in the dynamics of limb, robot, and environment [19, , , ]. To overcome these challenges, or at least
mitigate the ine ciencies and limitations, considering the human-robot-environment dynamic interaction is a
viable solution.

The important controller in the integrated human-exoskeleton system is the human CNS (comprising the
brain and spinal cord). Among other things, it is in charge of regulating and coordinating MSK kinematics and
kinetics despite redundant actuators (muscles) [166]. Driven by experiments, a common and well-acknowledged
theory in the literature suggests that the CNS coordinates movement in an optimal fashion [270, ]. This
coordination relies on commands that combine features of (I) motion prediction (feed-forward control) and (I1)
error correction (feedback control) [270]. Essentially, states are projected forward in time using an internal
model (IM) to estimate measures like feasibility and e ort. An internal model acts to encode complicated
MSK system dynamics, usually with simpli cations. Consistent with studies, the CNS uses these projections to
determine muscle excitations that minimize some cost function compromised of kinematic, kinetic, energy, and
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muscle terms [166, ]. These feedforward commands are then combined with available sensory information
to correct any errors caused by model uncertainty or external disturbance. In simulations, NMPC is capable
of achieving this dual-purpose control feature (prediction and correction) [166]. NMPC with a nite horizon
formulation predicts the optimal motion (feed-forward) using an IM that represents human MSK dynamics,
and it leverages sensory data to correct prediction mistakes (feedback) [166]. The quality of IM and the gain
of NMPC can be changed to mimic short or long-term usage of assistive exoskeleton robots in which the CNS
learns the IM over time [28, ]-

However, in most mid-level controller assessment studies, the central neural system is modeled with a PID
controller [273, ]. The wearer can adapt to the robot dynamics and the controller in the long term, yet
the adaptation level is low in the initial and short-term experiences. We aim to test a mid-level controller by
modeling the CNS as an optimal controller [166] for the initial, short-term, and long-term experiences.

As mentioned prior, it is inherently challenging to control robotic exoskeletons due to the need for simulta-
neous cooperation or competition with the CNS. In particular, it is not a clear how a more traditional mid-level
AAN approach with CTM control (AAN-CTM) might perform against AAN using optimization methods, i.e.,
MPC. Using an optimal strategy should provide better assistance (e.g., less tracking error), though that may
be outweighed by excess computation times if iterative algorithms are necessary. Likewise, if the actions of the
mid-level controller are already designed to follow the CNS, which performs predictive optimal control, then the
use of a separate optimal control scheme for the exoskeleton may be redundant. Given its similarities to the
CNS, it is therefore of interest to assess how these mid-level control schemes interact with an NMPC controller
that mimics neural function prior to testing with a human. This interest aligns well with the recent push to
incorporate computational simulations into medical and assistive device design [275]. With that said, to our
knowledge, it is still unclear how the CNS considers the exoskeleton in the control problem, e.g., minimizing
energy consumption in both muscles and robotic actuator.

Therefore, the current work aims to simulate performance of an AAN-MPC mid-level exoskeleton controller
in assisting a typical human user, simultaneously controlled via a CNS-NMPC model, complete an upper
limb task. This performance was then compared to simulations that use a mid-level AAN-CTM approach.
An experiment of the same task was also completed with a single participant to assess whether simulated
performance is consistent with the real-world.

2.6 Chapter summary

In summary, this chapter reviewed the latest advances in modelling, design, optimization, control, and evaluation
for a wearable active-passive exoskeleton robot.

Section 2.1 reviewed the necessities of a generic MSK model for assessing complex biomechanical problems,
analyzing injuries, estimating joint torques during motion, optimizing motion in sports engineering, as well as
designing exoskeletons and prostheses. Section 2.2 reviewed the requirement of a machine learning model as
an alternative to static optimization for resolving the redundancy issue in inverse muscle models. Section 2.3
reviewed the current literature on designing the exoskeleton actuation, which is challenging and time-consuming
due to the closed-kinematic loops in the 3D human-exoskeleton multibody model, the complicated interactions,
and the interdependent selection of power transmission features.

Section 2.4 reviewed the development of estimation systems used for automated high-level control and intent
recognition. Fusing data from kinematic sensors with SEMG, known as neuromuscular-mechanical data fusion,
can improve intent recognition accuracies and decision times when compared to implementing either system
separately. Section 2.5 reviewed the state-of-the-art hierarchical control, especially the AAN mid-level control
for the active component of the exoskeletons.
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Chapter 3

MapleSim Biomechanics Model

A MSK model is a valuable tool for assessing complex biomechanical problems, estimating joint torques during
motion, optimizing motion in sports, and designing exoskeletons and prostheses. This study proposes an open-
source upper body MSK model that supports biomechanical analysis of human motion. The MSK model of the
upper body consists of 8 body segments (torso, head, left/right upper arm, left/right forearm, and left/right
hand). The model has 20 DoFs and 40 MTGs, which are constructed using experimental data. The model is
adjustable for di erent anthropometric measurements and subject body characteristics: sex, age, body mass,
height, dominant side, and physical activity. Joint limits are modeled using experimental dynamometer data
within the proposed multi-DoF MTG model. The model equations are veri ed by simulating the joint ROM
and torque; all simulation results have a good agreement with previously published research.

First, this chapter presents the locations and inertia parameters of the upper body model scaled by anthro-
pometric parameters in sections 3.2.1 and 3.2.2. Second, the biomechanical joint torque model is introduced in
section 3.3 as a function of biomechanical kinematic variables, anthropometric parameters, and subject body
characteristics. Then, the symbolic model extraction is presented in section 3.4, two simulation methods of
inverse and forward are introduced in section 3.5, and the model is validated with the literature data in sec-
tion 3.6. The method of model simulation is described and an example is provided. Finally, applications of the
provided model are discussed in section 3.7.

3.1 Anthropometric and subject characteristics

The biomechanical MSK model relies on anthropometric values and subject body characteristics. These variables
that adjust the MSK MapleSim Biomechanics model consist of:

Sex: impacts muscle morphology and control, with men having bigger muscles that produce more con-
sistent and stronger contractions than females [276]. Consequently, males have higher joint isometric and
isokinetic torques than females [70]. However, the sex relation does not follow a rule of thumb formula for
all joints and each-joint comparison should be reported separately. Furthermore, sex variables impact the
anatomical locations, the COMs, and inertia parameters [68, 69].

Age: has a signi cant impact on an individual's physical capabilities. The age variable is negatively
correlated with all strength measures in both sexes [71, ]. The muscle peak isokinetic strength and
power in adults (more than 20 years old) gradually declines as age increases. However, muscle strength
decline rates di er in individual muscles and, consequently, joints [70, 72, 73].

Body height : has substantial power function connections to isometric force and torque measurements
and positively impacts joint strength [70, 74, 76]. Furthermore, the body height impacts the anatomical
locations and segment COMs [68, 69].

Body mass : has a high positive connection to muscle mass and is positively associated with joint torque
[70, 74, 75]. Additionally, body mass impacts the inertia parameters [68, 69].
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Figure 3.1: Locations of selected anatomical landmarks and the consequent orientations of the segment coordinate
system according to ISB standard [68, ]-

" Dominance : appears to be more widespread in the upper extremities with minor variances [71, 77{
, ]. The dominant side can provide a mean value of 9% more strength than the non-dominant side

[77, 79].
" Physical activity : has an impact on muscle strength [277]. Speci cally, adult athletes have signi cantly

higher concentric and eccentric peak strength of most muscles [80].

The six variables of (1) sex, (II) age, (1) body mass, (IV) body height, (V) dominant side, and (VI) physical
activity are used to adjust the subject MSK model in sections 3.2 and 3.3.

3.2 Skeletal dynamic model

3.2.1 Locations of anatomical landmarks

This section presents the location of anatomical landmarks and segment COMs of the upper body using an-
thropometric data: subject sex, body height. The pelvis and the lower limb are xed to the ground, and the
global frame is attached to the pelvis anatomical coordinate system according to ISB standard [278]. Because
no suitable joint center estimation for the Thoracic joint center is available, the torso (a single segment) stands
for Thorax and Abdomen [68].

The orientations of the segment coordinate systems are created, and the joint centers are determined ac-
cording to the literature using speci ed anatomical landmarks (Figure 3.1) [68, ]. The de nitions and
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Table 3.1: Abbreviations and descriptions for anatomical coordinate systems used in the upper body kinematic
model according to ISB standard [68, 69, ]

Origin

IAxis Description (refer to Figure 3.1)

Segment

O Coincident with the LJC
The line connecting the LASIS to the RASIS

. z

Pelvis Y The line perpendicular to the plane through the LASIS, the RASIS, and the MPSIS, pointing cranially
X The cross product of the Y- and Z-axes
O Coincident with the CJC

Torso Y The line connecting the LJC to the CJC, pointing superiorly
Z The line perpendicular to the plane containing the LJC, the CJC, and the SUP, pointing laterally
X the cross product of the Y- and Z-axes
O Coincident with the CJC

Head Y The line connecting the CJC to the HV, pointing superiorly
Z the line perpendicular to the plane containing the HV, the CJC, and the SEL, pointing laterally
X the cross product of the Y- and Z-axes
O Coincident with the SJC

Upper arm Y The line connecting the EJC to the SJC, pointing proximally
PP X The line perpendicular to the plane containing the SJC, the LHE, and the MHE, pointing anteriorly
Z The cross product of the X- and Y-axes
O Coincident with the EJC
Forearm Y The line is connecting the WJC and the EJC, pointing proximally

X The line perpendicular to the plane through the EJC, the US, and the RS, pointing anteriorly
Z The cross product of the X- and Y-axes
O Coincident with the WJC

Hand Y The line connecting the midpoint between the MH2 and the MH5 to the WJC, pointing proximally
X The line perpendicular to the plane containing the WJC, the MH2, and the MH5, pointing anteriorly
Z The cross product of the X- and Y-axes

abbreviations of the segment anatomical landmarks are adopted from [68, ]. Using these critical landmarks,
the segment anatomical coordinate systems are de ned by [68, 69, ] and presented in Table 3.1.

The locations of segment anatomical landmarks and the COMs shown for the right body side in Figure 3.1
are adopted from [68]. Then, the raw position data was scaled to mean body height for each sex (male mean
stature 1:77 m, female mean stature 61 m) and are presented in Table 3.2.

The right and left limbs are considered to be symmetrical. Transforming the position of anatomical landmarks
and segment COMs from the right limb (reported in Table 3.2) to the left limb is done by the matrix in
Equation (3.1).

1
AN
[eNeN

0
RRraL 1 05 (3.2)
0

3.2.2 Body segment inertia parameters

The biomechanical modeling and analysis of human movement and posture rely heavily on body segment inertial
parameterss (BSIPs) [279]. BSIPs are often calculated using linear or non-linear regression equations published
in the literature [68, 69, , ]. This section presents the body segment inertia parameter estimation by
anthropometric data: subject sex, body height, and body mass.

The mass of each segment ), provided as a percentage of the total body mass, is presented in Table 3.3
[69]. The inertia tensor is calculated relative to the origin of segment coordinate axes. Explicitly, the segment
inertia matrix ( 1) is expressed relative to the segment lengthl{) and the segment mass 1 ) with Equation (3.2)
for the right limb. Scaled segment lengthL to body height, scaled segment massiM ) to body mass, and scaling
factors rj; for the inertia matrix are provided in Table 3.3.
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Table 3.2: Scaled 3D positions of anatomical landmarks and segment COMs relative to segment anatomical

coordinate systems for female and male (right limb) [68, 69].
2 Reference Scaled 3D position
[} . Anatomical Landmark to height (%)
£ Coordinate .
2 gystem (refer to Figure 3.1) Female Male
& X Y z X Y oz
» LASIS (Left Antero Superior lliac Spine) 540 -0.81 -7.39 441 040 -6.33
% LJC RASIS (Right Antero Superior lliac Spine) 5.40 -0.81 7.39 441 040 6.33
[ MPSIS (Midpoint between the Postero-Superior lliac Spines) -6.71 -0.81 0.00 -5.76 0.40 0.00

Table 3.3: The female and male segment scaled mass, scaled length, and scaling factors for the inertia tensor

[

C7 (7th Cervicale)
SUP (Suprasternale)
RA (Right Acromion)
SJC (Shoulder Joint Centre)
LJC (Lumbar Joint Centre)
COM

-3.54 2.11 0.00

2.80 -2.42 0.00
-1.86 -1.37 11.24
0.81 -453 11.24
0.00 -26.52 0.00

-0.43 -11.55 -0.12

-3.90 1.92 0.00
2.60 -2.54 0.00
-1.19 -1.75 11.81
119 -412 11.81
0.00 -27.01 0.00
0.96 -11.36 -0.06

HV (Head Vertex)
SEL (Sellion)
COM

0.00 13.73 0.00
491 7.89 0.00
-0.93 8.20 0.00

0.00 13.79 0.00
4.69 7.74 0.00
-0.85 7.68 0.00

RA (Right Acromion)

LHE (Lateral Humeral Epicondyle)
MHE (Medial Humeral Epicondyle)
EJC (Elbow Joint Centre)

COM

-2.17 3.48 0.25
0.00 -13.73 2.11
0.00 -14.78 -2.11
0.00 -14.25 0.00
-0.99 -6.46 -0.37

-1.41 3.05 0.17
0.00 -14.58 2.32
0.00 -14.92 -2.32
0.00 -14.75 0.00
0.28 -6.67 -0.40

US (Ulnar Styloid)
RS (Radial Styloid)
WJC (Wrist Joint Centre)
COM

0.00 -15.08 -1.68
0.00 -15.65 1.68

0.00 -15.34 0.00

0.31 -6.34 0.31

0.00 -16.05 -1.86
0.00 -16.05 1.86

0.00 -16.05 0.00
0.17 -6.67 0.23

2 cic
o
kS
g cic
I
E
©
5 SIC
Q.
o
-]
£
§ EIC
2
2
S wic
T

MH2 (2nd Metacarpal Head)
MH5 (5th Metacarpal Head)
FT3 (3rd Fingertip)
COM

0.00 -4.91 2.36
0.00 -3.91 -2.36
0.87 -10.31-0.81
0.31 -3.42 0.19

0.00 -4.86 2.60
0.00 -4.24 -2.60
0.40 -10.68 0.06
0.40 -3.84 0.34

]-i is the unit imaginary number.

Segment

Scaled Scaled

Origin Length de nition mass (%) length (%)

Scaling factors for the inertia tensor

[Fxx ;Tyy T2z Pxy ;Txz ; Fyz (%)

Female Male Female Male

Female

Male

Torso cJc CJC to LIC 30.4 333 26.65 27 [29;27;29;22;5;5i] [27;25;28;18;2;4i]
Head cJc CJC to HV 6.7 6.7 13.11 13.8 [32;27;34;6i; 1;1i] [31;25;33;9i; 2i; 3]
Upper arm SJC SJC to EJC 22 24 15.09 153 [33;17;33;3;5i; 14] [31;14;32;6;5;2]
Forearm EJC  EJC to WJC 1.3 1.7 1534 16 [26 ;14;25;10;4;13i] [28;11;27;3;2;8i]
Hand WJC WJCto FT3 05 0.6 10.37 10.7 [27 ;18;25;12;10;12i] [26; 16;24;9;7;8i]

2|’2 r2 r2

24,2 2 25

Ir = ML“%r5, 1oy Ty,

r2 r2 r2

Xz yz zz

(3.2)

The segment inertia matrix of the left limb can be calculated by transforming the corresponding right limb
inertia matrix of Equation (3.2) by Equation (3.3) using the matrix of Equation (3.1).

. pT
IL = Rro IRRR2L
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Figure 3.2: Depiction of MSK model DoF and directions for (a) TFE, (b) TRLLF, (c) TRLAR, (d) NFE, (e) NRLLF,
(f) NRLAR, (g) SFE, (h) SAA, (i) SMLR, (j) EFE, (k) FPS, (I) WFE, and (m) WRUD. (n) Side and Front view with

the initial posture (zero joint angles).

3.2.3 Degrees of freedom

The presented upper body kinematic model has 20 DoF: 3 DoF for the torso (TFE, TRLLF, and TRLAR), 3
DoF for the neck (NFE, NRLLF, and NRLAR), 3 DoF for each shoulder (SFE, SAA, and SMLR), 2 DoF for
each elbow (EFE and FPS), and 2 DoF for each wrist (WFE and WRUD). The de nitions and movements of
DoF in the upper body kinematic model are presented in Table 3.4 (visualized in Figure 3.2). The left limb has
reversed directions for WRUD, FPS, SAA, and SMLR compared to Table 3.4 (right limb information).
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Table 3.4: Abbreviations and de nitions of DoF, the mean ROM for female and male, the mean peak angular

velocity of the upper-body joints, and the polynomial coe cients of torque-angle scaling functions (normalized
isometric torque functions).

¥ . Polynomial Coe cient
max J* max ]

Joint DoF  Axis  Direction (rad) (rad/s) Fuor:c-;%??r?-ggtgjzis:a(lgn%
Female Male Ref Mean Ref p; p2 p3 Ref

TFE 7_axis Flexion 0.547 0.620 [282] 2.531 [283] 0.9466 0.3969 -0.7370 [284]

+ Extension -0.470 -0.469 [282] 3.421 [285] 0.6093 0.7892 -0.2903 [284]

orso TRLLE xoaxe * RiGt Lateral Flexion 0354 0.412 [207] 1.344 [200] 0.9995 0.0485 -1.0856 [0]
- Left Lateral Flexion -0.354 -0.412 [287] 1.152 [286] 0.9671 -0.4460 -1.5055 [67]
TRLAR v-oia ~Right Axial Rotation -0.730 ~0.868 [262] 3.857 [266] 0.9903 0.1555 -0.6199 [67]
+ Left Axial Rotation  0.730 0.868 [282] 3.176 [286] 0.9740 -0.2235 -0.4801 [67]
FE zade - FlEXION 0972 1.004 [207] 1.134 [200] 0.7678 0.2558 -0.0337 [/7]
+ Extension 11288 -1.162 [287] 1.117 [285] 0.9834 0.0974 -0.1432 [74]
¥ Right Lateral Flexion 0.753 0,680 [257] 0.364 [250] 0.9996 0.0266 -0.3572
Neck  NRLLF X-axis | ot | ateral Flexion -0.756 -0.770 [287] 0.384 [289] 0.9667 -0.2524 -0.4777
RLAR v-ma ~ RGNt Axial Rotation -1.360 -1.326 [207] 0.541 [200] 0.0904 0.0492 -0.0630
+ Left Axial Rotation 1.331 1.252 [287] 0.541 [289] 0.9737 -0.0729 -0.0506

SFE zoaxis * Flexion 2.965 2.904 [282] 4.974 [286] 0.9992 0.0131 -0.0565
- Extension -1.124 -1.092 [282] 3.491 [286] 0.6621 0.3796 -0.1066
SVAA + Vertigal Adductipn 0.199 0.283 [290] 4.084 [286] 0.8255 -0.3164 -0.1433
Shoulder X-axis Ver_tlcal Abductlor_1 -2.985 -2.989 [282] 4.538 [286] 0.8298 0.5322 0.1398
SHAA + Horl_zontal Adductlpn 1.018 0.948 [282] 4.272 0.9253 0.0919 -0.0182
- Horizontal Abduction -2.393 -2.281 [282] 4.274 0.8988 -0.2512 -0.1557
SMLR Y-axis * Medial Rotation 1.120 0.971 [282] 8.954 [286] 0.9390 -0.2040 -0.1702 [291]
- Lateral Rotation -1.571 -1.521 [282] 5.114 [286] 0.9676 -0.1777 -0.2430 [291]
EFE zoaxis T Flexion_ 2402 2.344 [282] 6.231 [285] 0.4046 0.9405 -0.3714 [292]
Elbow - Extension 0.093 0.101 [282] 4.451 [286] 0.4932 0.8047 -0.3194 [292]
FPS V-axis + Pronation 2.859 2.774 [293] 5.184 [286] 0.7748 0.3948 -0.1731 [294]
- Supination -0.010 0.083 [293] 7.121 [286] 0.3414 0.7590 -0.2187 [294]
WEE  z.axis T Flexion 1.489 1.446 [252] 9.913 [295] 0.9996 0.0228 -0.3021 [292]
Wrist - Extension -1.391 -1.313 [282] 8.029 [286] 0.9860 0.1331 -0.3139 [
WRUD X.axis * UInar Deviation 0.281 0.284 [296] 2.740 [286] 0.9728 -0.4350 -1.7343 [297]
Radial Deviation -0.401 -0.382 [296] 3.683 [286] 0.9608 -0.5288 -1.7812 [294]

3.3 Biomechanical joint torque model

Human muscles have several recognized constraints that limit the amount of torque generated around each joint.
The critical muscle's constraints can be listed as follows: force-velocity scaling, force-length scaling, nonlinear

passive force generation due to ligaments and connective tissues surrounding a joint, and muscle activation
dynamics.

Generally, a 3-element Hill-type muscle-tendon unit is used for muscle modeling [81, 82]. Furthermore,
moving and wrapping points are used to simulate the constraints of the muscle-tendon geometry [82, 83].
Each muscle in Figure 3.4 is divided into two parts: an active contractile portion (creates active force) and a
passive parallel-elastic element (with viscoelasticity). Moreover, a nonlinear series-elastic element describing the
tendon's mechanical characteristics completes the model. These type of complex muscle models are di cult to
obtain. Moreover, the model variables cannot be experimentally veri ed as they need in vivo human studies.

MTG model o ers a joint torque that imitates the performance of muscles and joint constraints without the
need for modeling muscle geometries and forces [84]. Explicitly, the MTG model mimics elements of muscle
modeling: the velocity constraint and the joint angle constraint [56, 84] (shown in Figure 3.5). The MTG
models, in torque-driven simulation, deliver torque at every joint that is a function of that joint's kinematics
(monoatrticular assumption) [298].

Each MTG model has a unique set of characteristics: an active component (generates the active torque
limited by the joint's angle and angular velocity) and a passive component (mimicking the joint's small viscosity

or friction and constraining the joint ROM). The human joint torque (1) calculated by the MTG model is shown
in Equation (3.4) [56, 84].
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Figure 3.3: Schematic of the shoulder, elbow, and wrist joint, actuated by (a) Hill-type muscles and (b) MTGs. Note
the complex muscle route geometry and redundancy encountered when using muscles.
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Figure 3.4: Forward simulation of a musculoskeletal system with multiple muscles. a; and F; are the activation signal
and the muscle force in the dynamic muscle model, respectively.
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Figure 3.5: Schematics of forward simulation of a musculoskeletal system with MTGs. The MTG model consists of 2
active components for two excitation signals (positive and negative direction) and one passive component.

h()= g2a Ut () T() o+ wzaust (1) ()o* p(Gl) (3.4)
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Figure 3.6: Example of MTG curves to mimic constraints of tendon and muscle forces: activation signal curve (a), the
active-torque-angular-speed scaling curve (b), the active-torque-angle scaling curve (c), and the passive torque curve (d).

where

uza (U; 1) the excitation-to-activation signal ODE function, which is introduced in section 3.3.5 and Equa-

tion (3.9)
() the active-torque-angular-speed-scaling function, which is introduced in section 3.3.4 and Equa-
tion (3.8)
() the active-torque-position-scaling function, which is introduced in section 3.3.3 and Equation (3.7)

;! the passive torque function due to viscous damping and nonlinear sti ness, which is introduced in
p . .
section 3.3.1 and Equation (3.5)

0 the peak isometric joint strength producing capability

The product of 24 (u;t) 1+ () () oisthe netactive joint torque that the biomechanical model generates.
The control input to the MTG model is the activation signal a(t) or the excitation signal " (t), which may take
any value between 0 and 1. The examples of these four functions are shown in Figure 3.6.

Two active components of MTGs (42 total products of 25 (u;t) + (!') () o) were used to control each
DoF (joint axis of rotation): one for each direction (negative and positive) of joint rotation (two for each joint).
One passive component of MTGs (20 total , ( ;! )) were used for each DoF (joint axis of rotation): one for each
joint. Consequently, the MSK system is over-actuated and requires actuation redundancy resolution, potentially
with an optimization solution. The maximum torque range of each active component of MTGs was limited to

o for positive MTGs and  for negative MTGs.

The parameters of Equations (3.4-3.8) can be calculated by tting the functions to the experimental data.
Accordingly, a computerized robotic dynamometer is generally utilized in sports and orthopedic medical appli-
cations for acquiring experimental data. The human dynamometer is a device that measures the net torque
generated by an isolated joint in the body. It can be used in both isometric and isokinetic joint situations.
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3.3.1 Passive torque function

Passive torques arise when the muscles, tendons, and ligaments surrounding the joints are strained [299]. Pas-
sive joint torques are intensi ed near the anatomical joint limits [299{301]. The double exponential function in
Equation (3.5) is typically used to simulate the joint's viscous damping and nonlinear sti ness [302]. Conse-
quently, this function limits the joint position within its ROM [302]. Speci cally, when falls outside the ROM
(those de ned by breakpoints ., and *. ), it creates a high restoring torque. In addition, the rotational
damping term is included in Equation (3.5) to represent viscoelasticity.

p (1) = ke k2l ma) gl mec) el (3.5)
where
the joint angle
k the passive parameters determined by tting the nonlinear function to experimental data
max the maximum ROM for negative direction, which is presented in Table 3.4
 ax the maximum ROM for positive direction, which is presented in Table 3.4
C the rotational damping linear coe cient

The passive parameters ;) are generally determined by tting the nonlinear function to experimental data
and are between @ to 6 [56]. k; should be lower for the weaker joints like NRLLF, NRLAR, FPS, WFE, and
WRUD, based on our experimental experience. The linear damping coe cient €) is recommended to be about
0:1 Nm/rad [302].

In Table 3.4, max for the WRUD, FPS, SVAA, and SMLR DoF of the left limb is negative.

3.3.2 Peak joint strength

Mean peak isokinetic torque for non-athletic females and males with their related anthropometric measures are
presented in Table 3.5. The mean maximal isometric joint torque for any non-athletic adult male or female is
estimated from parameters in Table 3.5. The intercept and sex parameters in Table 3.5 are extrapolated based
on the anthropometric parameters and speci ¢ subjects reported in Table 3.5. The mean peak isokinetic torque
for concentric contraction is regressed with Equation (3.6).

0=( 1+ 2 s+ 3 a+ 4 h+ 5 m 1 -+ d (1+& w) (3.6)

N

where

the torque-anthropometric parameters reported in Table 3.5

the sex parameter (for a male is 1 and for a female is 0)

the age of the subject in year

the height of the subject in meter

the body mass of the subject in kilogram

the physical activity or workout time per week

the dominant side (for a dominant side is 1 and for a non-dominant side is 0)
the maximum strength di erence of dominant with non-dominant side

the e ect of workout on peak muscle strength

os3oo o0 _

Ro

In Table 3.5, the joint torque is reported for the average of both sides. The dominant side can provide a
mean value of 9% more strength than the non-dominant side [77, 79]. Thus, the side parameter ) is selected
as 0.09 for the arms. The central joints (torso and neck) are assumed to be symmetric in terms of maximum
strength with = 0. In Table 3.5, the joint torque is reported for healthy non-athletic subjects (w=0 for this
group). For the upper-limb, the value of &is equal to 0065, which is a mean value reported by [277] for training
time per week.

All the data reported in Table 3.5 are relevant to joint isometric torque except for the Horizontal Adduction
and Abduction. Since the maximum isometric data are unavailable, the maximum isokinetic torque is reported.
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Table 3.5: Peak joint torque for non-athletic females and males (mean of dominant and non-dominant limb)
and estimated parameters of peak isokinetic torque for non-athletic subjects with the anthropometric measures:
body age, height, mass, and sex.
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3.3.3 Active-torque-angle scaling function

The tendon force-length relation is not linear, and accordingly, the joint isometric torque is not consistent in
the full ROM. The active-torque-angle relationship is typically represented in the literature using second-order
or fourth-order polynomial functions [85, 86, , ] with the summation notation in Equation (3.7).

K1
()= ramp pe (3.7
k=1
where
the joint angle
Pk the polynomial coe cient (for a 2nd-order polynomial function), which is presented in Table 3.4
n the order of polynomial functions
and () is normalized by the maximal isometric torque of each joint. Consequently, the value of () at the

optimum angle is 1.

For tting the polynomial functions to the experimental data, the maximum isometric torque should be
available for all ROMs. Since there is not enough published information for all ROMs, for example, the shoulder
joint [292], the tted polynomial function may go to zero or even negative for ranges out of the reported angles.
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Thus, we introduce two solutions. The rst solution is using a dynamometer to measure the joint isometric
torque for all ROMs that we use for shoulder joint (Flexion, Extension, Vertical Adduction, Vertical Abduction,
Horizontal Adduction, Horizontal Abduction) for one male subject (25 years, 75 kg mass, and 1 m height)
with a System 4 Dynamometer from Biodex Medical Systems (Mirion Technologies, Inc., NY, USA). The second
solution is introducing \edge torque”. The edge torque is the estimated or assumed joint torque at the maximum
joint angle, which is calculated with the average of tted polynomial and interpolation with nearest joint torque.

As mentioned, the tted polynomial function must have a maximum value of 1. For the normalization,
in contrast to [84], which used the maximum of joint torque, we use the maximum of the tted polynomial
function.

For the neck joint (NRLLF and NRLAR), no experimental data is available. Thus, we have used the
torso-relevant data with scaling the torso's ROM to match the neck's ROM.

The left limb has reverse positive and negative directions for WRUD, FPS, SVAA, and SMLR. In Table 3.4,
the even index ofpy for the WRUD, FPS, SVAA, and SMLR DoF of the left limb has a reversed sign.

3.3.4 Active-torque-angular-speed scaling function

Muscle strength is a function of muscle velocity. As a result, the angular velocity [ ) of the movement scales
the activation torque ( ) (active-torque{angular-speed correlation). A rational piecewise instantaneous isoki-
netic torque function, associated with human muscle and predicted from a linearized Hill model structure, is
implemented to represent this behavior according to [310{313]:

% 0 >0 max

L (1) = Jom ] 1 lmax !0 (3.8)

:

(I R)j' max j+S!'R (+1)
(1 R)J' max J+ St (+1)

where

! the joint's instantaneous angular velocity

J' max | the absolute value of joint's peak angular velocity corresponding to zero torque production, as
reported in Table 3.4
the shape factor in uencing the curvature of the torque-velocity hyperbola concentric relationship

S the slope of eccentric and concentric functions at zero angular velocity (the transition of eccentric
to concentric phases) de ned by [312]
R the ratio of the maximum eccentric isokinetic torque ( ) over the maximum isometric torque ( o)
In Equation (3.8), forthe I 0 condition, , (! ) has a potential singularity as! proceeds towardj ! max j=

instantaneous angular velocity. Consequently, the force-velocity scaling relationship diers from Hill-type's
model [82] when the force is greater than the isometric tension ¢); it also has di erent output when ! < 0
[312, ]. As aresult of; (! ) normalization by the maximal isometric torque of each joint, the value of | (!)
is 1 at zero velocity.

The value for is about 3 [87]. The value for S is about 2 [56, ] to 3 [315]. In addition, the value for
R is around 14 [311] to 15 [312]. For negative direction movements (e.g., exion, adduction, or supination),
negative! was used in Equation (3.8).

The absolute value of the joint's peak angular velocity for the shoulder horizontal abduction/adduction is not
available; we have used the mean value of shoulder exion/extension and vertical abduction/adduction instead.
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3.3.5 Excitation-to-activation signal function

The muscle ber recruitment status is represented by an excitation-to-activation signal function or simply
activation dynamics [316]. The activation dynamics introduce a time delay between input and output, or
the time between receiving a signal (neural excitation) and converting those signals into action potentials to
activate muscle bers by electrochemical processes in the muscle tissue [316]. Post-processed EMG data from
experiments can be used to generate a collection of activations [38].

Similarly, for muscle groups around a joint, the activation signal generated by a neural drive is mimicked
utilizing an extension of the activation curve [315] (independent of joint angle). Theoretically, the activation
signal function incorporates muscle activation and deactivation time when the torque generator engages and
disengages, respectively. Practically, this excitation-to-activation signal function is analogous to the temporal
lag caused by the electrochemical activity generated by the action potential that leads to muscle contraction.

The modi ed function of an excitation-to-activation signal is suggested in Equation (3.9) adopted from the
muscle ber Hill-type model [317]. The excitation-to-activation dynamic model consists of a linear rst-order
di erential equation and a non-linear function [318, ]. The rst-order di erential equation converts the
excitation signal u (t) (from the CNS) to activation signal a(t) which indicates the muscle excitation strength
level.

8
2 tact (Ou:5+a1 :5a) e>a
_u2a = > (3.9
~ (u a)(0:5+1 :5a) a
tdeact
where
u the excitation signal
a the activation signal
tact the muscle activation time constants
tdeact the muscle deactivation time constants

tact can have a value of 40+025 age ms for an adult subject [320] andgeact IS assumed to be equal to & .
The excitation signal is in the range of [Q 1] for monoarticular muscles. However, even for monoarticular muscles,
the antagonist and agonist muscles activate simultaneously. In addition, the biarticular muscle provides tension
for two joints [321]. However, the MTG models assume a monoarticular joint. To overcome this assumption, the
impact of the excitation signal of one joint on another joint should be investigated [88]. Studying the excitation
signal of joints is out of the scope of this chapter.

3.3.6 Multi-DoF joint implementation

Transferring these MTG torques to human joint torque depends on the joint type: single-DoF and multi-DoF-.
Most of human joints have consistent parameters in di erent orientations, denoted as one-DoF MTGs, e.g.,
torso, neck, forearm, and wrist. Consequently, the modeled MTGs are not a function of the coordinates for
other-DoF. The MTG model for a single-DoF joint can directly apply to the human joint torque [86, 1.

A few human joints have variable parameters in di erent orientations, for example, the shoulder and hip
joint (except for the axial rotation since it is con guration-independent). Speci cally, the MTG parameters of
multi-DoF MTGs are based on the orientation of other-DoF. For example, there are di erent MTG variables for
the shoulder joint for abduction/adduction movement based on the value of the exion/extension. Note that this
joint orientation is de ned with ZXY Euler angles. More speci cally, when the upper arm has 0° SFE in the z-
direction, then the x-direction follows the MTG for SVAA. When the upper arm has 90° SFE in the z-direction,
then the rotated new x-direction follows the MTG for SHAA. The shoulder x-direction MTG elements are
calculated with the extrapolation of MTG elements of SVAA and SHAA. Speci cally, the x-direction shoulder
MTG elements are computed with an extrapolation of SVAA (for 0° SFE in the z-direction), SHAA (for 90° SFE
in the z-direction), and the shifted and mirrored SVAA (for 180° SFE in the z-direction). MTG elements are
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Figure 3.7: The schematic for extrapolating the joint torque for x-direction rotation (SAA) as a function of the z-
direction orientation (SFE). The minus sign of torque in the second column of the extrapolation table is neglected for
normalized functions, for example, active-torque-angle and active-torque-angular-speed scaling functions.

presented in Table 3.4 and Table 3.5. The extrapolated elements are the nal valuesoff = (1), = (), and
o =" for both positive and negative directions as well as p (1) functions. Based on our tests, the Piecewise
Cubic Hermite Interpolating Polynomial (PCHIP) method provides good curve tting to experimental results
in section 3.6.3.

3.4 General structure of dynamic equations

The dynamic musculoskeletal model can be exported as (I) joint-torque-driven, (Il) active-torque-driven, (I11)
activation-signal-driven, and (IV) excitation-signal-driven, as shown in Figure 3.5. The joint torque-driven level
consists of only the dynamic model of the skeletal system. The active-torque-driven level consists of the skeletal
system and the passive torque function. The activation-driven level consists of the dynamic model of the skeletal
system and the MTG model without the excitation-to-activation dynamic model. The forth form of the model
consists of the skeletal system and full MTG model with the excitations as input.

3.4.1 Joint-torque-driven model

The unconstrained dynamic equations governing the MSK system response are a set of ODESs since the chosen
generalized coordinates and generalized speeds are independent. By utilizing the \Multibody Dynamic Exports"
and \Optimized Code Generation" module of MapleSim, the equations of motion are converted to simplied C
code that can be used in the MATLAB/Simulink environment [323, ]-

The joint-torque-driven (MTG-excluded) dynamic model is in the form of Equation (3.10) with three matrices
comprising the system ODEs.

My n(n2)bn 1=Fn 2(!n 15 n 1)+ Qn 1 (3.10)
where
n the number of independent coordinates and speeds
the column matrix of all joint angles
! the column matrix of all joint angular speeds
M the mass matrix
F the right-hand side of the dynamic equations, which consist of Coriolis, centrifugal, and gravita-
tional e ects
Q the applied joint torques, a column matrix containing 1, (t) for all joints

3.4.2 Active-torque-driven model
The active-torque-driven dynamic model is similar to the form of Equation (3.10) with the inclusion of the passive

torque function in section 3.3.1. The active torques are converted to human joint torques using Equation (3.11).
The activation-driven model combines Equations (3.10, 3.11).
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Qn 1=[a+ p( ;!)]n 1 (3.11)

3.4.3 Activation-signal-driven model

The activation-signal-driven (MTG-included) dynamic model is in the form of Equation (3.10) with three ma-
trices comprising the system ODEs. The activation signals of positive and negative directions are converted to
human joint torques using Equation (3.12), which is derived from Equation (3.4). The activation-driven model
combines Equations (3.10,3.12).

Qn 1= a" () "()og+a (') ()o+ p(:"),, (3.12)
where

+

the positive direction of joint
the negative direction of the joint

3.4.4 Excitation-signal-driven model

Including the rst-order di erential equation of excitation-to-activation, established in Equation (3.9), intro-
duces another state to the system as shown in Equation (3.13). Some researchers bypass this extra state with
an alternative formulation (e.g., exponential gain formula), but their alternative approach does not consider the
delay from excitation to activation [317].

lon 2n 0 o 1 _ uza (@2n 1;U2n 1;t)n
0 Mnn(n1) h1  Fnaln1n 1)+5n l1 (3.13)
Qui=a () () g+a () ()o+* p(il), . (3.14)

3.5 Simulation method

3.5.1 Inverse dynamic simulation

Inverse dynamics involves solving the torque-driven equations of motion (provided in section 3.4.1) using the
kinematics and the body characteristics to compute the resultant forces and moments at speci ¢ joints [325].

The MTG models have di erent positive and negative torques for one joint. This over-actuation requires
actuation redundancy resolution, primarily by optimization methods. Variations of two optimization techniques
are used to compute positive and negative active MTG torques: static and dynamic optimization. Static
optimization (SO) is considered as an inverse approach: MTG torques are optimized in SO using time-marching,
which means that time frames are solved consecutively [57]. Once the positive and negative active MTG torques
are calculated, the inverse dynamic simulation can compute the positive and negative MTG activation signals.

Example

The resultant torques and signals are evaluated for a given motion, as an example of model application. The pick
and place motions depicted in Figure 3.8 were measured from one subject (Male, 29-years8Q m, 85 kg, right-
handed, 1 session workout per week). The object weight is 40 N, and we assume the weight is equally spread
on both palms of hands. The raw measured joint angles are ltered with a 5 Hz low pass lIter (Figure 3.8).
Using inverse dynamic simulation (given joint angles, velocities, and accelerations), the required torques for 20
joints are calculated using equation (10). The activation torques for 40 MTGs are derived using an optimization
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Figure 3.8: A depiction of object manipulation task performed for kinematic data collection. The participants were
expected to lift and lower an object between two target locations in the sagittal plane. The joint trajectories were
measured using an upper body Xsens MVN suit (Xsens Technologies, Enschede, Netherlands).

Figure 3.9: The trajectories of 20 joint angles (°) acquired from the motion recording process and 5 Hz low pass ltering.

method and plotted in Figure 3.10. The activation torque is minimized to compute the joint torques using
the \fmincon" function of MATLAB (R2021b. MathWorks, Natick, MA, USA). The activation and excitation
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Figure 3.10: The plot of absolute active torque of 20 joints and 40 MTGs optimized for minimum active torque in the
pick-and-place movement.

signals, from Equation (3.4) are shown in Figure 3.11 and Figure 3.12.

According to the results in Figure 3.11, SFEs for both arms activate with 50% of the signal, and the TFE
activates with roughly 100% when the object is lifted from the furthest target. This activation pattern means
that lifting in the pose shown in Figure 3.8 has an undesirable impact on the torso and shoulder joint.

3.5.2 Forward dynamic simulation

The human CNS, which includes the brain and the spinal cord, controls the human body's mobility [166, ].
Despite uncertain/unknown trajectories and intricate muscle dynamics, the CNS simultaneously maintains
the kinetics and kinematics [166, ]. Experimental investigations of human mobility suggest that the CNS
optimally coordinates body movements [271, ]. According to many studies, the CNS regulates the human by
minimizing a cost function that may include jerk [329], torque [330], muscle activation [331], metabolic energy
[97], and muscle fatigue [332].
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Figure 3.11: The activation signal of the 20 joints and 40 MTGs for activation of the MTGs driving the optimized active
torque in the pick-and-place movement.

The CNS coordinates human movements with a complex signal that may be computed using () motion
prediction and (Il) corrective command [166]. An internal model or representation of the MSK system is used
to compute motion prediction or feed-forward control. In addition, the sensory organs calculate a correction
instruction or feedback control to remedy any mistakes caused by model uncertainty, external disruption, or an
unfamiliar environment. NMPC emulate this multi-purpose control with a limited horizon (feed-forward and
feedback control) [166] (Figure 3.13). The NMPC employs an IM that is learned over time [272, ] to simulate
human dynamics to forecast optimal motion (feed-forward) and correct prediction mistakes (feedback) [166].
It evaluates the ideal motion using a cost function. This cost function comprises joint angle errors ( 4),
joint angular velocity errors (! I 4), model inputs and their derivatives, as well as weights V). For the
activation-signal-driven model (input a) , this cost function can be formulated as Equation (3.15).

33



Figure 3.12: The excitation signal of 40 joint MTGs for the pick-and-place movement.

Zi h i
J= WI( P +Wl(@ 1g)?+W](@?+w](a? d (3.15)
0
min max
! min ! ! max
0 a 1 (3.16)
Qmin a  Qmax

Under the in uence of system dynamics provided in section 3.4 and constraints in Equation (3.16), the
NMPC controller optimizes the cost function (3.15).

The MTG excitations or activations in the musculoskeletal model may be generated by: (1) a forward
static optimization (FSO), in which a musculoskeletal system behavior is approximated by static reduction of a
physiological cost functional, or (2) by a forward dynamic optimization (FDO), in which a musculoskeletal system
behavior is modeled through dynamic minimization of a physiological cost functional, or by (3) experimental
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Figure 3.13: Elements of a typical musculoskeletal simulation in MapleSim Biomechanics. Movement occurs from a
complex composition of the neural, muscular, and skeletal systems. MapleSim Biomechanics comprises computational
models of these systems, allowing for human movement prediction and analysis. Neural commands to MTGs, in the form
of excitations, can be estimated from optimal controller models or experimental data (e.g., SEMG) with MuscleNET (a
machine learning framework that maps EMG excitations to kinematic/dynamic variables) [38]. MapleSim Biomechanics's
MTGs models, which convert excitations into biomechanical joint torque, contain the passive torque, active torque angle
scaling, and active torque angular velocity scaling features of the biomechanical joint. MapleSim Biomechanics MTG are
based on experimental data. MapleSim Biomechanics's peak joint strength depends on age, height, body mass, dominant
side, and athletic activity.

SEMG data from a subject. The SEMG data may be mapped to MTG inputs with a machine learning model

[38].

3.6 Model validation

We compare the measured moments at the joints of interest to the model's estimated ones to assess the model's
performance for a variety of di erent predicted movements. The experimental study uses dynamotor measure-
ment devices that constrain joint motion to measure joint moments. In these tests, subjects are directed to
ex or stretch maximally against the device's resistance, and the resulting isometric and isokinetic torques are
recorded. The maximum isometric test is done with zero joint velocity. In contrast, the isokinetic test is done as
the dynamotor measurement system controls the joint velocity. The isometric and the isokinetic tests are also
simulated using the MapleSim Biomechanics model and forward dynamics. We consider maximum activation
for MTG in the model when calculating maximum isometric moment-generating capability.

According to section 3.3.2, the joint peak isometric torque is a function of age [70, 72, 73], height [70, 74, 76],
body mass [70, 74, 75], as well as, sex, dominant side [77, 79], and athletic activity [277].

3.6.1 Isometric test

The results of many published experiments are represented in the maximum isometric joint moments computed
using the MapleSim Biomechanics model. Since the published experiments used for validation all had a limited
number of subjects (less than 10), we focus on the trend and pattern of maximum isometric joint torques in
our comparison with the experimental literature. Modeling and experimental results for the torso and neck are
compared in Figure 3.14, for the shoulder in Figure 3.15, and for the elbow, forearm, and wrist in Figure 3.16.

The maximum isometric torques generated by torso exors and extensors as a function of exion angle
successfully follow the trend of the data reported by Keller and Roy [284] and Kumar [67] in the ROM of
torso exion/extension (Figure 3.14(a)). Surprisingly, the data reported by Kumar [67] covers more than the
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Figure 3.14: Maximum isometric torque generated by (a) torso exors (+) and extensors (-) versus torso exion, (b)
torso right (+) and left (-) lateral exors versus torso lateral exion, (c) torso left (+) and right (-) axial rotator versus
torso axial rotation, and (d) neck exors (+) and extensors (-) versus neck exion. The model estimates are highlighted
in thick solid lines and are compared to experimental data from Keller and Roy [284], Kumar [67], and Jordan et al. [74].
M: Male, F: Female, Height is in meter (m), Weight is in kilograms (kg), number of session workout per week showed
with W.

average possible ROM that is measured by most researchers [282, , ] for the torso joint. The maximum
isometric moment produced by torso right and left exors in Figure 3.14(b) also follows the pattern reported in
the study of Kumar [67] for the ROM of torso lateral exion [282, ]. As shown in Figure 3.14(b), the torso

left axial rotator isometric torque matches the data by Kumar [67] well, although Kumar [67]'s experiments did
not cover the full ROM. The torso's right axial rotator's maximum torque decreases when the torso axial angle
increases, which is similar to the experimental data of Kumar [67] (Figure 3.14(c)). Similar trends between
the experimental data of Jordan et al. [74] and the estimated isometric torque of neck exion and extension by
the MapleSim Biomechanics model are shown in Figure 3.14(d). The neck peak exor torque is generated at
approximately 60° neck exion angle by MapleSim Biomechanics, similar to the experimental data of Jordan
et al. [74]. Other-DoF of neck has no experimental isometric torque versus neck joint angle data for validation.
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The model's shoulder exion moment-generating capacity diminishes at the same rate as in the literature
[77, , ] as shoulder exion angle increases. The model's extension moment-generating strength follows
the same pattern as the data in the literature [292], and our dynamometer experiment as mentioned in sec-
tion 3.3.3, as shoulder exion angle increases (Figure 3.15(a)). The model reproduces the empirical trend of
literature data [77, ] in shoulder vertical abduction and adduction strength as the shoulder abduction angle
increases (Figure 3.15(b)). The vertical adduction torque peaks at approximately 60° rotation similar to the
experimental data of Garner and Pandy [292]. As the shoulder horizontal abduction angle changes, the model
reproduces the experimental trend in shoulder horizontal abduction and adduction strength (Figure 3.15(c)).
Horizontal abduction torque peaks at approximately 50° rotation angle like the experimental data. The
model's maximum isometric external/internal rotation moment follows the same pattern as that seen in the
literature [77, , , ] (Figure 3.15(d)).

As shown in Figure 3.16(a), the model's elbow exion and extension moment-generating capacity follows the
same trend as the research in [292, , ], as shoulder exion angle changes. In addition, the maximum elbow
exion and extension isometric torque occur at about 70 and 8, respectively, which are similar to the literature
[292, ]. The forearm pronation isometric torque estimation has the same trend as Hutchins's experimental
data [294] and has a slight di erence in fully supinated arm with other studies [292, ] (Figure 3.16(b)). The
forearm supination torque pro le has a similar trend and value as most of the reported values [292, , 1.
The estimated wrist exion is similar to Garner and Pandy [292] and Delp et al. [297] (Figure 3.16(c)). The
estimated wrist extension by MapleSim Biomechanics is similar to other research, and the joint angle in which
the estimated maximum torque occurs is close to the values reported in the literature [292, , ]. The wrist
ulnar and radial deviation torque is similar to some sources [294, ] and has a di erent trend with only Garner
and Pandy [292] (Figure 3.16(d)).

3.6.2 Isokinetic test

Maximum isokinetic joint moments computed using the MapleSim Biomechanics model is compared with exper-
imental data reported in the literature (shown in Figure 3.17). The experimental data used in most references
are from elite athletes [338, ] that generate torque even for higher angular velocities than the normal subject
reported in Table 3.4 are capable. In addition to not comparing the amplitude of the isokinetic torque, the
maximum possible torque for the highest reported angular velocity is not compared in this research due to the
di erence in subject types.

As shown in Figure 3.17, the experimental torques decrease as the angular velocity increases for the con-
centric isokinetic test of joints, similar to the estimation of MapleSim Biomechanics [304, {341]. For the
eccentric isokinetic test, the experimental torques increases as the angular velocity increases [339] similar to
the MapleSim Biomechanics simulation. In total, the maximum isokinetic torque of joints estimated by the
MapleSim Biomechanics model follows the same pattern of the experimental data reported in the literature

[304, 338{341].

3.6.3 Shoulder workspace volume

The shoulder workspace has not been evaluated in most biomechanical modeling studies. The ROM for the
right shoulder joint of a male is shown in Figure 3.18. For calculating the ROM, the rst and second shoulder
Euler angles have been varied from to . Then, the passive torque of the shoulder joint has been calculated
using the 2 MTG models of SFE and SAA. As described in section 3.3.6, for the second-DoF of the shoulder
(SAA), the extrapolation of 2 MTG models of the SVAA and SHAA has been used. The ROM that has less
passive torque than 5 Nm has been visualized in Figure 3.18. As described in section 3.3.1, the passive torque
of the joint outside of the ROM increases exponentially. Thus, the 3D workspace in Figure 3.18(d) shows the
reachable surface of the upperarm, which is quite similar to the 3D experimental data in [342, ] and 2D
experimental data in the literature [282, 1.
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Figure 3.15: Maximum isometric torque generated by (a) shoulder exors (+) and extensors (-) versus shoulder exion
rotation, (b) shoulder adductors (+) and abductors (-) versus shoulder abduction rotation, (c) shoulder horizontal
adductors (+) and abductors (-) versus shoulder horizontal abduction rotation, and (d) shoulder medial (+) and lateral
(-) rotators versus shoulder rotation. The model estimates are highlighted in thick solid lines and are compared to
experimental data from our test (mentioned in section 3.3.3), Garner and Pandy [292], Winters and Kleweno [334], Otis
et al. [77], Hughes et al. [276], and Engin and Kaleps [291]. SFE, SVAA, and SHAA were determined with a straight
arm in the neutral position. SMLR torque was determined for the elbow in 60 ° exion, and 60 ° abduction. M: Male, F:
Female, Height is in meter (m), Weight is in kilograms (kg), number of session workout per week showed with W.

3.7 Discussion

This chapter presents a musculoskeletal model for torso, neck, shoulder, elbow, and wrist joints in the human
upper body. The model is based on average experimental biomechanical data for segment properties (dimensions
and inertia) as well as joint properties (maximum joint torque, maximum ROM, maximum angular velocity,
and maximum isometric torque-angle pro le). It can be adjusted based on subject body characteristics: sex,
age, body mass, height, dominant side, and physical activity.

One of the contributions of this work is that it provides enough information to build a mathematical model.
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Figure 3.16: Maximum isometric torque generated by (a) elbow exors (+) and extensors (-) versus elbow exion angle,
(b) forearm pronators (+) and supinators (-) versus pronation angle, (c) wrist exors (+) and extensors (-) versus wrist
exion angle, and (d) wrist ulnar (+) and radial (-) deviators versus deviation angle. The model estimates are highlighted
in thick solid lines and are compared to experimental data from Garner and Pandy [292], Buchanan et al. [336], Amis
et al. [335], Gonzalez [337], and Delp et al. [297]. EFE, FPS, WFE, and WRUD were determined with the shoulder
in 60° exion, and 30° abduction and all other DoF in neutral position. M: Male, F: Female, Height is in meter (m),
Weight is in kilograms (kg), number of session workout per week showed with W.

The data in Table 3.3, Table 3.4 and Table 3.5, as well as the presented equations, are su cient to construct a
dynamic model. Future users can focus on the targeted joint and ignore the non-targeted joint data.

To date, our model is more general and more complete in terms of being scalable with more anthropocentric
variables than other presented MSK models; it is also directly veri ed and validated. The data for this general

model is acquired from literature with multiple subjects in contrast to the subject-speci ¢ models in [63, 64, ]
In contrast with most musculoskeletal models that are not validated for all ROMs [67, 77, , , , 1,
our model was constructed and veri ed within the maximum ROM from the literature [282, , , , ]
The average maximum angular velocity from the literature [283, , , , , ] is used to limit the
maximum isokinetic joint torque in concentric motion and veri ed against the experimental literature [304, {

]. The maximum joint torque is adopted from the literature for females and males [67, 70, 78, , {307].
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