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ABSTRACT 

Development and Applications of Neuromusculoskeletal Modeling 

Software for Personalized Treatment Design  

by 

Marleny Vega 

One in eight adults with a disability suffer from walking impairments were 

amputation, osteoarthritis, rheumatoid arthritis, multiple sclerosis, spinal cord 

injury, stroke, and traumatic brain injury are the most common conditions 

responsible. Along with other movement impairment conditions such as cerebral 

palsy, Parkinson's disease, and orthopedic cancer, these conditions have been 

associated with a decreased quality of life, an increased risk of serious secondary 

health conditions (e.g., heart disease, diabetes), and an increase in economic burden 

(e.g., unemployment, health care). Therefore, improving treatment for walking 

impairment conditions is a high rehabilitation priority and an important public health 

problem.  

Clinicians and researchers have explored various neurorehabilitation 

treatments in search of effective approaches for maximizing walking function 

recovery. However, personalizing the design and delivery of neurorehabilitation 

treatments to the needs of individual patients is a challenging data science problem. 

Although a vast array of disparate movement-related data are available to the 

clinician, these data have not resulted in highly effective neurorehabilitation 



 
 

treatments. A promising alternative is to base treatment design on objective 

computational walking models that obey laws of physics and principles of physiology. 

With this approach, engineering design optimization methods that have successfully 

transformed the design of airplanes, automobiles, and other products can be used to 

optimize the design of clinical interventions. For such an approach to work, the 

computational walking models must be personalized to the patient's unique 

anatomical, physiological, and neurological characteristics and must be able to 

predict via optimization the patient's walking function following a planned 

intervention. Although the necessary computational methods for both capabilities 

exist today in validated prototype form in Dr. B.J. Fregly's lab at Rice University, they 

are not packaged in a way that makes them readily accessible and easy to use, thereby 

preventing significant research progress in this important area. 

This dissertation 1) developed a software infrastructure, 2) enhanced that 

infrastructure with metabolic cost modeling, and 3) applied that infrastructure to 

pelvic sarcoma surgery. We showed that it was possible to develop a cohesive 

framework to generate personalized neuromusculoskeletal walking models. This 

framework was further enhanced by adding metabolic cost modeling. We also found 

that model personalization improved metabolic cost estimates. The entire framework 

was then used to predict physically realistic post-surgery walking function for a 

simulated individual with a pelvic sarcoma. Although preserving the psoas muscle 

increases the surgery time, it is claimed to increase mobility post-surgery and 

rehabilitation. However, our walking predictions revealed that the strength of this 

muscle did not have a strong influence on post-surgery walking function. This thesis 



 
 

shows that our current infrastructure has the potential to positively influence 

surgical or rehabilitative decisions for a wide array of walking impairments.  
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Chapter 1 

Introduction 

One in eight adults with a disability suffer from walking impairments were 

amputation, osteoarthritis, rheumatoid arthritis, multiple sclerosis, spinal cord 

injury, stroke, and traumatic brain injury are the most common conditions 

responsible [1–2]. Along with other movement impairment conditions such as 

cerebral palsy, Parkinson’s disease, and orthopedic cancer, these conditions have 

been associated with a decreased quality of life, an increased risk of serious 

secondary health conditions (e.g., heart disease, diabetes), and an increase in 

economic burden (e.g., unemployment, health care) [1]. Therefore, improving 

treatment for walking impairment conditions is a high rehabilitation priority and an 

important public health problem.  

Clinicians and researchers have explored various neurorehabilitation 

treatments in search of effective approaches for maximizing walking function 

recovery. However, current clinical treatment design methods are based on 

subjective clinical experience involving trial-and-error methods, resulting in the sub-

optimal recovery of walking function. For example, rehabilitative interventions do 
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not typically restore normal walking function for individuals who suffer from a stroke 

[3]. On average, of the 65% of stroke survivors that regain walking function, their gait 

is typically slow, asymmetrical, and metabolically inefficient [4]–[7]. Similarly, total 

knee arthroplasty is unsuccessful 17% of the time for individuals who suffer from 

knee osteoarthritis [8]. Furthermore, limb-sparing hemipelvectomy surgery almost 

always results in abnormal walking function for individuals who suffer from pelvic 

sarcoma [9], [10]. With such a diverse population, if affected individuals are to 

recover the most function possible, a paradigm shift is needed toward personalized 

interventions designed using objective evidence-based methods.  

A promising alternative paradigm is to base treatment design on objective 

computational walking models that obey laws of physics and principles of physiology. 

With this approach, engineering design optimization methods that have successfully 

transformed the design of airplanes, automobiles, and other products can be used to 

optimize the design of treatment interventions. For such an approach to work, the 

computational walking model used in the design process must be personalized to the 

patient’s unique anatomical, physiological, and neurological characteristics and must 

be able to predict via optimization the patient’s walking function following a planned 

intervention. However, no easy-to-use computational technology currently exists for 

either 1) personalizing a broad range of critical model parameter values to represent 

a specific patient or 2) predicting via optimization of the patient’s personalized model 

the treatment option that will maximize the patient’s functional outcome. These two 

capabilities – model personalization and treatment optimization  – are essential if 

neuromusculoskeletal models are to be used for clinical treatment design purposes 
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[11].  Although the necessary computational methods for both capabilities exist 

today, few research groups are personalizing their models. Moreover, the research 

groups that do personalize their models typically personalize only one or two model 

elements due to the complexities in designing optimizations that appropriately 

modify modeling elements to match neurophysiological data (Error! Reference 

source not found.1). Though the necessary computational methods for both 

capabilities exist today in validated prototype form in Dr. B.J. Fregly’s lab at Rice 

University [12], [13], they are not packaged in a way that makes them readily 

accessible and easy to use, thereby preventing significant research progress in this 

important area. 

Table 1.1 - Neuromusculoskeletal modeling research over the years. 

 

 

Researchers 
Joint 

Model 
Muscle Tendon 

Model 
Foot-Ground 

Contact Model 
Neural Control 

Model 
Motion 

Prediction 

Ton van den Bogert [14]    [15]–[22] 
Tom Buchanan/ 

Kurt Manal 
 [23]–[30]    

Dario Farina/  
Massimo Sartori 

 [31]–[35]    

David Lloyd/ 
Thor Besier 

 
[24], [31]–[34], 

[36] 
   

Ilse Jonkers/ 
Friedl De Groote 

 [37], [38]  [38] [38]–[42] 

Javier Cuadrado   [43]   
John McPhee   [44]–[46]  [44], [47]–[50] 
Rick Neptune    [51]–[54] [51]–[58] 
Marcus Pandy     [59]–[67] 

Brian Umberger     [68]–[71] 
Josep Font-Llagunes     [72], [73] 

Ross Miller     [68], [74]–[76] 

Scott Delp     
[56], [61]–[63], 

[77], [78] 

BJ Fregly [79]–[82] [13], [83], [84] [12], [13], [85] [12], [13], [86] 
[12], [13], [79], 
[81], [87]–[90] 
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This dissertation addresses this challenge in three different ways, 1) by 

developing a cohesive infrastructure (Chapter 2), 2) enhancing that infrastructure 

with metabolic cost modeling (Chapter 3), and then applying that infrastructure to a 

pelvic sarcoma clinical situation (Chapter 4). First, we will package validated 

prototype software for model personalization and treatment optimization to make 

these capabilities easy-to-learn and easy-to-use. Second, we will add three common 

metabolic cost models to our framework. We will then use our framework to create 

two patient-specific models and determine how model personalization impacts 

metabolic cost estimates when compared to experimental data. Third, we will use our 

framework to predict if the retention or strength of the psoas muscle influences a 

patient’s walking ability after the removal of a pelvic sarcoma. 
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Chapter 2 

Neuromusculoskeletal Modeling 

Software Development 

2.1. Introduction 

This work aimed to package validated prototype software for model 

personalization and treatment optimization to make these capabilities easy-to-learn 

and easy-to-use. The proposed software developed in Matlab, makes use of OpenSim 

(musculoskeletal modeling software developed at Standford University [91]) and 

GPOPS (optimal control solver developed at the University of Florida [92]). The 

existing source code was organized and modularized into a cohesive framework with 

independent stages of model personalization (skeletal joint structure, foot-ground 

contact interactions, muscle force generation, and neural control characteristics) and 

an independent stage for treatment optimization. The goal of the software is to allow 

users to run any model personalization phase without modifying the existing source 
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code and with having access to only marker-based motion capture, ground reaction 

force, and electromyographic (EMG) data. The packaged software could allow 

researchers to work in collaboration with clinicians to generate personalized physics-

based neuromusculoskeletal walking models and then use them to predict the 

treatment that will maximize post-treatment walking function for individual patients.  

2.2. Capabilities of Existing Software 

 

Figure 2.1 - An overview of the five neuromusculoskeletal modeling software 

phases. 

The existing Matlab-based software contains five individual phases developed 

separately by previous Ph.D. students (Error! Reference source not found.1). The 

first four involve model personalization of a generic musculoskeletal model 

developed in Stanford’s freely-available OpenSim musculoskeletal modeling software 
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and consist of: 1) Joint model personalization, where parameter values defining 

patient-specific joint functional axes are calibrated, 2) Muscle-tendon model 

personalization, where parameter values defining patient-specific muscle force 

generation are calibrated, 3) Foot-ground contact model personalization, where 

parameter values defining patient-specific deformable ground contact force 

generation under each foot are calibrated, and 4) Neural control model 

personalization, where parameter values defining a patient-specific low-dimensional 

neural control structure are calibrated. The fifth phase involves treatment 

optimization and uses the subject-specific neuromusculoskeletal model to predict 

post-treatment walking function based on the design parameters used for the 

selected treatment (e.g., stimulating specific muscles, changes in muscle or skeletal 

anatomy, adding an assistive device to specific joints, etc.). All five phases describing 

model personalization and treatment optimization have been successfully performed 

in Dr. B.J. Fregly’s lab [12], [13], but the existing prototype software is too difficult for 

new researchers to learn and to use for any significant research progress to be made 

using this promising approach. 
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2.2.1. Model Personalization 

2.2.1.1. Joint Model 

 

Figure 2.2 - Joint model personalization. The location and orientation of groups 

of markers and joint axis are personalized to reduce the overall error between 
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the experimental marker trajectories and the model-predicted marker 

trajectories. 

The first phase of the model personalization process is joint model 

personalization (Figure 2.2). This phase determines the positions and orientations of 

joint centers and functional axes within the body segments such that the motion of 

surface markers placed on the model reproduces as closely as possible the motion of 

the same surface markers measured experimentally. The inputs to this phase are a 

generic musculoskeletal model whose joint positions and orientations within the 

body segments are defined by parameters, static marker position data for the body in 

a static pose, and dynamic marker motion data for isolated joint motion trials. The 

output is a modified musculoskeletal model scaled to match the subject’s dimensions 

with personalized joint centers and functional axes. The quantities optimized  are the 

marker positions and the positions and orientations of the functional joint axis. 

Prior to running the joint model personalization process, one must first 

perform several preparatory steps on the generic OpenSim musculoskeletal model 

used as a starting point. The generic model must initially be scaled to match the 

dimensions of the subject using the OpenSim Scale Model tool and the static standing 

trial. Next, the reflective surface markers must be grouped by the respective body 

segment to which each marker in the model is attached. For example, the markers 

attached to the pelvis are all grouped together.  

Once the generic model is appropriately prepared, the joint model 

personalization process can begin, where the optimizer has direct access to marker 
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group positions and functional joint axis positions and orientations. The joint model 

personalization process uses Matlab’s lsqnonlin algorithm with a cost function aimed 

to minimize the sum of squares of errors between the experimental and model 

marker positions [12], [13]. In addition, the cost function contains a penalty term to 

discourage large changes in joint and marker group locations and orientations. Each 

function evaluation call’s OpenSim’s Inverse Kinematics solver to calculate the 

current model’s marker locations. 
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2.2.1.2. Muscle Tendon Model 

 

Figure 2.3 - Muscle tendon model personalization. The parameters determining 

the muscle force and moment generating properties are personalized to reduce 

the overall error between the experimental joint moments and model-

predicted joint moments (see Appendix A for further details) 
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The second phase of the model personalization process is muscle-tendon 

model personalization (Figure 2.3). This phase determines the muscle-tendon, and 

muscle-tendon geometry parameters that define the relationship between muscle 

activity signals and the muscle-produced forces to reproduce the net joint moments 

calculated experimentally. The inputs to this phase are a scaled musculoskeletal 

model with personalized joints and dynamic marker motion, muscle activity signals, 

and ground reaction forces and moments from walking motion trials. The output is a 

scaled musculoskeletal model with personalized joints and muscle-tendon 

parameters and geometry. The quantities optimized are the muscle-tendon 

parameters and surrogate musculoskeletal geometry parameters. 

Prior to running the muscle-tendon model personalization, dynamic marker 

motion data for all selected walking motion trials must be analyzed using OpenSim’s 

Inverse Kinematics tool to generate joint angle trajectories. The resulting joint angle 

trajectories and measured ground reaction forces are used to run OpenSim’s Inverse 

Dynamics tool to calculate the net joint moments (𝑀𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡) to be reproduced by 

the muscle forces estimated during the muscle-tendon model personalization 

process. Next, a surrogate model of the subject’s musculoskeletal geometry is 

generated to allow for computationally-efficient calculations of muscle-tendon 

lengths, velocities, and moment arms and allow the muscle-tendon model 

personalization process to modify musculoskeletal geometry [13], [83]. The 

surrogate model is developed by sampling musculoskeletal geometry quantities over 

a wide range of joint angle combinations using a Latin hypercube design. The muscle-

tendon lengths, velocities, and moment arms for each muscle are then calculated 
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using OpenSim’s Muscle Analysis tool. Linear regression using least squares is used 

to fit muscle-tendon lengths, velocities, and moment arms simultaneously as related 

polynomial functions of the corresponding joint angles actuated by each muscle. Each 

muscle-tendon moment arm polynomial is defined as the negative of the first 

derivative with respect to the associated joint angle of the related muscle-tendon 

length polynomial [83]. Muscle-tendon velocity is defined as the first derivative with 

respect to time of the resulting muscle-tendon length polynomial.  

Once the surrogate model is complete, the muscle-tendon model 

personalization process can begin where the optimizer has direct access to the 

muscle-tendon parameter (electromechanical delays, activations dynamics time 

constants, activation non-linearization shape factors, EMG scale factors, optimal 

muscle fiber lengths, and tendon slack lengths) and surrogate musculoskeletal 

geometry parameters. The muscle-tendon model personalization process uses 

Matlab’s fmincon algorithm with sequential quadratic programming with a cost 

function aimed to minimize the sum of square errors between the experimental and 

model joint moments. In addition, penalty terms are included in the cost function to 

discourage substantial divergence of model parameter values from their original 

estimates. Each function evaluation used first order muscle activation dynamics to 

estimate muscle activations from EMG signals and used the Hill-Type muscle model 

to calculate muscle produced forces from the estimated muscle activations. A detailed 

description of our EMG-driven modeling approach can be found in Meyer et al. [83] 

as well as in Appendix A. 
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2.2.1.3. Foot-Ground Contact Model 

 

Figure 2.4 - Foot-ground contact model personalization. The parameters 

defining the contact elements placed underneath the model’s feet are 

personalized to reduce the overall error between the experimental ground 

reaction forces and the model-predicted ground reaction forces 
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The third phase of the model personalization process is the foot-ground 

contact model personalization (Figure 2.4). This phase determines the spring 

stiffness and resting lengths of the contact elements placed on the bottom of each foot 

such that the net contact forces and torques experienced by all the contact elements 

reproduce as closely as possible the ground reaction forces and moments measured 

experimentally. Each contact element generates a normal force using a linear spring 

with non-linear damping and a frictional force using a continuous stick-slip friction 

model [13], [85]. The inputs to this phase are a scaled musculoskeletal model with 

personalized joints and muscles, static marker position data for the body in a static 

pose, and dynamic marker motion, joint angle trajectories, and ground reaction forces 

and moments for one walking motion trial. The output is 1) a scaled musculoskeletal 

model with personalized joints, muscle-tendon parameters, and contact elements and 

2) a dynamically consistent optimal walking motion, with corresponding 3) joint 

moments and 4) ground reaction forces and moments. The quantities optimized are 

the spring stiffness and resting lengths for each contact element. 

Prior to running the foot-ground contact model personalization, a grid of 

contact elements must be placed across the bottom of each foot in the model. The grid 

of contact elements is created by outlining the outer edge of the sole of the shoe with 

a marker wand during a static trial with the subject standing in a static pose [12], [13], 

[85]. The contact elements that lie outside of the shoe outline are eliminated while 

the contact elements that remain within the shoe outline are attached to their 

corresponding body segment (hindfoot or forefoot).  
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Once the contact elements are attached to the model, the foot-ground contact 

model personalization process can begin which uses a direct collocation optimal 

control solver (i.e., GPOPS-II), where the state vectors are the joint angles, joint 

velocities, and joint accelerations. In addition to the states, the optimizer has direct 

access to the spring stiffness and resting lengths for each contact element placed at 

the bottom of the feet. The cost function is set to minimize the sum of squares of errors 

for the following items: 1) experimental and model marker positions, 2) experimental 

and model ground reaction forces and moments, and 3) experimental and model joint 

moments. Additionally, since the foot-ground contact model uses a jerk-controlled 

inverse dynamic problem formulation [12], [13], joint jerk is set as the controls and 

must be minimized in the cost function to make them unique. Aside from satisfying 

the cost function error tolerances, the optimization must also satisfy the path 

constraints used to enforce skeletal dynamics by minimizing the residual forces and 

torques acting on the pelvis. Each function evaluation calls OpenSim’s Point 

Kinematics Tool to calculate the position and velocity of each contact element to solve 

for the contact force experienced by each element. These net contact forces and 

torques are then applied to the hindfoot and forefoot, where OpenSim’s Inverse 

Dynamics Solver is called to calculate the model’s joint moments. OpenSim’s Inverse 

Dynamics Solver is also called to output the marker positions of the model during 

each function evaluation.   

Since periodicity is not guaranteed in the resulting optimal walking motion 

and ground reaction forces following the foot-ground contact model personalization 

process, the personalized model must be used in an additional direct collocation 
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optimal control problem. The parameters defining each contact element are fixed, 

while the cost function and path constraints are identical to the foot-ground contact 

model problem formulation with an additional terminal constraint enforcing 

approximate periodicity on all joint angles and ground reaction forces. The 

dynamically consistent and periodic kinematic and kinetic data outputted from this 

step are used in future stages as the “experimental” quantity to match in the cost 

function. 
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2.2.1.4. Neural Control Model 

 

Figure 2.5 - Neural control model personalization. The parameters defining the 

neural control structure are personalized to reduce the overall error between 

experimental muscle activations and the model-predicted muscle activations. 



 
15 

The fourth phase of the model personalization process is neural control model 

personalization (Figure 2.5). This phase determines the lower dimensional set of 

controls, known as muscle synergies, that coordinate the activation of different 

groups of muscles. Each muscle synergy is composed of a time varying signal, also 

known as a synergy activation, and a corresponding time-invariant vector, also 

known as a synergy vector. The inputs to this phase are a scaled musculoskeletal 

model with personalized joints, muscles, and foot-contact elements, muscle 

activations and a dynamically consistent and periodic walking motion, and ground 

reaction forces with corresponding joint moments. The output is a scaled 

musculoskeletal model with personalized joints, muscle-tendon parameters, contact 

elements, and neural control structure. The quantities optimized  are the synergy 

activations and synergy vectors.  

Prior to running the neural control model personalization, one must specify 

the number of synergies and initial guesses for the corresponding synergy vectors 

and commands that will reconstruct the experimental muscle activations. A range of 

three to six muscle synergies are typically tested to determine the smallest number 

of synergies with a variability accounted for (VAF) of above 95%  [83].  

Once the number of muscle synergies has been selected, the neural control 

model personalization process can begin, which uses direct collocation optimal 

controls with the identical states used in the previous phase (i.e., Foot-Ground 

Contact Model). In addition to the states, the optimizer has direct access to the 

synergy vectors and the controls set as joint jerk and synergy activations. The cost 
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function is set to minimize the sum of squares of errors for the following items: 1) 

experimental and model joint angles, 2) experimental and model ground reaction 

forces and moments, 3) experimental and model joint moments for the lower body, 

and 4) experimental and model muscle activations. Since the neural control model 

also used a jerk-controlled inverse dynamic problem formulation [12], [13] joint jerk 

controls were also minimized in the cost function. The path constraints for this 

personalization process enforced the following: 1) dynamic consistency and 2) 

model-predicted inverse dynamic joint moments of the lower body matched muscle-

produced joint moments from synergy-constructed muscle activations. A terminal 

constraint was also added to enforce periodicity on all joint angles and ground 

reaction forces. Each function evaluation calls OpenSim’s Point Kinematics Tool and 

Inverse Dynamics Solver to calculate the model predicted ground reaction forces and 

joint moments. The previously created surrogate model (i.e. Muscle Tendon Model 

Phase) is then used to calculate the muscle produced moment  

Prior to moving on to the Treatment Optimization phase of the process, one 

tests the predictive capabilities of the fully personalized model by using the fully 

calibrated model in another direct collocation optimal control problem where the 

cost function contains only the minimization of jerk and changes to the synergy 

activation controls. All model parameters and synergy vectors are fixed while, similar 

to the third and fourth phases , the path constraint is set to enforce dynamic 

consistency and a terminal constraint is added to ensure approximate periodicity on 

all joint angles and ground reaction forces. If the model-predicted walking motion, 
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joint moments, ground reactions, and muscle activations are close to the 

experimental values, the model is ready to move on to the next phase of the process. 

2.2.2. Treatment Optimization 

Figure 2.6 - Examples of type 1 or type 2 treatments optimizations for different 

treatment designs and subject populations. 

 
FES Treatment Exoskeleton Design Pelvic Sarcoma Surgery 

 

   

Type 1  Modified muscle activations 
 Which muscles to stimulate 

 Modified muscle activations 
 Which joints to assist 
 Which design works best 

 Modified muscle activations 
 Which muscles to keep or remove 
 Which muscles to re-attach 

Type 2 
 Modified muscle activations 
 Length of stimulation 
 Magnitude of stimulation 

 Modified muscle activations 
 Magnitude of assistance 
 Timing of assistance 

 Modified muscle activations 
 Location of pseudo hip center 
 Location of bone cuts 
 Changes in muscle tendon 

parameters 
 Changes in bone geometry 
 Changes in implant geometry 
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The fifth phase of the modeling process is treatment optimization. This phase 

can either manually evaluate different treatment designs involving discrete variables 

(type 1) or automatically evaluate different treatment designs involving continuous 

variables (type 2) (Figure 2.6). The input to this phase is a scaled musculoskeletal 

model with personalized joints, muscle-tendon parameters, foot-ground contact 

elements, and neural control structure. The outputs to this phase depend on the 

treatment of interest and the type of treatment design (type 1 or 2).  

There are two types of treatment optimizations that can be evaluated in the 

treatment optimization phase. Treatment optimization type 1 requires manually 

evaluating different treatment designs involving discrete design variables. Type 2 

automatically evaluates different treatment designs involving continuous design 

variables. Both types use numerical optimization (i.e., direct collocation optimal 

control) to predict patient function following a planned intervention. The treatment 

optimization is formulated where the joint positions, velocities and accelerations are 

set as the states and the joint jerk and personalized synergy activations are set as 

controls (the synergy vectors are fixed). Depending on the design variables for the 

treatment type, the cost function will vary but it must include minimization of joint 

jerk and changes in synergy activations. Similarly, the path constraints may vary but 

must include the enforcement of 1) dynamic consistency and 2) joint moment 

consistency between model-predicted joint moments from inverse dynamics and 

muscle-produced joint moments from synergy-constructed muscle activations. A 

terminal constraint must also be added to enforce approximate periodicity on all joint 

angles and ground reaction forces. 
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Three studies performed in the lab developed a personalized 

neuromusculoskeletal model of particular subject and then used the model to 

perform treatment optimization, providing initial evidence for the value of this 

computational approach to treatment design. Fregly et al. 2007 [79] formulated a 

treatment design optimization focused on developing a rehabilitation treatment for 

medial knee osteoarthritis. The design variable of interest were gait modifications 

where the goal was to minimize an external indicator of medial knee contact force 

(type 2) for an individual suffering from medial knee osteoarthritis. The study found 

a significant reduction in medial knee contact force comparable to the benefits from 

a high tibial osteotomy surgery. Building on Meyer et al. 2016 [93], which validated 

walking predictions with the complete framework, Sauder et al. 2019 [12] formulated 

a treatment design optimization focused on enhancing the efficiency of fast functional 

electrical stimulation. The design variables of interest were muscle selection (type 1) 

and length of stimulation (type 2) where the goal was to improve gait symmetry for 

an individual post-stroke. Although the optimal selection of muscles would typically 

require manual tuning, Sauder et al. formulated an optimization that allowed the 

automatic selection of muscles. The study found an improvement of 23% in the gait 

symmetry in comparison to common clinical practice. 
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2.3. Utilization of Existing Software 

2.3.1. Data Inputs 

 

Figure 2.7 - Required three-dimensional gait analysis data. Marker motion 

trajectories, muscle activity signals, and ground reaction forces and moments 

must be collected simultaneously at various walking speeds. 
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To perform all four phases of the model personalization process, one must 

have access to marker-based motion capture, ground reaction force, and 

electromyographic (EMG) data collected during walking (Figure 2.7). Ideally, for 

more robust model parameter personalization, walking data would be collected at 

multiple speeds, such as self-selected, fastest than self-selected (e.g., fastest 

comfortable speed), and slower than self-selected. To simplify the calibration of a 

foot-ground contact model, the authors recommend that participants wear shoes 

with a flat neutral sole (i.e., non-variable stiffness), such as Adidas Sambas sneakers. 

For EMG data collection, the authors recommend a combination of surface and (if 

possible) fine wire EMG electrodes to collect signals from all major muscles involved 

in walking, including deep muscles located below other muscles (e.g., iliopsoas in the 

hip). Additionally, marker-based motion capture data must be collected for a standing 

static trial to support model scaling and isolated joint movement trials to support 

joint model personalization for the joints of interest [12], [13]. 

2.3.2. Data Processing 

Prior to initiating the model personalization process, extensive processing of 

the marker-based motion capture, ground reaction, and EMG data must be 

performed. In our studies for walking data, the ground reaction and marker motion 

data are low-pass filtered using a fourth-order zero-phase lag Butterworth filter with 

a cut-off frequency of 7/tf Hz [94], where tf is the period of the gait cycle being 

processed [83]. On average, this variable cut-off frequency caused data collected at a 

normal walking speed to be filtered at approximately 6 Hz. The EMG data are high-
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pass filtered (40 Hz), demeaned, rectified, and low-pass filtered (3.5/tf Hz) using a 

fourth-order zero-phase lag Butterworth filter. EMG amplitudes for each muscle are 

normalized to the maximum value over all trials and resampled to 101-time points 

per gait cycle, as described in [83]. 

2.4. Limitations of Existing Software 

The major limitation of the existing Matlab code is that it takes new users six 

months or longer to learn how to use it. Since different Ph.D. students previously 

developed all phases of the software, the existing source code is poorly organized and 

hard to follow. When the Matlab code for each phase was developed, it was 

formulated to work with only one OpenSim model with patient-specific data hard-

coded into the source code. Additionally, the source code was structured to work with 

only 5 DOFs (hip flexion, hip adduction, knee flexion, ankle plantarflexion, and 

subtalar flexion) in each leg, omitting hip internal-external rotation, and work with a 

pre-defined set of lower limb muscles. To modify (or run) any aspect of these hard-

coded elements, a potential user currently must have extensive Matlab, OpenSim, and 

GPOPS-II knowledge, which severely limits the number of researchers who would 

have any hope of using the code. Since no instructions or user guide exists, extensive 

knowledge of Matlab, OpenSim, and GPOPS-II is required to figure out the data flow 

and the order of the functions to run all phases of the model personalization process. 

New users are also limited to performing all four phases of the software with little to 

no flexibility (i.e., no model or optimization problem modifications allowed). Similar 

to the interdependencies between functions within the source code, 
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interdependencies exist between the versions of Matlab, OpenSim, and GPOPS-II used 

at the time of development. In particular, new users are required to use an older 

version of OpenSim (3.3), which possesses a substantial number of reported bugs that 

have been fixed in newer versions. Therefore, instabilities and bugs found in the 

source code and accompanying external software increase the probability of the 

system or software crashing. The existing source code does not support any data 

backups, forcing users to restart the current phase of model personalization from 

scratch if a crash occurs. Overall, the existing source code lacks maintainability, 

usability, adaptability, and reliability.   
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2.5. Development of Integrated Software 
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Figure 2.8 - Flowchart describing the interaction and data flow between all 

existing functions. 

To address these challenges, we have reformulated the existing Matlab source 

code into an integrated neuromusculoskeletal modeling (NMSM) software package 

(Table 2.1). First, we began by packaging the software where a flowchart was created 
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to describe the interaction and data flow between all existing functions (Figure 2.8). 

Next, we focused on two main functionalities: generalizability and ease of use.    

In terms of generalizability, the code has been modified to work with any 

OpenSim musculoskeletal model and any patient data. All hard-coded variables 

associated with one specific OpenSim model or patient data and one set of joints or 

lower limb muscles were relocated outside the source code into phase-specific Matlab 

scripts. For example, for the muscle-tendon model personalization process, a Matlab 

script exists outside of the source code where users can list the joints and muscles of 

interest. Therefore, the user does not need to dive into the source code to tailor it to 

their model or data set; only the Matlab scripts that exist outside the source code need 

to be modified. 

In terms of ease of use, new users no longer need in-depth knowledge of 

Matlab, OpenSim, and GPOPS-II to modify or run any phase of the model 

personalization process as well as the treatment optimization process. For example, 

for the treatment optimization phase, we have designed a graphical user interface to 

allow users to modify the optimal control cost function and path and terminal 

constraints without modifying the source code. Additionally, the NMSM software has 

been automated to allow users to run each model personalization phase from the 

Matlab command window rather than making users run individual functions. Each 

phase of model personalization within the new NMSM software has also been 

modularized, eliminating interdependence between phases, giving users the 

flexibility to run the different phases individually and non-sequentially, and allowing 
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use results from external existing modeling processes (e.g., substitute traditional 

static optimization for the muscle-tendon model personalization process to estimate 

muscle forces). Although interdependencies between Matlab, OpenSim, and GPOP-II 

still exist, the Matlab source code has been upgraded to use the latest versions of all 

accompanying software. The existing source code has been further upgraded to allow 

users to save and load crash data files. A Wiki Pages site has also been created and 

populated with instructions and examples for running all phases of the NMSM 

software (Figure 2.9). Aside from restructuring the existing software and adding 

general software development features, the calculation of metabolic cost has been 

added as an extra feature into the source code. Although metabolic cost or energy 

expenditure can be measured experimentally, equipment and patient activity 

limitations minimize the ability of many labs to perform this measurement in vivo. 

The functionality of this new feature was majorly evaluated in the next chapter. 
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Figure 2.9 - Wiki pages designed to contain instructional information on how to 

run all modeling elements within the software. 
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Table 2.1 - Summary of existing software functionality in comparison to the 

enhanced functionality. 

Existing Functionality  Enhanced Functionality 

Compatible with OpenSim 3.3  Compatible with OpenSim 4.0 

Structured to work with only one 
OpenSim model 

 
Structured to work with any 

OpenSim model 
Structured with hard-coded 

subject-specific variables located 
through all modeling components 

 
Structured to work with any 

subject-specific data 

Structured to calibrate only 
certain joints and muscles 

 
Structured to allow the user to 

calibrate any joints and/or muscles 
Required in-depth knowledge of 

how to use Matlab and modify Matlab 
source code to modify problem 

formulations 

 

Structured to give the user options 
for modifying problem formulations 

without modifying Matlab source 
code 

Required in-depth knowledge of 
individual functions to run each 

modeling component 
 
Structured to run modeling 

components with minimal user 
input 

Structured to have all modeling 
components dependent on one another 

 
Structured to have all modeling 

phases independent of one another 
Required users to rerun any 

functions in the case of a crash/system 
failure 

 
Structured to output crash and log 
files for all modeling components 

Minimal documentation on how 
to run model personalization 

 
Wiki Page site created with 

instructions and examples of how to 
run the software 
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2.5.1. Software Organization 

 



 
32 

 

Figure 2.10 - NMSM software folder organization. The structure on the left 

presents the input data organization suggested by the authors. All input data 

can be grouped as either experimental files or setup files. The experimental 

files folder can be subdivided into joint isolation trials, shoe pictures, static 

trials, and motion trials. The structure on the right presents the output data 

folders, which are automatically created in the location designated by the user. 

All key results outputted from any software component will be located in the 

output data folder, including the OpenSim models, personalized modeling 

elements (ex. springs, muscle parameters, etc.), and parsed and filtered 

experimental data. 

The new NMSM software has been designed to be an easy-to-use toolbox that 

can generate subject-specific physics-based neuromusculoskeletal walking models 

without the need for the user to access or modify the Matlab source code (Figure 

2.10). The user can run any phase of the process with the input of necessary 

experimental data and a corresponding setup file. Template setup files can be easily 

printed out through the Matlab command window to a selected folder chosen by the 

user. Additionally, the NMSM software source code contains a folder dedicated to 

sample setup files as a reference for users. 
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2.5.2. Current Software Limitations 

Any generic OpenSim musculoskeletal model can be used within the software; 

however, the software is currently limited to adding contact models to the feet only 

and predicting only walking motions. Future work will address predicting other 

movements such as walking up and down stairs, squatting, sit to stand, and upper 

extremity motions. Most importantly, future work will focus on minimizing the 

computational time required to perform each phase of the model personalization 

processes. 
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Chapter 3 

Metabolic Cost Model Personalization  

3.1. Introduction 

Metabolic cost has been used to evaluate human performance during daily 

activities such as walking [95]–[99] and athletic activities such as running [96], 

[100]–[103] and cycling [104]–[108].  Metabolic cost is defined as the energy 

consumed by the body during a given activity, a quantity that has also been adopted 

as a metric to evaluate the design or operational settings of assistive devices [109]–

[111]. Additional applications for which knowledge of metabolic cost is useful 

include: prescription of training intensities [112], advancement of geriatric medicine 

[98], [113], [114], treatment of clinical gait disorders [95], and monitoring of energy 

intake and expenditure in obese patients [115]. Various methods exist to measure 

metabolic cost, with the two most popular being indirect and direct calorimetry. 

Direct calorimetry measures metabolic cost using a calorimeter and is the most 

accurate method. However, its usage is limited due to the cost of dedicated equipment 
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and need for specific expertise to acquire and interpret the data. In contrast, indirect 

calorimetry estimates metabolic cost by measuring respiratory gases influenced by 

the body’s metabolism [116]. Although indirect calorimetry is more affordable than 

direct calorimetry, the trade-off is reduced accuracy. Regardless of the method, the 

various applications of metabolic cost measurement often require subjects to walk 

repeatedly for long periods of time, limiting the participation of subjects with severe 

impairments or who quickly fatigue [117], [118]. 

With advances in computational biomechanics, musculoskeletal and 

metabolic cost models have emerged as tools to estimate metabolic cost. These tools 

have been used to predict human movement and response to mechanical 

interventions [119], [120]. Although the creation and calibration of musculoskeletal 

models involves high computational cost, once a subject-specific model is created, it 

is easier, faster, and cheaper to evaluate various treatment options in silico. 

Specifically, within the field of exoskeleton design, musculoskeletal models can 

eliminate the time and expense of iteratively designing and building physical 

prototypes. Uchida et al. [119] used the OpenSim simulation framework [121] to 

optimize the design of an assistive device intended to reduce the metabolic cost of 

running. Dembia et al. [122] simulated an ideal assistive device to minimize the 

metabolic cost of several individuals walking with heavy loads. Fey et al. [123] 

developed an optimization to identify an optimal prosthetic foot stiffness to minimize 

metabolic cost for amputee walking. Miller et al. [124] used direct collocation optimal 

control to predict a gait pattern that reduced metabolic cost while minimizing peak 
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axial knee joint contact forces. By predicting the factors, designs, or movements that 

minimize metabolic cost, these studies highlight the potential benefits of combining 

musculoskeletal and metabolic cost models. However, for these predictions to be 

used for practical applications, they need to be validated against experimental 

measurements. Studies that have performed a direct comparison between measured 

and predicted metabolic cost have reported noticeable differences in metabolic cost 

estimates depending on the metabolic cost model chosen [125], [126], emphasizing 

the need to improve either the accuracy of existing metabolic cost models, the fidelity 

of the associated musculoskeletal models, or both. 

Previous published studies that estimated metabolic cost during walking have 

focused on using scaled generic musculoskeletal models. However, several studies 

have reported that personalization of anatomical and physiological characteristics of 

a musculoskeletal model can influence prediction of muscle forces, joint moments, 

and novel movements, factors that also play a role in metabolic cost calculations. 

Reinbolt et al. [127] found that personalization of the joint functional axes is 

important for obtaining reliable inverse dynamic joint moments. Several studies (e.g., 

[128]–[132] reported large improvements in joint moment matching when muscle 

force-generating properties are personalized using an EMG-driven model. Gerus et al. 

[133] demonstrated that personalizing knee geometry and corresponding muscle-

tendon parameter values resulted in improved predictions of knee contact force 

compared to predictions generated by a generic model. Since muscle force estimates 

depend on joint moments, and the production of muscle forces and activations 
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depends on muscle-tendon model parameters, the confounding effect of model 

personalization may also affect metabolic cost estimates. However, to the best of the 

authors’ knowledge, no study to date has explored this possibility. 

This study evaluated the influence of musculoskeletal model personalization 

on metabolic cost estimates of walking post-stroke. To evaluate the physical realism 

of different metabolic cost modeling methods, we compared metabolic cost estimates 

to trends reported in the literature for individuals post-stroke. Finley and Bastian 

[134] reported a decrease in metabolic cost as walking speed increased and severity 

of motor impairment decreased. In contrast, for the same subject population, Finley 

and colleagues [134], [135] reported that metabolic cost increased as differences in 

step position, stance time, and double support time increased.  

The present study calculated metabolic cost estimates for previously acquired 

extensive gait data sets collected from two individuals post-stroke and for which 

metabolic cost measurements were not available. Our goal was to determine whether 

any combination of musculoskeletal modeling method and metabolic cost modeling 

method could reproduce all five physically realistic metabolic cost trends observed in 

the literature. Since metabolic cost has been adopted as a tool in various scientific, 

clinical, and engineering fields to evaluate human performance, surgical outcomes, 

and rehabilitation outcomes, the results of this study may be useful for identifying 

which modeling methods are most likely to predict physically realistic metabolic cost 

estimates. 
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3.2. Methods 

3.2.1. Experimental Data and Data Processing 

Experimental walking data collected from two male stroke survivors – one 

high functioning and one low functioning - were used as inputs to the metabolic cost 

analyses (see Table 3.1 for subject characteristics). Data collected from both subjects 

included marker-based motion capture, ground reaction force, and surface and fine-

wire electromyographic (EMG) data (Table 3.2, 16 channels per leg). The data were 

collected at different walking speeds using a split-belt instrumented treadmill with 

belts tied. Walking speeds ranged from slower than self-selected to a maximum 

comfortable speed. For the high functioning subject, the speed range was from 0.4 to 

0.8 m/s in increments of 0.1 m/s, while for the low functioning subject, the speed 

range was from 0.35 to 0.65 m/s also in increments of 0.1 m/s. Additional 

experimental data were also collected for static and isolated joint movement trials. A 

static standing trial was collected for model scaling purposes. Isolated joint motion 

trials were collected for each hip, knee, and ankle for purposes of personalizing the 

model's lower body joint axes. All functional axes for the joint of interest were 

exercised during each isolated joint motion trial [136], [137]. 

The ground reaction and marker motion data were low-pass filtered using a 

fourth-order zero-phase lag Butterworth filter with a cut-off frequency of 7/tf Hz [94], 

where tf is the period of the gait cycle being processed [132]. On average, this variable 
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cut-off frequency caused data collected at a normal walking speed to be filtered at 

approximately 6 Hz.  

The EMG data were high-pass filtered (40 Hz), demeaned, rectified, and low-

pass filtered (3.5/tf Hz) using a fourth-order zero-phase lag Butterworth filter. EMG 

amplitudes for each muscle were normalized to the maximum value over all trials and 

resampled to 101 time points per gait cycle, as described in [132]. 

3.2.2. Musculoskeletal Model 

A generic full-body OpenSim musculoskeletal model [121], [138] served as the 

starting point for all three metabolic cost analyses. The generic model used for both 

subjects started with 40 Hill-type muscle-tendon actuators per leg and 37 degrees of 

freedom (DOFs), including: 3 DOF hip joints, 1 DOF knee joints, 2 DOF ankle joints. 

For the high functioning subject, six muscles without related EMG data were 

eliminated (extensor hallucis longus, flexor hallucis longus, gracilis, piriformis, 

sartorius, tensor fascia latae). For the low functioning subject, seven muscles without 

related EMG data were eliminated (extensor digitorum longus, flexor digitorum 

longus, extensor hallucis longus, flexor hallucis longus, gracilis, piriformis, sartorius). 

The remaining muscles actuated hip flexion-extension, hip adduction-abduction, hip 

internal-external rotation, knee flexion-extension, ankle flexion-extension, and ankle 

inversion–eversion on each leg.  
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3.2.3. Joint Model Personalization 

Personalization of the joint functional axes for the hip, knee, and ankle on each 

leg was performed by following a two-step process. First, the geometry of the generic 

OpenSim model was scaled to match the dimensions of each subject using the 

OpenSim Scale Model tool and the static standing trial data. Second, marker positions 

and functional axes of the model’s lower body’s joints were personalized as described 

in [136], [137], [139], [140]. The personalization process involved using nonlinear 

optimization to adjust the positions and orientations of the model's lower body joints 

and marker triads placed on the body segments. The cost function minimized the sum 

of squares of errors between the experimental and model marker positions from all 

isolated joint motion trials and one walking trial analyzed together. The optimization 

process was performed using Matlab's lsqnonlin algorithm, which iteratively ran 

OpenSim Inverse Kinematics analyses to calculate marker location errors. 

3.2.4. Muscle-tendon Model and Geometry Personalization 

Experimental data from ten gait trials collected at each available walking 

speed were used to calibrate an EMG-driven model for both legs of each subject. 

Before performing EMG-driven model calibration, we analyzed marker data from 

each gait trial using the OpenSim Inverse Kinematics tool to generate joint angle 

trajectories. The OpenSim Inverse Dynamics tool was then used to calculate the joint 

moments produced by muscle forces. Next, a surrogate model of each subject's 

musculoskeletal geometry was generated to allow the EMG-driven model to modify 
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musculoskeletal geometry [132], [139]. The surrogate model was developed by 

sampling a wide range of joint angle combinations for the lower limbs using a Latin 

hypercube design. The muscle-tendon lengths and moment arms for each muscle 

were then calculated using the OpenSim Muscle Analysis tool. Linear regression using 

least squares was used to fit muscle-tendon lengths and moment arms 

simultaneously as related polynomial functions of the corresponding joint angles 

actuated by each muscle. Each muscle-tendon moment arm polynomial was defined 

to be the first derivative of the related muscle-tendon length polynomial with respect 

to the associated joint angle [141]. Muscle-tendon velocity was defined as the first 

derivative of the resulting muscle-tendon length polynomial with respect to time. 

To personalize the model's muscle-tendon force-generating properties, we 

allowed our EMG-driven model calibration process to modify three types of 

parameters: EMG-to-activation parameters (electromechanical delays, activation 

dynamics time constants, activation non-linearization shape factors, and EMG scale 

factors), Hill-type muscle-tendon model parameters (optimal muscle fiber lengths 

and tendon slack lengths), and surrogate musculoskeletal geometry parameters. 

Using Matlab's fmincon algorithm with sequential quadratic programming, we 

adjusted the model parameter values to best match calculated experimental inverse 

dynamic joint moments and published passive joint moments [142]. In addition, 

penalty terms were added to the cost function to discourage substantial divergence 

of model parameter values from their original values. A detailed description of our 
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EMG-driven modeling approach can be found in Meyer et al. [132] as well as in 

Appendix A 

3.2.5. Metabolic Cost Analysis 

To evaluate the extent to which model personalization affects estimated 

metabolic cost, we developed three musculoskeletal models for each subject with 

varying levels of personalization. The least personalized model was a scaled generic 

OpenSim model where muscle activations were calculated via static optimization 

using quadratic programming (SO-Gen)[143](Appendix B – Figure B.3.1). The 

intermediate personalized model used the subject’s calibrated EMG-driven model but 

with muscle activations found via static optimization (SO-Cal) (Appendix B – Figure 

B.3.1). The most personalized model again used the subject’s calibrated EMG-driven 

model but with muscle activations calculated from the subject’s experimental EMG 

data (EMG-Cal) (Figure 3.2) (Appendix B – Figure B.3.3). The muscle activations found 

by each approach were used to calculate each subject's cost of transport (CoT in 

J/m/kg) for different gait speeds using metabolic cost models published by Umberger 

[144] (U03), Umberger et al. [145] (U10), and Bhargava et al. [146] (B04). The cost of 

transport is defined as the metabolic cost expended to move a unit of body mass a 

unit of distance. These three metabolic cost models were chosen due to their 

popularity, where all three models are a function of work and heat rate due to muscle 

activation, muscle shortening and lengthening, and maintenance of muscle 

contraction. The key difference in these models is the assignment of negative (B04) 
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or positive (U10 and U03) heat rate during muscle lengthening, along with the 

inclusion (U03 and B04) or exclusion (U10) of eccentric contraction work rate in the 

metabolic cost calculations. 

To evaluate the physical realism of each musculoskeletal model/metabolic 

cost model combination, we identified five experimental trends in the literature for 

how CoT varies as a function of other clinically relevant quantities for individuals 

post-stroke. The first three quantities were step length asymmetry, stance time 

asymmetry, and double-support time asymmetry, all of which have been reported to 

increase as the cost of transport increases [134]. Inversely, the two other quantities 

were speed and Fugl-Meyer score, which have been observed to decrease as the cost 

of transport increases. Asymmetries in step length, stance time, and double-support 

time between the paretic and non-paretic legs were calculated as specified in [134], 

[135], where paretic leg values were subtracted from the non-paretic leg values and 

then absolute values taken. Step length asymmetry was computed as the difference 

in distance between the non-paretic foot and the pelvis during heel strike of the non-

paretic leg and distance between the paretic foot and the pelvis at heel strike of the 

paretic leg. Stance time asymmetry was computed as the difference in duration from 

heel strike to toe-off of the non-paretic leg and duration from heel strike to toe-off of 

the paretic leg. Double-support time asymmetry was computed as the difference in 

duration from heel strike of the paretic leg to toe-off of the non-paretic leg and 

duration from heel strike of the non-paretic leg to toe-off of the paretic leg. 
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We performed statistical analyses to evaluate whether trends in CoT as a 

function of the five quantities described above were different between each 

musculoskeletal model/metabolic cost model combination and the experimental data 

published in [134]. The selected statistical analysis was analysis of covariance, which 

compared the slopes and y-intercepts of regression models that fitted model 

predictions and experimental measurements. To provide a fair comparison with the 

experimental data published in [134], we trimmed the experimental data points to 

within ± 0.05 m/s of the maximum and minimum speeds used in our study. This 

criterion was chosen to maximize the number of experimental data points retained 

from [134] study while being consistent with the 0.05 m/s speed interval present in 

our study. To examine the relationship between Fugl-Meyer score and CoT, we first 

calculated the average CoT value across all speeds and trials per subject. These values 

were then compared to the average CoT values published in [134] for a subset of 

subjects whose Fugl-Meyer scores were within ± 3 of our high and low functioning 

subjects. 

3.3. Results 

The ability to predict CoT trends consistent with experimental measurements 

varied across the nine modeling combinations ( 

Table 3.3, Figure 3.3, Figure 3.4, Figure 3.5, Figure 3.6). Overall, only the 

Bhargava metabolic cost model predicted slopes of CoT versus speed, step length 
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asymmetry, stance time asymmetry, and double support time asymmetry regression 

lines that were statistically similar to those measured experimentally in [134]. Within 

the Bhargava metabolic cost model, p-values tended to increase as the level of 

musculoskeletal model personalization increased, with the EMGCal musculoskeletal 

model generally exhibiting the largest p-values and thus the greatest statistical 

similarity to experimental measurements. In contrast, the Umberger 2003 and 2010 

metabolic cost models predicted slopes that were statistically similar to those 

measured experimentally for only stance time asymmetry and double support time 

asymmetry. Within the two Umberger metabolic cost models, p-values tended to be 

comparable across the three levels of musculoskeletal model personalization. 

In contrast, the ability to predict CoT magnitudes consistent with 

experimental measurements was weak for all nine modeling combinations. 

Specifically, none of the nine modeling combinations predicted y-intercepts of CoT 

versus speed, step position asymmetry, stance time asymmetry, or double support 

time asymmetry regression lines that were statistically similar to those measured 

experimentally in [134] (all p-values < 0.05). However, when absolute values of y-

intercept differences were calculated (Table 3.4), the Bhargava 2004 metabolic cost 

model tended to have the smallest differences, consistent with revealing the smallest 

regression line offsets relative to experimental regression lines (Figure 3.3, Figure 

3.4, Figure 3.5, Figure 3.6). Furthermore, within the Bhargava metabolic cost model, 

y-intercept differences generally decreased as the level of musculoskeletal model 
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personalization increased, with the EMGCal musculoskeletal model again exhibiting 

the greatest similarity to experimental measurements. 

When mean CoT across speeds was compared between each subject used in 

our study and subjects with comparable Fugl-Meyer scores from [134], the U03-

SOGen, B04-SOCal, and B04-EMGCal model combinations exhibited the best ability to 

predict CoT as a function of Fugl-Meyer score (Table 3.5). Specifically, for both 

subjects, U03-SOGen, B04-SOCal, and B04-EMGCal predicted mean CoT values within 

two standard deviations of the mean CoT value calculated for corresponding subjects 

in [134]. The B04-SOGen mean CoT value for the high functioning subject was also 

within two standard deviations of Finley and Bastian’s subjects. In addition, all nine 

modeling combinations predicted a higher mean CoT value for the low functioning 

subject than for the high functioning subject, in agreement with [134].   

3.4. Discussion 

This study evaluated the effect of musculoskeletal model personalization on 

metabolic cost estimates for walking post-stroke obtained using three common 

metabolic cost models: Umberger 2003 (U03), Umberger et al. 2010 (U10), and 

Bhargava et al. 2004 (B04). These three metabolic cost models were implemented 

within three musculoskeletal models incorporating varying levels of personalization: 

scaled generic musculoskeletal models with muscle activations found by static 

optimization (SOGen), calibrated EMG-driven musculoskeletal models with muscle 



 
47 

 

activations found by static optimization (SOCal), and calibrated EMG-driven 

musculoskeletal models with muscle activations found from experimental EMG data 

(EMGCal). These nine modeling combinations were investigated using previously 

published walking data collected from two individuals post-stroke, and trends in 

estimated CoT as a function of walking speed, step position asymmetry, step length 

asymmetry, stance time asymmetry, and double support time asymmetry were 

compared with published experimental data [134]. All nine modeling combinations 

predicted the correct positive and negative correlations between CoT and the four 

selected quantities (excluding Fugl-Meyer score) as observed in Finley and Bastian’s 

post-stroke population. However, for all four quantities, only the personalized 

musculoskeletal models (SOCal and EMGCal) paired with the Bhargava 2004 

metabolic cost model produced slopes that were statistically similar to those 

calculated from Finley and Bastian’s experimental data. Specifically, B04-EMGCal 

exhibited the strongest similarities to [134] as noted by p-values that were all greater 

than 0.2 ( 

Table 3.3). Although B04-SOCal and B04-EMGCal were the only modeling 

combinations that produced slopes for CoT versus speed regression lines that were 

statistically similar to [134], B04-SOCal’s p-value of 0.073 approached a statistically 

significant difference. In addition, between these two modeling combinations, B04-

EMGCal produced y-intercepts for CoT versus speed regression lines that were 

closest to [134]. While we could not investigate thoroughly the relationship between 

CoT and Fugl-Meyer score due to having only two subjects in our study, B04-EMGCal 
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was still one of the best model combinations for consistency with [134]. These 

findings suggest that a calibrated EMG-driven musculoskeletal model combined with 

the Bhargava 2004 metabolic cost model may provide the best CoT estimates during 

walking for individuals post-stroke.  

In general, the p-value between predicted slopes of CoT versus speed, step 

length asymmetry, stance time asymmetry, and double support time asymmetry 

regression lines as to those measured experimentally in [134] increased as the level 

of personalization increased within B04-SOGen, B04-SOCal, and B04-EMGCal. 

Similarly, the absolute difference between the y-intercepts decreased as the level of 

personalization increased within B04-SOGen, B04-SOCal, and B04-EMGCal. This 

pattern was not observed across musculoskeletal model personalization levels for the 

Umberger 2003 and Umberger 2010 metabolic cost models. In fact, for U03 and U10, 

the level of similarity between regression models generally decreased as the level of 

musculoskeletal model personalization increased. Specifically looking at U03-SOCal, 

U03-EMGCal, U10-SOCal, and U10-EMGCal, the regression models predicted by these 

modeling combinations produced poor results ( 

Table 3.3). The magnitudes alone of the CoT values predicted by these models 

were almost twice as large as the published CoT averages. These observations can be 

explained by looking at the RMSE errors between the muscle activations produced 

from static optimization to those obtained from the EMG-Driven model (Appendix B). 

On average, SOGen produced RMSE errors of 0.13 (±0.10) for the high functioning 
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patient and 0.14 (± 0.12) for the low functioning patient. SOCal produced RMSE errors 

of 0.10 (±0.09) for the high functioning patient and 0.11 (±0.10) for the low 

functioning patient. Therefore, SOGen produced larger RMSE errors than SOCal. 

However, due to the minimization of muscle activation that is inherent to static 

optimization, SOGen and SOCal both struggled to match the larger muscle activations 

produced in the EMG-Driven model. This difference in magnitude is amplified in both 

of Umberger’s models due to the activation dependent scaling factors associated to 

the calculation of the maintenance heat rate and the shortening/lengthening heat 

rate.  

Apart of the differences in muscle activations, differences in joint moment 

matching also existed between static optimization and EMG-Driven modeling 

(Appendix B – Table B.3.1). On average, SOGen produced RMSE errors of 1.52 ± 1.08 

Nm for the high functioning subject and 1.89 ± 2.48 Nm for the low functioning 

subject. In contrast, EMGCal produced RMSE errors of 4.78 ±1.91 Nm for the high 

functioning subject and 4.55 ± 2.09 Nm for the low functioning subject. Although the 

RMSE errors were lower for SOGen than for EMGCal, the average errors in joint 

moment matching for EMGCal were within the ranges reported by [132], even though 

the present study matched an additional moment at the hip (i.e., internal-external 

rotation).   

For all three levels of musculoskeletal model personalization, the Bhargava 

2004 metabolic cost model tended to slightly underestimate the experimental CoT 
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values reported in Finley and Bastian (2017), while the Umberger 2003 and 2010 

metabolic cost models tended to overestimate the experimental values. The same 

trends were observed in [125], which compared the performance of B04 and U10, 

among other models. In contrast to studies like [125] and [147], which used a 

musculoskeletal model combined with the U03 metabolic cost model and predicted  

CoT values within the range of 2 to 8 J/Kg*m, the U03-SOCal, U03-EMGCal, U10-SOCal, 

and U10-EMGCal model combinations in our study produced CoT values ranging from 

7 to 15 J/Kg*m. This magnitude difference was unexpected but may be due to the 

minimization of a metabolic cost term within the optimization cost function used for 

estimating muscle activations in these two previous studies. Furthermore, in contrast 

to the two studies mentioned above, our study used calibrated EMG-driven models to 

calculate CoT. The absence of muscle activation minimization may help explain why 

our EMGCal musculoskeletal model paired with any metabolic cost model produced 

CoT estimates that were larger than those produced by SOGen and SOCal, as static 

optimization is known to produce the lowest possible level of muscle co-contraction 

while still matching the joint moment constraints [143], [148].  

Although all modeling combinations corrected predicted the positive or 

negative trends in published experimental CoT data, not all combinations resulted in 

regression slopes that were statistically similar to those found from Finley and 

Bastian’s (2017) experimental data. This finding is similar to a recent study by 

Koelwijn et al. [126], where several metabolic cost models (including U03 and B04) 

were shown to predict the correct trends for CoT as a function of walking slope or 
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gait speed in accordance to trends found in the literature [149]. In addition, Koelwijn 

et al. [126] found that B04 tended to underestimate CoT values in comparison to 

experimental values, consistent with our findings.   

To improve CoT predictions further, researchers should consider optimizing 

the various parameters within metabolic cost models, such as maximum muscle 

stress. As reported in Russell et al. 2018 [150][150] , decreasing muscle stress 

increases metabolic cost and vice versa, which could help reduce magnitude 

discrepancies in CoT predictions. Interestingly, when [120] used the Bhargava 2004 

metabolic cost model with different values of maximum muscle stress for different 

muscles, they obtained reasonable agreement between model predicted and 

experimentally measured CoT values. Alternatively, one could use a single scale factor 

to calibrate metabolic cost models as reported in [151], who used both B04 and U03 

to find good agreement between model predicted and published experimentally 

measured CoT values. 

The most significant limitation of this study was the absence of experimental 

metabolic cost data for evaluating our model-based estimates. This limitation makes 

it difficult to determine the accuracy of our modeling methods. Furthermore, none of 

the musculoskeletal models used in our analysis included muscles to actuate the 

upper body. Consequently, the calculated CoT for all nine model combinations cases 

may be an underestimation. However, since Finley and Bastian’s data set was 

collected from subjects who were allowed to use handrails, their measurements may 
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also be underestimates. In addition, we were limited to studying only two subjects, 

since extensive EMG data sets were required to perform the study. In contrast, the 

data reported in [134] was based on 15 individuals who were more than 6 months 

post-stroke (58 ± 14 years old) with an average Fugl-Meyer score of 23 ± 6 and an 

average self-selected speed of 0.43 m/s ± 0.3. Both of our subjects were more than 6 

months post-stroke, and the age and Fugl-Meyer score of the high functioning subject 

exceeded one standard deviation from the average population metrics found in [134] 

(Table 3.1). Therefore, our high functioning subject may not have been as well 

represented in the published data from Finley and Bastian. 

In conclusion, this study investigated the effect of musculoskeletal model 

personalization on estimated metabolic cost for walking post-stroke as calculated 

using three published metabolic cost models and three levels of musculoskeletal 

model personalization. Previously collected walking data from two stroke survivors 

were used to analyze correlations between estimated CoT and various variables 

commonly associated with gait asymmetry. Although all modeling combinations 

exhibited the correct positive and negative correlations observed in [134], only B04-

SOCal and B04-EMGCal produced statistically similar slopes to those found in Finley 

and Bastian for speed and all gait asymmetry variables (excluding Fugl-Meyer score). 

While the y-intercepts were not statistically similar to those found from Finley and 

Bastian (2017), B04-EMGCal produced CoT estimates that were closest to those 

calculated from Finlay and Bastian’s data. Our results suggest that use of a 

personalized EMG-driven model paired with Bhargava’s metabolic cost model may 
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improve prediction of CoT during walking for individuals post-stroke. Since 

metabolic cost can be used as a tool to gauge physical exertion, the results of this 

study may impact the various scientific, clinical, and engineering fields, which target 

the minimization of metabolic cost through surgical and rehabilitation outcomes. 

Specifically, within the scope of exoskeleton design in which decreasing metabolic 

cost has been perceived as reducing the risk of injury, improve human efficiency, or 

allow individuals with gait impairments to walk. 
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3.5. Tables 

Table 3.1 - Clinical characteristics of study participants. 

 

Table 3.2 - A list of muscle groups from which surface or fine-wire (*) EMG 

signal was recorded. 

High Functioning 
Subject 

Low Functioning Subject 

*Adductor Longus *Adductor Longus 
Gluteus Maximus Gluteus Maximus 
Gluteus Medius Gluteus Medius 
*Iliopsoas *Iliopsoas 
Semimembranosus Semimembranosus 
Biceps Femoris Long Head Biceps Femoris Long Head 
Rectus Femoris Tensor Fasciae Latae 
Vastus Lateralis Rectus Femoris 
Vastus Medialis Vastus Lateralis 
Gastrocnemius Medialis Vastus Medialis 
*Tibialis Anterior Gastrocnemius Lateralis 
Tibialis Posterior Gastrocnemius Medialis 
Peroneus Longus Tibialis Anterior 
Soleus *Tibialis Posterior 
*Extensor Digitorum 

Longus 
Peroneus Longus 

*Flexor Digitorum Longus Soleus 

 

 

Gender Age Paretic Limb 
Lower Limb 

Fugl-Meyer 

Self Selected 

Speed (m/s) 

M 79 R 32 0.5 

M 62 R 25 0.35 
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Table 3.3 - Analysis of covariance p-values comparing slopes of CoT versus 

speed, step length asymmetry, stance time asymmetry, and double support 

time asymmetry regression lines between the nine model predictions and 

experimental measurements from Finley and Bastian (2017). Statistically 

similar slopes (p > 0.05) are shown in bold. 

 

Table 3.4 - Absolute differences in y-intercepts of CoT versus speed, step length 

asymmetry, stance time asymmetry, and double support time asymmetry 

regression lines between the nine model predictions and experimental 

measurements from Finley and Bastian (2017). 
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Table 3.5 - Comparison of cost of transport between the nine modeling 

combinations and the experimental measurements reported in Finley et al. 

(2017) as a function of Fugl-Meyer score. The high functioning subject (top) 

possessed a Fugl-Meyer score of 32, while low functioning subject (bottom) had 

a Fugl-Meyer score of 25. Experimental measurements used for comparison 

were taken from Finley subjects with similar Fugl-Meyer scores. 
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3.6. Figures 

 

Figure 3.2 - Flowchart of the three different approaches used to obtain 

estimates of muscle activations (SOGen: red, SOCal: blue, EMGCal: black). 
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Figure 3.3 - Cost of transport estimates for the three metabolic cost models and 

three musculoskeletal model personalization levels (red) as a function of gait 

speed. Experimental data reported in Finley and Bastian [127] are shown in 

blue. 
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Figure 3.4 - Cost of transport estimates for the three metabolic cost models and 

three musculoskeletal model personalization levels (red) as a function of step 

length asymmetry between paretic and non-paretic legs. Experimental data 

reported in Finley and Bastian 2017 are shown in blue. 
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Figure 3.5 - Cost of transport estimates for the three metabolic cost models and 

three musculoskeletal model personalization levels (red) as a function of 

stance time asymmetry between paretic and non-paretic legs. Experimental 

data reported in Finley and Bastian 2017 are shown in blue. 
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Figure 3.6 - Cost of transport estimates for the three metabolic cost models and 

three musculoskeletal model personalization levels (red) as a function of 

double support time asymmetry between paretic and non-paretic legs. 

Experimental data reported in Finley and Bastian 2017 are shown in blue. 
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Chapter 4 

Pelvic Sarcoma Surgical and 

Rehabilitation Treatment Optimization 

4.1. Introduction 

Over the past few decades, surgical treatment of pelvic sarcomas has improved 

considerably with limb-preserving internal hemipelvectomy frequently being 

possible in place of limb-sacrificing external hemipelvectomy to achieve local control 

of cancerous tumors [152]. When limb-preserving internal hemipelvectomy is 

possible, the orthopedic oncologist must choose between three surgical options: 1) 

no reconstruction, 2) allograph reconstruction, or more recently, 3) custom 

prosthesis reconstruction. For all three options, when the hip joint and numerous 

muscles are removed to achieve clear margins around the tumor, restoration of 

normal ambulatory function can be challenging. Even when the hip joint must be 

sacrificed, patients who receive no reconstruction typically ambulate well post-

surgery and benefit from a reduced complication rate compared to the other two 

options [153]. However, the recovery time is on the order of six months, and the 



 
63 

 

resulting leg .length discrepancy is uncomfortable, requires a shoe lift, and often 

results in scoliosis due to altered gait mechanics (Figure 4.1). Patients who receive 

allograph reconstruction with total hip replacement typically achieve post-surgery 

ambulatory function that is much closer to normal since a leg length discrepancy is 

avoided. However, the recovery time is on the order of a year or more, and there is a 

high risk of complications and additional surgery due to the relatively short lifespan 

of the alloprosthesis [154] (Figure 4.1). Patients who receive custom prosthesis 

reconstruction with a total hip replacement achieve the post-surgery ambulatory 

function of allograft reconstruction and a recovery time that is even shorter than for 

no reconstruction. Thus, custom prosthesis reconstruction has the best clinical 

potential. Unfortunately, design of durable custom prosthesis remains challenging, 

with a three-year survival rate of less than 70% [155]. 

 

Figure 4.1 - (a) An example of a patient who underwent no reconstruction, 

where the residual femur scars into place within the residual pelvis. (b) An 

example of a patient who underwent an alloprosthetic pelvic reconstruction, 

where an allograph (cadaver bone) is used with a total hip replacement. Images 

courtesy of Dr. Valerae Lewis, MD Anderson Cancer Center patient education 

DVD. 
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Based on the potential benefits of custom prosthesis reconstruction, 

orthopedic implant companies and academic researchers have started to design and 

implant custom pelvic prostheses that include a total hip replacement [156]–[159]. 

Custom pelvic prostheses are designed using patient-specific three-dimensional 

pelvis geometric models developed from a CT scan of the patient’s pelvis [160]. Since 

the shape of the custom prosthesis normally recapitulates the removed bony 

anatomy, an implicit design assumption is that mimicking the original anatomy will 

produce the best post-surgery ambulatory function. However, anatomic 

reconstruction may not produce the best post-surgery function when numerous 

muscles are removed. For example, a reverse shoulder prosthesis switches the ball 

and shallow socket between the humerus and scapula to improve mechanical stability 

by accounting for missing or impaired rotator cuff muscles [161]. Thus, it is possible 

that a non-anatomic custom pelvic prosthesis design could achieve better functional 

outcomes than do current anatomic designs. Regardless, the current custom 

prosthesis design process does not account for the post-surgery loading patterns that 

the prosthesis and remaining bone will experience, which could help explain why 

prosthesis durability is not as high as desired. Furthermore, the current design 

process provides no means for predicting how different surgical or rehabilitation 

decisions (e.g., retention or removal of the psoas muscle, strengthening the psoas if 

retained) will affect the patient’s post-surgery ambulatory function. 

One option for predicting the complex interaction between custom pelvic 

prosthesis design, internal hemipelvectomy surgical decisions, post-surgery muscle 
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and hip contact forces, and post-surgery ambulatory function is to use patient-specific 

neuromusculoskeletal models. In recent years, such models have been used to predict 

various gait impairments due to stroke[12], [13], weakened muscles [39], cerebral 

palsy [162], and knee osteoarthritis [79]. Fregly et al. 2007 [79] predicted a 

personalized gait modification that minimized an external indicator of medial knee 

contact force for an individual with medial knee osteoarthritis. The study predicted 

that subtle gait modifications could reduce the peak knee adduction moment by an 

amount comparable high tibial osteotomy surgery. For an individual post-stroke, 

Meyer et al. 2016 [6] predicted walking pattern at the subject’s fastest comfortable 

speed in excellent agreement with experimental measurements. Sauder et al. 2019 

[7] predicted a personalized fast functional electrical stimulation (FastFES) training 

prescription for an individual post-stroke to improve propulsive force symmetry. The 

study predicted that optimal muscle selection and stimulation timing could produce 

a 23% improvement in propulsive force symmetry compared to the standard FastFES 

prescription. Falisse et al. 2019 [39] predicted various clinical gait deficiencies caused 

by muscle strength deficits and a lower limb prosthesis that produced the mechanics 

and energetics observed experimentally. Falisse et al. 2020 [162] also predicted the 

walking function for a child with cerebral palsy. The study found that the crouch gait 

pattern observed experimentally was primarily due to altered muscle-tendon 

properties rather than spasticity or reduced complexity in neuromuscular control. 

Despite these growing predictive simulation capabilities, researchers have not yet 

used them to optimize surgical or rehabilitation treatment decisions, such as for 
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individuals receiving internal hemipelvectomy surgery with custom prosthesis 

reconstruction. 

As a first step to developing this capability, this study used predictive walking 

simulations to investigate the effect of post-surgery psoas strength on walking 

function following internal hemipelvectomy surgery with custom prosthesis 

reconstruction. The simulated surgery mimicked the most common surgical decisions 

at MD Anderson Cancer Center in Houston, Tx, under the assumption that the custom 

prosthesis with total hip replacement was designed to recapitulate the missing bony 

anatomy. The computer simulations used a personalized neuromusculoskeletal 

model of a healthy subject to which the most common surgical decisions were 

applied. These decisions dictated which lower back and hip muscles were retained 

and which were removed from the model. To investigate the impact of the psoas 

muscle on post-surgery walking function, we changed the strength of the psoas from 

0% (removed) to 50% (weakened), 100% (pre-surgery), and 150% (strengthened) 

of its pre-surgery strength values. We quantified the impact of the psoas on walking 

function by calculating stride length, stride time, cadence, stance width, spatial 

symmetry, temporal symmetry, cost of transport, and metabolic cost for all post-

surgery walking predictions. The predictive walking simulations provide insight into 

the potential importance of the retaining the psoas muscle for improving post-

surgery walking function. 
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4.2. Methods 

4.2.1. Experimental Data Collection 

Experimental walking data collected previously from a healthy male subject 

(age 47 years, height 1.7 m, mass 66.7 kg) were used for this study. Data collection 

was approved by the University of Florida Institutional Review Board and the subject 

gave informed consent. Full body marker-based motion capture, ground reaction, and 

surface and fine-wire electromyographic (EMG) (Table 4.1, 26 channels from the right 

leg only) data were collected simultaneously at different walking speeds using a split-

belt instrumented treadmill with belts tied. Walking speeds ranged from 1.0 m/s 

(slower than self-selected) to 1.4 m/s (self-selected) in increments of 0.1 m/s. A 

highly symmetric representative walking cycle (defined as heel strike to heel strike 

of the right foot) collected at self-selected speed was chosen for subsequent analysis. 

Additional experimental data were also collected for static standing and isolated 

lower body joint motion trials. The static standing trial was collected for model 

scaling purposes. Isolated joint motion trials were collected for each knee and ankle 

to personalize the model’s lower body joint axes. All functional axes for the joint of 

interest were exercised during each isolated joint motion trial [136], [137]. CT scan 

data from the subject’s pelvis were also obtained to personalize the pelvis geometry 

and both hip joints of the scaled generic musculoskeletal model. 

Experimental movement data were filtered using published methods. Ground 

reaction and marker motion data were low-pass filtered using a fourth-order zero-
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phase lag Butterworth filter with a cut-off frequency of 7/tf Hz [94], where tf is the 

period of the gait cycle being processed [132]. On average, this variable cut-off 

frequency caused data collected at a normal walking speed to be filtered at 

approximately 6 Hz. EMG data were high-pass filtered (40 Hz), demeaned, rectified, 

and low-pass filtered using a fourth-order zero-phase lag Butterworth filter with a 

cut-off frequency of 3.5/tf Hz [13]. EMG amplitudes for each muscle were normalized 

to the maximum value over all trials. All data were resampled to 101 time points per 

gait cycle [132]. 

4.2.2. Generic Model Creation 

A generic full-body OpenSim musculoskeletal model [138] (henceforth called 

the “base model”) was enhanced with additional hip and lower back muscles so that 

walking function could be predicted following internal hemipelvectomy surgery. The 

base model possessed 40 Hill-type muscle-tendon actuators per leg and 37 degrees 

of freedom (DOFs), including a 3 DOF lower back joint, 1 DOF elbow joints, 3 DOF 

shoulder joints, 3 DOF hip joints, 1 DOF knee joints, and 2 DOF ankle joints. The 

pronation-supination angle of each forearm and the flexion-extension and inversion-

eversion angles of each wrist were locked to reduce the number of DOFs to 31. 

The hip and lower back muscles added to the base model were taken from two 

other generic OpenSim models [62],[163].  The first was an earlier full-body model 

[7] that contributed three small hip muscles (i.e., gemelli, pectineus, and quadratus 

femoris) to each leg of the base model, thereby allowing it to generate the hip internal-



 
69 

 

external rotation moments required for walking. Since the kinematic structure and 

bone geometry of the earlier full-body model were identical to those of the base 

model, the earlier model did not need to be scaled before the six hip muscles were 

transferred to the base model. The second generic model was a spine model [163] 

that contributed 68 muscles to each side of the base model’s lower back joint, 

allowing it to generate the lower back moments required to keep the trunk upright 

during walking. These muscles included the psoas (which replaced the psoas in the 

base model), rectus abdominis, internal oblique, external oblique, erector spinae, 

multifidus, and quadratus lumborum. Since the bone geometry of the  spine model 

did not match that of the base model, bony landmarks on the pelvis, spine and ribcage 

of the spine model and the base model were identified in NMS Builder [164] and used 

to determine the affine transformation that mapped the muscle attachments in the 

spine model onto the base model. The affine transformation and virtual palpation of 

the musculoskeletal geometry of the lower back muscles were performed in 

accordance with a codified workflow [165]. After transfer, muscles attachment 

locations were adjusted slightly such that the origin and insertion of each muscle head 

was on the appropriate bone surface. The resulting base model with added hip and 

lower back muscles possessed 246 Hill-type muscle-tendon actuators. 

To simplify computational prediction of post-surgery walking motions, we 

performed a model reduction process to minimize the number of heads representing 

each lower back muscle. The goal was to find the minimum number of original heads 

with modified peak isometric strength values such that the reduced set of heads 
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produced the same moment-generating behavior as the original heads. This goal was 

achieved by analyzing all possible combinations of retained heads that spanned the 

original anatomic range and possessed approximately equal spacing between heads. 

For each combination, an optimization was performed to identify new peak isometric 

strength values for the retained heads such that the root-mean-square error between 

new and original lower back moments was minimized. Lower back moments were 

calculated for both cases by setting muscle activations equal to one and placing the 

model in 1000 random poses selected using Latin hypercube sampling, where the 

upper and lower bounds were chosen to be slightly larger than the joint ranges of 

motion calculated from the subject’s walking data. For each multiple-head muscle, the 

combination of retained heads with new peak isometric strength values that most 

closely matched the moments generated by the original heads was chosen for use in 

the base model. The resulting reduced model (henceforth called the “enhanced base 

model”) possessed 148 (74 per side) Hill-type muscle-tendon actuators spanning the 

lower back, hips, knees, and ankles, where 90 muscles (45 per side) actuated the 

lower body and 58 muscles (29 per side) actuated the lower back. 

4.2.3. Personalized Model Calibration 

We followed the first three steps of the four-step model personalization 

process described in [13], [140] to develop a subject-specific walking model. The 

fourth step involving neural control model personalization was modified as described 

in the next subsection due to the lack of EMG data for the left leg and all lower back 
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muscles. The starting point for the model personalization process was a scaled 

version of the enhanced base model with added subject-specific pelvis geometry. 

First, the enhanced base model was scaled to match the dimensions of the 

experimental subject using the OpenSim Scale Model tool and the subject’s static 

standing trial data. Next, the pelvis geometry in the scaled model was replaced with 

subject-specific pelvis geometry constructed by segmenting the subject’s pelvic CT 

scan data. Finally, muscle attachment points on the new pelvis geometry were 

minimally adjusted using NMS Builder [164] such that each attachment point was on 

a bone surface. The scaled enhanced base model with subject-specific pelvis geometry 

was used for the subsequent model personalization process. 

The first step in the model personalization process was joint model 

personalization. This step involved adjusting the functional axes of the ankle and knee 

joints in both legs such that the motion of surface markers placed on the model 

reproduced experimentally measured surface marker motions as closely as possible 

[14][80]. The adjustment process was formulated as a two-level non-linear 

optimization problem, where the outer level adjusted joint positions and orientations 

in their respective segment frames, while the inner level performed repeated 

OpenSim Inverse Kinematics analyses to calculate root-mean-square errors between 

model and experimental marker coordinates using the current guess for the joint 

parameters. The Inverse Kinematics analyses used experimental marker motion data 

from the isolated ankle and knee motion trials so that each functional axis was 

calibrated using a sufficiently large joint range of motion. Since subject-specific pelvis 
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geometry was used for this study, the hip joint locations in the pelvis were defined 

directly from the pelvis geometry rather than through a functional calibration 

process. 

The second step in the model personalization process was muscle-tendon 

model personalization. This step involved creating an EMG-driven model of the 

subject’s right leg (the leg for which EMG data were available), where the inputs to 

the model were processed EMG signals and lower extremity joint positions and 

velocities, and the outputs were the net joint moments generated at the ankle, knee, 

and hip. Prior to constructing the EMG-driven model, we created surrogate models of 

the subject’s muscle-tendon lengths, velocities, and moment arms as a function of 

lower extremity joint angles and angular velocities, as described previously [132], 

[139]. The surrogate models permitted faster and more reliable calculation of these 

muscle-tendon geometric quantities than possible by repeatedly calling the OpenSim 

Muscle Analysis tool. To personalize the muscle-tendon force-generating properties 

of the right leg muscles, we used a modified version of the EMG-driven model 

calibration process published in Meyer et al. [132] to adjust two types of model 

parameters: EMG-to-activation parameters (electromechanical delays, activation 

dynamics time constants, activation non-linearization shape factors, and EMG scale 

factors), and rigid tendon Hill-type muscle model parameters (optimal muscle fiber 

lengths and tendon slack lengths). Parameter adjustment was performed via non-

linear optimization such that the net joint moments produced by the model at the 

ankle, knee, and hip for walking trials from all available speeds reproduced 
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experimental net joint moments found from an OpenSim Inverse Dynamics analysis 

as closely as possible. Muscle peak isometric strength values were estimated from 

subject height and weight using published regression relationships derived from MR 

measurements of lower extremity muscle volumes [166]. Since EMG data were not 

available for two large (i.e., iliacus and psoas) and three small (piriformis, gemili, and 

quadratus femoris) hip muscles, we used synergy extrapolation [84] to estimate the 

missing EMG signals for these muscles.  

The third step in the model personalization process was foot-ground contact 

model personalization. This step involved calibrating the stiffness, damping, and 

frictional properties of non-linear viscoelastic contact elements placed on a grid 

across the bottom of each foot such that the contact elements reproduced 

experimentally measured ground reaction forces and moments as closely as possible. 

For each foot, the contact element grid was divided into a rear foot and toes grid to 

permit flexion of the toes segment within the foot model. Each contact element 

generated a normal force using a linear spring with non-linear damping [167] and a 

shear force using a continuous stick-slip friction model [13], [85]. Contact model 

properties were calibrated for the representative walking cycle using GPOPS-II, a 

direct collocation optimal control solver [92]. The calibration process used the full-

body model and produced a near-periodic simulated walking motion that matched 

experimental marker motion for both feet, full body joint angles, lower limb and 

lower back joint moments, and ground reaction forces and moments as closely as 

possible while simultaneously satisfying full-body skeletal dynamics. 
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4.2.4. Muscle Activation Estimation 

Due to the lack of EMG data for the left leg and lower back muscles, neural 

control model personalization required performing two novel tasks to estimate the 

missing muscle activations. Both tasks utilized experimental data from the 

representative walking cycle. The first novel task involved estimating the missing left 

leg muscle activations from the available right leg muscle activations. First, all 

muscle-tendon model properties for the right leg were transferred to the left leg. 

Second, periodicity was imposed on the right leg muscle activations output by 

activation dynamics in the EMG-driven model. Third, the periodic muscle activations 

were duplicated for two consecutive gait cycles and fitted with a Fourier series. 

Fourth, the Fourier-fitted right leg muscle activations were time-shifted by half a 

cycle to develop an initial estimate of the left leg muscle activations. Fifth, non-linear 

optimization was used to modify the left leg muscle activations as little as possible 

such that the ankle, knee, and hip moments generated by left leg muscles matched the 

corresponding inverse dynamic moments as closely as possible. For each left leg 

muscle, the optimization modified an activation scale factor, time delay, and 

aperiodicity term to improve the fit of the left leg muscle moments from inverse 

dynamics. 

The second novel task involved estimating the missing lower back muscle 

activations (except for psoas) while simultaneously imposing a synergy structure on 

the muscle activations for each side [143]. Prior to estimating the missing muscle 
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activations, we minimally adjusted the initial values of optimal muscle fiber length 

and tendon slack length for each lower back muscle such that every muscle operated 

on the ascending region of the normalized force-length curve with a maximum 

normalized length close to one. After this adjustment, non-linear optimization was 

used to estimate the unknown trunk muscle activations assuming the activations on 

each side of the body were generated using a synergy structure. The cost function 

tracked the lower back, right leg, and left leg inverse dynamic moments, tracked the 

right leg and left leg muscle activations, and minimized lower back muscle activations. 

The design variables were time-varying synergy activations and associated time-

invariant synergy vector weights for each side. Random initial guesses were used to 

maximize the likelihood of finding the global solution [168]. To represent the 148 

muscles in our model, six synergies were required for each side of the body to achieve 

the best match of inverse dynamic joint moments (all R2 values > 0.70, all root-mean-

square errors < 4.7 Nm) and leg muscle activations (97% total variability accounted 

for) simultaneously. 

Once right and left side synergies were available defining the muscle 

activations for both legs and the lower back, the time-varying synergy activations and 

associated time-invariant synergy vectors were adjusted slightly to produce a 

dynamically consistent full-body walking motion that closely reproduced all available 

data. Synergy adjustments for the representative walking cycle were found using 

GPOPS-II [92], where the cost function tracked experimental full-body joint angles, 

lower limb and lower back joint moments, experimental ground reaction forces and 
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moments, and experimental and estimated muscle activations. Path constraints were 

added to satisfy skeletal dynamics and to ensure that model-predicted joint moments 

from inverse dynamics matched muscle-predicted joint moments from synergy-

constructed muscle activations. A terminal constraint enforced joint angle 

periodicity. 

4.2.5. Pre-Surgery Walking Verification 

The predictive capability of the final personalized model was verified by 

performing a predictive walking optimization that closely reproduced all 

experimental data and estimated muscle activations for the representative walking 

cycle with fixed final time. The verification process involved solving two direct 

collocation optimal control problems using GPOPS-II. The goal of the first problem 

was to show that the personalized model could closely reproduce the experimental 

full-body joint motions, experimental lower back and leg muscle moments, 

experimental ground reaction forces and moments, and experimental and estimated 

muscle activations simultaneously when all of these quantities were tracked in the 

cost function, which also included a joint jerk minimization term due to the use of an 

inverse formulation for skeletal dynamics [12], [13], [73]. The six synergy activations 

on each side were used as the controls, and the six associated synergy vectors per 

side were assumed to remain unchanged. Path constraints enforced a dynamically 

consistent solution by eliminating residual forces and torques acting on the pelvis and 

a kinetically consistent solution by ensuring that joint moments generated by the 
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synergy-constructed muscle activations matched those produced by inverse skeletal 

dynamics. A terminal constraint enforced joint angle and ground reaction force 

periodicity. 

The goal of the second problem was to show that the personalized model could 

reproduce the joint motions, joint moments, ground reactions, and muscle activations 

found by the first problem simply by tracking the synergy activations produced by 

the first problem with free final time. The cost function also included minimization of 

joint jerk and the same path and terminal constraints as the first problem. Verification 

was considered to be successful once the second problem could closely predict the 

results and final time of the first problem. 

4.2.6. Post-Surgery Walking Prediction 

A free final time direct collocation optimal control problem was formulated to 

predict post-surgery walking function for different assumptions about post-surgery 

psoas strength representative of potential surgical and rehabilitation scenarios. The 

optimal control problem assumed that the pre-surgery synergy activations for each 

side would change minimally to produce the predicted post-surgery walking motion 

[13], [140], post-surgery walking speed matched the pre-surgery self-selected speed 

of 1.4 m/s, the modeled subject received a custom prosthesis that reproduced the 

original pelvis and hip anatomy, and the lower back and hip muscles removed from 

the left (assumed operated) side of the model (see Table 4.2) corresponded to the 

most common surgical scenario encountered at MD Anderson Cancer Center in 
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Houston, Texas. Four different post-surgery walking predictions were generated for 

assumed post-surgery psoas strengths of 0%, 50%, 100%, and 150% of pre-surgery 

strength. Zero percent represented surgical removal of the psoas on the operated 

side, while 50%, 100%, and 150% represented different potential rehabilitation 

outcomes when the psoas is retained. Apart from the addition of free final time, 

removal of the specified muscles, and inclusion of a path constraint bounding all 

muscle activations to be between 0 and 1, the optimal control problem formulation 

was identical to that of the final verification problem. 

To quantify the impact of post-surgery psoas strength on predicted post-

surgery walking function, we compared multiple clinical walking measures predicted 

by each of the four optimizations. These included cost of transport, metabolic cost, 

stride length, stride time, spatial symmetry, temporal symmetry, cadence, and stance 

width. Cost of transport (CoT) (J/kg*m) is defined as the metabolic cost expended to 

move a unit of body mass a unit of distance. Metabolic cost is defined as the energy 

consumed by the body during a given activity, in this case, a single walking cycle. 

Based on a previous study [169], we used Bhargava’s model to calculate metabolic 

cost [146]. Stride length is defined as the distance between two consecutive heel 

strikes of the same foot. Stride time is defined as the time between two consecutive 

heel strikes of the same foot. Spatial symmetry is defined as the ratio between step 

length on the non-operated side and stride length:  

𝑆𝑝𝑎𝑡𝑖𝑎𝑙 𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑦 =
𝑁𝑜𝑛 − 𝑂𝑝𝑒𝑟𝑎𝑡𝑒𝑑 𝑆𝑡𝑒𝑝 𝐿𝑒𝑛𝑔𝑡ℎ

𝑆𝑡𝑟𝑖𝑑𝑒 𝐿𝑒𝑛𝑔𝑡ℎ
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Step length is defined as the distance between heel strike of one foot and heel 

strike of the opposite foot. A spatial symmetry value of 0.5 represents perfect 

symmetry. If the operated foot takes a larger step than does the non-operated foot, 

then the spatial symmetry value will be less than 0.5. Similarly, if the non-operated 

foot takes a larger step than does the operated foot, then the spatial symmetry value 

will be greater than 0.5. Temporal symmetry is defined as the ratio between step time 

on the non-operated side and stride time:  

𝑇𝑒𝑚𝑝𝑜𝑟𝑎𝑙 𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦 =  
𝑁𝑜𝑛 − 𝑂𝑝𝑒𝑟𝑎𝑡𝑒𝑑 𝑆𝑡𝑒𝑝 𝑇𝑖𝑚𝑒

𝑆𝑡𝑟𝑖𝑑𝑒 𝑇𝑖𝑚𝑒
  

Step time is defined as the time between heel strike of one foot and heel strike 

of the opposite foot. A temporal symmetry value of 0.5 represents perfect symmetry. 

If the step time for the operated foot is longer than that of the non-operated foot, then 

the temporal symmetry value will be less than 0.5. Similarly, if the step time for the 

non-operated foot is longer than that of the operated foot, then the temporal 

symmetry value will be greater than 0.5. Cadence is defined as the number of steps 

per minute, which can be calculated as  

𝐶𝑎𝑑𝑒𝑛𝑐𝑒 =
2

𝑆𝑡𝑟𝑖𝑑𝑒 𝑇𝑖𝑚𝑒
 

Stance width is defined as the side-to-side distance between the heel on one 

foot and the heel on the other foot when each foot is flat on the ground. 
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4.3. Results 

Each of the four post-surgery walking predictions achieved a complete gait 

cycle (heel strike to heel strike of the non-operated foot) possessing shorter 

(decreased stride length), quicker (decreased stride time and increased cadence), and 

wider (increased stance width) steps than pre-surgery measurements (Table 4.3) 

along with a large lateral trunk lean to the operated side (Figure 4.4). These changes 

were of comparable magnitude regardless of post-surgery psoas status. Relative to 

pre-surgery, cost of transport increased and metabolic cost decreased for all four 

post-surgery conditions, while spatial and temporal symmetry remained unchanged. 

Despite the similarities between the four post-surgery walking predictions, 

subtle trends could still be observed (Table 4.3). As post-surgery psoas strength 

decreased, stride time, stride length, and metabolic cost tended to decrease while 

stance width and cadence tended to increase. Cost of transport exhibited no clear 

trend as post-surgery psoas strength was decreased. 

Although predicted joint angles were similar across all four post-surgery 

conditions, there were noticeable differences between pre- and post-surgery 

trajectories (Figure 4.5). For the non-operated leg, the primary differences were 

observed at the hip, where flexion, adduction, and external rotation increased over 

the second half of the gait cycle while abduction and internal rotation increased over 

the first half. Smaller differences were observed at the other lower extremity joints. 

Specifically, knee flexion increased at heel strike, generally decreased around toe off, 
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and decreased during swing phase, with ankle flexion following a similar trend to 

knee flexion. Ankle eversion increased for the first half of stance phase while 

inversion increased for the remainder of the gait cycle. For the operated leg, the 

primary differences were observed at the hip and knee, which generally followed a 

more flexed posture. Over most of the gait cycle, hip flexion, abduction, and internal 

rotation increased, especially during stance phase, while knee flexion decreased 

throughout most of swing phase and increased near toe off. Ankle flexion and 

inversion exhibited smaller increases over most of swing phase. For the lower back, 

flexion and lateral bending toward the operated side increased during operated side 

swing phase, while extension, lateral bending toward the operated side, and rotation 

toward the operated side increased during much of operated side stance phase.  

Predicted lower body joint moments followed similar trends to pre-surgery 

walking except for some key differences (Figure 4.6). For the non-operated leg, all 

four post-surgery predictions produced hip flexion, adduction, and internal rotation 

moments that were similar to pre-surgery trajectories. The largest differences were 

an increased hip flexion moment and decreased hip internal rotation moment during 

mid stance and an increased hip abduction moment during late stance phase. In a 

similar manner, the knee extension and ankle plantarflexion moments decreased 

through mid stance and increased in late stance, while the ankle eversion moment 

also increased in late stance. For the operated leg, more notable differences existed 

between pre- and post-surgery moments. The most obvious differences were at the 

hip, where hip flexion, abduction, and internal rotation moments were close to zero 
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throughout the gait cycle. The hip extension moment was relatively unchanged and 

the hip adduction moment increased during stance phase. In addition, the peak knee 

extension and ankle plantarflexion moments decreased during stance phase. Lastly, 

the lumbar extension moment generally increased and the lumbar bending moment 

increased toward the non-operated side throughout the gait cycle. 

In general, the muscle activations produced by the four post-surgery walking 

predictions shared similar characteristics (Figure 4.7, Figure 4.8, Figure 4.9, Figure 

4.10). Predicted muscle activations for the non-operated leg and trunk were generally 

larger than pre-surgery activations. The largest increases were observed for the 

erector spinae, iliacus, all three branches of the psoas, quadratus femoris, and soleus. 

In contrast, muscle activations predicted for the operated leg and trunk were 

generally of comparable magnitude to or smaller than pre-surgery activations. A few 

exceptions were soleus, lateral gastrocnemius, and piriformis, which increased in 

magnitude. 

Analogous to the changes observed in muscle activations, the synergy 

activations for all four post-surgery walking predictions exhibited similar behavior 

(Figure 4.11, Figure 4.12). The synergy activations controlling the non-operated side 

were generally of comparable magnitude or larger than pre-surgery synergy 

activations, while the synergy activations controlling the operated side were 

generally of comparable magnitude or smaller than pre-surgery. However, a few 

exceptions were observed. On the non-operated side, the fifth synergy activation was 
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smaller during mid-stance, while on the operated side, the second and fourth synergy 

activations were larger during mid and early stance, respectively. The other 

noticeable difference was that while non-operated side synergy activations remained 

positive across the gait cycle, the operated side synergy activations at times became 

slightly negative. However, these small negative regions still produced non-negative 

muscle activations. 

4.4. Discussion 

This study used a personalized neuromusculoskeletal model and direct 

collocation optimal control to predict the impact of operated side psoas muscle 

strength on post-surgery walking function following internal hemipelvectomy 

surgery with custom prosthesis reconstruction. The post-surgery walking prediction 

problem was formulated to emulate the most common surgical scenario encountered 

at MD Anderson Cancer Center in Houston assuming a custom prosthesis design that 

recapitulated the original pelvis bony anatomy and hip center location. In addition to 

removing from the model the same muscles removed surgically, we investigated post-

surgery psoas strengths ranging from 0% (removed) to 50% (weakened), 100% 

(maintained), and 150% (strengthened) of pre-surgery value. For each of the four 

post-surgery walking situations, a range of clinical gait measures were calculated 

including stride length, stride time, cadence, stance width, spatial symmetry, 

temporal symmetry, cost of transport, and metabolic cost. In general, changes in post-

surgery psoas muscle strength had minimal impact on predicted post-surgery 
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walking function, with the predicted gait patterns exhibiting features observed 

clinically (e.g., increased stance width and lateral trunk lean) to accommodate the 

lack of hip abductor muscles. Nonetheless, predicted post-surgery walking 

performance degraded slightly as post-surgery psoas strength decreased, with stance 

width and cadence generally increasing and metabolic cost, stride length, and stride 

time generally decreasing. Overall, our post-surgery walking predictions suggest that 

retention or strengthening of the psoas muscle on the operated side may not have a 

clinically meaningful impact on post-surgery walking ability, though retention or 

strengthening of the psoas may have important implications for other activities of 

daily living such as stair ascent/descent and squatting. 

Although predicted post-surgery walking performance degraded gradually as 

post-surgery psoas strength decreased, the differences between the four post-

surgery conditions were not as large as expected. Several possible explanation exist 

for this observation. First, the psoas muscle may play less of a critical role in walking 

than originally anticipated. Interestingly, as post-surgery psoas strength increased 

from 0% to 150% of its pre-surgery value, the predicted maximum hip flexion 

moment from late stance through early swing phase exhibited a relatively small 

increase compared to the pre-surgery hip flexion moment peak. Second, the synergy 

structure used to predict post-surgery muscle activations may have imposed 

unrealistic limitations on psoas muscle recruitment. It is possible that following 

surgery, the synergy vectors coupling muscle activations together would be changed 

such that the psoas could be recruited more heavily without increasing the 
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recruitment of other muscles. Third, hip and lower back muscles taken down during 

surgery are often reattached to neighboring soft tissue and may still contribute to 

walking function. However, reattached muscles may or may not be enervated, and 

their new attachments may or may not provide mechanical benefits, making it 

difficult to assess their contribution to post-surgery walking function. A future study 

should investigate how assumptions about the remaining function of reattached 

muscles impacts post-surgery walking predictions.  

Overall, our post-surgery walking predictions exhibited similar gait 

characteristics to those observed clinically. Compared to pre-surgery, the post-

surgery gait patterns exhibited increased stance width through a more lateral foot 

placement on the operated side and increased trunk lean toward the operated side. 

These changes redirected the line of action of the operated side ground reaction force 

vector through the hip center and up to the center of mass of the trunk, thereby 

eliminating any ground reaction force moment arm about the hip center. These 

biomechanical changes allowed the model to accommodate removal of all hip 

abductor muscles by eliminating the need for any hip abduction moment. 

While the predicted increases in stance width were consistent with clinical 

observations, the predicted increases in lateral trunk lean were larger than observed 

clinically. Several factors may be contributing to this outcome. First, predicted 

activations for the trunk muscles may have been too low. The synergy-based 

optimization used to estimate trunk muscle activations essentially ran static 
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optimization with a synergy structure to constrain the solution, and static 

optimization is known to underestimate muscle co-contraction. Second, reattached 

trunk muscles may have a substantial contribution to trunk muscle stability. As noted 

earlier, muscles taken down during surgery are often reattached to neighboring soft 

tissue, and these reattachments may be especially effective for trunk muscles. Third, 

the assumed post-surgery optimal muscle fiber lengths and tendon slack lengths of 

trunk muscles on both sides of the body may have been inaccurate. Changes in these 

properties alter where a muscle operates on its normalized force-length curve, and it 

is possible that the body adapts these properties following surgery to place the trunk 

muscles into a more favorable length operating range. This hypothesis is supported 

by the observation that trunk muscles on the non-operated side produced little to no 

active force and large passive force from being stretched, while  trunk muscles on the 

operated side produced minimal active force and no passive force from becoming 

slack due to trunk lean. Future research should investigate the impact of modifying 

lower trunk muscle-tendon properties on predicted post-surgery walking function. 

In addition, modifying the spine model to include an additional joint in the thoracic 

region would allow the shoulders to remain level while still allowing the model to 

lean toward the operated side.  

Although our post-surgery simulations predicted two common gait features 

observed clinically, the motion produced by the non-operated leg is abnormal for this 

patient population. During stance phase, the hip internally rotated and the ankle 

everted more than normal, while the reverse happened during swing phase. This 
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abnormal movement pattern may have helped the model compensate for the large 

number of removed muscles on the operated side. However, this compensatory 

mechanism could have also resulted from our assumption that the synergy vectors 

remained fixed and only the synergy activations allowed to change post-surgery.  

Since the synergy structure was formulated to control the trunk and legs together, 

changing a single synergy activation affects multiple muscles. For example, our 

results show that the optimizer modified non-operated side synergy activations 3 and 

4 the most. Looking at the corresponding synergy vectors (Appendix C), one observes 

that increasing these two synergy activations increases the muscle activations for the 

erector spinae and multifidus while also increasing the psoas, quadratus femoris, 

iliacus, gemili, piriformis, and tensor fascia latae, all key muscles for hip rotation. 

Similarly, key subtalar rotation muscles are also affected, including extensor 

digitorium longus, extensor hallucis longus, peroneus longus, and peroneus brevis. 

Therefore, the compensatory motion observed for the non-operated leg may be a 

product of our synergy-controlled problem formulation. 

The neural control assumption that the synergy vectors remain fixed and the 

corresponding synergy activations change as little as possible to produce a new 

motion has been tested experimentally in only one previous study that modeled an 

individual post-stroke [139]. Thus, this assumption may not be appropriate for the 

present clinical application involving orthopedic cancer surgery. This hypothesis is 

supported by the findings of Falisse et al. 2020 [162], who used gait-related 

performance criteria (e.g., muscle fatigue, energy expenditure) in their optimization 
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cost function to predict a crouch gait pattern using a model of a child with cerebral 

palsy. Addressing this important issue will require collecting pre- and post-surgery 

gait data, including video motion capture, ground reaction, and EMG data, from the 

same patient. Then a personalized model can be constructed for both the pre- and 

post-surgery situations, and the extent to which the synergy vectors remain 

unchanged between the two can be evaluated. If the assumption of unchanged 

synergy vectors turns out to be invalid, such data sets would permit exploration of 

alternative neural control hypotheses to identify one that works for this particular 

clinical problem. Any new neural control hypotheses would need to be validated on 

pre- and post-surgery data sets collected from multiple patients receiving internal 

hemipelvectomy surgery. 

This study represents our initial foray into predicting walking function 

following internal hemipelvectomy surgery. We decided to focus this initial study 

specifically on the psoas muscle since its influence on post-surgery walking function 

is debated among orthopedic oncologists. Since retention of the psoas muscle 

requires extra time in the operating room, which increases the risk of complications, 

investigating its importance to post-surgery walking function is a valuable effort. 

Though these initial post-surgery walking predictions are imperfect, they are still a 

significant step forward in using computational modeling and simulation to identify 

optimal surgical, rehabilitation, and even custom prosthesis design decisions for 

individuals receiving internal hemipelvectomy surgery with or without 

reconstruction.  
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Our study possesses several important limitations related to the personalized 

neuromusculoskeletal model and computational solution approach. First, non-

operated leg EMG data had to be mirrored to the operated leg. The mirroring process 

implicitly assumed that non-operated and operated leg kinematics and kinetics were 

similar, which appears to have been a reasonable assumption for the representative 

walking cycle. Second, several missing non-operated leg EMG signals had to be 

estimated. Though a previous study demonstrated that a comparable synergy-based 

EMG estimation method could predict one missing EMG signal with excellent 

reliability [84], extension of this methodology to multiple missing EMG signals has yet 

not been validated. Third, the generic base OpenSim model had to be constructed by 

combining two different published OpenSim models, one of which had to be modified 

further to reduce its complexity. Despite our best efforts at combining the two 

models, it is possible that some trunk muscle lines of action are less accurate than 

desired. Fourth, even with considerable reduction in the number of trunk muscles, 

the computation time required to generate each post-surgery walking prediction was 

large, ranging from 8 to 11 hours. Future research efforts will explore ways to reduce 

computation time to a matter of minutes rather than hours. Fifth, as is the case with 

any gradient-based optimization, the potential existed for finding a solution that was 

a local minimum. To minimize the possibility of entrapment in a local minimum, we 

ran each post-surgery optimal control problem with different initial guesses and 

reported the solution with the lowest objective function value [16]. Sixth (and 

probably the biggest limitation), no directly comparable post-surgery walking data 
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were available for validation purposes from either the subject modeled in this study 

(a healthy volunteer) or previous studies. The closest experimental data are from a 

case study reported by Wingrave et al. 2018 [170], which measured post-surgery 

walking function of a single patient following internal hemipelvectomy. Unlike for our 

computational study, the patient in that study was not reconstructed with a custom 

prosthesis, and no list of resected muscles was included, making comparison with our 

computational predictions infeasible. As noted earlier, it will be critical for future 

research efforts to measure walking function both before and after internal 

hemipelvectomy surgery with custom prosthesis reconstruction so that post-surgery 

walking predictions generated from pre-surgery walking data and the implemented 

surgical decisions can be validated. 

In conclusion, this study used a patient-specific neuromusculoskeletal model 

to predict post-surgery walking function following internal hemipelvectomy surgery 

with custom prosthesis reconstruction for different assumptions about post-surgery 

psoas muscle strength on the operated side. Simulated post-surgery psoas strengths 

included 0% (removed), 50% (weakened), 100% (maintained), and 150% 

(strengthened) of the pre-surgery value. Although our post-surgery walking 

predictions were relatively insensitive to post-surgery psoas strength, all four 

situations produced physically realistic walking motions that were generally 

consistent with clinical observations. Although these results suggest that retention or 

strengthening of the psoas muscle on the operated side may not be crucial for 

maximizing post-surgery walking function, future studies validating our predictions 
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against experimental walking data collected post-surgery are necessary. Gaining 

confidence in our walking predictions through experimental validation could 

ultimately allow this computational approach to influence surgical, rehabilitation, 

and implant design decisions to meet the unique clinical needs of pelvic sarcoma 

patients.  
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4.5. Tables 

Table 4.1 - Right leg muscles from which surface or fine-wire (*) EMG data were 

collected. 

*Adductor Longus 
Adductor Magnus 
Gluteus Maximus Lateralis 
Gluteus Maximus Medius 
Gluteus Medius 
*Sartorius 
Semimembranosus 
Semitendinosus 
Biceps Femoris Long Head 
Rectus Femoris 
Tensor Fascia Latae 
Gracilis 
*Biceps Femoris Short Head 
Vastus Lateralis 
Vastus Medialis 
*Vastus Intermedius 
Gastrocnemius Medialis 
Gastrocnemius Lateralis 
Tibialis Anterior 
*Tibialis Posterior 
*Extensor Hallucis Longus 
*Flexor Hallucis Longus 
Peroneus Longus 
Soleus 
*Extensor Digitorum Longus 
*Flexor Digitorum Longus 
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Table 4.2 - Muscles included in the enhanced base OpenSim musculoskeletal 

model. Muscles listed in bold text were removed from the model when 

generating post-surgery walking predictions. 

Adductor Brevis Gracilis 
Adductor Longus Iliacus 
Adductor Magnus Pectineus 

Adductor Magnus (distal) Peroneus Brevis 
Adductor Magnus (ischial) Peroneus Longus 
Adductor Magnus (middle) Piriformis 
Adductor Magnus (proximal) Psoas 

Biceps Femoris Long Head Quadratus Femoris 
Biceps Femoris Short Head Rectus Femoris 
Extensor Digitorium Longus Sartorius 
Extensor Hallucis Longus Semimembranosus 
Flexor Digitorium Longus Semitendinosus 
Flexor Hallucis Longus Soleus 
Gastrocnemius Lateral Head Tensor Fascia Latae 
Gastrocnemius Medial Head Tibialis Anterior 
Gemelli Tibialis Posterior 
Gluteus Maximus Vastus Lateralis 

Gluteus Maximus (inferior) Vastus Medialis 
Gluteus Maximus (middle) Vastus Intermedius 
Gluteus Maximus (superior) Rectus Abdominus 

Gluteus Medius Internal Oblique 
Gluteus Medius (anterior) External Oblique 
Gluteus Medius (middle) Quadratus Lumborum 
Gluteus Medius (posterior) Multifidus* 

Gluteus Minimus Erector Spinae* 
Gluteus Minimus (anterior)  
Gluteus Minimus (middle)  
Gluteus Minimus (posterior)  

*A few branches of these muscles remain 
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Table 4.4 - Root-mean-square differences between pre-surgery and predicted 

post-surgery joint angles. 

Joint Angle 
150% 
Fmax 

100% 
Fmax 

50% 
Fmax 

0% 
Fmax 

Pelvis Tilt 10.10 10.49 9.04 8.38 
Pelvis List 11.02 10.91 10.35 10.82 
Pelvis Rotation 7.42 7.29 7.22 7.35 
Non-operated Hip Flexion 32.50 32.05 30.10 29.72 
Non-operated Hip Adduction 3.99 4.24 4.59 5.36 
Non-operated Hip Rotation 14.64 13.37 13.68 13.98 
Non-operated Knee Flexion 37.93 39.25 40.21 42.36 
Non-operated Ankle 
Dorsiflexion 

13.04 13.27 13.20 14.44 

Non-operated Ankle Inversion  16.35 16.36 15.29 17.48 
Operated Hip Flexion 27.93 28.40 26.64 25.35 
Operated Hip Adduction 13.96 14.26 16.54 17.63 
Operated Hip Rotation 6.22 5.57 3.73 3.95 
Operated Knee Flexion 34.24 35.65 38.15 40.09 
Operated Ankle Dorsiflexion 14.20 14.55 15.48 16.26 
Operated Ankle Inversion  11.42 11.40 10.77 10.67 
Lumbar Extension 6.68 6.86 7.19 7.56 
Lumbar Bending 16.40 16.29 12.24 12.43 
Lumbar Rotation 11.04 9.43 8.78 7.62 
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Table 4.5 - Root-mean-square differences between pre-surgery and predicted 

post-surgery joint moments. 

Joint Moments 
150% 
Fmax 

100% 
Fmax 

50%  
Fmax 

0%  
Fmax 

Non-operated Hip Flexion 9.97 10.56 11.54 15.49 
Non-operated Hip Adduction 18.27 17.90 17.57 16.59 
Non-operated Hip Rotation 7.35 7.35 7.23 5.70 
Non-operated Knee Flexion 17.69 14.57 16.39 16.79 
Non-operated Ankle Dorsiflexion 17.75 15.64 12.37 13.56 
Non-operated Ankle Inversion  5.65 6.89 8.23 9.95 
Operated Hip Flexion 18.07 18.73 19.78 21.11 
Operated Hip Adduction 47.05 46.53 47.29 46.89 
Operated Hip Rotation 9.75 9.74 9.84 9.96 
Operated Knee Flexion 17.91 16.87 16.01 15.77 
Operated Ankle Dorsiflexion 16.11 16.55 16.67 16.33 
Operated Ankle Inversion  3.33 3.33 3.40 3.47 
Lumbar Extension 16.76 16.75 17.06 17.12 
Lumbar Bending 32.72 33.24 33.81 35.21 
Lumbar Rotation 9.07 7.78 7.45 6.36 

  

Table 4.6 - Root-mean-square differences between pre-surgery and predicted 

post-surgery synergy activations. 

Side Synergy No. 
150% 
Fmax 

100% 
Fmax 

50%  
Fmax 

0%  
Fmax 

Non-
operated 

1 0.164 0.160 0.201 0.197 
2 0.177 0.162 0.168 0.198 
3 0.240 0.241 0.260 0.276 
4 0.327 0.299 0.334 0.313 
5 0.219 0.187 0.187 0.130 
6 0.191 0.189 0.216 0.225 

Operated 

1 0.241 0.236 0.268 0.294 
2 0.285 0.242 0.234 0.177 
3 0.148 0.143 0.143 0.139 
4 0.145 0.142 0.151 0.162 
5 0.147 0.146 0.205 0.234 
6 0.197 0.195 0.194 0.199 
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Table 4.7 - An overview of the direct collocation optimal control problem 

formulations used for model personalization and treatment optimization. 
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4.6. Figures 

 

Figure 4.2 - Marker motion, muscle electrical activity, and ground reaction 

force and moment data were collected simultaneously at multiple walking 

speeds. Following collection of the gait data, CT scan data of the subject’s pelvis 

was obtained. 
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Figure 4.3 - Overview of the model personalization and treatment optimization 

processes. 
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Figure 4.4 - Animation strip comparing the subject’s experimental walking 

motion (translucent skeleton) to the predicted walking motion when post-

surgery psoas strength was 100% of the pre-surgery value (opaque skeleton). 
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Figure 4.5 - Experimental pre-surgery and predicted post-surgery joint angles 

for post-surgery psoas strengths of 0%, 50%, 100%, and 150% of the pre-

surgery value. 
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Figure 4.6 - Experimental pre-surgery and predicted post-surgery joint 

moments for post-surgery psoas strengths of 0%, 50%, 100%, and 150% of the 

pre-surgery value. 
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Figure 4.7 - Experimental pre-surgery and predicted post-surgery non-

operated side leg muscle activations for post-surgery psoas strengths of 0%, 

50%, 100%, and 150% of the pre-surgery value. 
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Figure 4.8 - Experimental pre-surgery and predicted post-surgery operated 

side leg muscle activations for post-surgery psoas strengths of 0%, 50%, 100%, 

and 150% of the pre-surgery value. 
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Figure 4.9 - Experimental pre-surgery and predicted post-surgery non-

operated side lower back muscle activations for post-surgery psoas strengths 

of 0%, 50%, 100%, and 150% of the pre-surgery value. 
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Figure 4.10 - Experimental pre-surgery and predicted post-surgery operated 

side lower back muscle activations for post-surgery psoas strengths of 0%, 

50%, 100%, and 150% of the pre-surgery value. 
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Figure 4.11 - Experimental pre-surgery and predicted post-surgery non-

operated side synergy activations for post-surgery psoas strengths of 0%, 50%, 

100%, and 150% of the pre-surgery value. 
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Figure 4.12 - Experimental pre-surgery and predicted post-surgery operated 

side synergy activations for post-surgery psoas strengths of 0%, 50%, 100%, 

and 150% of the pre-surgery value. 
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Chapter 5 

Conclusion 

This dissertation 1) developed a software infrastructure, 2) enhanced that 

infrastructure with metabolic cost modeling, and 3) applied that infrastructure to 

pelvic sarcoma surgery. We showed that it was possible to develop a cohesive 

framework to generate personalized neuromusculoskeletal walking models. This 

framework was further enhanced by adding metabolic cost modeling, where we 

found that personalized models improved metabolic cost estimates. The entire 

framework was then used to predict physically realistic post-surgery walking 

function for a simulated individual with a pelvic sarcoma. Although further 

investigation is necessary, our walking predictions revealed that the strength of the 

psoas did not have a strong influence on post-surgery walking function. This thesis 

shows that our current infrastructure has the potential to positively influence 

surgical or rehabilitative decisions for a wide array of walking impairments. 
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However, our biggest limitation to transitioning into clinical practice is still ease-of-

use and ease-of-learning; we need to take it to the next level. 

Fortunately, the material in Chapter 2 was used in a successful NIH R01 

proposal. The future is bright to make this even easier to use and get it into the hands 

of the research community. One of the goals of this proposal addresses further 

improvements in the current framework by using professional software development 

methods.  The next goal focuses on engaging and training the research community of 

our software through three main avenues, 1) online training material, 2) conference 

workshops, and 3) a “Stroke Grand Challenge.” We will develop user guides and 

tutorials that will be easily accessible online. The training material will describe all 

tutorial tasks and provide download links for the models and experimental data 

needed to complete each tutorial. We will also host bi-annual training workshops at 

conferences and possibly on campus. Lastly, we will use the knowledge gained from 

the highly successful NIH-funded “Knee Grand Challenge Competition” run by Dr. 

Fregly to organize a “Stroke Grand Challenge Competition.” The competition will 

engage competing research teams in using the new OpenSim tools to design 

personalized rehabilitation interventions that improve walking symmetry in specific 

individuals post-stroke. 

If we take a look back over time, this computational design approach has been 

able to identify better designs than can be found through physical intuition and 

manual iteration for the design of airplanes, automobiles, heavy equipment, medical 
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devices, and numerous other industries. For example, in the early 1990s, Boeing 

designed a long-range commercial airplane by modeling the entire design on the 

computer and performing systematic design iterations on physics-based virtual 

prototypes using numerical optimization. An approach that turned out to be cheaper 

and faster than traditional trial-and-error design iterations resulted in a fuel-efficient 

and mechanically reliable airplane with increased flight range. If this similar 

approach could do even a fraction of what it has done within these different industries 

to movement impairments, it will have a significant impact.  
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Appendix A – EMG-driven Model 

Supplementary Information 

Nomenclature: 

 

𝑓𝑙   Active force-length function 

𝑏1, 𝑏2… , 𝑏9  Coefficients  

𝑐1, 𝑐2, 𝑐3  Constants 

𝑔1, 𝑔2… , 𝑔5  Constants 

𝑑  Electromechanical time delay 

𝑓𝑣  Force-velocity function 

𝜃  Joint angle 

�̇�  Joint angular velocity 

𝑟  Moment arm 

𝑎  Muscle activation 

𝜏𝑎𝑐𝑡  Muscle activation time constant 

𝜏𝑑𝑒𝑎𝑐𝑡  Muscle deactivation time constant 

𝑒  Muscle excitation 

𝛼  Muscle pennation angle 

𝑀  Muscle produced moment about a given joint 

𝑙𝑀𝑇  Muscle-tendon length 

𝑣𝑀𝑇  Muscle-tendon velocity 
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𝑢  Neural activation 

𝑙𝑀  Normalized muscle fiber length 

�̃�𝑀  Normalized muscle fiber velocity 

𝑙𝑜
𝑀  Optimal fiber length 

𝑓𝑝  Passive force-length function 

𝐹𝑜
𝑀  Peak isometric force 

𝑙𝑠
𝑇  Tendon slack length 

𝑡  Time 

𝑖  Time frame 

∆𝑡  Time interval 

 

We used a Hill-type muscle model with a rigid tendon (Delp et al., 1990) 

where the muscle-tendon lengths, velocities, and moment arms were approximated 

by polynomial functions of model generalized coordinates and their first derivatives 

[172], [173].  

 

The moments produced by each muscle can be calculated by the following 

equation:  

 

𝑀 = 𝑟 ∙ 𝐹𝑜
𝑀 ∙ [𝑎(𝑡) ∙ 𝑓𝑙 (𝑙

𝑀(𝑡)) ∙ 𝑓𝑣(�̃�
𝑀(𝑡)) + 𝑓𝑝 (𝑙

𝑀(𝑡))]𝑐𝑜𝑠𝛼 

0 ≤ 𝑎(𝑡) ≤ 1 

(1) 
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0.3 < 𝑙𝑀(𝑡) < 1.3 

−1 < �̃�𝑀(𝑡) < 1 

 

𝑙𝑀 and �̃�𝑀 are calculated neglecting tendon compliance using the following 

equations: 

 

𝑙𝑀 =
𝑙𝑀𝑇 − 𝑙𝑠

𝑇

𝑙𝑜𝑀 ∙ 𝑐𝑜𝑠𝛼
 (2) 

 

�̃�𝑀 =
𝑣𝑀𝑇

10 ∙ 𝑙𝑜𝑀
 (3) 

 

Our EMG-driven model requires specification of five parameter values 𝑑, 𝑙𝑜
𝑀, 

𝑙𝑠
𝑇 , 𝐹𝑜

𝑀, and 𝛼 and four variables 𝑎, 𝑙𝑀𝑇 , 𝑣𝑀𝑇 , and 𝑟. We describe how to calculate 𝑎, 

𝑙𝑀𝑇 , 𝑣𝑀𝑇 , and 𝑟 below.  

 

To calculate muscle activations, a first order differential equation (He et al., 

1991) is discretized to find neural activations from muscle excitations as follows: 

 

𝑢𝑖 =
2∆𝑡(𝑐1𝑒(𝑡𝑖 − 𝑑) + 𝑐2)𝑒(𝑡𝑖 − 𝑑) + 4𝑢𝑖−1 − 𝑢𝑖−2

2∆𝑡(𝑐1𝑒(𝑡𝑖 − 𝑑) + 𝑐2) + 3
 (4) 

 

The constants 𝑐1 and 𝑐2 are defined as:  
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𝑐1 =
1

𝜏𝑎𝑐𝑡
−

1

𝜏𝑑𝑒𝑎𝑐𝑡
 (5) 

 

𝑐2 =
1

𝜏𝑑𝑒𝑎𝑐𝑡
 (6) 

 

where 𝜏𝑑𝑒𝑎𝑐𝑡 = 4𝜏𝑎𝑐𝑡  based on the ratio reported in literature [175]–[178]. A 

nonlinear function is then used to find muscle activations from neural activations as 

follows [179]. 

 

𝑎𝑖 = (1 − 𝑐3)𝑢1 + 𝑐3 [
𝑔1

𝑔2(𝑢1 + 𝑔3)𝑔4 + 𝑔5
+ 1] (7) 

 

where 𝑐3 can vary from forming a linear (0) to a highly nonlinear (0.35) 

relationship. Constants 𝑔1 to 𝑔5 have values of -7.623, 29.280, 0.884, 17.227, and 

4.108 [180].  

 

The variables 𝑙𝑀𝑇 , 𝑣𝑀𝑇 , and 𝑟 are calculated using polynomial functions of the 

joint angles and velocities [172], [173]. For muscles that span one degree of freedom 

(DOF), the 𝑙𝑀𝑇 can be approximated using the following cubic polynomial equations 

[141]:  
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𝑙𝑀𝑇 = 𝑏0 + 𝑏1𝜃 + 𝑏2𝜃
2 + 𝑏3𝜃

3 (8) 

 

𝑣𝑀𝑇 and 𝑟 can be computed accordingly as follows:   

𝑣𝑀𝑇 = 
𝑑𝑙𝑀𝑇

𝑑𝑡
= 𝑏1�̇� + 2𝑏2𝜃�̇� − 3𝑏3𝜃

2�̇� (9) 

 

𝑟 =  −
𝜕𝑙𝑀𝑇

𝜕𝜃
= −𝑏1 − 2𝑏2𝜃 − 3𝑏3𝜃

2 (10) 

 

For muscles that span two DOFs, these equations are extended as follows:  

 

𝑙𝑀𝑇 = 𝑏0 + 𝑏1𝜃1 + 𝑏2𝜃2 + 𝑏3𝜃1𝜃2 + 𝑏4𝜃1
2 + 𝑏5𝜃2

2 + 𝑏6𝜃1
2𝜃2 + 𝑏7𝜃1𝜃2

2

+ 𝑏8𝜃1
3 + 𝑏9𝜃2

3 
(11) 

 

𝑣𝑀𝑇 = 𝑏1�̇�1 + 𝑏2�̇�2 + 𝑏3(�̇�1𝜃2 + 𝜃1�̇�2) + 2𝑏4𝜃1�̇�1 + 2𝑏5𝜃2�̇�2

+ 𝑏6(2𝜃1�̇�1𝜃2 + 𝜃1
2�̇�2) + 𝑏7(�̇�1𝜃2

2 + 2𝜃1𝜃2�̇�2)

+ 3𝑏8𝜃1
2�̇�1 + 3𝑏9𝜃2

2�̇�2 

(12) 

 

𝑟1 = −
𝜕𝑙𝑀𝑇

𝜕𝜃1
= −𝑏1 − 𝑏3𝜃2 − 2𝑏4𝜃1 − 2𝑏6𝜃1𝜃2 − 𝑏7𝜃2

2 − 3𝑏8𝜃1
2 (13) 

 

𝑟2 = −
𝜕𝑙𝑀𝑇

𝜕𝜃2
= −𝑏2 − 𝑏3𝜃1 − 2𝑏5𝜃2 − 𝑏6𝜃1

2 − 2𝑏7𝜃1𝜃2 − 3𝑏9𝜃2
2 (14) 
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Similarly, for muscles that span three or four DOFs, Equations (8), (9), and 

(10) can be extended by adding additional terms for joint angles and velocities.  
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Appendix B – Chapter 3 

Supplementary Tables 

Table B.5.1 - Average RMS errors between muscle produced joint moments 

from SO-Gen and EMG-driven in comparison to SO-Cal across all trials. 
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Table B.5.2 - Average RMS errors between muscle activations produced from 

static optimization to those obtained from the EMG-driven model. 

Average RMS errors between muscle activations produced from static 

optimization to those obtained from the EMG-driven model. 
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152 

 

Table B.5.3 - Calibrated and generic muscle musculoskeletal parameters for the 

high functioning subject. Thegeneric model used the same musculoskeletal 

parameters for both legs. 
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Table B.5.4 - Calibrated and generic muscle musculoskeletal parameters for the 

low functioning subject. The generic model used the same musculoskeletal 

parameters for both legs. 
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Detailed Flowcharts 

 

Figure B.5.1 - Flowchart of the SOGen method. 
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Figure B.5.2 - Flowchart of the SOCal method. 
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Figure B.5.3 - Flowchart of the EMGCal method. 
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Appendix C – Chapter 4 

Supplementary Figures 
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Figure C.5.4 - Non-operated side synergy vectors for pre- and post-surgery 

conditions. 
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Figure C.5.5 - Operated side synergy vectors for pre- and post-surgery 

conditions. Synergy vector weights shown in black reflect muscles removed 

from the model to simulate the post-surgery situation. 



 
162 

 

Supplementary Information 

Left Leg Muscle Activation Estimation 

 

1

𝑛𝐷𝑜𝐹 ∙ 𝑛𝑃𝑡𝑠
∑ ∆𝑀2

𝑛𝐷𝑜𝐹

𝑖=1

+ (
1

𝑛𝑀𝑢𝑠𝑐
) ∑ (

𝑥

0.15
)
2

𝑛𝑀𝑢𝑠𝑐

𝑖=1

+ (
1

𝑛𝑀𝑢𝑠𝑐
) ∑ (

𝑦

0.05
)
2

𝑛𝑀𝑢𝑠𝑐

𝑖=1

 

+(
1

𝑛𝑀𝑢𝑠𝑐𝑝𝑎𝑖𝑟𝑒𝑑
) ∑ (

𝑥 − �̅�

0.05
)
2𝑛𝑃𝑎𝑖𝑟𝑠

𝑖=1

+ (
1

𝑛𝑀𝑢𝑠𝑐
) ∑ (

𝑧2
1.0
)
2

𝑛𝑀𝑢𝑠𝑐

𝑖=1

 

 

1) x (deviation scale factor dev_SF), allowable: 0.15, bounds: [-0.30 , 0,30] 

2) y (time delay on activation), allowable: 0.05, bounds: [-0.10, 0.10] ms 

4) z2 (activation curve tilt),  allowable: 1⁰, bounds: [-4.0⁰, 4.0⁰]  

Synergy Optimization 

Shourijeh and Fregly [143] developed a method, named Synergy Optimization 

or SynO, for estimating muscle activations based on muscle synergy structure. They 

used the non-negative matrix factorization structure to find synergy vector weights 

and activations at the same time. 

The approach used in this study is named SynOx, which refers to an updated 

version of SynO. SynOx produces activations that follow synergy structure while 

tracking inverse dynamics (ID) while also tracking a subset of processed EMG 

activations. 
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Muscle activations of each side of the body (leg and trunk) are assumed to be 

constructed by n unilateral synergies leading to a total number of 2n synergies for the 

whole model. Each activation signal in SynOx is constructed as 

𝑎𝑖
𝑅(𝑡) = ∑𝑤𝑖𝑝

𝑅 𝑠𝑝
𝑅(𝑡)

𝑛

𝑝=1

(𝑖 = 1,. . .,74) 

𝑎𝑖
𝐿(𝑡) = ∑𝑤𝑖𝑝

𝐿

𝑛

𝑝=1

𝑠𝑝
𝐿(𝑡) (𝑖 = 1,. . .,74) 

 

where 
  
a

i
(t) is the activation of muscle i  as a function of time, R and L refer to 

right and left sides of the body, 
 
w

ip
 is the time-invariant synergy vector weight for 

muscle i  and synergy p (
  
w

ip
³ 0 ), and ( )ps t  is the time-varying synergy activation for 

synergy p as a function of time ( ( ) 0ps t  ). To make the synergy solution unique, we 

required the sum of all weights in each synergy vector to equal 1, 

 

∑ 𝑤𝑖𝑝
𝑅

74

𝑖=1
= 1 (𝑝 = 1,. . .,𝑛) 

∑ 𝑤𝑖𝑝
𝐿

74

𝑖=1
= 1 (𝑝 = 1,. . .,𝑛) 

 (6) 

where each synergy vector specifies inter-muscle activation coupling. 

Furthermore, to reduce the number of design variables required to construct all 

muscle activations over all time frames, we parameterized each time-varying synergy 
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activation ( )ps t  using a B-spline function constructed from 21 adjustable nodal points 

spanning the gait cycle: 

  

𝑠𝑝
𝑅(𝑡) =∑ 𝑓(𝑏𝑙𝑝

𝑅 , 𝑡)
21

𝑙=1

𝑠𝑝
𝐿(𝑡) =∑ 𝑓(𝑏𝑙𝑝

𝐿 , 𝑡)
21

𝑙=1

 (7) 

where 
 
b

lp
 is nodal point l  for synergy p . The complete optimization problem 

was formulated as 

 𝑚𝑖𝑛
𝑤𝑖𝑝,𝑏𝑙𝑝

𝐶𝐹 =
1

101
∑

(

 1

15
∑ (

∑ 𝑟𝑖𝑗𝑘

148

𝑖=1
𝐹𝑖𝑘−𝑀𝑗𝑘

𝐼𝐷

𝑀∗
)

2

+

15

𝑗=1

1

90
∑ (

a𝑖𝑘−𝑎𝑖𝑘
𝐸𝑀𝐺

𝑎∗
)
2

90

𝑖=1

+
1

58
∑ 𝑎𝑖𝑘

2148

𝑖=91

)

 

101

𝑘=1

subject to

∑ 𝑤𝑖𝑝
𝑅 = 1

74

𝑖=1
 (𝑝 = 1, . . . , 𝑛)

∑ 𝑤𝑖𝑝
𝐿 = 1

74

𝑖=1
 (𝑝 = 1, . . . , 𝑛)

𝑤𝑖𝑝
𝑅 ≥ 0,𝑤𝑖𝑝

𝐿 ≥ 0, 𝑏𝑙𝑝
𝑅 ≥ 0, 𝑏𝑙𝑝

𝐿 ≥ 0

where

𝑎𝑖
𝑅(𝑡) =∑ 𝑤𝑖𝑝

𝑅
𝑛

𝑝=1
𝑠𝑝
𝑅(𝑡)

𝑎𝑖
𝐿(𝑡) =∑ 𝑤𝑖𝑝

𝐿
𝑛

𝑝=1
𝑠𝑝
𝐿(𝑡)

𝑠𝑝𝑘
𝑅 = 𝑓(𝑏𝑙𝑝

𝑅 , 𝑘)

𝑠𝑝𝑘
𝐿 = 𝑓(𝑏𝑙𝑝

𝐿 , 𝑘) (𝑙 = 1, . . . ,21)

𝑤𝑖𝑝 = {𝑤𝑖𝑝
𝑅 , 𝑤𝑖𝑝

𝐿 }

𝑏𝑖𝑝 = {𝑏𝑙𝑝
𝑅 , 𝑏𝑙𝑝

𝐿 }

(8) 
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where k  indicates the time frame being evaluated, 
 
w

ip
 ( i  = 1, . . . ,74) and 

 
b

lp
 ( l = 1, . . 

., 21) are the design variables, and n indicates the selected number of unilateral 

synergies to use for constructing muscle activations. 

All three terms were normalized by dividing by an allowable optimization 

error/value. While the allowable value for trunk muscles was assumed to be 1, those 

for moment (𝑀∗) and activation error for lower extremity muscles (𝑎∗) were set to xx 

and yy, respectively. 

A convergence study on the required number of synergies was performed. 6 

synergies were chosen unilaterally because subtracting one synergy reduced the 

quality of moment and activation tracing while adding one synergy did not add 

quality significantly (significance level = 5%). Furthermore, 6 synergies reconstruct 

the EMG activations of leg muscles in each side with a VAF>0.98. 

SynOx used fmincon for optimization. Random initial guesses for the design 

variables were tested to assure numerical globality of the solution [168]. 

 




