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"It is important to draw wisdom from many di�erent

places. If you take it from only one place, it beco-

mes rigid and stale. Understanding others, the other

elements and the other nations will help you become

whole."

- Uncle Iroh, Avatar: The Last Airbender
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ABSTRACT

Functional electrical stimulation (FES) cycling is a promising rehabilitation and exercise

modality for individuals with spinal cord injury, but its e�ectiveness depends critically on the

design of stimulation patterns that coordinate muscle activation in a physiologically plausi-

ble and robust manner. Traditionally, these patterns are derived empirically through manual

tuning, which limits reproducibility and systematic exploration of design choices. This thesis

investigates the use of predictive musculoskeletal simulations to derive stimulation strategies

for FES cycling and to translate them into experimentally viable control signals.

The work is organized around two sequential experimental studies addressing the same re-

search questions from complementary perspectives. The �rst study presents a proof-of-concept

framework in which fully predictive optimal control simulations are used to generate stimulation

pro�les for cycling, which are then implemented experimentally in an individual with complete

spinal cord injury. This study establishes the feasibility of deriving stimulation timing di-

rectly from simulation without relying on pre-recorded electromyography or heuristic phase

de�nitions. The second study extends this framework by incorporating additional physiological

re�nements, including antagonist muscle groups and synergy-based coordination constraints,

and by performing a more comprehensive experimental validation. Together, the studies evalu-

ate the robustness, physiological plausibility, and experimental viability of simulation-derived

stimulation relative to a bang-bang control strategy.

Across both investigations, predictive simulations produced stimulation patterns that could

be safely implemented and sustained experimentally, yielding stable cycling behavior and per-

formance metrics comparable to empirically tuned stimulation. For the �rst study, measured

power, cycling cadence and left-right leg balance was improved when compared to a simple bang-

bang protocol. For the second study, alongside the improvements to the presented method, a

more elaborate and re�ned bang-bang protocol was used as a reference. Although the perfor-

mance metrics for power and cadence exceeded those of the established protocol, the left-right

balance remained superior to the reference bang-bang approach. While the proposed appro-



ach does not aim to outperform established controllers, it demonstrates that physiologically

structured, fully synthetic stimulation signals can be generated systematically and translated

to real-world FES cycling.

By explicitly integrating methodological decision-making into the modeling and experi-

mental pipeline, this thesis contributes a reproducible simulation-to-stimulation work�ow and

clari�es the trade-o�s associated with predictive control, model abstraction, and experimental

implementation. The results provide a foundation for future work on personalized modeling,

adaptive and closed-loop control, and the broader application of predictive simulations in neu-

rorehabilitation.

Keywords: Functional electrical stimulation cycling, Spinal cord injury, Musculoskeletal mode-

ling, Predictive simulation, Cycling rehabilitation, Muscle dynamics, Optimization, OpenSim.



RESUMO

Título em português: Simulação musculoesquelética preditiva para ciclismo por eletro-

estimulação funcional: da otimização à validação experimental em lesão medular.

A estimulação elétrica funcional (FES) aplicada ao ciclismo é uma estratégia promissora de

exercício e reabilitação para indivíduos com lesão medular, porém sua e�cácia depende criti-

camente do projeto de padrões de estimulação capazes de coordenar a ativação muscular de

forma �siologicamente plausível e robusta. Tradicionalmente, esses padrões são de�nidos de

maneira empírica, por meio de ajustes manuais, o que limita a reprodutibilidade e a exploração

sistemática das decisões de projeto. Esta dissertação investiga o uso de simulações musculoes-

queléticas preditivas para a derivação de estratégias de estimulação para o ciclismo com FES e

sua tradução em sinais de controle experimentalmente viáveis.

O trabalho é organizado em torno de dois estudos sequenciais que abordam as mesmas ques-

tões de pesquisa a partir de perspectivas complementares. O primeiro estudo apresenta uma

investigação de prova de conceito, na qual simulações de controle ótimo totalmente preditivas

são utilizadas para gerar per�s de estimulação para o ciclismo, posteriormente implementados

experimentalmente em um indivíduo com lesão medular completa. Esse estudo estabelece a

viabilidade de derivar a temporização da estimulação diretamente a partir de simulações, sem

recorrer a eletromiogra�a previamente coletada ou a de�nições heurísticas de fase. O segundo

estudo estende esses princípios ao incorporar re�namentos �siológicos adicionais, incluindo gru-

pos musculares antagonistas e restrições de coordenação baseadas em sinergias, além de realizar

uma validação experimental mais abrangente ao longo de múltiplos dias. Em conjunto, os es-

tudos avaliam a robustez, a plausibilidade �siológica e a viabilidade experimental de sinais de

estimulação derivados de simulação em comparação com uma estratégia de controle do tipo

bang-bang madura e empiricamente ajustada.

Ao longo de ambas as investigações, as simulações preditivas produziram padrões de es-

timulação que puderam ser implementados de forma segura e sustentada experimentalmente,

resultando em comportamento cíclico estável e métricas de desempenho comparáveis às obtidas



com a estimulação empiricamente ajustada. No primeiro estudo, a potência medida, cadência

de pedalada, e equilíbrio entre as pernas mostraram melhorias quando comparado com um

protocolo simples liga-desliga. No segundo estudo, juntamente com as melhorias apresentadas

no método, um protocolo liga-desliga mais maduro e elaborado foi utilizado como referência.

Enquanto as métricas de performance de potência e cadência do sinal de referência foram su-

periores, o equilíbrio entre as pernas se manteve superior. Embora a abordagem proposta não

tenha como objetivo superar controles estabelecidos, os resultados demonstram que sinais de

estimulação totalmente sintéticos, estruturados �siologicamente, podem ser gerados de forma

sistemática e traduzidos para o ciclismo com FES no mundo real.

Ao integrar explicitamente as decisões metodológicas ao longo do processo de modelagem e

experimentação, esta dissertação contribui com um �uxo de trabalho reprodutível de simulação

para estimulação e esclarece as implicações das escolhas relacionadas ao controle preditivo, à

abstração do modelo e à implementação experimental. Os resultados fornecem uma base para

trabalhos futuros em modelagem personalizada, estratégias de controle adaptativas e em malha

fechada, e para a aplicação mais ampla de simulações preditivas no contexto da neurorreabili-

tação.

Palavras-chave: Ciclismo com eletroestimulação funcional, Lesão medular, Modelagem muscu-

loesquelética, Simulação preditiva, Reabilitação com ciclismo, Dinâmica muscular, Otimização,

OpenSim.
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CHAPTER 1

INTRODUCTION

1.1 ELECTRICAL STIMULATION AND FES

Electrical stimulation has long been employed as a means to activate neuromuscular struc-

tures when voluntary control is impaired. By delivering electrical pulses to peripheral nerves

or muscles, it is possible to evoke contractions and generate functional movement even in the

absence of descending neural input (ANDERSEN et al., 2022). This principle underlies a broad

family of neuroprosthetic interventions, in which externally applied electrical inputs are used

to substitute, augment, or reorganize impaired neuromuscular control. It ranges from thera-

peutic applications (KIM et al., 2023; KENNEDY et al., 2025) to assistive technologies aimed

at restoring lost motor functions (HAMID; HAYEK, 2008; MAFFIULETTI et al., 2018).

Functional electrical stimulation (FES) represents a particular class of electrical stimula-

tion in which patterned stimulation is used to produce purposeful, task-oriented movements

(MARQUEZ-CHIN; POPOVIC, 2020). Over the past decades, FES has been applied as a

form of active rehabilitation to a variety of motor tasks, including reaching and grasping (PO-

POVIC et al., 2001; KAPADIA et al., 2020; HöHLER et al., 2025), standing (BRAZ et al.,

2009; ZOULIAS et al., 2019; IBITOYE et al., 2019), and walking (POPOVIC et al., 2001;

NIGHTINGALE et al., 2007; THRASHER; POPOVIC, 2008; MOLL et al., 2017), particularly

in individuals after a stroke, children with cerebral palsy, and people with spinal cord injury

(SCI).

Beyond functional assistance, FES has been shown to provide important physiological bene-

�ts, such as preservation of muscle mass (DELEY et al., 2015), improvements in cardiovascular

conditioning (DAVIS et al., 2008), and mitigation of secondary complications associated with

prolonged muscle inactivity (POPOVIC; SINKJÆR, 2000; HUNT et al., 2012; SADOWSKY

et al., 2013; MARQUEZ-CHIN; POPOVIC, 2020; MATEO et al., 2021).
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1.2 FES-ASSISTED CYCLING

Among the applications, FES-assisted cycling has received sustained attention since its �rst

proposal in the 1980s (GLASER, 1986). It was widely adopted due to its constrained kinema-

tics, repetitive structure, favorable health outcomes (RABELO et al., 2018; SCHEER et al.,

2021; FRAZãO et al., 2024), compatibility with stationary training systems, and competitive

settings such as the Cybathlon (RIENER, 2016; COSTE; WOLF, 2018; JAEGER et al., 2023).

Historically, research in FES cycling has progressed alongside advances in stimulation hard-

ware, sensor integration, and mechanical design, culminating in rehabilitative platforms such

as recumbent tricycles and stationary ergometers (HUNT et al., 2012). Despite these advan-

ces, FES cycling remains characterized by low mechanical e�ciency and limited power output

when compared to able-bodied cycling, a limitation that has been consistently reported across

clinical and experimental studies (HAKANSSON; HULL, 2009; ZHANG et al., 2011; HUNT et

al., 2012; HAKANSSON; HULL, 2012).

The challenges associated with FES cycling are multifactorial. Electrically evoked contrac-

tions di�er fundamentally from voluntary ones, both in terms of motor unit recruitment and

fatigue behavior (POPOVIC; SINKJÆR, 2000; HUNT et al., 2012). Surface stimulation im-

poses strict actuation constraints, including limited muscle selectivity (LAUBACHER et al.,

2016; BAPTISTA et al., 2022) and synchronous activation of multiple muscles per channel

(POPOVIC; SINKJÆR, 2000; HUNT et al., 2012). Moreover, e�ective power generation du-

ring cycling depends critically on the timing and coordination of muscle activation relative to

crank position, as well as on the management of delays inherent to the neuromuscular and

mechanical system (PERKINS et al., 2001; FONSECA et al., 2017; de Sousa et al., 2016).

Most successful FES cycling implementations have relied on empirically tuned stimulation

strategies and what is commonly referred to as on-o� or bang-bang control. These approaches

involve fully activating or deactivating large muscle groups at advantageous intervals, often

complemented by extensive manual adjustments and user-speci�c adaptations. Although such

strategies have demonstrated robustness and practical e�ectiveness, including in competitive

settings, their development is inherently heuristic, based on a simple biomechanical understan-

ding of the cycling movement, presenting risks, requiring substantial experimental e�ort, and,

when implementing in people with complete SCI, without sensory feedback from the user. As
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a result, stimulation protocols are often highly user and system-speci�c, limiting their genera-

lizability and reproducibility, motivating the need for systematic design frameworks that can

account for neuromuscular dynamics and mechanical constraints in a principled manner.

1.3 MUSCULOSKELETAL SIMULATIONS

The use of musculoskeletal simulations o�ers a pathway to address these challenges (FRE-

GLY, 2021; UHLRICH et al., 2023; KAINZ et al., 2024). By explicitly modeling the dynamics

of the musculoskeletal system, simulations provide a framework in which muscle coordination,

timing, and mechanical interactions can be explored systematically and safely. Fully pre-

dictive simulations eliminate the need for prior experimental data, generating physiologically

plausible activation patterns based solely on the model's dynamics and cost function de�niti-

ons (FEBRER-NAFRíA et al., 2022). The use of "predictive"in this context therefore re�ects

the capability of the simulation to generate data without the need of previously obtained expe-

rimental data. Early work already recognized the potential of such tools to inform stimulation

design, suggesting that stimulation patterns optimized in silico could serve as reference signals

for real-world neuroprosthetic systems, provided that closed-loop control compensates for mo-

deling errors and disturbances (POPOVIC; SINKJÆR, 2000). However, at the time, modeling

and computational limitations restricted the practical realization of this vision.

Fully predictive simulations are particularly attractive for FES applications in people with

SCI, as they allow stimulation design to be framed objectively as an optimal control problem

subject to physiological, mechanical, and implementation constraints despite the absence of user

feedback. In this context, stimulation signals are no longer tuned manually but are derived

systematically from an explicit performance objective. Until recently, very few studies have

demonstrated a full translation of predictive simulations into experimentally validated FES

control signals (CO et al., 2025). As far as it is known by the authors, Peres et al. 2025a was

the �rst study to successfully implement the results of a fully predictive simulation pipeline in

an individual with a complete SCI in a cycling setting.

The motivation for adopting predictive simulations in FES cycling is further reinforced by

insights from the experimental literature. The most recent literature review on FES cycling
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e�ciency highlighted that its poor e�ciency arises primarily from unfavourable biomechanics

and non-physiological muscle recruitment, including crude activation of muscle groups, subop-

timal timing, and the lack of synergistic and antagonistic joint control (HUNT et al., 2012).

Importantly, they hypothesised that improvements in stimulation timing, inclusion of additi-

onal muscle groups, and the use of constrained numerical optimization with dynamic models

could substantially enhance performance.

1.4 PHYSIOLOGICAL COORDINATION AND MUSCLE SYNERGIES

A central concept in muscular control is that of muscle synergies. In physiological move-

ment, muscles rarely act in isolation (BERNSTEIN, 1967). Instead, coordinated activation

patterns allow the nervous system to reduce control dimensionality and individual muscle bur-

den while maintaining functional �exibility (CHEUNG et al., 2020). Although electrically

induced contractions do not replicate natural recruitment mechanisms, imposing coordinated

activation structures in FES control can better re�ect the realities of surface stimulation, where

multiple muscles are activated simultaneously. When this concept is applied to neuroprosthe-

sis, especially in surface electrode FES where selectivity is limited, it provides a structured

way to constrain control solutions to coordinated activation patterns that are experimentally

feasible (HAYASHIBE; SHIMODA, 2014; LI et al., 2015). In this context, muscle synergies are

not interpreted as direct representations of neural control, but rather as a control abstraction

that enforces coordinated activation consistent with surface FES constraints.

Incorporating muscle synergy principles into optimization-based FES control is still not fully

explored, with only one application to walking (WARNER et al., 2025), and one to exoskeleton-

assisted walking (ALIBEJI et al., 2018). Until Peres et al. 2025b, it had not been implemented

in a FES cycling setting (CO et al., 2025).

1.5 RESEARCH QUESTIONS

Within this framework, the present thesis investigates whether stimulation protocols derived

entirely from predictive musculoskeletal simulations can be translated into a real FES cycling



1.6 � Relevance and contributions of the thesis 5

system and validated experimentally. Rather than aiming to outperform well-established em-

pirical protocols outright, the focus is on assessing whether a fully predictive, constraint-aware

work�ow can generate implementable stimulation strategies without manual tuning.

The objective of this thesis is to evaluate whether stimulation patterns generated through

fully predictive musculoskeletal simulations are physiologically plausible and can be success-

fully implemented in a real FES cycling system and produce functional cycling performance

comparable to an empirically tuned stimulation strategy.

Based on this objective, the following hypotheses are formulated:

H1: Predictive musculoskeletal simulations can generate stimulation signals that produce

feasible FES cycling while maintaining physiologically coordinated muscle activation patterns.

H2: A stimulation signal derived entirely from simulation can achieve comparable cycling

performance to a mature empirically tuned bang-bang protocol under matched experimental

conditions.

To investigate these hypotheses, the following research questions are addressed:

1. Can stimulation protocols be systematically optimized to produce feasible FES cycling

while preserving physiologically coordinated muscle activation patterns?

2. Under matched experimental conditions, how does a simulation-derived stimulation signal

compare with a mature, empirically tuned bang-bang protocol in terms of power output,

cadence regulation, and inter-limb balance?

1.6 RELEVANCE AND CONTRIBUTIONS OF THE THESIS

Addressing these questions is relevant not only for FES cycling, but more broadly for the

design of neuroprosthetic controllers that balance performance, safety, and reproducibility. By

demonstrating a systematic simulation-to-stimulation pipeline and validating it experimentally

in an individual with complete SCI, this thesis aims to contribute a methodological foundation

upon which more adaptive, personalized, and scalable FES control strategies can be developed.
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1.7 STRUCTURE OF THE THESIS

This thesis is organized around two sequential experimental studies that address the same

overarching research questions from complementary perspectives. The �rst study (presented

in Chapters 4-6) corresponds to a proof-of-concept investigation, previously presented at the

International Consortium for Rehabilitation Robotics (ICORR) (PERES et al., 2025a). Its pri-

mary objective was to assess the feasibility of using fully predictive musculoskeletal simulations

to derive stimulation pro�les for FES cycling and to implement these pro�les experimentally

in an individual with complete spinal cord injury.

The second study (presented in Chapters 7-9), recently submitted to the Journal of Neu-

roEngineering and Rehabilitation (JNER) (PERES et al., 2025b), is a case study that builds

directly upon the outcomes and limitations identi�ed in the proof-of-concept study. It extends

the original framework by incorporating additional physiological re�nements, including antago-

nist muscle groups and synergy-based coordination, and by performing a more comprehensive

experimental validation under a structured multi-day protocol. While the �rst study establishes

feasibility through a simpli�ed implementation, the second study extends the framework to in-

clude an additional muscle group and address the synchronous muscle recruitment inherent of

super�cial FES. For clarity, the methods, results, and discussions of each study are presented

separately. The discussion of the case study is intentionally broader, synthesizing insights that

apply across both investigations.

The thesis adopts a deliberately pedagogical structure. In contrast to more conventio-

nal thesis organizations, the methods chapters include not only the formal description of mo-

dels, experimental protocols, and optimization procedures, but also explicit explanations of the

methodological decisions that guided their design. The corresponding discussion chapters then

expand on the consequences, trade-o�s, and implications of these decisions. This structure was

chosen intentionally to make the reasoning process behind the proposed framework transparent,

reproducible, and to facilitate knowledge transfer.

Chapter 2 presents the theoretical background, contextualizing the challenges of FES cycling

and providing a state of the art of optimization-based control strategies. Chapter 3 is intended

as a cross-study common material, with information relevant to both studies. Chapters 4-6
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detail the proof-of-concept study, while Chapters 7-9 present the case study. Finally, Chapter 10

synthesizes the main �ndings of the thesis and outlines future research directions.



CHAPTER 2

THEORETICAL BACKGROUND - FES CYCLING

2.1 FES CYCLING REHABILITATION

Functional electrical stimulation (FES) cycling can be implemented as a stationary or mobile

active rehabilitation modality, in which electrical stimulation is used to evoke cyclic contractions

of lower-limb muscles in synchrony with crank rotation (BO et al., 2017; SCHMOLL et al., 2022;

JAEGER et al., 2023). Unlike locomotor tasks such as walking, cycling imposes constrained

and repeatable kinematics, requires minimal balance control, and allows continuous mechanical

support throughout the movement. These characteristics make cycling particularly suitable for

individuals with severe motor impairments, including people with complete spinal cord injury

(SCI), for whom voluntary motor control and postural stabilization are absent (BAPTISTA

et al., 2022), but also make cycling particularly amenable to systematic control design and

modeling. The use of FES cycling in clinical rehabilitation programs has steadily increased

over the years in research settings, specialized rehabilitation centers, and long-term training

contexts, driven by its cardiovascular, musculoskeletal, and metabolic bene�ts (RABELO et

al., 2018; FRAZãO et al., 2024).

Most contemporary FES cycling systems are implemented either as stationary ergometers

or recumbent tricycles. The recumbent posture provides enhanced trunk stability, reduces fall

risk, and minimizes the need for postural control (BAPTISTA et al., 2022). From a mechanical

perspective, the recumbent con�guration also promotes a more consistent alignment between

the hips, knees, and crank axis across sessions, reducing variability in joint kinematics and force

transmission. For these reasons, recumbent platforms have become the prevalent con�guration

in experimental FES cycling studies and competitive settings for users with complete spinal

cord injury.

To ensure safe and e�ective transmission of electrically evoked forces to the crank, orthope-
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dic boots or rigid foot �xation systems are commonly employed. These devices secure the feet to

the pedals, limit motion outside the desired plane, and prevent excessive ankle movement, com-

pensating for the absence of voluntary control and re�ex-mediated joint stabilization. Beyond

preventing slippage, rigid �xation plays a critical role in maintaining joint alignment and pro-

tecting the lower-limb joints from uncontrolled abduction or rotation, which could otherwise

lead to injury (BO et al., 2017). Although studies have explored the stimulation of lower-leg

muscles to improve power generation (HAKANSSON; HULL, 2010), such approaches raise sig-

ni�cant safety concerns in individuals with complete SCI when rigid �xation is not used. In

practice, stability and safety take precedence over increased power generation, making rigid

lower-leg �xation a standard component in FES cycling systems.

At the stimulation level, FES cycling systems typically rely on bipolar, symmetric, charge-

balanced electrical pulses, delivered at �xed stimulation frequencies and modulated through

either current amplitude or pulse width. This con�guration is widely adopted to ensure reliable

muscle activation while minimizing skin irritation, discomfort, and tissue damage (POPOVIC;

SINKJÆR, 2000). The choice between these modulation strategies depends on hardware capa-

bilities, safety considerations, and the desired resolution of control, but both preserve the same

fundamental temporal structure of muscle activation (POPOVIC; SINKJÆR, 2000).

The electrodes used in FES systems, including FES cycling, are most commonly self-adhesive

surface electrodes with relatively large contact areas. Larger electrodes distribute current over

a wider region, reducing current density at the skin-electrode interface and improving com-

fort during prolonged sessions. However, this comes at the expense of spatial selectivity, as

smaller or deeper muscles cannot be selectively activated without �rst exciting more super�cial

structures (POPOVIC; SINKJÆR, 2000; BO et al., 2017).

Electrode placement therefore remains a critical yet inherently imprecise process, often

re�ned empirically to achieve consistent muscle activation across sessions. While alternative

electrode technologies, such as percutaneous, implanted (MCDANIEL et al., 2017), or spatially

distributed super�cial electrodes (BAPTISTA et al., 2022) can o�er improved selectivity and

stimulation e�ciency, they introduce additional drawbacks related to surgical risk, infection,

long-term maintenance, and cost (POPOVIC; SINKJÆR, 2000). For these reasons, stimulation

through a single pair of surface electrodes (single electrode stimulation) per muscle group
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remains the most practical and widely used option in FES cycling research and applications,

including the ones reported in this thesis.

In practical implementations, only a restricted set of muscle groups is typically stimulated.

The quadriceps muscle group is almost universally targeted due to its mechanical e�ectiveness

and consistent contribution to the knee extension phases of the cycle. In more elaborate setups,

additional muscle groups such as the hamstrings or gluteal muscles may be included to assist

with knee �exion or hip extension (BO et al., 2017), but the number of independently control-

lable muscle groups remains small. This restriction arises from several practical constraints:

namely the limited number of stimulation channels available in most commercial electrical sti-

mulators and the di�culty of achieving selective activation (POPOVIC; SINKJÆR, 2000). As

a result, FES cycling systems generally operate with a small number of stimulation channels,

each corresponding to a prede�ned muscle group rather than individual muscles.

Despite these practical limitations, FES cycling has demonstrated substantial physiological

and rehabilitative bene�ts, motivating continued research and technological development. At

the same time, the very constraints that make surface-stimulated FES cycling feasible and

safe, may also de�ne the boundaries within which novel control and stimulation strategies can

operate. Understanding this practical context is essential for framing the technical challenges of

surface-stimulated FES cycling and for identifying which aspects of the system can realistically

be addressed for improvement.

2.2 PHYSIOLOGICAL AND TECHNICAL ORIGINS OF THE CHALLENGES IN FES

CYCLING

FES-assisted cycling is constrained by a set of physiological, technical, and control-related

factors that fundamentally distinguish electrically evoked movement from voluntary cycling.

While these limitations were introduced at a high level in Chapter 1, a more detailed examina-

tion is required to clarify their physiological origins and technical implications, particularly in

the context of surface-stimulated systems used by people with spinal cord injury (SCI).

Building on experimental and theoretical insights from the literature, particularly those

synthesized by Hunt et al. 2012 and Popovi¢ et al. 2000, the challenges of FES cycling can be
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organized around three core factors.

The �rst core challenge concerns unfavourable biomechanics arising from crude muscle group

actuation, suboptimal timing of activation, and limited capacity for synergistic and antagonistic

joint coordination. These factors directly a�ect mechanical power transfer and e�ciency, and

constitute the primary targets for optimization strategies explored in this thesis.

The second core challenge relates to the non-physiological nature of electrically evoked

muscle recruitment, including altered motor unit recruitment order, synchronous �ring, and

deterministic stimulation patterns. While these properties cannot be eliminated with surface

stimulation, they must be explicitly acknowledged when designing and evaluating stimulation

strategies.

The third core challenge arises from neuromuscular alterations following spinal cord injury,

including structural, metabolic, and functional changes in muscle tissue, as well as the absence

of voluntary control and sensory feedback. These factors de�ne fundamental limits on adap-

tability and performance, but their consequences can bene�t from FES cycling with improved

coordination and timing.

The following sections examine each of these core challenges in detail, tracing their phy-

siological and technical origins and clarifying their implications for control, modeling, and

optimization in surface-stimulated FES cycling.

2.2.1 Core Challenge I: Unfavourable biomechanics in FES cycling

Unfavourable biomechanics in surface-stimulated FES cycling arises because the neuromus-

cular system is driven by the relatively small set of stimulation channels that evoke coarse

muscle-group actions, rather than �nely distributed joint-level coordination. As highlighted in

the experimental literature, low e�ciency in FES cycling is strongly linked to crude recruit-

ment of muscle groups, non-optimal timing of activation, and limited capacity to reproduce

the synergistic and antagonistic coordination patterns that support e�ective power transfer in

able-bodied cycling (HUNT et al., 2012). In practice, this biomechanical mismatch reduces

the fraction of electrically evoked muscle force that contributes actively to crank rotation and

increases the sensitivity of performance to timing and parameter tuning.
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2.2.1.1 Crude muscle group actuation

Surface stimulation typically activates muscles in broad groupings determined by electrode

placement and the limited number of channels available in commercial stimulators (HUNT et

al., 2012). As a result, stimulation inputs are mapped to composite mechanical actions rather

than to selectively controlled muscle contributions. This coarse actuation limits the ability

to shape the direction of pedal force throughout the crank cycle and restricts the capacity to

redistribute e�ort across joints as conditions change (e.g., due to fatigue or cadence variations).

From a biomechanical perspective, the consequence is that force is often produced with limited

control over its tangential component, reducing e�ective power transfer to the crank.

2.2.1.2 Non-optimal timing of muscle activation

Because cycling is a phase-dependent task, the mechanical e�ectiveness of electrically evo-

ked contractions depends critically on aligning stimulation onset and o�set with crank posi-

tion (SCHMOLL et al., 2022). Even small timing errors can shift force production into me-

chanically disadvantageous regions of the cycle, decreasing net power output and, in extreme

cases, generating braking torques that oppose rotation (HUNT et al., 2012). This sensitivity is

ampli�ed in FES cycling by electromechanical delays and by the limited capacity to modulate

force smoothly with surface stimulation. In most practical implementations, timing is therefore

encoded as crank-angle windows, which are tuned empirically and may require adjustments as

cadence and fatigue state change.

2.2.1.3 Limited synergistic and antagonistic joint coordination

In volitional cycling, e�ective power transfer is supported by coordinated multi-joint muscle

function, including task-dependent redistribution of e�ort between hip and knee moments and

controlled transitions between propulsive phases (SO et al., 2005). In addition, the nervous

system uses anticipatory coordination and stabilizing strategies to maintain smooth crank dy-

namics across phase transitions (WAKELING; HORN, 2009; HUG et al., 2011; KONG et al.,

2024). In surface-stimulated FES cycling, such coordination is di�cult to reproduce because

stimulation channels do not provide independent access to individual muscles (BO et al., 2017).
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Instead, each channel produces a coupled mechanical e�ect that cannot be decomposed easily

into joint-speci�c control objectives.

2.2.1.4 Biomechanical implications

Taken together, crude muscle-group actuation, strong timing sensitivity, and limited co-

ordination �exibility de�ne the principal biomechanical constraints of surface-stimulated FES

cycling. These constraints are consistently associated with low mechanical e�ciency and re-

duced power output relative to able-bodied cycling (HUNT et al., 2012). Importantly, this

core challenge is not merely a matter of insu�cient tuning e�ort. It re�ects the restricted

actuation structure imposed by surface stimulation and the need to generate propulsion using

a small number of coupled control inputs. For this reason, most of FES cycling research focu-

ses on improving stimulation timing and parameters to control or increase speci�c metrics of

performance as seen in Section 2.3.

2.2.2 Core Challenge II: Non-physiological muscle recruitment and fatigue

A second fundamental limitation of surface-stimulated FES cycling arises from the non-

physiological manner in which muscle �bers are recruited and activated under electrical sti-

mulation. Unlike voluntary movement, where force production is governed by orderly motor

unit recruitment and adaptive �ring behavior, electrically evoked contractions impose arti�cial

activation patterns that directly a�ect endurance, e�ciency, and sustainable power output (PO-

POVIC; SINKJÆR, 2000; HUNT et al., 2012).

2.2.2.1 Altered motor unit recruitment order

In physiological muscle activation, force generation follows the size principle: smaller,

fatigue-resistant motor units are recruited �rst, with progressively larger and more fatiga-

ble units activated as force demand increases (HENNEMAN et al., 1965). This recruitment

hierarchy allows force to be modulated e�ciently while delaying fatigue. Under surface elec-

trical stimulation, however, motor unit recruitment depends primarily on electrode position,
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user-speci�c muscle properties, and local stimulation intensity rather than on neural drive.

As a consequence, recruitment order is non-physiological, and may be mixed and often inver-

ted, with fast, fatigable motor units activated at relatively low stimulation intensities (POPO-

VIC; SINKJÆR, 2000). This disruption of physiological recruitment fundamentally alters the

relationship between stimulation input and force output, reducing endurance and contributing

to the rapid decline in performance commonly observed during FES cycling sessions.

2.2.2.2 Synchronous activation and deterministic �ring behavior

In addition to altered recruitment order, electrically evoked contractions di�er markedly

from voluntary contractions in their �ring characteristics. Surface FES typically activates

motor units synchronously and at �xed and high stimulation frequencies, whereas physiological

force production relies on asynchronous motor unit �ring and rate modulation (HUNT et al.,

2012). This synchronous, deterministic activation concentrates mechanical and metabolic load

across �bers, accelerating fatigue and reducing the e�ciency of force production (ZHANG et

al., 2011).

2.2.2.3 Implications for endurance and performance assessment

The combined e�ects of non-physiological recruitment order and synchronous �ring beha-

vior impose a constraint on sustainable performance in surface-stimulated FES cycling. While

short-term power output may be increased through more intense stimulation, endurance and

session-to-session repeatability remain limited. Importantly, these fatigue mechanisms are in-

trinsic to surface stimulation and cannot be eliminated through control design alone. Instead,

their impact may only be taken into consideration when improving coordination, timing, and

distribution of activation across muscle groups.

2.2.3 Core Challenge III: Neuromuscular alterations following spinal cord injury

Beyond the intrinsic limitations of surface electrical stimulation, FES cycling in people with

SCI is further constrained by long-term neuromuscular changes that occur below the level of in-
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jury. These alterations modify muscle structure, metabolism, and mechanical behavior, funda-

mentally changing how electrically evoked muscle activation translates into movement (HUNT

et al., 2012).

2.2.3.1 Structural and metabolic changes in paralyzed muscle

Shortly after a spinal cord injury, signi�cant changes in muscle morphology and composition

can be noted. These include muscle atrophy, reductions in �ber cross-sectional area, and

shifts in �ber-type distribution, typically characterized by a decrease in fatigue-resistant �bers

and an increased proportion of fast-fatigable �bers. Muscle tissue may also exhibit increased

intramuscular fat content and altered connective tissue composition (HUNT et al., 2012).

Such changes a�ect both active and passive muscle properties. Force-length and force-

velocity relationships are modi�ed, maximal force-generating capacity is reduced, and sus-

ceptibility to fatigue is increased. Passive sti�ness and viscoelastic behavior may also change,

in�uencing joint mechanics and altering the interaction between stimulated and non-stimulated

muscles during cycling (POPOVIC; SINKJÆR, 2000). Consequently, identical stimulation in-

puts can produce substantially di�erent mechanical outputs depending on the training history

and muscle condition.

2.2.3.2 Absence of voluntary control and sensory feedback

A de�ning characteristic of FES cycling in individuals with complete SCI is the absence of

voluntary motor control and sensory feedback from the stimulated musculature. Users cannot

directly perceive muscle e�ort, joint loading, discomfort, or early signs of fatigue below the

level of injury. In contrast to voluntary movement, where sensory feedback plays a critical role

in re�ning coordination and preventing injury, electrically evoked movement must rely entirely

on prede�ned stimulation strategies (POPOVIC; SINKJÆR, 2000).

From a control perspective, this absence of feedback places strict demands on the robust-

ness and safety of stimulation design. Errors in timing, excessive stimulation intensity, or

prolonged activation cannot be corrected re�exively or consciously by the user, increasing the

risk of ine�cient force production or musculoskeletal strain. This limitation further motivates
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conservative and interpretable stimulation strategies, particularly in experimental and clinical

contexts (FRAZãO et al., 2024).

2.2.3.3 Limited capacity for physiological adaptation

Although repeated FES training can induce partial improvements in muscle condition, these

adaptations occur gradually and do not restore physiological recruitment mechanisms. Neu-

roplastic changes and peripheral adaptations may improve certain functional and metabolic

conditions (SANDRINI et al., 2018), but fundamental aspects of electrically evoked muscle

activation, including recruitment order and synchronous �ring, remain unchanged.

As a result, many neuromuscular alterations following SCI represent long-term constraints

rather than transient limitations. Stimulation strategies must therefore be designed to operate

e�ectively within an altered and only partially adaptable neuromuscular system, rather than

assuming convergence toward able-bodied muscle behavior.

2.2.3.4 Implications for optimization and control

The neuromuscular consequences of spinal cord injury de�ne a boundary on what can rea-

listically be achieved through stimulation optimization. While aspects such as timing, coordi-

nation, and force alignment may be improved through informed control strategies, fundamental

properties such as recruitment order, re�ex modulation, and sensory-guided adaptation remain

inaccessible. Recognizing these constraints is essential for framing realistic optimization objec-

tives and for interpreting experimental outcomes in FES cycling research.

Table 2.1 summarizes these three core challenges and clari�es which aspects can be optimized

and which must be treated as intrinsic constraints when designing stimulation strategies.

2.3 STATE OF THE ART OF FES CYCLING PARAMETER OPTIMIZATION

Over the past three decades, a wide range of strategies have been proposed to improve

the performance of surface-stimulated FES cycling, addressing one or more of its challenges

(Section 2.2). These approaches vary substantially in their underlying assumptions, required
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Table 2.1. Summary of the three core challenges in surface-stimulated FES cycling highlighting which aspects
can be optimized and which can be considered when developing stimulation protocols using single electrode
stimulation.

Category Core Challenge I Core Challenge II Core Challenge III

Can be
optimized?

Yes.
Primary target for
optimization

No.
Intrinsic to surface
stimulation

No.
Intrinsic to SCI
physiology

Can be
considered?

Yes. Yes. Partially.
Via subject-speci�c
constraints

sensing modalities, and levels of physiological realism.

Across the literature, the majority of FES cycling strategies remain constrained by the

same fundamental actuation structure: stimulation is applied to a limited number of muscle

groups using surface electrodes, in a bang-bang (BB) fashion, with performance improvements

sought through better timing, parameter tuning, or feedback regulation. As a result, prior

work re�ects di�erent ways of selecting when and how strongly to stimulate muscles, rather

than fundamentally altering the recruitment mechanisms imposed by surface stimulation.

This section reviews the state of the art in FES cycling parameter optimization, orga-

nizing prior work into four broad categories: (1) heuristic and empirically tuned strategies

(Section 2.3.1), (2) kinematics and super�cial electromyography (sEMG)-informed approaches

(Section 2.3.2), (3) classical feedback control methods (Section 2.3.3), and (4) simulation-based

optimization studies (Section 2.3.4).

Rather than providing a complete historical account, the review references studies and

emphasizes how each class of methods addresses, or fails to address, the core challenges identi�ed

earlier, thereby motivating the framework choices adopted in this thesis.

2.3.1 Heuristic and empirically tuned stimulation strategies

The most widely adopted FES cycling strategies rely on empirically de�ned stimulation

patterns, implemented as a bang-bang control. In these approaches, large muscle groups are

activated at prede�ned crank-angle intervals with �xed stimulation intensity. Activation win-

dows are selected to coincide with mechanically advantageous regions of the crank cycle and
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are re�ned through repeated experimental testing.

Comprehensive descriptions of these strategies can be found in early surveys and experimen-

tal studies, particularly those summarized by Popovi¢ et al. 2000, who formalized phase-based

stimulation paradigms and highlighted their practical advantages in clinical and experimental

settings. The appeal of heuristic approaches lies in their simplicity, robustness, and minimal

requirements, producing cycling motion without complex feedback or modeling (HUNT et al.,

2004; MCDANIEL et al., 2017; TONG et al., 2017; BAPTISTA et al., 2022).

However, empirical tuning is inherently time-consuming and user-speci�c. Achieving ac-

ceptable performance often requires extensive trial-and-error procedures conducted over weeks

or months of training, with periodic tuning due to subject changes. Moreover, because these

strategies rely on abrupt, binary activation of muscle groups, they exacerbate non-physiological

recruitment and accelerate fatigue. As noted by Hunt et al., even highly re�ned bang-bang pro-

tocols exhibit low mechanical e�ciency, with a signi�cant fraction of electrically evoked muscle

force failing to contribute constructively to crank propulsion (HUNT et al., 2012).

From the perspective of the core challenges identi�ed earlier (Section 2.2), heuristic stra-

tegies partially address unfavourable biomechanics by roughly aligning stimulation with crank

phase. However, they do not resolve crude muscle-group actuation, limited joint-level coor-

dination, or non-physiological recruitment patterns. Consequently, while empirically tuned

bang-bang stimulation remains the practical standard in competitive and many experimental

settings (LAUBACHER et al., 2017; BO et al., 2017; BAPTISTA et al., 2022), it provides

limited insight into how stimulation parameters can be systematically optimized or generalized

across users and conditions (AMBROSINI et al., 2014).

2.3.2 sEMG and kinematics-informed stimulation strategies

A second class of approaches sought to improve stimulation timing by leveraging biomecha-

nical measurements or muscle activation patterns observed during able-bodied cycling. These

strategies are motivated by an important practical limitation in complete SCI: physiological

signals that normally guide coordination, such as voluntary muscle coordination, are absent,

and stable cycling kinematics cannot be assumed a priori without an initial trial-and-error
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process. As a result, several studies used able-bodied kinematics, and/or sEMG recordings as

reference patterns to inform stimulation design.

A few works in this category relied primarily on kinematic and kinetic measurements. Joint

angles, crank position, pedal forces, or crank dynamics were used to de�ne stimulation on-

set and o�set through �xed mappings or adaptive phase-detection rules (AMBROSINI et al.,

2014; SCHMOLL et al., 2022). Compared with purely manual heuristics, these approaches

improved temporal consistency and reduced gross timing errors, partially addressing the strong

timing sensitivity inherent to FES cycling (Section 2.2.1). The resulting stimulation patterns

demonstrated improvements arising from the better stimulation phase selection.

Other studies incorporated sEMG recordings obtained from able-bodied cycling to guide

stimulation timing. In these approaches, electromyographic (EMG) envelopes are processed

to identify phases of high activation for target muscle groups, and these phases are translated

into stimulation windows (PETROFSKY, 2003; METANI et al., 2017; KAJGANIC et al.,

2023). Conceptually, these methods acknowledge that e�ective cycling depends on coordinated

activation across muscles and joints, with improvements re�ecting a more physiological muscle

recruitment pattern.

Despite this conceptual advance, several limitations restrict the applicability of kinematics

and sEMG-informed strategies in surface-stimulated FES cycling for complete SCI. Reference

patterns derived from able-bodied individuals re�ect neural control, re�ex modulation, and

muscle properties that do not translate to the muscles of people with SCI. Electrical stimu-

lation preserves altered recruitment order, synchronous �ring, and di�erent fatigue dynamics

(Section 2.2.2). Moreover, in people with complete SCI, the use of EMG reading is not re-

commended due to the lack of voluntary muscle contraction (Section 2.2.3), with FES-induced

muscle activations being a re�ection of the stimulation signal itself. Consequently, these stra-

tegies replicate observed activation timings without explicitly accounting for muscle dynamics

or coupled muscle-group actuation.

In summary, kinematics and sEMG-informed approaches highlight the importance of co-

ordination and timing in FES cycling and improve upon purely heuristic designs. However,

it mostly relies on able-bodied reference data and has limited capacity to address intrinsic

stimulation constraints.
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2.3.3 Classical control strategies in FES cycling

A substantial body of work has explored the application of classical control theory to FES-

assisted cycling, with the primary objective of regulating cadence, improving robustness to

disturbances, or stabilizing cycling dynamics. In these studies, controlled variables commonly

include crank cadence, crank torque, or pedal-related measures, while control inputs are limited

to stimulation timing, pulse width, or current amplitude applied to prede�ned muscle groups.

In Fonseca et al. 2017, a proportional-integral (PI) controller was used to determine the

ideal pulse width (PW) for regulating cycling cadence, and Ahmad et al. 2023 had a similar

proposal using a fuzzy logic (FL) controller. Conversely, Farhoud et al. 2014 employed an FL

controller to manage pulse amplitude while a higher-order sliding mode controller adjusted the

PW, enhancing cadence control in a motorized system. In the context of PW-modulated and

motor-assisted systems, Casas et al. 2024 utilized an adaptive approach to control cadence and

reduce muscle fatigue. Another approach involved robust switched control, implemented by

Bellman et al. 2016 to determine the stimulation timing for each muscle group while tracking

a reference cadence through PW modulation.

These methods can compensate for non-linearities and uncertainties in the neuromuscu-

loskeletal system. Nevertheless, classical control strategies face inherent limitations in surface-

stimulated FES cycling. Feedback signals such as cadence or crank torque provide only indirect

information about muscle state and force-generating capacity. Controllers may therefore com-

pensate for declining performance by increasing stimulation intensity, inadvertently accelerating

fatigue rather than resolving underlying biomechanical mismatch (Section 2.2.2). Moreover,

because stimulation channels activate muscle groups rather than individual muscles, classical

controllers cannot independently regulate synergistic and antagonistic actions, limiting their

ability to shape joint-level coordination (Section 2.2.1).

In populations with complete SCI, the absence of voluntary control and sensory feedback

further constrains classical control designs (Section 2.2.3). Users cannot provide corrective acti-

ons or perceptual feedback that might guide adaptation, requiring conservative safety margins

that limit achievable performance gains. As a result, while classical control strategies demons-

trate the value of closed-loop regulation and hybrid architectures, they remain fundamentally
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limited by coarse actuation, non-physiological recruitment, and simpli�ed system representati-

ons.

2.3.4 Simulation-based approaches to FES cycling optimization

Musculoskeletal (MSK) modeling and simulation have emerged as powerful tools. Unlike

purely experimental or controller-centric approaches, simulation-based methods allow explicit

representation of musculoskeletal geometry, muscle dynamics, joint mechanics, and task cons-

traints. This enables systematic exploration of coordination strategies that would be di�cult,

risky, or impractical to test experimentally (FREGLY, 2021; UHLRICH et al., 2023; KAINZ et

al., 2024). By combining optimal control theory with direct collocation methods, these simula-

tions can estimate muscle forces and activations responsible for complex movements (KELLY,

2017; PARK et al., 2022), and have been successfully implemented in applications such as

walking (WARNER et al., 2025).

In addition, controllers such as the aforementioned FL and PI controllers can still be im-

plemented in a simulation environment, as in Sousa et al. 2016, in which the cadence was

controlled to follow a target reference. However, most existing cycling studies have relied on

experimental kinematic datasets (PARK et al., 2022; CLANCY et al., 2023), and EMG data

from able-bodied subjects to inform their models (PARK et al., 2012; WORSEY et al., 2025;

CROSSLEY et al., 2025), limiting their application to populations with SCI.

In contrast, fewer studies employed fully predictive simulations, which eliminates the need

for prior experimental data, generating physiologically plausible activation patterns based solely

on the model's dynamics and cost function de�nitions (FEBRER-NAFRíA et al., 2022). In

Hakansson et al. 2009, predictive simulations optimized the bang-bang stimulation timings for

muscle activation and deactivation. This simulation study was then validated in Hakansson

et al. 2012 with 11 people with complete SCI, achieving comparable results to established

and commercially-implemented bang-bang signals. A di�erent simulation study by Kim et

al. 2008, despite not having experimental validation, was the �rst study to deviate from the BB

stimulation, proposing a stimulation pattern with four di�erent muscle activation intensities

throughout the cycle, approximating it to a physiological activation curve.
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Despite these advances, most simulation-based FES cycling studies stop short of directly

translating optimized solutions into experimentally validated stimulation protocols for indi-

viduals with complete SCI. Consequently, a gap remains between predictive simulation and

real-world FES cycling implementation.

2.3.5 Synthesis and positioning of the present work

Taken together, the literature on FES cycling parameter optimization reveals a coherent

methodological landscape. Heuristic and empirically tuned strategies established feasibility

and robustness but relied heavily on manual calibration. Kinematics and sEMG-informed ap-

proaches improved temporal alignment with physiological inspiration, yet remained dependent

on able-bodied reference data. Classical control strategies demonstrated the value of feed-

back regulation, but were constrained by coarse actuation and indirect performance measures.

Simulation-based methods expanded the design space, enabling systematic exploration of ti-

ming, coordination, and control strategies, often integrating elements from di�erent paradigms.

However, across these approaches, stimulation remains predominantly bang-bang in struc-

ture, and few studies explicitly address non-physiological recruitment and coordination cons-

traints in a principled optimization framework. In particular, the use of fully predictive, muscle-

driven simulations that generate physiologically plausible stimulation strategies without reli-

ance on experimental reference data, and their direct experimental validation in individuals

with complete SCI, remains unexplored (CO et al., 2025) outside of Peres et al. 2025a and

Peres et al. 2025b.

The present thesis addressed this gap by proposing and validating a simulation-to-stimulation

work�ow in which stimulation strategies are derived from predictive musculoskeletal simulations

that explicitly account for surface stimulation constraints and altered neuromuscular physio-

logy. By directly implementing and experimentally evaluating these strategies, this work builds

upon and uni�es prior heuristic, control-based, and simulation-driven approaches, advancing

the state of the art toward a more systematic, transparent, and reproducible framework for

FES cycling control.



CHAPTER 3

THEORETICAL BACKGROUND - METHODS

3.1 MUSCULOSKELETAL MODELING FRAMEWORK

Musculoskeletal (MSK) modeling provides a computational framework for representing the

human body as a biomechanical system composed of interconnected rigid bodies actuated by

muscles and external forces. By combining multibody dynamics with models of muscle-tendon

units and neural excitation, MSK models enable the estimation of internal variables, such as

muscle forces, joint moments, and joint contact loads, that are di�cult or impossible to measure

directly in vivo (DELP et al., 2007).

Early MSK models were largely planar and task-speci�c, focusing on simpli�ed represen-

tations of human movement. Over time, advances in computational power, anatomical data,

and numerical methods enabled the development of three-dimensional, muscle-driven models

capable of simulating whole-body movements with increasing physiological �delity (FREGLY,

2021).

Within this framework, the human body is typically modeled as a system of rigid seg-

ments connected by joints, subject to kinematic constraints and governed by the equations

of motion derived from Newton-Euler or Lagrangian mechanics. Muscles are represented as

force-generating actuators spanning one or more joints, introducing redundancy, where multi-

ple muscle activation patterns can produce the same net joint motion or force (GROOTE et

al., 2016). This redundancy necessitates the use of optimization or control-based approaches

to resolve muscle coordination strategies.

A control-oriented perspective on musculoskeletal modeling is articulated in Popovi¢ et

al. 2000, which frames human movement as the result of hierarchical control processes acting

on a nonlinear, redundant biomechanical system. In this view, the musculoskeletal system is

described as a controlled multibody plant, where neural commands (excitations) are transfor-
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med into muscle activations and forces through activation and contraction dynamics, ultimately

producing joint torques and movement.

Despite their growing sophistication, translating MSKmodeling into clinical decision-making

requires careful consideration of model validity, personalization, uncertainty, and interpretabi-

lity (FREGLY, 2021). A conceptual blueprint for achieving clinical impact emphasizes the need

for transparent modeling assumptions, robust validation against experimental data, and work-

�ows that align with clinical constraints such as time, data availability, and interpretability of

results. Rather than aiming for maximal model complexity, clinically useful MSK models must

strike a balance between physiological detail and practical applicability, focusing on actionable

insights rather than exhaustive descriptions of the system (FREGLY, 2021).

Recent perspectives highlight that clinical usefulness emerges when MSK models are em-

bedded within well-de�ned work�ows that address speci�c clinical questions, such as predicting

treatment outcomes, identifying primary contributors to pathological movement, or evaluating

assistive and rehabilitative interventions. Achieving this goal requires interdisciplinary collabo-

ration and a clear separation between model predictions, uncertainty, and clinical interpretation,

ensuring that simulation results support clinical reasoning (UHLRICH et al., 2023).

3.1.1 OpenSim

OpenSim is an open-source software platform for modeling, simulating, and analyzing the

neuromusculoskeletal system (DELP et al., 2007). It provides a computational framework that

allows researchers to construct subject-speci�c musculoskeletal models and to perform forward

and inverse dynamic simulations of human and animal movement. OpenSim integrates rigid-

body dynamics, muscle-tendon actuators, and control inputs to estimate internal biomechanical

variables such as muscle forces, joint moments, and metabolic cost that cannot be directly

measured experimentally.

The platform is widely used in biomechanics, rehabilitation engineering, and motor control

research due to its modular architecture, transparency of physical assumptions, and support

for reproducible simulation-based studies.

OpenSim supports multiple types of biomechanical analyses, including inverse kinematics,
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inverse dynamics, static optimization, computed muscle control, and forward dynamic simu-

lations (DELP et al., 2007). These tools enable the study of movement coordination, muscle

redundancy, pathological gait, assistive devices, and neuromuscular interventions such as func-

tional electrical stimulation (FES). Additionally, OpenSim allows the incorporation of external

devices (e.g., orthoses, prostheses, exoskeletons) and custom controllers, making it suitable for

predictive simulations and control-oriented investigations.

3.1.1.1 Bodies

Bodies in OpenSim represent rigid segments of the musculoskeletal system, such as bones or

external mechanical components. Each body is characterized by inertial properties, including

mass, center of mass location, and inertia tensor. Bodies serve as the fundamental elements

upon which forces and moments act, and their motion is governed by Newton-Euler equations

of rigid-body dynamics.

3.1.1.2 Frames

Frames de�ne coordinate systems attached to bodies or existing independently in space.

They are used to specify the location and orientation of joints, muscles, markers, and exter-

nal forces. By explicitly de�ning frames, OpenSim ensures consistent transformations between

local and global reference systems, which is essential for accurate kinematic and dynamic com-

putations.

3.1.1.3 Joints

Joints describe the kinematic relationships between bodies by constraining their relative

motion. In OpenSim, joints are modeled as idealized mechanical connections with prede�ned

degrees of freedom, such as revolute, prismatic, or custom joints. Joint de�nitions determine

how generalized coordinates describe system motion and play a critical role in de�ning the

model's kinematic structure.
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3.1.1.4 Constraints

Constraints impose additional restrictions on system motion beyond those de�ned by joints.

They are commonly used to enforce kinematic relationships such as closed-loop mechanisms,

symmetry conditions, or prescribed motion patterns. Constraints reduce the e�ective degrees

of freedom of the system and are handled internally by OpenSim's constraint stabilization and

solver algorithms.

3.1.1.5 Ideal actuators

Ideal actuators represent abstract force or torque generators that apply generalized forces

directly to coordinates or bodies. Unlike muscles, ideal actuators do not model physiological

properties and can generate forces instantaneously and without fatigue. They are frequently

used to represent motors, assistive devices, or simpli�ed control inputs in simulation studies.

3.1.1.6 Muscles

Muscles in OpenSim are modeled as force-generating actuators that convert neural excita-

tion into mechanical force through a muscle-tendon unit. Most OpenSim muscle models are

based on Hill-type formulations, which represent the interaction between contractile elements,

elastic tendon components, and force-length-velocity relationships (HILL, 1938). Muscle force

production depends on muscle activation, �ber length, contraction velocity, and tendon com-

pliance, allowing physiologically meaningful simulations of movement and load sharing among

muscles.

Muscle excitation represents the neural control signal applied to a muscle, typically nor-

malized between zero and one. Activation is the muscle's internal state that determines its

force-generating capacity. Due to electrochemical and mechanical processes within muscle tis-

sue, activation does not follow excitation instantaneously. Instead, the relationship between

excitation and activation is governed by activation dynamics.

This dynamic behavior introduces a physiologically realistic delay and smoothing e�ect

between control inputs and force generation, which is especially relevant in simulations involving
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rapid changes in stimulation or neural drive, such as in FES.

3.1.1.7 Reserve actuators

Reserve actuators are auxiliary ideal actuators automatically added to joints to assist the

simulation at speci�c instants where muscles alone are insu�cient to reproduce the desired

motion. They provide small corrective torques that help maintain numerical stability and

ensure convergence of optimization-based simulations. While reserve actuators are useful for

identifying model de�ciencies or inconsistencies, their magnitudes are typically monitored and

minimized to preserve the physiological validity of the simulation results.

3.2 OPTIMAL CONTROL PROBLEM

An optimal control problem consists of �nding control inputs and corresponding system

trajectories that minimize, or maximize, a prede�ned objective function while satisfying the

system dynamics and a set of constraints. In biomechanical applications, the system dynamics

are typically governed by multibody equations of motion coupled with muscle activation and

contraction dynamics, while controls represent neural excitations or external actuation signals.

Formally, it seeks optimal time histories of states and controls over a �nite time horizon

such that the governing di�erential equations, path constraints, and boundary conditions are

satis�ed.

Cost function de�nes the performance criterion of the optimization problem and encodes

the assumed objectives of the motor task or control strategy. In musculoskeletal simulations,

cost functions commonly include terms related to e�ort minimization, tracking of kinematic or

kinetic reference trajectories, smoothness of control signals, or metabolic energy expenditure.

Cost functions may be composed of multiple weighted terms, allowing the simultaneous

consideration of competing objectives, such as accurately tracking an experimentally measured

motion while minimizing muscle activations or actuator e�ort.

In this study, optimal control formulations are used as a computational tool to obtain

dynamically consistent muscle excitation patterns that reproduce biomechanical behavior under
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speci�c modeling assumptions. The optimization framework enables the estimation of muscle-

level quantities that are not directly measurable, while enforcing physiological and mechanical

constraints.

Importantly, the objective function used in this work balances trajectory tracking with

e�ort-related penalties, ensuring that the resulting solutions are both mechanically accurate

and physiologically plausible.

It is important to distinguish between solving an optimal control problem o�ine and im-

plementing optimal control as a real-time control strategy. In this work, the musculoskeletal

system is not optimally controlled in real time. Instead, an optimized solution is computed

o�ine by solving a �nite-horizon optimal control problem.

The resulting muscle excitation and state trajectories represent one optimal solution un-

der the chosen model structure, constraints, and cost functions. These trajectories are then

analyzed as outcomes of the optimization process, rather than being used to control the sys-

tem during simulation execution. This distinction ensures that the methodology is interpreted

as trajectory optimization rather than closed-loop optimal control. In this context, the opti-

mization approach adopted in this study produces open-loop control trajectories. Although

the optimized excitations are computed using full knowledge of the system dynamics, they are

applied without feedback.

3.2.1 OpenSim Moco

OpenSim Moco (DEMBIA et al., 2020) is an optimal control toolkit integrated into the

OpenSim platform that enables the formulation and solution of musculoskeletal optimal con-

trol problems. Moco provides a high-level interface for de�ning states, controls, dynamics,

constraints, and cost functions, while internally translating these components into a nonlinear

programming problem.

Moco is designed to support both tracking-based and predictive simulations, allowing rese-

archers to compute dynamically consistent solutions that satisfy musculoskeletal dynamics and

physiological constraints. In Moco, the continuous-time optimal control problem is transcribed

into a �nite-dimensional nonlinear optimization problem. System states and controls are dis-
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cretized over a prede�ned time grid, and the governing di�erential equations are enforced as

algebraic constraints at the discretization points. The resulting problem is then solved using

numerical optimization techniques.

3.2.1.1 How OpenSim Moco solves a problem

Moco provides an interface between the OpenSim musculoskeletal models and the Ca-

sADi (ANDERSSON et al., 2018) framework for symbolic representation and automatic dif-

ferentiation of the system equations, enabling e�cient and accurate computation of gradients

required by the optimizer. CasADi converts the optimal control formulation into a nonlinear

programming problem (NLP).

The resulting NLP is solved using IPOPT (WäCHTER; BIEGLER, 2005), a large-scale

interior-point optimization solver well suited for constrained nonlinear problems. IPOPT is

responsible for iteratively �nding the optimal solution that minimizes a speci�ed cost function.

Moco employs the direct collocation method (PARK et al., 2022) to transcribe the continuous-

time optimal control problem into a �nite-dimensional NLP. In this approach, the time domain

is discretized into a mesh of collocation points, where both the states, e.g., joints positions and

speeds, and control variables, e.g., muscles activations, are de�ned.

The system dynamics are enforced through algebraic constraints that ensure consistency

between consecutive nodes, allowing the optimizer to simultaneously determine the trajectory

and the control signals that best satisfy the problem's objectives and constraints. This trans-

cription greatly improves numerical stability and enables e�cient convergence when solving

complex musculoskeletal simulations. Upon convergence of the iterative process, IPOPT re-

turns the optimized states and controls to Moco, which reconstructs the complete simulated

motion and exports the results for post-processing in Python and OpenSim.

3.2.1.2 Meshes and tolerances

The temporal discretization of the optimal control problem is de�ned by a mesh, which

speci�es the number and distribution of collocation points over the simulation time interval.

Mesh density directly a�ects solution accuracy and computational cost, with �ner meshes pro-
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viding more accurate approximations of the continuous dynamics at the expense of increased

computation time.

Solver tolerances determine the acceptable levels of constraint violation and optimality er-

ror in the numerical solution. Appropriate selection of mesh resolution and solver tolerances is

essential to ensure convergence to physically meaningful solutions while maintaining computa-

tional e�ciency.

3.2.2 EMA setup

The cycling system employed in this work is based on customized and commercial electronic

equipment and a tricycle in a tadpole con�guration (HP3 Trikes, Brazil). It has the same archi-

tecture used since our team´s �rst Cybathlon participation in 2016 with mechanical upgrades

(BO et al., 2017; BAPTISTA et al., 2022).

The experimental setup consisted of the trike adjusted for stationary cycling with a smart

trainer (Wahoo Kickr V6), and dual-sided instrumented pedals (Wahoo Powrlink Zero), as

the standard setup for the Cybathlon 2024 FES Bike Race. A 360-degree optical encoder

(E38S6G5-600B-G24N, SHARVi Electronics) tracked crank angle variations at a sample rate

of 100 Hz. In the Cybathlon 2024 event a custom game software integrated with IndieVelo

was used. The same software was used during data collection in the proof-of-concept study of

this thesis (PERES et al., 2025a) (Chapter 4), but was discontinued afterwards. For the case

study (PERES et al., 2025b), we replaced it with the open-source software GoldenCheetah to

connect the smart trainer and the instrumented pedals to measure cadence, power, and left-

right balance during cycling (Chapter 7). A human-machine interface (with two push-buttons

and a 16x2-character LCD screen display) and batteries complete the system.

3.2.3 Mapping simulated muscle activation to electrical stimulation

In both studies, muscle activation trajectories obtained from optimal control simulations

were used to de�ne the temporal structure of the electrical stimulation applied during cycling.

After post-processing and normalization, the muscle activation signal was treated as a dimensi-
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onless control pro�le, representing the relative activation demand as a function of crank angle,

independent of absolute stimulation intensity. These pro�les were then discretized and ordered

into a look-up table as functions of crank angle using 360 points per cycle, matching the angu-

lar resolution of the crank encoder used in the experimental setup. A higher resolution would

only increase computational load and processing latency without providing additional control

�delity.

The normalized activation pro�le was mapped linearly to a stimulation parameter according

to

I(θ) = anorm(θ) Istd (3.1)

where anorm(θ) ∈ [0,1] is the normalized muscle activation and Istd is the standardized current

amplitude (in mA) set by the experimental protocol. The mapping preserved the temporal

structure of the simulation-derived activation pro�le while allowing the overall stimulation

intensity to be controlled in a standardized manner during data collection.

Two modulation strategies were employed across the studies, both at stimulation frequency

of 50 Hz. In current amplitude modulation, the stimulation pulse width was held constant at

450µs, while the value of Istd was varied according to the data collection protocol, e�ectively

scaling the overall amplitude of the stimulation-current pro�le. In pulse-width modulation, Istd

was held constant at 100mA, such that I(θ) = anorm(θ)·100mA, while the e�ective stimulation

intensity was regulated by varying the stimulation pulse width according to the data collection

protocol. Although both approaches preserve the same activation-derived temporal pro�le,

pulse-width modulation provides �ner control resolution due to the wider available parameter

range.

The activation-to-stimulation mapping was implemented using the Robot Operating System

2 (ROS 2) (MACENSKI et al., 2022) as a modular framework running in a Raspberry Pi 4

with Ubuntu 22.04. In this setup, the crank-angle encoder continuously provided joint angle

measurements to a control node that queried a prede�ned angle-stimulation lookup table. When

the measured angle did not correspond to an explicit entry in the table, linear interpolation

was used to compute the appropriate stimulation value, which was then sent to the stimulation

device (Hasomed RehaStim 4) (Figure 4.1 d)).

In all cases, stimulation parameters were constrained by software-imposed limits to ensure
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safe operation. The pilot interface displayed real-time stimulation metrics, and attempts to

exceed the prede�ned maximum current or pulse width resulted in saturation at the corres-

ponding limit, without further changes to the stimulation output. This design ensured that

the activation-derived stimulation signal remained within safe and reproducible bounds during

experimental trials.



CHAPTER 4

METHODS - PROOF OF CONCEPT STUDY

This study followed a multi-step methodology to develop, implement, and validate predictive

simulation-derived stimulation pro�les for functional electrical stimulation (FES) cycling in a

participant with complete spinal cord injury (SCI). The process involved (1) creating cycling

models in an musculoskeletal (MSK) simulation environment, (2) solving an optimal control

problem to derive stimulation pro�les, (3) extracting and processing the stimulation pro�le,

and (4) implementing and testing these signals in an experimental setup (Figure 4.1).

Figure 4.1. Framework for generating muscle activation from predictive simulations. (a) Model creation:
torque-driven and muscle-driven models were developed using the geometry and pelvis-crank relationship from
the physical setup. (b) Optimal control problem: simulations that minimize movement time and joint and
muscle excitation e�ort using predictive algorithms. (c) Simulation-derived electrical stimulation pro�le: the
necessary steps to obtain the stimulation pro�le from the simulated data. (d) Signal implementation: the
control node receives the stimulation pro�le and data from the encoder, where angle values are processed and
interpolated to generate the stimulation signal, which is then sent to the stimulation topic for delivery via the
electrical stimulator.
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4.1 MUSCULOSKELETAL CYCLING MODEL

The musculoskeletal model used in this study was based on the Gait10dof18musc (DELP et

al., 1990) model available in OpenSim (Section 3.1), which has been widely used for gait and

lower-limb simulations. The original model comprises 10 degrees of freedom and 18 muscle-

tendon units acting on the lower extremities. Although originally developed for walking, this

model provides a suitable starting point for cycling applications (YAMAGUCHI; ZAJAC, 1989;

ANDERSON; PANDY, 1999; ANDERSON; PANDY, 2001).

The cycling model's design was based on previous studies (SOUSA et al., 2021; SOUSA;

FONT-LLAGUNES, 2024). First, the model was constrained to a sagittal-plane motion, res-

tricting the degrees of freedom. This not only reduces the model computational complexity,

but also re�ects the experimental con�guration, in which the participant uses rigid orthopedic

boots that limits out-of-plane motion for stability and safety.

The model was positioned in a cycling posture according to the geometry of the Project EMA

FES trike, including the pelvis-crank relationship and crank axis location (Figure 4.1 a)). The

upper-body, ankle and feet joints were replaced by weld joints, to further reduce computational

cost by eliminating unnecessary degrees of freedom. A resistive crank and pedal mechanism

was added to the model, applying a constant 8 Nm torque opposing crank rotation, in order to

approximate the mechanical resistance imposed by the cycling system during the experiments.

The feet were connected to the pedals through a kinematic constraint that limited the maximum

distance between the calcaneus and the pedals to 1.2 cm. This formulation avoided the creation

of a closed kinematic chain, which is not supported by OpenSim, while still allowing minimal

relative motion between the foot and pedal. The small permitted movement is consistent with

the experimental setup, where a slight relative motion is observed due to compliance in the

orthopedic boots.

Two distinct versions of the model were created for this study: (1) a torque-driven model

and (2) a muscle-driven model. In the torque-driven model, all muscle actuators from the

original OpenSim model were removed. Instead, ideal torque actuators (Section 3.1.1) were

inserted at the hip and knee joints (Figure 4.1 a)). These actuators were capable of generating

joint torques up to 40Nm, consistent with experimental values reported in the literature for
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cycling applications (CLANCY et al., 2023).

In the muscle-driven model, the joint torques were generated by muscles (Section 3.1.1)

rather than ideal actuators. The muscle representation was updated from the Millard imple-

mentation (MILLARD et al., 2013) of the Hill-type model (HILL, 1938), to the De Groote-

Fregly muscle model (GROOTE et al., 2016), which provides improved numerical stability

and smoother activation-contraction dynamics compared to traditional Hill-type formulations.

Despite the model having 18 lower-limb muscles, to replicate a quadriceps-only FES cycling

con�guration, all muscles except the quadriceps group, represented by the rectus femoris and a

simpli�cation of the three vastus named vasti, were e�ectively deactivated. This was achieved

by limiting the maximum isometric force of the non-quadriceps muscles to 0.5N , restricting

active contribution to the motion.

Similar to (CLANCY et al., 2023), the muscle-driven model had its maximum isometric

force doubled and reserve actuators were added at the hip and knee joints of the muscle-driven

model to improve numerical convergence (Section 3.1.1). Their activation occurred primarily

in the so-called dead zones of the crank cycle, such as the horizontal crank positions, where

the con�guration limits e�ective power generation. This approach ensured convergence of the

optimal control problem without arti�cially dominating the muscle-generated motion.

4.2 CYCLING OPTIMAL CONTROL PROBLEM

The problem structure was based on a previous study (SOUSA; FONT-LLAGUNES, 2024),

which explored two optimal control formulations using a torque-driven model: (1) minimization

of e�ort and motion duration, adopted in (PERES et al., 2025a), and (2) minimization of

trajectory error relative to a constant target speed, adopted in (PERES et al., 2025b) and

detailed in Chapter 7. The current cycling problem was based on the �rst approach.

The strategy focused on optimizing the kinematics of four consecutive cycles performed by

the torque-driven model. The model was required to complete the motion within 7 seconds while

minimizing the motion's time and e�ort needed by the ideal actuators. The initial position of the

model is de�ned as 0°, with the left crank at the top dead center (Figure 4.1 a)). Additionally,

the model is allowed to assume initial speeds for the crank, hips, and knee joints, provided
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these speeds remain within the crank speed set range of 0 to 40rpm. This boundary ensured a

moderate and safe FES cycling speed while preventing backwards cycling.

For the torque-driven simulation the �rst goal was to minimize the time to complete the

prescribed motion (tsim), bringing and stabilizing the crank speed closer to the maximum value

of 40 rpm. Additionally, the time minimization ensured a reasonable and predictable time

for the motion, which directly impacts the computational time to complete the simulation

(Figure 4.1 b)).

The second goal of the torque-driven simulation was to minimize the motion's e�ort (Jactu)

(Figure 4.1 b)). Minimizing the e�ort is an important element in a rehabilitation context, since

among all the possible muscle activations that can satisfy the motion's requirements, we wanted

a safe and less demanding solution. The e�ort minimizing cost function is expressed by

Jactu =

∫ tsim

0

∑
i∈actu

|xi(t)|2 dt, (4.1)

where the total e�ort is the sum of the squared e�ort (xi(t)) made by each of the ideal actuators

(i) throughout the prescribed motion. Combining the cost functions for minimizing time and

e�ort, the �nal element to be minimized (Jtotal) is indicated by

Jtotal = wtime tsim + wactu Jactu, (4.2)

in which the weights wtime and wactu had to be balanced due to the con�icting nature of the two

cost functions. The only way to reduce the motion's execution time is by cycling faster, requiring

more intense muscle activation and subsequently increasing the e�ort. The same logic can be

applied to minimizing the e�ort, it results in a longer time to complete the motion. Through

iterative tuning, the �nal values for the weights wtime and wactu were 6 and 2, respectively,

achieving a good balance of execution time and e�ort needed.

Due to boundary e�ects associated with the �nite-horizon formulation of the torque-driven

predictive optimal control problem, the �rst crank revolution did not exhibit steady cyclic

behavior. This initial cycle re�ects the transition to a stable cadence and was therefore excluded

from subsequent analysis. The remaining three revolutions, which showed consistent kinematic

and dynamic patterns, were selected as representative of steady-state motion.

After the torque-driven predictive simulation, the resulting steady-state kinematics were

used as input to a muscle-driven inverse optimal control problem to address the muscle re-
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dundancy problem. This problem arises from the multiple possible muscle excitation patterns

capable of producing the same joint kinematics, given that the musculoskeletal system con-

tains more actuators (muscles) than mechanical degrees of freedom (POPOVIC; SINKJÆR,

2000; GROOTE et al., 2016). This step was implemented using the MocoInverse function in

OpenSim, which prescribes the reference joint kinematics as constraints and computes muscle

excitations that satisfy the system dynamics (DEMBIA et al., 2020).

In this formulation, the kinematic states are enforced exactly and are not in�uenced by

an optimization objective. The inverse problem therefore focuses solely on determining a fe-

asible combination of muscle excitations capable of reproducing the prescribed motion using

the available actuators. Similar to Eq. 4.1, muscle redundancy is resolved through quadratic

regularization of the muscle excitation signals over a speci�ed interval of the prescribed motion:

Jmusc =

∫ tsim

ti

∑
m∈musc

wm xm(t)
2dt, (4.3)

where xm(t) represents the excitation of actuator m, and musc denotes the total number of

muscle actuators in the model, and all actuator weights (wm) were set to 1. The MocoInverse

function was bene�cial not only for identifying the desired sequence of muscle excitation signals

but also for its ease of implementation and computational e�ciency, allowing for quick veri-

�cation of results throughout the development process. The optimal control problem solving

process is described in the theoretical background (Section 3.2).

4.3 DERIVING THE OPTIMAL CONTROL SIGNAL

Following the solution of the muscle-driven inverse optimal control problem, only the three

steady-state crank revolutions selected from the predictive and inverse analyses were considered

in this step. These revolutions exhibited consistent cyclic behavior and served as the basis for

extracting representative muscle activation pro�les.

Although the inverse solution included activation trajectories for both the rectus femoris

(RF) and vasti (VI) muscles, only the RF activation was retained for subsequent signal proces-

sing. The VI activations were consistently of lower magnitude and temporally overlapped with

RF activation. In the context of surface FES, stimulation applied over the RF is expected to

concurrently recruit the VI muscles due to current spread within the quadriceps muscle group.
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Therefore, the RF activation was used as a representative quadriceps control signal. The re-

sulting RF muscle activation trajectories were then processed to generate stimulation signals

suitable for experimental implementation (Figure 4.1 c)).

To reduce inter-cycle variability and emphasize steady-state characteristics, the muscle ac-

tivation signals corresponding to the three revolutions were �rst time-normalized to the crank

cycle and averaged separately for each leg (Figure 4.1 c)). This procedure resulted in one re-

presentative activation pro�le for the RF muscle for the left leg and one for the right leg, each

characterizing steady cycling at the target cadence.

Cycling is a fundamentally bilaterally symmetric task, and promoting symmetric muscle

recruitment is an important aspect of balanced and e�ective rehabilitation. Motivated by this

principle, the leg-speci�c activation pro�les were subsequently averaged across the left and right

limbs, yielding a single symmetric activation pattern for the RF muscle (Figure 4.1 c)). This

step enforced inter-limb symmetry at the signal level and provided a consistent basis for the

experimental FES cycling protocol.

The resulting muscle activation signals were then low-pass �ltered with a 5th order But-

terworth �lter to remove high-frequency numerical artifacts arising from the optimal control

solution and signal interpolation (Figure 4.1 c)). Although the activation dynamics included in

the musculoskeletal model impose temporal smoothing, simulation-derived activations can still

exhibit rapid transitions that are not representative of physiological muscle recruitment, parti-

cularly when compared to muscles activated through surface functional electrical stimulation.

In FES-driven contractions, muscle activation dynamics are in�uenced by factors such as mo-

tor unit recruitment order, stimulation pulse properties, and muscle-electrode coupling, which

collectively result in slower and smoother activation pro�les than those typically observed in

simulation-based activations. Filtering therefore served to produce activation patterns that

were more compatible with physiological behavior and safer for experimental implementation,

while preserving the essential temporal structure of the cycling task.

Finally, the processed muscle activation signals were normalized to the range [0,1] (Fi-

gure 4.1 c)). In the inverse optimal control solution, the raw activation amplitudes typically

ranged between 0 and approximately 0.6, indicating that relatively low RF activation levels

were su�cient to reproduce the prescribed joint kinematics. This behavior was in�uenced by
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the presence of reserve actuators and by modi�cations to the muscle model parameters, in-

cluding increased maximum isometric force, which reduced the activation demand required to

generate joint moments.

Moreover, the musculoskeletal model assumes physiological excitation�activation coupling,

whereas the experimental setup relied on surface functional electrical stimulation, which is

inherently less e�cient in eliciting muscle activation due to factors such as current dispersion,

electrode placement, and selective motor unit recruitment. Normalization therefore served

to decouple the temporal structure of the activation patterns from their absolute magnitude,

enabling consistent mapping to the stimulation amplitude while compensating for di�erences

between simulated muscle activation and experimentally achievable FES-induced activation.

The resulting normalized RF activation pro�les were implemented experimentally using a

current-modulated functional electrical stimulation strategy, as described in Section 3.2.3.

4.3.1 Computational details

All simulations and post-processing steps were performed on a computer equipped with

a Ryzen 9 5950X CPU, with 64 GB of RAM, and Windows 11 operating system. For both

the torque-driven predictive simulation and the muscle-driven inverse problem, the number of

meshes were con�gured to 600, and convergence and constraint tolerances were set to 10−2 and

10−4, respectively (Section 3.2). On the speci�ed hardware, the average convergence time was

approximately 6 minutes for both the torque-driven and the muscle-driven inverse simulations.

The models, codes and data are publicly available 1.

4.4 PARTICIPANT CHARACTERISTICS

The volunteer of this study was a 46-year-old male, 170 cm tall and weighing 78 kg, with

a complete spinal cord injury (SCI) classi�ed as T9 AIS A, indicating no voluntary motor

function below the level of injury, agreed to participate in the study via written consent. The

experiments were performed under the ethics committee from the University of Brasília code

1Currently being developed and maintained at: FES cycling project.

https://simtk.org/projects/fes-cycling
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CAAE: 75441323.4.0000.8093.

4.5 DATA COLLECTION PROTOCOL

Data were collected over three non-consecutive days, allowing adequate recovery between

sessions and minimizing the e�ects of interday muscle fatigue. Each data collection session

followed the same preparation and warm-up procedure to ensure consistent experimental con-

ditions.

Each session began with 20 minutes of supervised stretching, followed by 20 minutes of

electrical stimulation warm-up, during which low-intensity stimulation was applied to prepare

the muscles for cycling. Stimulation electrodes (8 cm Ö 13 cm) were positioned bilaterally

over the quadriceps muscle group under the supervision of a licensed physiotherapist, following

established guidelines for surface electrode placement (SCOTT et al., 2019).

On the �rst day of data collection, an initial proof-of-concept protocol was conducted using

the unnormalized simulation-derived activation pro�le. This preliminary session was intended

solely to verify the feasibility of directly applying the simulation output and was not included

in the comparative analysis presented in this study.

On the second and third data collection days, experimental data were collected using two

stimulation strategies: the simulation-derived control signal (CS) and a bang-bang (BB) base-

line control signal. For each day, four data collection sets were performed, alternating between

CS and BB to reduce ordering e�ects, as indicated in table 4.1. A rest period of 5 minutes was

provided between sets to mitigate muscle fatigue.

For both CS and BB conditions, stimulation was delivered using current amplitude modu-

lation, with the pulse width �xed at 450 µs. Stimulation current was initialized at 30 mA and

increased in increments of 2mA every 10 seconds, following a cautious and progressive protocol.

Once the current reached 100 mA, corresponding to the maximum stimulation level de�ned by

the study protocol, stimulation intensity was held constant and one minute of cycling data was

recorded without external assistance.

During data collection, the cycling environment was simulated using IndieVelo, a virtual

cycling platform con�gured to re�ect the participant's body mass and a �at terrain pro�le
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(Section 3.2.2). This setup provided a consistent and controlled cycling environment and faci-

litated standardized data collection across sessions.

Table 4.1. Summary of data collection protocol, including the type of control signal applied on each day and
the sequence of trials conducted over three non-consecutive days

day 1 1 set of data uCS

day 2 4 sets of data CS1, BB1, CS2, BB2

day 3 4 sets of data BB3, CS3, BB4, CS4

4.5.1 Simulation-derived control signal

The simulation-derived control signal (CS) refers to the optimal stimulation pro�le obtained

from the post-processed muscle activation trajectories derived from the optimal control simu-

lations described in this chapter. This signal de�nes a continuous, crank-angle-dependent sti-

mulation pattern designed to reproduce near-physiological muscle activation timing throughout

the cycling cycle.

4.5.2 Bang-bang control signal

The bang-bang control signal (BB) was used as a baseline stimulation strategy for compa-

rison with the proposed simulation-derived control signal (CS). In this study, BB consisted of

a discrete on-o� stimulation pattern applied bilaterally to the quadriceps muscle group over

prede�ned crank-angle intervals corresponding to the power-producing phase of cycling.

Crank angles were de�ned assuming the left crank at top dead center as the absolute 0°

reference, with angles increasing in the direction of forward pedaling. Using this convention,

stimulation windows were de�ned separately for each leg to account for the 180° phase shift

between left and right cranks. Stimulation was activated for the left leg when the crank angle

entered the interval from 300° to 55°, and for the right leg when the crank angle entered the

interval from 120° to 235° (Figure 5.1). Outside these intervals, stimulation was inactive.

During the active phase, stimulation was delivered at a constant current amplitude corres-

ponding to the stimulation level de�ned by the data collection protocol, while no stimulation

was applied during the remainder of the cycle. This bang-bang strategy represents a conventio-
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nal FES cycling approach based on �xed angular stimulation windows and serves as a reference

for evaluating the bene�ts of the continuous, simulation-derived control signal proposed in this

study.

4.5.3 Cycling metrics collected

For subsequent data analysis, the following cycling metrics were collected: mechanical power

output (P), crank angular velocity (V), and interlimb balance (B), de�ned as the symmetry

percentage between left and right leg contributions during cycling.

In a rehabilitation context, mechanical power output is directly related to the user's strength

and mass-related force generation capacity, making it one of the most commonly used metrics

for evaluating cycling performance and motor recovery when applicable (FRAZãO et al., 2024).

Crank angular velocity re�ects the intensity of cardiovascular exercise and provides insight into

overall work e�ciency during cycling (HUNT et al., 2012). Finally, interlimb balance is an

important indicator of lower-limb symmetry and coordinated muscle recruitment, which are

key goals in rehabilitation following neurological injury (AMBROSINI et al., 2012).

These variables were recorded using instrumented cycling components described in the the-

oretical background chapter (Section 3.2.2).



CHAPTER 5

RESULTS - PROOF OF CONCEPT STUDY

5.1 SIMULATION-DERIVED CONTROL SIGNAL

Figure 5.1 presents the simulation-derived rectus femoris (RF) activation pro�le obtained

from the muscle-driven inverse optimal control problem, alongside the bang-bang (BB) stimu-

lation pattern used for comparison. Activation pro�les are shown over the crank cycle using a

polar representation, with crank angle de�ned such that 0◦ corresponds to the left crank at top

dead center and angles increase in the direction of forward pedaling.

The simulation-derived control signal (CS) exhibits a continuous activation pro�le distri-

buted over a broad angular range, with smooth onset and o�set transitions across the crank

cycle. In contrast, the BB strategy applies stimulation within �xed angular windows, resulting

in abrupt activation transitions and extended periods of zero activation outside the prede�ned

stimulation intervals.

Left and right RF activation pro�les follow complementary angular patterns, re�ecting the

alternating contribution of each limb during the cycling motion. Because bilateral symmetry

was enforced during post-processing, the resulting CS provides a consistent and repeatable

temporal structure for stimulation across crank revolutions.

5.2 CYCLING PERFORMANCE METRICS

Figure 5.2 presents the time evolution of cycling performance metrics during one minute of

steady-state cycling, comparing the simulation-derived control signal (CS) and the bang-bang

control strategy (BB). Metrics shown include power output, crank angular velocity, and left-

right balance, reported as mean trajectories with corresponding standard deviation envelopes

across trials.
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Figure 5.1. Simulation-derived rectus femoris (RF) activation pro�les over the crank cycle for the left and right
legs. Activations are shown using a polar representation, where the angular coordinate corresponds to crank
position and 0◦ denotes the left crank at top dead center, with angles increasing in the direction of forward
pedaling. The solid colored pro�les represent the normalized RF activation obtained from the simulation-
derived control signal (CS), while the shaded regions indicate the bang-bang (BB) stimulation pattern used for
comparison. The radial coordinate represents normalized activation magnitude.

Across all metrics, CS consistently resulted in higher average performance compared to BB.

As summarized in Table 5.1, CS trials exhibited greater mean power output (14.9 ± 1.7 W)

than BB trials (12.8 ± 0.9 W), alongside higher average cadence (44.4 ± 4.4 rpm for CS versus

40.8 ± 2.1 rpm for BB). These di�erences were observed consistently across individual trials

on both days of data collection.

Temporal trends in Figure 5.2 further indicate that cadence variability increased toward the

end of the data collection period in CS trials, as re�ected by the widening standard deviation

envelope in the cadence subplot. This e�ect was less pronounced for BB, which showed compa-

ratively lower variability in cadence over time. Despite this increased variability, CS maintained
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Figure 5.2. Comparison of cycling performance during one minute of unassisted cycling using the simulation-
derived control signal (CS, solid lines) and the bang-bang control strategy (BB, dashed lines). Shown variables
include power output (top), crank angular velocity (middle), and left-right balance (bottom). Curves represent
mean trajectories across all trials, with shaded regions indicating one standard deviation. Quantitative results
are summarized in Table 5.1.

higher average cadence values throughout the collection window.

The most pronounced di�erence between control strategies was observed in the left-right

balance metric. CS trials consistently produced balance values closer to the ideal symmetric

condition of 50%, with a pooled average of 47.9 ± 3.7%, whereas BB trials resulted in lower

balance values of 34.4 ± 4.1%. This separation is evident both in the time-series representation

and in the aggregated statistics, indicating a substantial improvement in inter-limb symmetry

when using the simulation-derived control signal.

Overall, the experimental results demonstrate that CS yields higher power output, higher

cadence, and markedly improved left-right balance compared to BB, with balance showing the



5.2 � Cycling performance metrics 46

Table 5.1. Summary of cycling performance metrics collected during experimental trials. Reported variables
include average power output (W), crank angular velocity (rpm), and left-right balance (%), expressed as: mean
± standard deviation of each trial. Results are organized by trial and day of data collection for the simulation-
derived control signal (CS) and the bang-bang control strategy (BB). The total data summary reports: pooled
mean ± standard deviation across all CS and BB trials, respectively.

Power V elocity Balance

Day 1 of data collection

uCS � � �

Day 2 of data collection

CS1 13.7 ± 1.7 44.1 ± 3.9 44.1 ± 5.0

BB1 12.7 ± 0.6 42.3 ± 1.8 34.6 ± 4.4

CS2 15.2 ± 1.2 49.0 ± 2.4 44.0 ± 3.4

BB2 11.9 ± 0.8 41.3 ± 2.2 27.1 ± 4.2

Day 3 of data collection

BB3 13.2 ± 1.0 39.4 ± 2.8 35.6 ± 4.2

CS3 14.2 ± 2.5 40.9 ± 7.0 54.7 ± 3.2

BB4 13.4 ± 1.2 40.5 ± 1.6 40.1 ± 3.4

CS4 16.3 ± 1.4 43.7 ± 4.2 48.8 ± 3.2

Total data summary

CS 14.9 ± 1.7 44.4 ± 4.4 47.9 ± 3.7

BB 12.8 ± 0.9 40.8 ± 2.1 34.4 ± 4.1

largest relative improvement among the evaluated metrics.



CHAPTER 6

DISCUSSION - PROOF OF CONCEPT STUDY

6.1 MAIN CONTRIBUTIONS AND OUTCOMES

This study demonstrated the successful development, implementation, and experimental

validation of a fully predictive simulation framework for functional electrical stimulation (FES)

cycling as illustrated by the simulation-to-experiment pipeline(Figure 4.1). By integrating mus-

culoskeletal modeling, optimal control theory, and direct collocation methods, it was possible to

predict muscle activation patterns required to generate a stable cycling motion and to translate

these patterns into stimulation signals suitable for experimental application.

A key outcome of this work is the successful implementation of simulation-derived stimu-

lation patterns in an individual with complete spinal cord injury, bridging the gap between

predictive simulation and real-world FES cycling. The proposed framework not only produced

feasible stimulation pro�les but also enabled their direct deployment in an experimental setting,

where they were shown to consistently outperform a simple form of bang-bang control strategy

in terms of power output, cadence, and inter-limb balance.

These results highlight the potential of predictive simulations as a powerful tool for the

design and evaluation of FES cycling strategies. By demonstrating that simulation-derived

control signals can be e�ectively implemented and can lead to improved cycling performance

compared to conventional stimulation approaches, this study establishes a solid foundation for

further developments aimed at enhancing the physiological relevance, e�ciency, and clinical

applicability of FES-based rehabilitation interventions.

To the best of our knowledge, this is the �rst study to validate the use of a fully predictive

musculoskeletal simulation pipeline to derive and implement electrical stimulation patterns for

FES cycling in a human participant. Unlike inverse approaches that rely on experimentally

measured kinematics or prede�ned stimulation timing, the proposed framework predicts both
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the motion and the underlying muscle activation patterns, providing a principled and model-

based basis for stimulation design.

6.2 INTERPRETATION OF SIMULATION-DERIVED STIMULATION PATTERNS

The simulation-derived control signal exhibited smooth activation transitions, overlapping

muscle activation across crank phases, and activation occurring outside the mechanically opti-

mal power-producing regions typically associated with bang-bang stimulation. These charac-

teristics contrast with the discrete, phase-limited activation pattern of the bang-bang strategy

and re�ect fundamental di�erences in how the two approaches de�ne stimulation timing (Fi-

gure 5.1).

It is important to note that neither pre-activation nor co-contraction was explicitly encou-

raged or penalized by the cost functions used in this study. In the torque-driven predictive

simulation, the optimization balanced execution time and mechanical e�ort to determine cy-

cling kinematics (Equations 4.1 and 4.2). Whereas in the muscle-driven inverse simulation,

muscle redundancy was resolved by minimizing muscle excitation for a prescribed, already op-

timized motion (Equation 3.3). As a result, the emergence of overlapping activation patterns

cannot be attributed to a direct optimization objective targeting stability or coordination.

Instead, these activation features are understood as emergent properties arising from the

interaction between imposed task constraints and the musculoskeletal structure of the model.

In particular, the rectus femoris is a bi-articulated muscle, contributing simultaneously to knee

extension and hip �exion, which enables it to in�uence crank motion across a broad range of

joint con�gurations (RYAN; GREGOR, 1992). This dual mechanical role provides a plausible

explanation for activation extending beyond a narrow power-producing phase and for partial

overlap between left and right limb activations across the crank cycle.

Pre-activation, although it may initially appear counterproductive in cyclic propulsion tasks,

is well documented in high-performance cycling and has been associated with reduced force loss

during mechanically less e�cient phases of the crank cycle (HERING et al., 2023). By reducing

e�ective muscle reaction time, pre-activation may contribute to smoother force transitions and

improved inter-limb coordination (KIMURA et al., 2002), which is consistent with the incre-
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ased balance observed during experimental trials using the simulation-derived control signal

(Figure 5.2).

Similarly, co-contraction is a recognized mechanism for movement stabilization and joint

protection under dynamic conditions (SO et al., 2005; BAUTMANS et al., 2011; HUG et

al., 2011; TURPIN; WATIER, 2020). While in a simulation environment, co-contraction can

be a result of excessive passive forces from the hip and knee extensors (LAI et al., 2017).

Within the present framework, overlapping activation may also re�ect the combined e�ects of

quadriceps-only stimulation and the imposed maximum crank speed constraint. In the absence

of antagonist muscle stimulation, activation outside mechanically advantageous regions may

serve to regulate crank velocity and prevent excessive acceleration, rather than exclusively

generate forward propulsion.

Alternative framework choices, such as the inclusion of antagonist muscle groups in the

model or relaxation of hard kinematic constraints in the problem formulation, may lead to

di�erent activation distributions.

6.3 EXPERIMENTAL PERFORMANCE COMPARISON BETWEEN CONTROL STRA-

TEGIES

The experimental results demonstrated consistent performance improvements when using

the simulation-derived control signal (CS) compared to the bang-bang (BB) stimulation strategy

across all evaluated metrics. As summarized in Table 5.1 and illustrated in Figure 5.2, CS trials

generally resulted in higher average power output, higher crank cadence, and improved left-right

balance.

Power output was consistently higher during CS trials, both on individual days and in the

aggregated results. This suggests that the smoother and more continuous stimulation timing

derived from the predictive simulations enabled more e�ective force transmission to the crank.

Importantly, this improvement was achieved without increasing stimulation amplitude beyond

the study limits, indicating that the observed gains were primarily attributable to stimulation

timing rather than intensity.

Cadence values followed a similar trend, with CS trials generally achieving higher average
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crank angular velocity, but with its performance declining faster than BB, indicating a faster

fatigue e�ect. Additionally, greater variability in cadence was observed during some CS trials,

particularly toward the end of the one-minute collection periods. This variability may re�ect

the increased responsiveness of the simulation-derived stimulation pattern to transient changes

in crank dynamics, as well as fatigue-related e�ects during sustained unassisted cycling. While

BB stimulation produced more uniform cadence pro�les, this stability was accompanied by

lower overall cadence values, suggesting a trade-o� between responsiveness and uniformity.

The observed improvements in left-right balance during CS trials should not be interpreted

as evidence of increased strength in one limb relative to the other. Instead, the results suggest

di�erences in activation timing and responsiveness between the two control strategies. Although

stimulation amplitude and protocol were symmetric across limbs, the simulation-derived control

signal incorporated pre-activation phases that reduced the e�ective delay between electrical

excitation and force production. This reduced activation latency likely enabled a more timely

contribution of each leg during its respective power phase, resulting in a more synchronized

bilateral cycling motion. In contrast, the phase-limited nature of bang-bang stimulation may

delay force generation relative to crank position, leading to greater apparent asymmetry despite

symmetric stimulation parameters.

6.4 IMPLICATIONS FOR FES CYCLING REHABILITATION

The results of this study demonstrate that predictive musculoskeletal simulations can gene-

rate stimulation timing strategies that outperform traditional phase-based control approaches

when implemented experimentally. At the same time, the structure of the simulation framework

necessarily imposed several simplifying assumptions that in�uence the resulting activation pat-

terns.

In particular, the present formulation relied on a quadriceps-only muscle set and enforced

symmetry at the signal-processing level to enable controlled experimental validation. While

this approach proved e�ective for demonstrating feasibility and performance improvements,

it also limited the range of coordination strategies that could emerge from the simulations.

The absence of antagonist muscle groups and the reliance on a single representative muscle for
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stimulation timing constrain the physiological richness of the derived control signal.

These observations motivate the exploration of alternative modeling strategies that explici-

tly account for coordinated muscle group activation and interaction under functional electrical

stimulation. Extending the predictive framework to incorporate muscle synergies and more

realistic representations of electrically induced muscle recruitment o�ers a natural pathway to

further re�ne stimulation timing and distribution. Such extensions form the basis for the sub-

sequent study, which builds directly upon the simulation and experimental insights established

here.

6.5 STUDY LIMITATIONS AND SCOPE

While the results of this study are encouraging, its limitations should be acknowledged.

First, the musculoskeletal cycling model was not scaled to the participant's anthropomorphic

dimensions, and the experimental validation was conducted with a single participant, which

limits the generalizability of the �ndings. Individual-speci�c factors such as muscle condition

and prior experience with functional electrical stimulation (FES) cycling may in�uence respon-

siveness to di�erent stimulation strategies. Future studies involving individualized models and

more participants will be necessary to assess inter-subject variability and robustness.

Beyond participant-related constraints, a methodological limitation arises from the use of

a torque-driven formulation to optimize cycling kinematics. While torque-driven models are

computationally e�cient and well suited for feasibility analyses, they do not explicitly represent

muscle activation dynamics or the physiological constraints governing force production. As a

result, the optimized kinematic solutions may include motion patterns that are mechanically

valid at the joint level but not fully reproducible through muscle-driven actuation.

Related to this modeling abstraction, an additional limitation of this proof-of-concept study

concerns the use of static stimulation pro�les that were independent of cycling cadence and

activation delays. Stimulation timing was de�ned solely as a function of crank angle and

applied uniformly across conditions, without accounting for the electromechanical delay between

stimulation onset and force generation. In the context of FES cycling, such delays arise not

only from muscle activation dynamics but also from sensing, signal processing, and stimulation
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delivery. As cycling speed varies, �xed phase-based stimulation pro�les may therefore become

misaligned with the mechanical response of the system, reducing their e�ectiveness and limiting

robustness across operating conditions.

From a neuromuscular perspective, the stimulation strategy was further constrained by the

use of a quadriceps-only musculoskeletal model and experimental con�guration. While this

simpli�cation facilitated both modeling and experimental control, it necessarily restricted the

range of achievable muscle coordination patterns. The absence of antagonist muscle stimula-

tion, combined with the imposition of a hard maximum crank speed, may have in�uenced the

emergence of activation outside mechanically optimal phases, as discussed previously.

More fundamentally, a central limitation of the present study�and a primary motivation

for subsequent work�lies in how muscle activation under functional electrical stimulation is

represented within the simulation framework. The musculoskeletal model assumes physiologi-

cal excitation-activation coupling, whereas electrically induced contractions are characterized

by non-physiological motor unit recruitment order, reduced selectivity, and spatially di�use

activation. Surface FES typically stimulates a broad region of the quadriceps muscle group

simultaneously, rather than selectively activating individual muscles or motor units.

As a consequence, deriving stimulation timing solely from rectus femoris activation may

represent an oversimpli�cation of the true neuromuscular response during FES cycling. It is

plausible that inclusion of the vasti muscles, together with explicit modeling of coordinated

muscle group behavior, would alter the resulting activation pro�les and their interaction with

crank dynamics. Addressing this limitation requires moving beyond single-muscle representa-

tions toward group-based or synergy-based control formulations, which directly informed the

design and objectives of the subsequent study.

Despite these limitations, the study establishes a clear proof of concept for using predictive

musculoskeletal simulations to derive and experimentally validate stimulation strategies for

FES cycling. By demonstrating both feasibility and performance bene�ts, this work provides

a solid foundation for subsequent investigations aimed at re�ning model �delity, expanding

muscle group involvement, and exploring more adaptive and physiologically grounded control

paradigms.



CHAPTER 7

METHODS - CASE STUDY

This chapter presents the methodology adopted in the case study, which builds directly

upon the �ndings and limitations identi�ed in the previous investigation (Chapter 6). While

the �rst study demonstrated the feasibility of deriving functional electrical stimulation (FES)

cycling control signals from fully predictive simulations and validating them experimentally,

methodological and physiological simpli�cations remained. These included the use of a simpli-

�ed musculoskeletal model, with a limited muscle set focused on the quadriceps, and an optimal

control problem with kinematic boundaries and the absence of explicit coordination structures

capable of representing how muscle groups are activated under FES.

The present study was designed to address these limitations by extending the simulation

framework toward greater physiological realism and control structure abstraction. In particular,

this study introduces muscle synergies as a control strategy, incorporates additional muscle

groups, consider participant-speci�c muscle activation limitation, and reformulates the optimal

control problem to explicitly track a target cycling speed while resolving muscle redundancy

through synergy-based excitation patterns. By doing so, this work moves beyond a proof-

of-concept implementation and advances toward stimulation strategies that better re�ect the

constraints and characteristics of FES-driven muscle activation.

Similarly to the previous study, the methods are organized into a simulation phase, data pro-

cessing, and implementation steps for experimental validation (Figure 7.1). While the outcomes

of the two studies are not intended to be directly compared due to di�erences in participant

condition and data acquisition protocol, maintaining a consistent methodological structure al-

lows the studies to be presented as complementary and conceptually aligned investigations.

This parallel organization highlights the evolution of the proposed framework while preserving



7.1 � Musculoskeletal cycling model 54

Figure 7.1. Overview of the simulation-to-stimulation framework used to generate and experimentally imple-
ment a synergy-based FES cycling control signal. (a) Model creation, including modi�cation of muscle actuators,
subject-speci�c activation constraints, and construction of the FES cycling model in OpenSim. (b) Optimal
control formulation in OpenSim Moco, consisting of a speed-tracking simulation followed by a synergy-based op-
timization using non-negative matrix factorization to obtain coordinated muscle excitations. (c) Post-processing
of simulation-derived activations, including bilateral averaging, low-pass �ltering, and normalization to obtain
smooth, bounded stimulation pro�les. (d) Real-time signal implementation using ROS2, where crank angle
measurements are used to index the stimulation lookup table and drive the electrical stimulator during experi-
mental cycling. Pilot and investigator image rights: (ETH Zurich / CYBATHLON / Alessandro Della Bella).

continuity across the thesis.

7.1 MUSCULOSKELETAL CYCLING MODEL

The musculoskeletal model used in this study builds upon the muscle-driven cycling model

described in the �rst investigation (Section 4.1), which was based on the Gait10dof18musc

model implemented in OpenSim. The same fundamental modeling assumptions were retained,

including sagittal-plane motion, locked feet and ankle joints to replicate the use of orthopedic

cycling boots, and the inclusion of a resistive crank-pedal mechanism matching the experimental

cycling setup. These design choices ensure methodological continuity while allowing the present
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study to focus on extending the model toward greater physiological relevance under functional

electrical stimulation (FES).

To better represent a clinically and competitively relevant FES cycling con�guration, the set

of actively contributing muscles was expanded relative to the proof-of-concept study. In addition

to the quadriceps group (rectus femoris and vasti), the hamstrings muscle group (hamstrings

and biceps femoris short head) was included as an active contributor to the cycling motion (Fi-

gure 7.1). This muscle con�guration re�ects a traditional FES cycling strategy and corresponds

to the stimulation setup employed by Project EMA during the most recent Cybathlon 2024

edition. Incorporating both knee extensors and knee �exors allows the simulations to capture

a more realistic distribution of muscular contributions throughout the crank cycle.

All remaining muscles in the model were restricted to a maximum activation of 2%, while

preserving their passive force-length and force-velocity properties. Maintaining this small acti-

vation kept the muscles' contribution negligible and was essential for ensuring numerical con-

vergence of the optimal control problem. This approach di�ers from the strategy adopted in

the �rst study, where muscles were e�ectively deactivated by modifying their force-generating

capacity. Limiting activation instead of force output ensures that non-stimulated muscles pro-

vide negligible active contribution while maintaining their passive mechanical e�ects, which

play an important role in joint stability and overall system dynamics (Section 2.2.3).

In addition to de�ning the active muscle set, subject-speci�c activation constraints were

incorporated to re�ect the participant's physiological response to FES. In particular, the ma-

ximum activation of the hamstring muscles was limited to 20%. This constraint was motivated

by experimental observations in the participant indicating that stimulation intensities above

this level consistently induced involuntary spasms and unpredictable muscle behavior. This

constraint e�ectively embeds experimentally observed neuromuscular limitations into the opti-

mization problem.

Overall, these modeling choices extend the framework introduced in the proof-of-concept

study by enabling a more realistic representation of FES-driven muscle coordination while

preserving numerical robustness. Importantly, they also demonstrate the �exibility of com-

putational approaches to incorporate participant-speci�c constraints, an essential requirement

for translating simulation-derived stimulation strategies into practical and safe experimental
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implementations. The key modeling di�erences can be seen in Table 7.1.

7.2 CYCLING OPTIMAL CONTROL PROBLEM

The formulation of the optimal control problem in this study follows the theoretical fra-

mework proposed by (SOUSA; FONT-LLAGUNES, 2024), which describes two complemen-

tary approaches for deriving stimulation strategies for functional electrical stimulation (FES)

cycling using torque-driven musculoskeletal simulations. The proof-of-concept study expanded

on the �rst of these approaches by employing a fully predictive formulation to generate cycling

kinematics optimized with respect to time and e�ort (Section 4.2). The present work expands

on the second approach.

The optimal control problem was structured as a two-stage optimization process. In the

�rst stage, a speed tracking problem was formulated in which the cycling model completed

one full crank revolution, starting with the left crank at top dead center, with no prede�ned

joint initial speed, tracking a constant target cadence of 40 rpm against a constant resistive

torque of 8 Nm. This simulation optimized the joint kinematics and corresponding muscle

activations required to achieve the desired cycling behavior (Figure 8.1). The implementation

used the MocoStateTrackingGoal function, with a cost term weight ω set to 1, to minimize the

error between the instantaneous crank angular velocity x(t) and the reference velocity xref (t)

throughout the duration of the motion (tf ), according to

J =

∫ tf

t0

∑
w(x(t)− xref (t))

2dt. (7.1)

In the second stage, the resulting muscle activation trajectories and kinematics obtained

from the speed tracking simulation were used as reference inputs to a subsequent optimization.

This second problem focused on resolving muscle coordination by grouping individual muscle

activations into a reduced set of prede�ned muscle synergies while minimizing overall muscle

excitation e�ort.

The number of groups and the assignment of muscles to each group were determined based

on the anatomical layout of the model and the set of muscles that can be synchronously activated

using single electrode stimulation (Fig. 7.2). Within each group, all muscles were constrained
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Figure 7.2. Muscle grouping and electrode placement used for synergy-based FES cycling control. Muscles
in the cycling model are grouped according to anatomical function and surface stimulation feasibility, forming
six muscle groups per leg: iliopsoas, quadriceps, tibialis anterior, gluteus maximus, hamstrings, and triceps
surae. Anterior and posterior views illustrate the muscles included in each group and the corresponding surface
electrode placements for the quadriceps and hamstrings, which were the only groups actively stimulated in this
study. Dashed outlines indicate electrode locations, highlighting the correspondence between simulated muscle
groups and experimentally available stimulation channels.

to share identical synergy weights, re�ecting the inability to independently modulate individual

muscles under surface stimulation. Importantly, only the quadriceps and hamstrings muscle

groups actively contributed to the motion, with the other muscle groups' contributions being

considered negligible.

To better represent the constraints imposed by surface functional electrical stimulation

(FES), a synergy-based OC formulation was implemented. Under surface stimulation, multiple

muscles are activated simultaneously and cannot be controlled independently. Consequently,

muscles were not treated as independent actuators, but instead followed coordinated activation

patterns de�ned by muscle synergies.

Although only two muscle groups were stimulated experimentally, the optimal control pro-

blem initially included additional muscles to allow physiologically consistent force redistribution

during the simulation. The synergy decomposition was therefore used to extract two experi-

mentally implementable control signals from the higher-dimensional excitation space produced

by the optimal control solution.

The primary motivation for using muscle synergies was to ensure that the optimized control
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signals were both physiologically plausible and experimentally implementable. By prescri-

bing synergies aligned with the stimulation capabilities of surface electrodes, the optimization

problem inherently accounted for the synchronous activation of multiple muscles during FES

cycling.

Reference excitation trajectories obtained from the speed-tracking simulation were used to

parameterize the synergy-based controller. For each leg, the simulated excitations were �rst

aggregated according to the prede�ned muscle groups (Fig. 7.2), resulting in Ns group-level

excitation signals. These trajectories were arranged into a data matrix A ∈ RT×Ns , where T

denotes the number of time samples and each column corresponds to one muscle group.

Non-negative matrix factorization (NMF) was then applied to decompose A into the product

A ≈ WH, where W ∈ RT×Ns contains time-varying excitation signals and H ∈ RNs×Ns is a

�xed weighting matrix. The factorization was obtained by minimizing a divergence between

the original matrix A and its reconstruction WH, subject to non-negativity constraints on all

matrices (LEE; SEUNG, 2000; FéVOTTE; IDIER, 2011).

In the synergy-based formulation, the time-varying excitation signals (cs(t)) contained in

W were treated as the control variables optimized by Moco. The excitation applied to each

muscle group was obtained as a linear combination of these signals according to Eq. 7.2:

um(t) =
Ns∑
s=1

wms cs(t), (7.2)

where cs(t) denotes the excitation of the s-th synergy, corresponding to the s-th column of

W , wms are �xed weighting coe�cients from H, and um(t) represents the resulting optimized

excitation applied to muscle group m.

Although NMF is most commonly applied to electromyographic data, it is employed here as a

mathematically convenient and physiologically consistent factorization to parameterize grouped

excitation patterns derived from fully simulated muscle excitations. Ensuring experimental

implementability under surface functional electrical stimulation, the optimized excitations um(t)

were applied uniformly to all muscles belonging to the corresponding muscle group.

Importantly, despite six muscle groups being included in the musculoskeletal model (iliop-

soas, quadriceps, tibialis anterior, gluteus maximus, hamstrings, and triceps surae), only the

quadriceps and hamstrings groups were stimulated in the experimental setup. Consequently,
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the synergy decomposition e�ectively reduced the stimulation space to experimentally imple-

mentable activation pro�les. In practice, this resulted in one synergy corresponding to the

quadriceps muscles (rectus femoris and vasti) and another corresponding to the posterior thigh

muscles (hamstrings and short head of the biceps femoris), consistent with the two available

stimulation channels per leg.

In addition, the synergy-based formulation included a control e�ort term that penalized the

magnitude of the synergy excitation signals. This e�ort term was de�ned in Eq. 7.3:

Jsyn =

∫ tf

t0

Ns∑
s=1

|cs(t)|2 dt, (7.3)

encouraging low-amplitude synergy excitation pro�les. Unlike the speed-tracking simulation,

in which the objective function penalized only kinematic tracking error and did not include

an explicit e�ort term on the controls, the e�ort term in the synergy simulation acted on the

reduced set of synergy excitation controls cs.

Minimizing the synergy control e�ort is particularly relevant in a rehabilitation context, as

multiple synergy excitation pro�les may satisfy the kinematic tracking requirements. Among

these feasible solutions, the proposed formulation favors excitation patterns that are less de-

manding and potentially safer for prolonged applications.

7.3 DERIVING THE OPTIMAL CONTROL SIGNAL

Following the solution of the synergy-based muscle-driven optimal control problem, the re-

sulting muscle synergy activation signals were post-processed to generate stimulation pro�les

suitable for experimental implementation. The post-processing steps adopted in this study fol-

low the same rationale described in the previous study (Section 4.3), with adaptations re�ecting

the structure of the present optimal control formulation.

Because the simulated cycling motion consisted of a single crank revolution, no inter-cycle

averaging was required. To enforce bilateral symmetry of the cycling task, the synergy acti-

vation signals obtained for the left and right legs were averaged, yielding a single symmetric

activation pro�le per synergy.

The resulting signals were then �ltered using a �fth-order Butterworth low-pass �lter with a
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Figure 7.3. Post-processing of the synergy activation signals for the quadriceps and hamstrings muscle groups.
Left-leg (blue) and right-leg (red) activations were �rst averaged to generate a symmetrical quadriceps pattern.
The resulting signal was then �ltered to attenuate abrupt activation transitions and normalized between 0 and
1 to compensate for doubled isometric force in the musculoskeletal model, the use of reserve actuators, and the
reduced e�ciency of surface electrical stimulation. The �nal �ltered and normalized pro�le corresponds to the
quadriceps stimulation command implemented in real time during the experimental trials.

normalized cuto� frequency of 0.6 Hz and a sampling rate of 100 Hz, ensuring smooth temporal

transitions compatible with physiological muscle recruitment and functional electrical stimu-

lation. Finally, the �ltered signals were normalized to the range [0,1] to compensate for the

modeling assumptions adopted in the simulations, including doubled maximum isometric mus-

cle forces, the presence of reserve actuators, and the direct excitation of muscle �bers inherent

to the computational model (Figure 7.3).

The resulting normalized synergy activation pro�les were implemented experimentally using

pulse width modulation FES strategy (Section 3.2.3). The key methodological di�erences

between the proof-of concept study and the case study can be seen in Table 7.1.

7.3.1 Computational details

The speed tracking simulation had 380 meshes, and 10−4 for convergence and constraint

tolerances, converging in just over eight hours. The muscle synergy simulation had 150 meshes,

and 10−1 for convergence and constraint tolerances, being solved in 31 seconds. The simulations

were executed on the same workstation described in the previous study (Section 4.3.1). The
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Table 7.1. Summary of key methodological di�erences between the proof-of-concept study and the case study.

Aspect Proof-of-concept study Case study

Objective Framework feasibility Physiological re�nement

Muscle set Quadriceps only Quadriceps and hamstrings

Muscle deactivation Reduced isometric force Limited muscle activation

Subject-speci�city Not explicitly modeled Hamstrings activation limit

Kinematic constraints Maximum speed limit Constant speed tracking

Kinematics prediction Torque-driven model Muscle-driven model

Muscle control Independent muscles Synergy-based coordination

model, codes and data are publicly available 1.

7.4 PARTICIPANT CHARACTERISTICS

An experienced male participant with a complete spinal cord injury (T9 SCI, ASIA A)

volunteered for this study. The same participant had taken part in the previous investigation

(Section 4.4), allowing continuity across the two experimental protocols. At the time of this

second study, the participant was 47 years old, weighed 65 kg, and measured 1.70 m in height.

Prior to participation, the volunteer provided written informed consent in accordance with

the Declaration of Helsinki. The study protocol was approved by the Universidade de Brasília

Institutional Research Ethics Committee (protocol number: 75441323.4.0000.8093).

7.5 DATA COLLECTION PROTOCOL

Data were collected over four non-consecutive days, following a standardized preparation

and testing sequence designed to ensure participant safety and consistency across sessions. Each

session began with a stretching routine conducted under the supervision of a physiotherapist

while the participant lay on a stretcher. The routine targeted the quadriceps, hamstrings,

gluteals, ankles, and lumbar regions to promote �exibility and reduce spasticity.

1Currently being developed and maintained at: FES cycling project.

https://simtk.org/projects/fes-cycling
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After stretching, a 5-minute passive warm-up phase was performed. During this phase, the

participant was positioned in a standardized manner on the recumbent trike, and an investigator

manually assisted the pedaling motion. Surface electrodes were then placed bilaterally over

the quadriceps and hamstring muscle groups. An active warm-up phase followed, during which

assisted cycling continued while stimulation intensity was gradually increased by the participant

until sustained unassisted pedaling was achieved. This active warm-up lasted 12 minutes, after

which the participant rested for 5 minutes before the start of the experimental trials.

For each data collection day, the simulation-derived Control Signal (CS) and the bang-bang

(BB) stimulation protocols were tested in alternating order to minimize systematic bias. The

order of the protocols was counterbalanced across days such that each protocol was tested �rst

and second an equal number of times: (day 1) BB followed by CS, (day 2) CS followed by

BB, (day 3) BB followed by CS, and (day 4) CS followed by BB. During each session, two

experimental trials were performed, one for each protocol (Table 8.1).

Each trial lasted 2 minutes. The �rst 30 seconds, consistent with the Cybathlon 2024 race

start protocol, were assisted by an investigator and maintained between 55 and 60 rpm to

facilitate the transition to unassisted cycling and to standardize initial conditions for subse-

quent data analysis. Stimulation parameters were standardized across trials, with pulse width

starting at 225 µs and increasing by 25 µs every 10 seconds, while the current amplitude va-

ried according to the active stimulation protocol. All trials were performed under constant

mechanical resistance on the cycling system to match the simulated conditions. Power out-

put, crank cadence, and inter-limb balance were recorded continuously for subsequent analysis

(Section 3.2.2).

7.5.1 Simulation-derived control signal

For the simulation-derived Control Signal (CS), stimulation followed the normalized synergy

activation pro�les obtained from the optimal control simulations. The stimulation current

varied smoothly as a function of crank angle, ranging from 0 to 100 mA for the quadriceps

muscle group and from 0 to 20 mA for the hamstrings muscle group, corresponding to the

minimum and maximum values of the activation pro�les (Figure 8.3). Meanwhile, the pulse
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width increased according to the data collection protocol. These limits were selected to respect

participant-speci�c tolerance thresholds while preserving the relative temporal structure of the

simulation-derived activation patterns.

7.5.2 Bang-bang control signal

In the bang-bang (BB) protocol, stimulation was applied within �xed crank-angle activation

windows for the quadriceps and hamstrings, including linear ramp-up and ramp-down transi-

tions at the onset and o�set of each window. In addition, BB stimulation was intentionally

asymmetric to compensate for previously observed left-right imbalance (Figure 5.2). The left leg

received a 30% higher stimulation command than the right leg. This increase was implemented

by scaling the commanded pulse width by a factor of 1.3, with an upper limit of 480 µs for both

muscle groups. Thus, for quadriceps and hamstrings alike, the left leg pulse width stimulation

followed the same phase-based BB windows but with a 30% higher command until reaching the

480 µs limit. When the right leg reaches the limit of 450 µs, the stimulation intensity di�erence

becomes constant at 6.7% (Figure 8.3). This asymmetry was applied consistently throughout

BB trials and should be considered when interpreting BB balance outcomes in this study.

Quadriceps stimulation was applied over a broad power-producing region of the crank cycle.

For the left leg, stimulation onset occurred at 300°, preceding top dead center, and was main-

tained through the downstroke until 55°. Hamstring stimulation was applied over a shorter

angular window associated with knee �exion, beginning 100° and ending at 160°. The corres-

ponding stimulation windows for the right leg were de�ned symmetrically by a 180° phase shift

relative to the left leg, ensuring bilateral temporal symmetry across the crank cycle.

To improve comfort and reduce abrupt changes in stimulation intensity, activation and

deactivation were not applied instantaneously. Instead, linear ramps were incorporated at both

the onset and o�set of stimulation, spanning 20° of crank rotation. Within these ramp regions,

stimulation current increased or decreased linearly between zero and the prescribed maximum

value. Outside the de�ned activation windows, stimulation was set to zero. The resulting

bang-bang stimulation pattern, including activation windows and ramp regions, is illustrated

in the polar representation shown in Figure 8.3.
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7.5.3 Crank-speed-dependent phase shifting

To account for variations in crank cadence during experimental cycling, both the simulation-

derived Control Signal (CS) and the bang-bang (BB) stimulation pro�les were subjected to a

crank-speed-dependent phase adjustment. This phase-shifting strategy ensured that the timing

of stimulation relative to crank position remained consistent despite variations of cycling speed.

Speci�cally, stimulation onset and o�set angles were adjusted dynamically as a function of

the instantaneous crank angular velocity, introducing a phase advance at higher cadences to

compensate for neuromuscular activation delays. This adjustment was applied uniformly across

both stimulation strategies to ensure a fair comparison between CS and BB. The phase-shifting

relationship was implemented according to the equation described in (de Sousa et al., 2016)

θshift =
K

ωmax

ω, (7.4)

where θshift represents the phase adjustment applied to the stimulation pro�le, K is an em-

pirically de�ned correction factor equals to 30°, ωmax is a maximum speed of 300° per second

(60 rpm), and ω denotes the instant crank angular velocity. The stimulation pro�les depicted

in Figure 8.3 correspond to the maximum stimulation at a 40 rpm crank angular velocity.



CHAPTER 8

RESULTS - CASE STUDY

The computational framework was composed of two consecutive optimal control problems: a

speed-tracking simulation followed by a muscle synergy-based simulation. The objective of the

speed-tracking problem was to minimize the error between the instantaneous crank cadence and

a constant target cadence of 40 rpm. The optimized solution successfully tracked the reference

cadence throughout the simulated cycle, resulting in stable and periodic kinematics.

8.1 SIMULATION RESULTS

Muscle activation patterns obtained from the speed-tracking simulation are shown in Fi-

gure 8.1. The rectus femoris and vasti muscles exhibited the expected oscillatory activation

patterns associated with cyclic knee extension during pedaling. In contrast, the hamstrings

and biceps femoris short head showed comparatively lower and nearly constant activation le-

vels, re�ecting the imposed activation constraints of the musculoskeletal model. These results

con�rm that the speed-tracking simulation produced physiologically plausible muscle dynamics

while achieving the desired crank cadence.

The optimized kinematics and muscle dynamics from the speed-tracking problem were sub-

sequently used as reference inputs for the muscle synergy-based optimal control problem. In

this second simulation, muscle controllers were grouped into prede�ned synergies, resulting

in one synergy for the quadriceps muscle group and one synergy for the hamstrings muscle

group in each leg. Muscles not included in these synergies were allowed to remain independent,

although their contribution to the solution was negligible due to minimal activation levels. The

synergy-based simulation preserved the crank cadence trajectory obtained in the speed-tracking

problem, indicating that the introduction of synergies did not compromise the optimized ki-

nematics. At the same time, muscle activations were reorganized according to the imposed

synergy structure, yielding a single activation pattern per muscle group and leg (Figure 8.2).
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Figure 8.1. Muscle activations obtained from the speed-tracking simulation for rectus femoris, vasti, hams-
trings, and biceps femoris short head over a full 360° crank cycle. Crank angle is de�ned starting at the left
crank top dead center (0°). Blue lines represent the left leg and red lines the right leg. Quadriceps muscles
(rectus femoris and vasti) exhibit the expected cyclic activation patterns associated with knee extension phases,
whereas the hamstrings operate close to their imposed 20% activation limit throughout the cycle. The right-
most panel shows the instantaneous crank speed (solid yellow line), which closely tracks the constant reference
cadence of 40 rpm (dashed line). Although the speed-tracking simulation was computed over 0-450°, only the
steady-state interval from 90-450° is shown and re-indexed to 0-360° for clarity and consistency with subsequent
�gures and analyses. These muscle activation pro�les and kinematics served as the input for the subsequent
synergy-based optimal control problem.

Following the synergy-based simulation, the resulting activation signals were post-processed

to derive stimulation pro�les suitable for experimental implementation (Figure 7.3). The �nal

simulation-derived control signal (CS), together with the empirically tuned bang-bang (BB)

stimulation protocol used during the experiments, is presented in polar form in Figure 8.3.

This representation facilitates direct comparison of the temporal structure, smoothness, and

inter-limb symmetry of the two stimulation strategies across a full 360° crank cycle. Together,

these simulation results establish the basis for the experimental comparison of CS and BB

stimulation presented in the following section.

8.2 EXPERIMENTAL RESULTS (JNER)

The experimental phase compared the simulation-derived Control Signal (CS) with the

empirically tuned bang-bang (BB) stimulation protocol previously used during the Cybathlon

2024 competition. Four experimental sessions were conducted on non-consecutive days, each

consisting of two trials, one per stimulation protocol, with the order of protocol execution

alternated across days. Cycling performance over the 120-s trials is shown in Figure 8.4, and

quantitative summaries are reported in Table 8.1.
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Figure 8.2. Muscle activations obtained after solving the synergy-based optimal control problem, following
the reference kinematics from the speed-tracking simulation. Blue and red curves represent left and right leg
activations, respectively. Six muscle synergies per leg were prescribed, but only two with active contribution: a
quadriceps synergy grouping rectus femoris and vasti, and a hamstrings synergy grouping hamstrings and biceps
femoris short head, with the last synergy being subject to a 20% activation limit as per modeling speci�cation.
As a result, rectus femoris and vasti exhibit identical activation pro�les, as do the hamstrings and biceps femoris
short head. Compared to the speed-tracking solution, activation patterns are substantially lower due to the
additional objective of minimizing muscle excitation. The rightmost panel shows the crank cadence (solid yellow
line), which closely matches the reference speed of 40 rpm (dashed line), indicating that the prescribed synergy
structure preserved the optimized kinematics within solver tolerances.

Both control strategies enabled functional electrical stimulation (FES) cycling across all

sessions, producing consistent power output and crank cadence pro�les over multiple days. No

systematic degradation in performance was observed across sessions, suggesting minimal inter-

day fatigue and indicating reliable experimental conditions and data acquisition (Figure 8.4).

Distinct performance di�erences were observed between the two stimulation strategies du-

ring the unassisted cycling phase. The BB protocol maintained higher and more stable power

output and cadence throughout the unassisted period. In contrast, the CS condition exhibi-

ted a noticeable reduction in both power and cadence immediately following the initial 30-s

assisted phase, followed by a gradual recovery as pulse width increased during the trial. Des-

pite these di�erences in performance magnitude, left-right balance remained close to 50% for

both protocols, indicating relatively symmetrical contributions from both legs across conditions

(Figure 8.4).

Across all sessions, the BB protocol resulted in higher mean power output and cadence

with lower inter-session variability. Conversely, the CS condition demonstrated a consistently

improved left-right balance, with the exception of the �rst day of data collection.
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Figure 8.3. Polar representations of the two stimulation pro�les used in the experimental protocol at maximum
activation and 40 rpm. The simulation-derived control signal (CS) is shown as dark colored curves (blue for
the left leg and red for the right leg), while the empirically tuned bang-bang (BB) protocol is shown as shaded
regions. The plots span a full 360° crank cycle, with 0° corresponding to the left crank at top dead center. CS
exhibits phases of pre-activation outside the mechanically advantageous regions (dotted segments) and intervals
of simultaneous co-contraction between the muscle groups (purple shading). BB displays discrete activation
windows, combined with linear 20° ramp-up and ramp-down transitions at the onset and o�set of each window.
The BB stimulation was intentionally asymmetric to compensate for unbalanced cycling, indicated by the larger
radial extent of the shaded regions for the left leg. The left panel shows the quadriceps stimulation pro�les,
while the panel to the right shows the hamstrings pro�les. Together, these plots highlight the fundamental
di�erences in temporal structure, smoothness, and inter-limb symmetry between the CS and the empirically
tuned BB pro�les.
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Figure 8.4. Experimental comparison of cycling performance using the simulation-derived control signal
(CS, solid lines) and the empirically tuned bang-bang protocol (BB, dashed lines) averaged across four non-
consecutive days of data collection sessions. From top to bottom, the panels show power output (W), crank
cadence (rpm), left-right balance (%), and pulse width (µs) over 120-s trials. Shaded regions indicate one
standard deviation across sessions. The vertical dotted line at 30 s marks the transition from assisted to
unassisted FES cycling. Pulse width was increased automatically during each trial. The black line represents
the pulse width used in CS and the right leg for BB, while the gray line indicates the left-leg pulse width used
in the BB protocol. Quantitative data for the sessions and summaries for assisted and unassisted phases are
reported in Table 8.1.
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Table 8.1. Summary of cycling performance metrics collected during experimental trials across four non-
consecutive days of data collection. Reported variables include average power output (W), crank cadence (rpm),
and left-right balance (%), expressed as mean ± standard deviation for each trial. Results are organized by
day and stimulation protocol, comparing the simulation-derived control signal (CS) and the bang-bang protocol
(BB), with alternating protocol order across sessions. The data summary reports pooled mean ± standard
deviation for assisted and unassisted cycling phases separately, for both CS and BB conditions.

Power (W ) Cadence (rpm) Balance (%)

Day 1 of data collection

BB 29.58 ± 4.06 52.92 ± 7.30 47.96 ± 4.93

CS 22.55 ± 7.80 43.42 ± 14.15 57.02 ± 2.93

Day 2 of data collection

CS 29.15 ± 6.77 53.08 ± 11.09 49.58 ± 4.66

BB 29.00 ± 4.34 51.49 ± 8.40 42.75 ± 2.24

Day 3 of data collection

BB 30.94 ± 5.02 50.11 ± 7.74 42.27 ± 3.91

CS 22.93 ± 6.79 40.37 ± 11.33 50.78 ± 2.24

Day 4 of data collection

CS 25.65 ± 4.47 48.55 ± 8.52 49.76 ± 3.39

BB 31.69 ± 2.76 55.58 ± 4.98 43.34 ± 3.18

Data summary

CS assisted 33.41 ± 3.19 60.73 ± 3.80 52.90 ± 4.15

BB assisted 34.89 ± 1.52 59.52 ± 2.29 48.56 ± 3.65

CS unassisted 21.02 ± 3.55 38.96 ± 5.74 50.89 ± 4.35

BB unassisted 28.69 ± 1.96 50.03 ± 2.93 42.53 ± 2.45



CHAPTER 9

DISCUSSION - CASE STUDY

This study builds directly upon the predictive simulation framework introduced in the �rst

investigation of this thesis (Chapter 4). While that initial proof-of-concept study demons-

trated the feasibility of deriving functional electrical stimulation (FES) cycling control signals

from simulations and validating them experimentally, several biomechanical and neuromuscular

simpli�cations limited its physiological scope and translational robustness.

The present case study was therefore designed to systematically address these limitations

by extending both the simulation framework and the experimental protocol toward greater

realism and clinical relevance. Speci�cally, six interrelated limitations identi�ed in the �rst

study motivated the methodological advances presented here: (1) the use of a torque-driven

formulation to optimize cycling kinematics, which may yield motion patterns not reproducible

through muscle-driven actuation; (2) the use of static, cadence-independent stimulation pro-

�les that do not account for activation delays or changes in cycling speed; (3) the exclusive

use of the quadriceps muscle group in both simulations and experiments; (4) the absence of

participant-speci�c neuromuscular constraints in the musculoskeletal model; (5) the simpli�ed

representation of non-physiological FES activation patterns; and (6) the lack of explicit mode-

ling of coordinated muscle activation structures, such as synergies, that characterize FES-driven

movement. Together, these limitations de�ned the scope and objectives of the present study.

9.1 EVOLUTION OF THE MODELING AND CONTROL FRAMEWORK

In the �rst study, cycling kinematics were optimized using a torque-driven formulation and

subsequently prescribed to a muscle-driven model for activation optimization. While this ap-

proach was computationally e�cient and su�cient for an initial feasibility analysis, it does not

explicitly account for muscle activation dynamics or the physiological constraints governing

force production. In the context of FES cycling, where excitation timing, muscle force-length-
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velocity relationships, and stimulation-induced dynamics play a central role, this abstraction

may lead to kinematic solutions that are not fully reproducible by electrically stimulated mus-

cles. This limitation directly motivated the transition to a fully muscle-driven formulation in

the present study, allowing kinematics, muscle activation dynamics, and subject-speci�c stimu-

lation constraints to be optimized within a uni�ed muscle-driven framework.

Beyond the formulation used to generate kinematics, the �rst study also simpli�ed how sti-

mulation timing was represented. Both the simulation-derived control signal and the bang-bang

strategy employed static stimulation pro�les that did not adapt to variations in cycling speed.

The simulations assumed direct muscle excitation and physiological activation dynamics, whe-

reas FES cycling introduces additional electromechanical delays associated with sensing crank

position, signal processing, stimulation delivery, and surface-induced muscle activation. As a

result, stimulation timing that is optimal at one cadence may become suboptimal as cycling

speed changes. To address this limitation, the present study incorporated speed-dependent

phase shifts that anticipate stimulation onset at higher cadences, compensating for these de-

lays and improving temporal alignment between stimulation and mechanical output, following

approaches previously explored in the literature (de Sousa et al., 2016; FONSECA et al., 2017).

For the �rst study, only the quadriceps muscle group was included in both the simulation

framework and the experimental implementation, re�ecting the most basic con�guration of

FES cycling. While this simpli�cation facilitated modeling and experimental control, it no

longer re�ects current rehabilitation practices or competitive FES cycling con�gurations, such

as those adopted in the Cybathlon (BO et al., 2017; LAUBACHER et al., 2017; METANI et al.,

2017). Contemporary approaches commonly incorporate both knee extensors and knee �exors,

enabling more continuous power production, reduced periods of passive crank motion, and

smoother cycling dynamics. From a rehabilitation perspective, activating additional muscle

groups may also promote more balanced muscular engagement and reduce localized fatigue.

In the present study, the inclusion of the hamstrings muscle group was therefore a deliberate

extension of the framework, allowing the simulation and experimental protocols to more closely

replicate realistic FES cycling con�gurations and enabling direct comparison with a bang-bang

stimulation strategy using the same muscle set.

Expanding the stimulation framework beyond the quadriceps also exposed another impor-
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tant limitation of the �rst study: the absence of participant-speci�c neuromuscular constraints

within the musculoskeletal model. This was acceptable in the initial investigation, as stimu-

lation of the quadriceps muscle group exhibited predictable and robust behavior under the

activation limits used experimentally. However, with the inclusion of the hamstrings muscle

group in the present study, this assumption no longer held. Experimentally, the participant

exhibited a substantially lower tolerance to hamstring stimulation, with activation levels above

20% consistently inducing involuntary spasms and unpredictable behavior (BO et al., 2017;

METANI et al., 2017). To ensure consistency between simulation outcomes and experimental

implementation, this activation limitation was explicitly incorporated into the musculoskeletal

model. Had this constraint been imposed only during experimental execution, the optimization

process would likely have relied on hamstring activation strategies that could not be safely or

reliably realized in practice. By embedding participant-speci�c activation limits directly into

the simulation framework, the resulting control strategies remained physiologically feasible and

directly translatable. This modi�cation ensured that optimized activation strategies remained

feasible under the participant's neuromuscular constraints.

Beyond muscle selection and activation limits, the �rst study also simpli�ed how muscle

activation under surface functional electrical stimulation was represented in the simulation

framework. In that study, individual muscles within the quadriceps group were treated as

independently actuated, even though experimental stimulation activates these muscles synch-

ronously due to electrode size and placement (HUG et al., 2011). This abstraction allowed the

optimizer to selectively overload speci�c muscles, most notably the rectus femoris, while unde-

rutilizing others, as a means of minimizing e�ort. While mathematically valid, such solutions

do not re�ect the experimentally imposed synchronization of muscle activation in FES cycling.

In practice, rectus femoris and vasti muscles are activated together and cannot be selectively

recruited, meaning that force production is necessarily distributed across the muscle group. By

not encoding this constraint, the �rst study's model could generate activation patterns that

were optimal for the simulated system but suboptimal or unrealistic for translation to expe-

rimental stimulation, both in terms of timing and muscle loading. This limitation motivated

the need for a control abstraction that explicitly re�ects synchronized muscle activation under

FES.
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These actuation constraints directly motivated the introduction of an explicit control abs-

traction capable of representing coordinated muscle activation under surface FES. In such

applications, control is fundamentally constrained by the stimulation hardware: each stimula-

tion channel typically activates multiple muscles simultaneously, and selective recruitment of

individual muscles is rarely feasible (KIM et al., 2008; COUSIN et al., 2021). To re�ect this

reality, the present study introduced muscle synergies as a control abstraction, not as emergent

physiological entities, but as prescribed groupings that mirror the experimentally imposed actu-

ation constraints. Muscle groupings were de�ned based on cycling literature (HUG et al., 2011;

CHEUNG et al., 2020; WANG et al., 2024) and practical considerations related to electrode

size and placement, while the temporal behavior of each synergy was determined entirely by

the optimizer. Six synergies per leg were prescribed to provide su�cient �exibility, although

only the quadriceps and hamstrings synergies actively contributed to cycling. By enforcing

synchronized activation within these muscle groups, the model was constrained to generate

solutions that inherently account for shared activation and load distribution, preventing the

optimizer from exploiting non-implementable muscle-speci�c strategies. This approach reduces

control dimensionality, improves numerical robustness, and, most importantly, ensures that the

resulting activation patterns are directly translatable to real-time FES implementation. Within

this context, prescribing synergy structure represents a deliberate and necessary design choice

aligned with the physical realities of surface stimulation.

9.2 SIMULATION RESULTS: INTERPRETATION & MECHANISMS

The simulation results of the present study are structured around a two-stage, fully muscle-

driven optimal control framework designed to address the limitations identi�ed in the �rst

investigation. In the �rst stage, a speed-tracking optimal control problem was solved using

a muscle-driven formulation, in which muscle activations and joint kinematics were optimi-

zed simultaneously to track a constant crank cadence of 40 rpm. This formulation ensured

that the resulting kinematics were directly achievable through muscle actuation, in contrast to

the torque-driven approach used previously. The optimized kinematics and muscle dynamics

obtained from this simulation are illustrated in Figure 8.1.

In the second stage, these optimized kinematics were prescribed as reference inputs to a
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synergy-based optimal control problem, in which muscles were grouped into prede�ned synergies

and the temporal activation of each synergy was optimized to reproduce the movement while

minimizing overall muscle e�ort. Despite this additional control abstraction, the synergy-

based simulation preserved the crank cadence and kinematic trajectories obtained in the speed-

tracking problem within the speci�ed tolerances, as shown in Figure 8.2. Finally, the resulting

simulation-derived control signal (CS) is presented in polar form in Figure 8.3, enabling a

compact visualization of its temporal structure across the crank cycle.

9.2.1 Speed-Tracking Simulation

The speed-tracking simulation successfully achieved the target crank cadence of 40 rpm, as

shown by the crank speed trajectory in Figure 8.1. While the average cadence closely follows

the reference value, small oscillations are observed throughout the crank cycle. Notably, the

largest deviations occur near 0°/360° and 180°, coinciding with crank positions where quadriceps

activation reaches its peak. In contrast, cadence �uctuations are reduced near 90° and 270°,

corresponding to mechanically disadvantageous crank positions, often referred to as dead zones,

where muscle-generated forces contribute minimally to crank rotation. This behavior mirrors

observations in able-bodied cycling (HUG et al., 2011), where power production is concentrated

during distinct pushing and pulling phases rather than being uniformly distributed across the

cycle. The presence of cadence oscillations near peak force transmission suggests that the

optimizer compensates for reduced mechanical e�ectiveness in the dead zones by increasing

force production in the mechanically favorable regions. It can be hypothesized that greater

engagement of knee �exor muscles could reduce this compensation, potentially smoothing crank

speed by contributing torque during phases where quadriceps e�ectiveness is diminished.

The resulting muscle activation patterns from the speed-tracking simulation further support

the physiological plausibility of the optimized solution. The rectus femoris and vasti muscles

exhibit clear oscillatory activation pro�les aligned with the cyclic demands of knee extension

during pedaling. In contrast, activation of the hamstrings and biceps femoris short head re-

mains comparatively low and exhibits limited modulation across the crank cycle. This behavior

is primarily explained by the imposed activation constraints on these muscles, which restrict

their maximum contribution and prevent the emergence of unconstrained physiological acti-
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vation patterns. Under these limitations, the optimizer adopts a strategy in which hamstring

muscles remain near their allowable activation ceiling, representing the most e�ective means

of contributing torque within the imposed bounds. Despite these constraints, the resulting

activation pro�les remain feasible for experimental implementation and are consistent with

those used in the �rst study. However, it is important to note that these activation patterns

represent only one of many possible solutions capable of achieving the desired kinematics. Mo-

reover, implementing these muscle-speci�c activations directly would neither minimize muscle

e�ort nor re�ect the synchronous activation imposed by surface FES, underscoring the need for

subsequent signal processing and control abstraction

From a computational perspective, the speed-tracking simulation re�ects a deliberate trade-

o� between physiological realism and numerical complexity. In the present study, the simulation

was performed over 450° of crank rotation, with the �rst 90° discarded to ensure steady-state

behavior for subsequent analyses. This simulation required approximately eight hours to con-

verge. In contrast, the �rst study simulated four full crank cycles and discarded the initial cycle,

achieving convergence within approximately 30 minutes. The increased computational cost in

the present framework arises primarily from the transition to a fully muscle-driven formulation

and the preservation of passive muscle properties. In the �rst study, non-stimulated muscles

were e�ectively deactivated by reducing their maximum isometric force, which simultaneously

limited both active and passive force contributions. In the present study, muscle deactivation

was achieved by constraining activation levels to 2%, suppressing active force generation while

fully preserving passive muscle dynamics. This choice more accurately re�ects FES cycling

in individuals with complete spinal cord injury, where non-stimulated muscles retain passive

mechanical properties despite lacking voluntary activation. However, this imbalance between

active and passive force contributions introduces additional numerical sti�ness and signi�cantly

increases computational demands. Despite this cost, the approach was necessary to ensure that

the simulated dynamics remained representative of the experimental conditions targeted in this

study.
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9.2.2 Synergy Simulation

The muscle synergy simulation was formulated by prescribing the kinematics obtained from

the muscle-driven speed-tracking problem and optimizing muscle activation patterns to repro-

duce this motion under a reduced control dimensionality. Because the reference kinematics

originated from a muscle-driven formulation, they inherently respected muscle activation dy-

namics and force-length-velocity constraints, ensuring physiological feasibility. As shown in

Figure 8.2, the crank cadence closely followed the prescribed trajectory, with the characte-

ristic oscillations around 40 rpm preserved across the cycle. Given the near-closed kinematic

structure of the model, this implies that the remaining joint trajectories also followed the opti-

mized motion. Minor deviations in crank speed re�ect the higher numerical tolerances adopted

in this second optimization stage, which were intentionally relaxed to improve computational

tractability without altering the qualitative behavior of the solution.

The most substantial changes introduced by the synergy-based optimization are seen in the

muscle activation patterns. Compared to the speed-tracking solution, activations no longer

exhibited smooth oscillations around intermediate activation levels. Instead, both quadriceps

and hamstrings activations converged toward sparse, low-amplitude pro�les centered near zero,

punctuated by brief activation bursts su�cient to satisfy the prescribed kinematics (Figure 8.2).

This behavior is a direct consequence of the muscle e�ort minimization objective, which favors

temporally compact activation strategies that reduce overall stimulation demand while pre-

serving motion. Importantly, the imposed synergy structure enforced synchronized activation

within muscle groups: rectus femoris and vasti followed an identical activation pro�le, as did the

hamstrings and biceps femoris short head. This grouping prevented the optimizer from overlo-

ading a single muscle to minimize cost, promoting distributed force production consistent with

experimentally realizable surface FES stimulation.

The imposed muscle groupings play a critical role in shaping these outcomes. In surface

FES, selective recruitment of individual muscles is fundamentally limited by electrode size and

placement, resulting in the simultaneous activation of multiple muscles per stimulation channel.

Prescribing synergy structure therefore re�ects the true actuation constraints of the system,

rather than imposing an arti�cial coordination pattern. In this context, synergies are not in-

tended to uncover underlying neural organization, but instead serve as a control abstraction
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that reduces dimensionality while preserving functional �exibility. Non-negative matrix factori-

zation (NMF) provides a convenient and principled mathematical framework for this purpose,

enforcing non-negativity and coordinated activation while separating �xed muscle groupings

from optimizable temporal coe�cients. By constraining the optimizer to operate within ex-

perimentally meaningful groupings, this formulation restricts the solution space to activation

strategies that are numerically robust, physiologically feasible, and directly translatable to real-

time stimulation, while still allowing the emergence of timing features such as pre-activation

and controlled co-contraction without manual tuning. Importantly, while the synergy struc-

ture was prescribed, the resulting activation patterns were not imposed but emerged from the

interaction between musculoskeletal dynamics, task objectives, and stimulation constraints.

9.3 TRANSITION FROM SIMULATION TO STIMULATION

To enable experimental implementation, the synergy-derived activation signals were post-

processed to obtain stimulation pro�les suitable for real-time FES delivery, as illustrated in

Figure 7.3. Owing to the cyclic nature of pedaling, these pro�les can be naturally represented

as functions of crank angle, facilitating interpretation in the polar domain (Figure 8.3). In this

representation, the quadriceps control signal exhibits a smooth, graded activation largely con-

�ned to mechanically advantageous regions of the cycle. The pre-activation and co-contraction

outside these regions is primarily attributable to the bi-articular function of the rectus femoris,

whose contribution to hip �exion becomes necessary given the limited activation capacity of

the hamstrings. In contrast, the hamstrings pro�le displays a more irregular structure, charac-

terized by multiple activation peaks and reduced alignment with mechanically favorable crank

angles. This behavior re�ects both the imposed activation limit and the extraction of the

control signal from a single steady-state cycle. A gradual FES conditioning towards greater

hamstring activation capacity or averaging across multiple cycles would likely yield a more

regular activation pro�le and alter the quadriceps-hamstrings interaction.

The polar representation further reveals important structural characteristics of the empiri-

cally tuned bang-bang (BB) stimulation protocol beyond its discrete timing. In contrast to the

simulation-derived control signal (CS), BB relies on �xed crank-angle activation windows that

were previously de�ned and applied uniformly across cycles. These windows are combined with
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linear ramp-up and ramp-down transitions to reduce abrupt force transients, which appear as

curved edges in the polar domain due to the angular parametrization. A key feature highlighted

by this representation is the intentional asymmetry introduced in the BB protocol. The left leg

received a systematically higher stimulation command, visible as a larger radial extent of the

shaded activation regions. This asymmetry re�ects a deliberate compensatory strategy adopted

in response to the persistent left-right imbalance observed in the previous study (Figure 5.2),

and was implemented as a 30% increase in commanded pulse width for the left leg, capped at

480 µs as a safety measure, where the stimulation di�erence drops to 6.7% (Figure 8.3).

An additional aspect of the transition from simulation to stimulation concerns the timing

mismatch introduced by electromechanical and system-level delays inherent to surface FES.

While the simulation framework assumes instantaneous muscle excitation and activation dy-

namics, experimental FES cycling involves delays associated with crank angle sensing, signal

processing, stimulation delivery, and the muscle's excitation-activation coupling. To account

for these e�ects, a speed-dependent phase shift was incorporated into both control strategies,

anticipating stimulation onset proportionally to crank cadence. Although the proportionality

constant governing this shift K was determined empirically, its behavior closely matches the

measured delay of the participant, characterized in a simple experiment. Brief stimulation

pulses applied to each leg produced measurable crank motion after delays of approximately

90 ms, closely aligned with the phase adjustment implemented in practice. For simplicity and

to preserve direct comparability between stimulation protocols, the phase shift described by

equation 7.4 was applied to BB and CS. While this empirical approach has proven robust over

years of experimental re�nement, it also highlights an element of the study framework that

remains heuristic.

9.4 EXPERIMENTAL RESULTS: INTERPRETATION & COMPARISON

The experimental evaluation implemented the two stimulation strategies derived and dis-

cussed in the previous sections: the simulation-derived control signal (CS) and the empirically

tuned bang-bang (BB) protocol depicted in the polar representation (Figure 8.3). Data were

collected over four non-consecutive days to minimize interday fatigue e�ects, with two trials

performed per session and the order of protocol execution alternated to reduce order-related
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bias. Power output, crank cadence, and left-right balance were recorded continuously during

each trial and subsequently analyzed. Trials means and variability metrics are summarized in

Table 8.1, while the temporal evolution of these variables across the full 120-s trials is shown in

Figure 8.4. Across sessions, the BB protocol consistently achieved higher average power output

and cadence, whereas the CS generally exhibited improved left-right balance, indicating a more

symmetrical contribution between limbs.

Examination of the trial-wise results in Table 8.1 reveals both consistent performance trends

and notable session-dependent e�ects. An e�ect of protocol order was observed across days. On

the �rst and third days, when the BB protocol was performed before CS, BB exhibited markedly

higher power and cadence values than CS. Conversely, on the second and fourth days, when

CS was tested �rst, its performance more closely matched that of BB within the same session.

This pattern suggests a short-term carryover or priming e�ect, potentially related to muscle

conditioning, neuromuscular readiness, or transient fatigue accumulation. Despite these order

e�ects, the relative di�erences between protocols remained consistent, with BB favoring higher

power output and cadence, and CS demonstrating improved balance.

The temporal evolution of power, cadence, and balance shown in Figure 8.4 provides ad-

ditional insight beyond the trials averaged metrics. During the initial assisted phase, both

stimulation strategies were assisted to achieve comparable power and cadence levels during

that interval. Following the transition to unassisted cycling at 30 s, clear di�erences emer-

ged. The BB protocol maintained relatively stable power output and cadence throughout the

unassisted phase, whereas the CS exhibited an immediate drop in both variables, followed by

a gradual recovery as pulse width increased automatically over time. This behavior highlights

the greater robustness of BB to the removal of assistance and lower pulse width stimulation,

while also illustrating the improvements of CS under progressive stimulation scaling. In con-

trast, left-right balance remained comparatively stable across time for both protocols, with CS

consistently closer to 50%, suggesting that balance improvements were not strongly a�ected by

the assisted-unassisted transition.

Although the empirically tuned bang-bang (BB) protocol outperformed the simulation-

derived control signal (CS) in terms of power output and crank cadence, this result does not

undermine the relevance or contribution of the proposed approach. The BB stimulation protocol
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used in this study represents the outcome of more than a decade of empirical re�nement (BO et

al., 2017), including iterative adjustments of stimulation timing, intensity, and asymmetry. In

particular, the protocol incorporates an intentional 30% increase in stimulation applied to the

left leg to compensate for persistent inter-limb imbalance, a feature that was previously shown

to be e�ective and was successfully employed during the Cybathlon 2024 competition. Such

BB protocols are the product of extensive experimentation, intuition, and participant-speci�c

adaptations and conditioning (LAUBACHER et al., 2017; METANI et al., 2017).

In contrast, CS was generated from a fully predictive pipeline, starting from musculos-

keletal optimal control and proceeding through a structured post-processing stage to obtain

implementable stimulation pro�les. Beyond the modeling and experimentally imposed activa-

tion constraints and a shared timing compensation strategy, CS did not rely on manual tuning

of crank-angle windows, rider-speci�c asymmetry heuristics, or iterative shaping of stimulation

behavior. In other words, the contribution of CS is not that it immediately replace an opti-

mized BB pattern, but that it demonstrates a reproducible work�ow capable of producing a

functional stimulation strategy with minimal heuristic burden. This is particularly valuable

for new FES cycling users, new research groups, or clinical contexts where extensive iterative

tuning is not feasible, and where a safe, objective starting point can materially reduce setup

time, uncertainty, and experimentation risk (FREGLY, 2021).

Two factors likely contributed to the higher power and cadence achieved by the BB pro-

tocol relative to the CS. First, the BB stimulation strategy maintains prolonged periods of

near-maximal stimulation within the prede�ned crank-angle windows, which inherently favors

greater torque production, particularly during lower e�ective pulse widths. In contrast, the CS

exhibits a smoother, more graded activation pro�le that spends less time at active-contraction

stimulation levels (Figure 8.3), thereby limiting instantaneous force output.

A second possible explanation for the observed performance di�erences is the participant's

long-term training history with the BB stimulation. More than a decade of exposure to abrupt,

high-intensity, BB recruitment patterns may have conditioned the neuromuscular system to res-

pond more e�ectively to binary stimulation strategies than to smoothly varying activation pro-

�les. Long-term FES training is known to induce task-speci�c adaptations, including changes in

muscle contractile properties, re�ex behavior, and central modulation of motor output (RUSH-
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TON, 2002; HOOK; GRAU, 2007; ALASHRAM et al., 2022). Under this interpretation, the

CS protocol may require a dedicated adaptation period before its physiological advantages can

translate into comparable mechanical performance, despite its closer resemblance to graded

muscle activation.

The consistently improved left-right balance observed during CS trials should not be in-

terpreted as a di�erence in limb strength or overall force-generating capacity, but rather as a

consequence of di�erences in activation timing, coordination, and responsiveness between the

two control strategies. Unlike the BB protocol, which relies on �xed activation windows and

compensatory amplitude asymmetry, the CS incorporates pre-activation phases that initiate

muscle excitation before the mechanically optimal crank regions. This anticipatory activation

reduces the e�ective electromechanical delay between stimulation onset and force production,

allowing each leg to contribute more synchronously during its respective power phase.

In addition, the CS promotes small, nearly continuous intervals of co-contraction between

quadriceps and hamstrings, which may enhance crank control near phase transitions and reduce

abrupt changes in angular acceleration. Together, pre-activation and controlled co-contraction

likely improve temporal alignment between muscle force generation and crank mechanics, pro-

moting smoother bilateral coordination. In contrast, the BB protocol compensates for de-

layed or a possible asymmetric force production, an issue also noted in prior FES cycling

studies (COUSIN et al., 2021; WANG et al., 2024), primarily through increased stimulation

amplitude applied to the left leg. While e�ective for sustaining power output and impro-

ving inter-limb balance, this strategy inherently relies on stimulation asymmetry, which may

introduce practical concerns and potentially limit generalizability, particularly if substantial

stimulation asymmetry is required to achieve acceptable balance.

These results suggest that balance improvements under CS originate from di�erences in

when and how muscles are activated, rather than how much stimulation is delivered or reduced

left leg strength. By promoting timing and coordination, the simulation-derived approach

reduces reliance on amplitude-based compensation strategies and o�ers a pathway toward more

symmetric FES cycling without requiring limb-speci�c tuning.
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9.5 QUALITATIVE COMPARISONS ACROSS STUDIES

Although the two studies presented share the same overarching simulation-to-stimulation

work�ow and were conducted with the same participant at di�erent time points, a direct quan-

titative comparison of outcomes across studies is not appropriate. The experimental conditions

di�er in several ways that impact the experimental results. First, the participant's physio-

logical status changed over the intervening year (age, body mass, training status, and overall

conditioning), which directly a�ects FES responsiveness and fatigue behavior. Second, the data

acquisition environment di�ered, altering signal �ltering, internal calibration, and metric com-

putation. Third, the collection protocol was redesigned: trial duration increased, an explicit

assisted phase was introduced, and stimulation intensity followed a structured pulse-width in-

crease. Finally, the bang-bang stimulation used for comparison was not the same across studies,

since the present study implemented an elaborate BB protocol including intentional inter-limb

asymmetry, onset and o�set activation ramps, and a speed-dependent phase shift. For these

reasons, comparisons across studies in this thesis are treated as qualitative and mechanistic

rather than statistical, focusing on whether speci�c control features persist under more realistic

assumptions and protocols.

One qualitative comparison that remains meaningful across studies concerns the persistence

of timing features in the simulation-derived control signal (CS) (Figures 5.1 and 8.3). In the

�rst study, pre-activation and co-contraction were interpreted partly as emergent responses to

modeling constraints, including quadriceps-only actuation and the imposed maximum crank

speed. A reasonable hypothesis was that these features might be artifacts of the hard speed

constraint, re�ecting the need to regulate cadence by �braking� the crank through o�-phase

activation. In the second study, however, similar coordination features remained present despite

substantial changes to the modeling and control formulation, including the removal of the

hard crank-speed limitation and the addition of antagonist muscle groups. This persistence

supports the interpretation that pre-activation and co-contraction are not merely constraint-

driven artifacts, but can also arise from muscle properties and coordination demands (KIM et

al., 2008; HAKANSSON; HULL, 2009; HUG et al., 2011).

The overall pro�le of the quadriceps in the CS was similar between studies (Figures 5.1 and 8.3),

but not its positioning, and several factors could plausibly contribute to this shift. Preserving
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passive muscle properties in the second study changes baseline joint torques and the e�ective

mechanical demands on stimulated muscles across the cycle, which can shift optimal timing and

amplitude. The inclusion of hamstrings adds an additional, although comparatively limited,

torque source and an antagonist pathway, changing how the optimizer allocates work between

muscle groups contributions, and potentially reducing the need for sustained quadriceps activa-

tion in certain regions. In addition, the second study extracted the control signal from a single

steady-state cycle rather than averaging across multiple cycles, which can preserve sharper lo-

cal features that might otherwise be smoothed out by cycle-to-cycle averaging. Together, these

modeling and processing di�erences provide a coherent explanation for the changes observed in

the CS across studies, even though key coordination features remained consistent.

9.6 LIMITATIONS

Despite the methodological advances introduced in this study, limitations should be ackno-

wledged at both the modeling and experimental levels.

9.6.1 Model scaling

At the modeling level, the musculoskeletal representation was intentionally simpli�ed. The

model was not scaled to the participant's anthropometric dimensions and did not incorporate

individualized muscle-tendon parameters, which in�uence activation dynamics, force-length-

velocity relationships, and the timing of force transmission. While this level of abstraction was

su�cient to generate experimentally viable stimulation pro�les, further personalization would

improve the physiological �delity of the simulations (MACERATESI et al., 2025).

9.6.2 Crank resistance

The resistive crank torque used in both simulation studies was �xed at 8 Nm. This value

was not derived from a formal optimization or experimental setup characterization, but rather

selected based on prior work by de Sousa et al. (SOUSA; FONT-LLAGUNES, 2024), where

it demonstrated stable and physiologically reasonable cycling behavior. While this choice ena-
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bled consistent comparison across studies and facilitated convergence of the optimal control

problem, it remains a heuristic parameter. Di�erent resistance levels would likely alter muscle

coordination strategies and optimal stimulation timing.

9.6.3 Number of synergies

In addition, although six synergies per leg were prescribed to provide optimization �exibility,

only two synergies per leg actively contributed to cycling, consistent with the literature (LI

et al., 2015; AMBROSINI et al., 2016). When working with a simulation framework and

FES cycling applications, more complex musculoskeletal representations, including additional

muscles or three-dimensional joint dynamics, would not only likely require a richer synergy

structure to adequately capture coordination demands and force redistribution (BRAMBILLA;

SCANO, 2022), but also require substantially more computational power.

9.6.4 Fixed target cadence

The simulations were conducted around a �xed target cadence, which allowed for controlled

optimization of activation timing and coordination. However, real-world FES cycling often

involves cadence �uctuations due to fatigue, terrain, or voluntary upper-body input. Although

speed-dependent phase shifting was applied experimentally, the simulation framework itself did

not explicitly model cadence variability, which may limit the generality of the derived control

signal under dynamically changing conditions.

9.6.5 Open-loop control

The proposed stimulation strategy operates in an open-loop con�guration. Although the

simulation-derived stimulation signal was designed to be robust and experimentally viable, it

does not explicitly compensate for external disturbances, unmodeled dynamics, or time-varying

physiological changes during cycling. As a result, perturbations such as abrupt fatigue onset,

electrode displacement, or unexpected re�ex activity may degrade performance or compromise

stability. This limitation is inherent to open-loop FES systems and has long been recognized
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in the literature, particularly in the presence of nonlinear neuromuscular dynamics and altered

re�ex pathways following spinal cord injury (POPOVIC; SINKJÆR, 2000).

9.6.6 Participants limitation

At the experimental level, variability in the participant's physiological state across non-

consecutive testing days may have contributed to performance �uctuations. Moreover, the

study was conducted with a single highly trained participant, which limits the generalizability

of the quantitative �ndings.

It is also important to recognize that achieving and maintaining the level of �tness required

for sustained FES cycling typically demands months or years of regular training, which inhe-

rently limits participant availability. While this constraint restricts larger scale experimental

validation, lower-intensity FES protocols involving less trained participants may also bene�t

from the proposed simulation-derived stimulation approach.

9.6.6.1 Cautionary note

Prior to engaging in cyclic FES exercise, adequate muscle conditioning should be ensured,

particularly in individuals with severe atrophy or long term muscle paralysis. Isometric training

at lower stimulation intensities can serve as an e�ective preparatory phase, allowing gradual

adaptation while providing valuable insight into patient-speci�c muscle properties.

As emphasized by Popovi¢ et al. (POPOVIC; SINKJÆR, 2000), neuroprosthetic systems

may fail to produce adequate functional movement due to fatigue, reduced torque-generating

capacity, altered re�exes, spasticity, joint contractures, osteoporosis, and increased fracture

risk. Central nervous system injury also leads to re�ex reorganization and spastic responses,

which can result in inappropriate antagonist activation and unpredictable motor behavior.

These factors underscore the importance of cautious progression, individualized assessment, and

clinical supervision when translating simulation-derived stimulation strategies into practice.



CHAPTER 10

CONCLUSION

Functional electrical stimulation (FES) cycling remains a challenging control problem due

to the intrinsic non-physiological nature of electrically evoked muscle activation, the presence

of electromechanical delays, and the strong coupling between stimulation timing, muscle coor-

dination, and mechanical power production. Despite decades of experimental re�nement, most

successful FES cycling strategies still rely on empirically tuned bang-bang stimulation protocols,

whose e�ectiveness depends heavily on manual adjustments, long-term user adaptation, and

trial-and-error calibration. This thesis set out to investigate whether predictive musculoskeletal

simulations could be used not only as an analysis tool, but as a reliable source of stimulation

commands that can be translated into a FES cycling setup and validated experimentally.

Within this context, the thesis addressed two central research questions. The �rst examined

how stimulation signals can be optimized in a safe and e�ective manner while remaining closer

to coordinated, physiologically inspired patterns of muscle activation. The second investigated

how simulation-derived stimulation signals compare experimentally to a mature, empirically

tuned bang-bang protocol when evaluated using power output, cadence, and inter-limb balance

(Section 1.5).

This thesis demonstrates that stimulation signals can be optimized safely and e�ectively by

embedding the optimization process within a predictive, muscle-driven simulation framework

that explicitly accounts for the physiological and experimental constraints of surface FES.

Rather than tuning stimulation heuristically at the hardware level, the proposed approach for-

mulates stimulation design as an optimal control problem constrained by muscle activation dy-

namics, passive tissue properties, coordinated muscle group actuation, and participant-speci�c

activation limits. By prescribing synergy structures that re�ect the realities of surface stimu-

lation and allowing the optimizer to determine their temporal behavior, the resulting control

signals exhibit graded activation, anticipatory timing, and controlled co-contraction patterns
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that are more consistent with known principles of neuromuscular coordination. Safety is ensured

intrinsically, by constraining the solution space to activation patterns that are physiologically

feasible and experimentally implementable. In this sense, optimization is achieved not by ma-

ximizing performance alone, but by balancing e�ectiveness, coordination, and translational

validity within a uni�ed simulation-to-stimulation pipeline.

When compared experimentally to a mature, empirically tuned bang-bang protocol, the

simulation-derived control signal exhibited distinct strengths and limitations. The bang-bang

strategy consistently produced higher power output and cadence, re�ecting years of iterative

re�nement, long-term participant adaptation, and the use of deliberate stimulation asymme-

try to compensate for inter-limb imbalance. In contrast, the simulation-derived signal was

generated without manual tuning and relied solely on predictive modeling and constrained

optimization. While this resulted in lower peak performance, it produced more consistent

left-right balance and smoother temporal coordination, achieved through pre-activation and

controlled co-contraction rather than amplitude-based compensation. These �ndings indicate

that the simulation-derived approach does not yet surpass the performance of highly optimized

empirical protocols, but o�ers a fundamentally di�erent value: a reproducible, transparent,

and extensible method for generating stimulation strategies. Rather than replacing bang-bang

control, the proposed framework provides a principled baseline from which individualized and

trike-speci�c re�nements can be systematically developed. While the experimental validation

was conducted with a single highly trained participant, the proposed framework itself is not

participant-speci�c and is designed to generalize across FES cycling setups through appropriate

model adaptation and constraint speci�cation.

Taken together, the contributions of this thesis extend beyond the speci�c experimental

outcomes. The work demonstrates that predictive simulations can serve as an active design

tool for FES control, capable of generating stimulation strategies that are physiologically plau-

sible, experimentally translatable, and adaptable to individual constraints. By validating this

approach across two progressively re�ned studies, the thesis establishes a methodological foun-

dation upon which future developments, such as cadence-adaptive stimulation, personalized

musculoskeletal models, delay-aware control formulations, and closed-loop optimization, can

be built. Although demonstrated in the context of FES cycling, the principles developed in
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this thesis could be directly applicable to other forms of FES-assisted movement, including

standing and walking. In this sense, the primary legacy of this work is not a single optimal

stimulation pattern, but a �exible and extensible framework that bridges simulation and expe-

rimentation, enabling more systematic, transparent, and scalable approaches to FES control.

10.1 FUTURE WORK DIRECTIONS EMERGING FROM THIS THESIS

The present thesis established and experimentally validated for the �rst time a predictive

simulation-to-stimulation work�ow for functional electrical stimulation (FES) cycling, progres-

sing from a proof-of-concept framework to a physiologically richer and experimentally more

robust case study implementation. While the major limitations of the initial study were

systematically addressed, several research directions naturally emerge from the results and

methodological advances presented here. The following future work directions are organized

approximately by increasing complexity and expected time investment, ranging from short-term

experimental re�nements to long-term doctoral-level research programs.

10.1.1 Experimental characterization of crank resistance

One feasible experimental study concerns a systematic characterization of crank resistance

across the available gear con�gurations of the tricycle. In the present work, a constant resistive

torque of 8 Nm was adopted based on prior studies and practical feasibility. However, this

value remains a heuristic estimation of the actual mechanical load experienced during cycling

in the available setup.

Future work could involve instrumented measurements of crank torque across di�erent gears

and trainer con�gurations to construct an empirical resistance map as a function of cadence

and gear ratio. Such characterization would remove an additional heuristic parameter from the

simulation framework, enabling more accurate matching between simulated and experimental

conditions.
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10.1.2 Experimental characterization of system and muscle delay

A second feasible extension of this work concerns the empirical characterization of the

full system delay inherent to real-time FES cycling. In the second study, a speed-dependent

phase shift was introduced to compensate for delays associated with crank angle sensing, signal

processing, stimulation delivery, and neuromuscular activation (Equation 7.4). Although this

phase shift proved robust in practice, its proportionality constant was determined through

empirical tuning.

A systematic experimental protocol could be designed to quantify the total delay between

crank angle identi�cation and the onset of measurable mechanical response. A simple approach

consists of positioning the participant's leg at a known crank angle, delivering isolated stimula-

tion pulses, and measuring the time di�erence until detectable crank motion or power generation

occurs. Repeating this procedure across muscle groups at di�erent moments would allow the

characterization of muscle-speci�c delays, which are expected to di�er for di�erent fatigue le-

vels, and between quadriceps and hamstrings due to distinct excitation-activation dynamics

and anatomical properties. Such measurements would enable a principled, experiment-speci�c

phase shift formulation that naturally incorporates hardware and signal processing latency, and

neuromuscular delay, reducing reliance on heuristic tuning.

Once such delays are experimentally characterized, a natural next step is to incorporate

system delay directly into the simulation environment. Rather than applying a phase shift to

stimulation pro�les, delay e�ects could be embedded into muscle excitation-activation dynamics

by modifying activation and deactivation time constants. This approach would allow predictive

simulations to account for real-world timing constraints inherently, enabling direct evaluation

of how delay in�uences coordination features such as pre-activation and co-contraction.

10.1.3 Optimal positioning and biomechanical con�guration

Another short-to-medium term extension involves optimizing the mechanical con�guration

of the FES cycling system itself. Bike �tting literature suggests that joint angle con�guration

strongly in�uences power production, comfort, and fatigue (FONDA et al., 2014; MILLOUR
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et al., 2022; BINI; HUME, 2025). By integrating joint-angle-based �tting criteria into the si-

mulation framework, di�erent positioning strategies could be evaluated systematically under

identical stimulation conditions (PAIRE et al., 2024). This would enable comparison of empiri-

cally derived �tting rules with simulation-based optimization, informing individualized tricycle

setup prior to training or competition.

10.1.4 Integrated data platform

The experimental validation in this thesis relied on multiple sensing systems, including

instrumented pedals, a smart trainer, external crank encoders, and commercial software not

speci�cally designed for low-power and low-cadence FES cycling. A valuable future direction

is the development of a uni�ed data acquisition and control platform that integrates crank

kinematics, pedal forces, stimulation parameters, and system state within a single synchronized

framework.

Such integration would enable higher sampling rates, reduce dependency on proprietary

software, and improve temporal alignment between stimulation events and measured mechanical

responses. Beyond improving data quality, a uni�ed system would also facilitate advanced

control strategies and real-time monitoring.

10.1.5 Closed-loop and adaptive stimulation strategies

A further research direction involves transitioning from open-loop stimulation pro�les toward

closed-loop control. Initial studies could focus on adjusting a single stimulation parameter, such

as pulse width or amplitude, to regulate crank cadence despite fatigue or external disturbances.

More advanced controllers could adapt stimulation timing, including the phase shift, in response

to cadence deviations. Ultimately, integrating fatigue estimation or prediction, potentially via

observer-based approaches, could enable controllers that maintain target performance over ex-

tended sessions. These developments would complement the predictive framework presented

here by adding robustness to physiological variability.
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10.1.6 Adaptive stimulation via forward dynamics and learning-based control

A natural extension of the JNER framework is the removal of the constant cadence reference.

While predictive optimal control is well-suited for deriving physiologically consistent stimulation

strategies, it becomes computationally limited when spanning long time horizons or wide ranges

of cycling speeds. As a result, using predictive simulations alone is not practical.

An alternative pathway is the use of forward dynamics combined with learning-based control

strategies, such as reinforcement learning or adaptive machine learning approaches. Starting

from the simulation-derived control signals validated experimentally in this thesis, learning-

based controllers could be initialized with the physiologically meaningful stimulation patterns

and subsequently adapted to reproduce the experimentally measured cycling behavior. This

strategy would preserve the biomechanical insight provided by predictive simulations while

leveraging the computational e�ciency of forward dynamics.

By iteratively adapting stimulation pro�les, such a framework could generate a continuous

mapping between cadence and optimal stimulation timing and intensity (e.g., across 20-60

rpm), e�ectively producing a cadence-indexed library of control signals. This approach would

reduce or potentially eliminate the need for explicit phase-shift compensation, as cadence-

dependent timing adaptations would emerge naturally from the learning process. Developing

and validating such a cadence-adaptive stimulation framework constitutes a complete, well-

scoped master's-level research project, and would not be feasible without the simulation-to-

stimulation validation established in this thesis.

10.1.7 Participant-speci�c muscle parameter identi�cation and model personalization

At a doctoral research level, one of the most promising future directions is participant-

speci�c muscle parameter identi�cation. Using the experimentally measured kinematics and

simulation-derived muscle activation patterns as references, muscle-tendon parameters could

be estimated via optimization (e.g., using the MocoParameter tool within OpenSim Moco).

This study would be complemented by experimental muscle characterization using ultrasound

imaging and an isokinetic dynamometer, enabling comparison between simulation-based and
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measurement-based parameter identi�cation. Hybrid strategies that combine both sources of

information may o�er a powerful and practical pathway toward personalized neuromusculos-

keletal modeling. The resulting models would not constitute a full digital twin, but rather

a highly informed approximation of an individual's neuromuscular system. With su�ciently

accurate models, extension to more complex movements, such as FES-assisted walking, would

become feasible.

10.1.8 Formal stability analysis of the FES cycling system

Finally, a long-term theoretical extension involves formal stability analysis of the coupled

stimulation-cycling system under diverse operating conditions. While the present work de-

monstrates experimentally that the system can sustain stable cycling under both bang-bang

and simulation-derived stimulation strategies, it does not address whether such behavior is

guaranteed, robust, or fragile to perturbations.

A central open question is whether the neuromusculoskeletal system driven by electrically

stimulated muscles is provably stable under a given stimulation pro�le, or whether observed

asymmetries and oscillations re�ect instability, suboptimal control, or other coordination phe-

nomena. In particular, delays, fatigue-induced parameter drift, and asymmetric stimulation

could, in principle, destabilize the cycling motion or induce limit-cycle distortions that are not

easily detectable from short experimental trials alone.

Tools such as PIETOOLS provide a framework for analyzing in�nite-dimensional and delay-

di�erential systems, and could be used to study stability, robustness margins, and delay sensi-

tivity of the stimulation-cycling system (PEET, 2021). Such an analysis would shift the focus

from observing what the system does to formally proving why it does not fail, complementing

the predictions obtained using optimal control. Although developing a tractable mathematical

abstraction of the full neuromusculoskeletal system is a substantial challenge and lies beyond

the scope of this thesis, formal certi�cation of stability would represent a powerful theoretical

counterpart to the experimental validation achieved.
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