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Abstract

Stroke is a leading cause of adult disability, with over 70% of survivors experiencing upper-limb

impairments. While rehabilitation can reduce these deficits, its intensity and availability often remain

insufficient, motivating the development of technology-assisted approaches.

Rehabilitation robots enable task-specific motor training, while functional electrical stimulation

(FES) supports movement by eliciting muscle contraction and providing sensory feedback. However,

FES is limited by rapid muscle fatigue and can be uncomfortable over time. Hybrid systems combin-

ing robotics and FES may address these limitations by allowing consistent kinematic guidance from

the robot while preserving the neurophysiological engagement provided by FES. This could enable

rehabilitation training to be effective and tolerable across a range of impairment levels.

This thesis investigated the effects of hybrid robot-FES assistance and training on motor behaviour,

physiological responses, and user experience in unimpaired individuals and stroke survivors, with a

focus on clinical applicability. To this end, a simple and portable one-degree-of-freedom robot-FES

system was developed to assist wrist flexion/extension, with both systems acting on the same joint.

A series of experiments explored how robotic, FES, and hybrid assistance affect performance, effort,

fatigue and user experience. Moreover, the effect of a three-week hybrid robot-FES rehabilitation

training on functional and physiological recovery after stroke was evaluated.

Overall, the findings indicate that the hybrid system can effectively assist movement while remain-

ing comfortable in unimpaired and stroke individuals, with limited fatigue increase. A three-week

intervention of daily hybrid training, in addition to usual care, produced clinically meaningful im-

provements in impairment, function, and movement quality, alongside high patient engagement and

satisfaction. Together, these results support the clinical relevance of such hybrid robot-FES rehabili-

tation as a safe and effective complement to conventional physiotherapy.

This thesis advances our understanding of hybrid robot-FES assistance and training, informing

the development and implementation of clinically viable and efficient neurorehabilitation technologies.
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Chapter 1

Introduction

1.1 Thesis motivation and aim

Stroke is one of the most common neurological disorders, and is a leading cause of adult disability

worldwide (Feigin et al., 2019), resulting in upper-limb impairments in over 70% of post-stroke indi-

viduals (Nakayama et al., 1994; Lawrence et al., 2001). Rehabilitation can help reduce impairments

but the rehabilitation needs of stroke patients are currently unmet (Royal College of Physicians, 2015;

Chen et al., 2019; Cieza et al., 2020). Enhancing the efficacy of rehabilitation services and increas-

ing exercise intensity could lead to improved motor recovery, helping more people after stroke live

independently.

Technology-aided rehabilitation has been proposed as a means to promote functional recovery while

complementing typical one-on-one physiotherapy or occupational therapy sessions. More specifically,

rehabilitation robots have been increasingly used for motor training, providing assistance to users

during tasks and thus leading to performance improvements (Ganesh et al., 2015; Ivanova et al., 2020;

Bertani et al., 2017) (see Fig. 1.1 A). Functional electrical stimulation (FES) is also used in stroke

rehabilitation (see Fig. 1.1 B). As there is strong evidence that FES can increase upper-limb activity

and enhance recovery after stroke (Howlett et al., 2015; Thrasher et al., 2008; Alon et al., 2008),

it is recommended by many national clinical guidelines worldwide (Royal Dutch Society for Physical

Therapy, 2014; Royal College of Physicians, 2015; Intercollegiate Stroke Working Party, 2023; Salbach

et al., 2022; Stroke Foundation, 2024; Veterans Affairs/Department of Defense, 2024).

While FES provides sensory feedback and can elicit muscle contractions, it may lead to rapid muscle

fatigue as it constantly stimulates the same motor units, unlike the naturally varying recruitment

pattern seen in voluntary movements (Gorgey et al., 2009; Maffiuletti, 2010; Bickel et al., 2011; Miura

et al., 2016; Zhang et al., 2011). On the other hand, robotic systems help users perform a desired task

by acting on joint torques, resulting in well-controlled limb motion. In this hybrid approach, both

modalities could help facilitating recovery and providing an enjoyable and comfortable rehabilitation
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Figure 1.1: Technologies that can aid upper-limb rehabilitation post-stroke. A. ArmeoSpring (Hocoma,
Switzerland) robot to train whole-arm movement with game-like interactive exercises. B. FesiaGrasp (Fesia
Technology, Spain) FES system that generates flexion and extension of the wrist and fingers, designed for
people with motor impairment of the upper extremity.

experience. FES directly activates the patient’s own muscles, generating contractions and peripheral

sensory feedback, which can reinforce voluntary motor pathways. The robotic assistance, meanwhile,

ensures precise and smooth control of movement trajectories, compensating for the variability and

delayed response inherent to FES. It also enhances comfort and safety, particularly during continuous

tracking tasks that may require fine corrective motions, where relying solely on FES could result

in overshooting or discomfort due to fluctuating torque responses. By integrating both forms of

assistance, the system allows for consistent kinematic guidance from the robot while preserving the

neurophysiological engagement provided by FES, creating a rehabilitation training that can be effective

and tolerable across a range of impairment levels.

Hybrid systems have previously been developed and tested in stroke populations and have shown

positive outcomes in aiding functional recovery (Resquin et al., 2016; Höhler et al., 2024). These

systems typically rely on FES as the main means of assistance, while using robotic devices only to

promote stability and gravitational support (Ambrosini et al., 2017; Alon et al., 2003; Ring et al.,

2005; Fujiwara et al., 2009; Barker et al., 2008; Wu et al., 2011; Meadmore et al., 2014; Westerveld

et al., 2014; Resquín et al., 2016), or to contribute to other joint movements than the one supported

by FES (Alon et al., 2003; Ring et al., 2005; Meadmore et al., 2014; Resquín et al., 2016). Hence, they

may not exploit the full potential of hybrid systems for rehabilitation (Resquin et al., 2016). Moreover,

simple solutions such as push-buttons have been used to trigger assistance (Resquin et al., 2016), which

can limit the therapeutic benefits as the patient may not be engaged in the task (Kroon et al., 2005;

Rushton, 2003; Kahn et al., 2006; Blank et al., 2014). On the other hand, advanced controllers have

recently been introduced to provide more optimal combinations of FES and robotic assistance, which

have been successfully tested in simulations (Bardi et al., 2021) and unimpaired participants (Wolf

et al., 2017; Dunkelberger et al., 2022; Burchielli et al., 2022). However, most of these controllers have

not yet been tested in a rehabilitation scenario with stroke patients. Furthermore, complex controllers

requiring a lengthy calibration or based on models of intact muscles may not transfer well to a stroke

population, and may not be suitable for use in a clinical setting, where patients cannot sustain long
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therapy sessions.

Finally, most studies conducted using a hybrid system have focused on changes in clinical scores

capturing functional recovery after stroke. This is justified as it is the ultimate goal of developing

new rehabilitation systems for patients after stroke. However, further understanding the effects of

each sub-system and their combination on the motor behaviour and physiological outputs of stroke

patients may help in designing more efficient rehabilitation systems that could target different aspects

of recovery, e.g. range of motion, muscle strength, volitional output, etc.

In this context, my aim is to investigate the effects of hybrid robot-FES training on phys-

iological and behavioural changes in unimpaired individuals and stroke patients, as well

as whether and how it can lead to functional recovery after stroke. Specifically, my thesis

focuses on investigating how hybrid robot-FES assistance affects performance, user experience, effort

and fatigue in both unimpaired and stroke individuals. The effect of hybrid robot-FES rehabilitation,

designed based on these results, on functional and physiological recovery after stroke is also explored.

This work can provide foundational knowledge to inform the development of hybrid neurorehabilitation

technologies based on neuromechanical evidence from stroke data.

1.2 Research strategy

Hybrid robot-FES systems designed for upper-limb stroke rehabilitation often involve multiple degrees-

of-freedom (DOFs) to assist full-arm movements (Resquin et al., 2016). Bulky robotic systems (as

shown in Fig. 1.2 A) are typically required for this purpose, which are difficult to move and manipulate.

Such systems are not suitable for home use by stroke patients and are primarily intended for clinical

settings, to be used by individuals in the subacute phase of stroke recovery. However, such large

systems may not be usable in typical clinical environments, where space is commonly limited and

shared with the care team, patients, family members, etc.

Additionally, these large systems may require a lengthy calibration and adjustments for each

patient and at each session, decreasing the duration of effective training. Such necessary preparation

may be particularly restrictive for patients in the subacute phase, who may fatigue very quickly

(Intercollegiate Stroke Working Party, 2023). A simple, portable system that can be easily set up

and controlled is thus preferable for such a demanding environment (see Fig. 1.2 B). This can also

facilitate the use of the device by the hospital care team. Furthermore, evidence suggests that single-

joint training may be as effective as multi-joint approaches for upper-limb stroke rehabilitation (Milot

et al., 2013; Fluet et al., 2014). These studies compared single-joint and multi-joint robotic training

and found that the two approaches lead to similar clinically significant improvements in upper-limb

outcomes, with no significant differences between training modes in functional measures (Milot et al.,

2013; Fluet et al., 2014). Here, wrist flexion and extension training was selected because distal motion
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Figure 1.2: Two upper-limb stroke rehabilitation robots. A. Upper-limb robot allowing movement in three-
degree-of-freedom at the shoulder as well as elbow flexion/extension with a distal module that can be integrated
to accommodate forearm supination/pronation and wrist flexion/extension (Klein et al., 2010). It is suitable
for large rehabilitation centres and lab-based testings. B. Portable one-degree-of-freedom wrist robot, weighing
less than 5kg and easily dismountable and transportable in a case, suitable for home-use and rehabilitation
centres with restricted space.

is essential for the functional use of the upper limb. While restoring proximal movements at the

shoulder and elbow can contribute to gross motor control, meaningful independence in ADLs typically

requires coordinated wrist and hand motion, such as during grasping and object manipulation.

Moreover, when the FES and the robot are used to control or support different joint motions,

the effect of each sub-component on the recovery of stroke patients, or their combined action, may

not be easily identifiable. The use of systems with a larger workspace may also introduce additional

confounding factors, which cannot always be controlled for. To further understand the underlying

principles behind robot- and FES-based assistance to movement, I thus preferred using a one-DOF

system with the FES and robot acting on the same joint motion (as shown in Fig. 1.2 B).

To evaluate the potential of hybrid robot-FES training for post-stroke functional recovery, it is

essential to assess performance metrics, physiological responses, and the user’s subjective experience.

This allows us to characterise behavioural and physiological changes during and after assistance from

the robot-FES system as well as the perception of the user. Previous studies mostly evaluated the

change in clinical scores assessing functional recovery, but have rarely systematically investigated the

neuromechanical changes induced by robot-FES assistance and training. Investigating the underlying

principles of hybrid robot-FES assistance may further inform the design of clinically and physiologically

efficient rehabilitation systems.

In this thesis, I have developed a simple and portable one-DOF robot-FES system, suitable for

clinical environments illustrated in Fig. 3.3. I used it to explore how such assistance and training can

affect the motor strategies, learning and perceived experience of unimpaired individuals and stroke

patients. I have conducted a series of studies to address the following research questions:
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Figure 1.3: Small hybrid system combining FES with electrodes placed on the wrist flexor and extensor muscles
and the wrist HRX-1 robot providing torque to the wrist. The hybrid system is used to assist participants in
tracking a randomly moving target on-screen using wrist flexion/extension movements.

• QA: How does robotic and/or FES assistance affect unimpaired individuals’ behavioural and

physiological features?

• QB: Can a hybrid robot-FES system be used to aid the rehabilitation and assessment of senso-

rimotor functions in stroke individuals?

• QC: Should muscle fatigue be considered when using a hybrid robot-FES system for stroke

rehabilitation?

• QD: How does hybrid robot-FES rehabilitation affect functional and physiological recovery after

stroke?

1.3 Thesis structure

This thesis follows a structured and progressive experimental approach, with each chapter building

upon the findings of the previous one to gradually explore the potential of a hybrid robot-FES system

for stroke rehabilitation. The work begins with a study in unimpaired participants to safely explore

how the system works and affects users’ motor strategies. This enables an informed transition to clin-

ical testing, where a feasibility study with stroke patients is conducted. Finally, a three-week clinical

trial with stroke patients is conducted to evaluate changes in recovery over time. This structured

progression ensures that each phase provides useful insights to support the next, while enabling the

research to be conducted in a responsible and effective manner.
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This chapter introduced the motivation for this work, and related research questions and objectives.

It also presented the research approach and structure of the thesis.

Chapter II reviews existing literature on upper-limb neurorehabilitation after stroke. It details the

neurophysiological mechanisms underlying upper-limb impairments after stroke as well as the recovery

process and related neurorehabilitation principles. An overview of existing rehabilitation approaches

analyses the benefits and limitations of technologies such as robots and FES to aid the rehabilitation

process.

Chapter III presents the hybrid robot-FES device, used to conduct the experimental work of this

thesis. It consists of a wrist robotic interface and an FES device, with associated sensors and the train-

ing tasks. The metrics employed to characterise users’ behavioural and physiological changes during

training are also presented, including performance, learning, effort and fatigue in both unimpaired

and stroke individuals.

Chapter IV serves as a proof of concept for this hybrid robot-FES system to assist participants’

movements, addressing the question QA. Combining FES with robotic assistance could mitigate the

discomfort and fatigue induced by FES, while enhancing sensorimotor engagement through muscle

activation. Existing clinical implementations typically use FES as the primary actuator, with robots

offering only support or assistance to other joint motions (Resquin et al., 2016; Alon et al., 2003;

Meadmore et al., 2014; Fujiwara et al., 2009; Barker et al., 2008; Wu et al., 2011; Resquín et al., 2016;

Ambrosini et al., 2021). Recent hybrid control strategies have begun to optimise this combination

(Dunkelberger et al., 2023; Burchielli et al., 2022; Bardi et al., 2021), but they have rarely been tested in

clinical populations and mainly focus on motor output rather than user behaviour and experience. To

assess the potential of a truly integrated hybrid approach, where both FES and robotic assistance act

on the same joint motion, the effect of each modality, and their combination, on motor performance,

muscle effort, fatigue, and perceived workload should be investigated. In this chapter, the hybrid

robot-FES system is used to assist unimpaired participants in a continuous target tracking task. Both

qualitative and quantitative data are collected and analysed to understand the impact of the assistance

on the user, informing the development of a suitable rehabilitation approach.

Chapter V investigates the feasibility of using the hybrid robot-FES system in a clinical context to

support upper-limb assessment and rehabilitation in subacute stroke patients (QB). Combining two

active assistive devices introduces significant technical complexity, and current clinical systems often

underutilise this potential as mentioned above, using simple triggering methods like push-buttons

(Resquin et al., 2016), which may reduce patient engagement and therapeutic effectiveness (Kroon et

al., 2005; Rushton, 2003; Kahn et al., 2006; Blank et al., 2014). Other more advanced hybrid controllers

have shown promising results but remain largely untested in clinical settings. Furthermore, prior

studies using hybrid assistance in stroke populations often overlook user experience and qualitative

outcomes (Hu et al., 2015). To address these gaps, this chapter adopts a patient-centred approach to

25



evaluate the use of a simple hybrid controller during wrist tracking in stroke patients. First, the impact

of the robot and/or FES assistance on motor performance, learning, and effort is investigated. These

results are used to infer the benefits of using a hybrid robot-FES approach in stroke neurorehabilitation.

Second, it explores whether the kinematics and muscle activity recordings from the device can be used

to estimate motor impairment.

Chapter VI investigates how muscle fatigue may develop when a user is performing a tracking

task assisted by FES and/or robotic support, to better understand its impact on rehabilitation and

inform the design of suitable hybrid control (QC). FES is known to cause rapid muscle fatigue due

to its constant motor unit recruitment, unlike the naturally varying patterns seen during voluntary

movement (Gorgey et al., 2009; Maffiuletti, 2010; Bickel et al., 2011; Miura et al., 2016; Zhang et al.,

2011). Although commonly used in stroke rehabilitation, FES is typically applied alongside voluntary

effort and with regular breaks, which may help limit fatigue (Eraifej et al., 2017). To investigate how

fatigue develops under different assistance modes, this chapter first examines the effects of FES- and

volitionally-induced movement on unimpaired participants’ muscle fatigue. Second, it analyses muscle

fatigue in stroke patients using data introduced in Chapter V, focusing on how robotic and/or FES

assistance influences muscle fatigue during training. These results can help clarify whether and how

fatigue should be considered within hybrid neurorehabilitation systems, particularly when combining

robotic and FES assistance in continuous tasks.

Chapter VII investigates the benefits of a three-week hybrid robot-FES rehabilitation training

on motor recovery in subacute stroke patients (QD). While previous work has primarily evaluated

the outcomes of hybrid neurorehabilitation based on clinical assessments alone, this chapter aims to

further examine the potential mechanisms contributing to recovery. Here, changes in clinical scores are

used to quantify functional improvements and motor impairment, while muscle activity and kinematic

data are analysed to assess physiological changes and behavioural adaptations throughout the training.

These findings address how robotic and FES rehabilitation affect motor behaviour and physiological

adaptations, and may provide insights for a data-driven design of hybrid technologies.

Chapter VIII summarises the key research findings, highlighting their strengths and limitations,

and discusses potential directions for future research stemming from this work. It also discusses

potential applications and considerations related to this work.
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Chapter 2

Background

2.1 Stroke and upper-limb impairments

Stroke is one of the leading causes of mortality and long-term disability worldwide and represents

a major global health burden. It is defined as a sudden onset of neurological dysfunction resulting

from an interruption of blood supply to the brain, either due to a blockage (ischaemic stroke) or a

rupture of a blood vessel (haemorrhagic stroke) (Feigin et al., 2019). Ischaemic strokes account for

approximately 85% of all cases and haemorrhagic strokes for 15% (Feigin et al., 2019).

In 2019, there were approximately 12.2 million new stroke cases and over 101 million stroke sur-

vivors globally (Feigin et al., 2021). Furthermore, recent estimates suggest that one in four adults over

25 is at risk of experiencing a stroke during their lifetime (Feigin et al., 2019). Although advancements

in acute stroke care have improved survival rates, the global burden of stroke is projected to rise fur-

ther due to the ageing populations and the increasing prevalence of risk factors such as hypertension,

diabetes, and sedentary lifestyles (Feigin et al., 2019; Cieza et al., 2020).

Stroke is also one of the main causes of long-term disability. Approximately 70–80% of stroke

survivors experience upper-limb impairments (Nakayama et al., 1994; Lawrence et al., 2001), often

leading to significant functional limitations that impact activities of daily living (ADLs) and overall

quality of life. This creates a substantial economic burden: in the United Kingdom alone, the total

societal cost of stroke was estimated at £26 billion per year (Patel et al., 2020). Within this cost, £15.6

billion was attributed to informal care and £1.6 billion to lost productivity, primarily due to stroke

survivors’ reduced ability to return to work, and premature mortality (Patel et al., 2020). Indeed,

up to 50% of stroke survivors need long-term support for basic activities such as dressing, eating, or

personal hygiene (Royal College of Physicians, 2015; Cieza et al., 2020). This places a considerable

strain on healthcare systems worldwide and highlights the critical need for effective rehabilitation

strategies to enhance recovery and promote independence.
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2.1.1 Neurophysiological Mechanisms of Upper-Limb Impairments

Brain lesions and sensorimotor deficits

The severity and nature of motor and sensory impairments after stroke are highly dependent on the

location, size, and extent of the lesion (Bentley et al., 2014; Chen et al., 2000). After a stroke, the

descending pathways responsible for the initiation and modulation of voluntary movement may be

disrupted, resulting in motor deficits such as weakness, spasticity, and impaired coordination (Bala-

subramanian, 2015; Raghavan, 2015). Sensory pathways are also often disrupted, particularly those

responsible for proprioceptive and somatosensory feedback, which prevent individuals from perceiv-

ing their joints’ and limbs’ position and movement, hence significantly affecting their motor control

(Connell et al., 2008).

Common upper-limb deficits after stroke

Upper-limb impairments after stroke are diverse and depend on the patient and the lesion. However,

they often share common features that reflect the underlying neurological disruption. Weakness, or

paresis, is a common motor deficit and is characterised by reduced motor drive, voluntary muscle

activation and strength (Bourbonnais et al., 1989; Gray et al., 2012). Muscle weakness can affect

both the proximal (shoulder, elbow) and distal (wrist, fingers) segments of the upper-limb, although

distal recovery may be affected by the proximal arm capacity in the acute phase of stroke, where early

shoulder shrug abilities can predict dexterity and hand function months after stroke (Katrak et al.,

1998; Nijland et al., 2010; Houwink et al., 2013)

Spasticity is another type of upper-limb impairment after stroke and is defined as a velocity-

dependent increase in muscle tone (Lance, 1980). It is commonly linked to the hyperexcitability of the

stretch reflex pathways and often leads to high tone, abnormal postures, and difficulty in executing

smooth voluntary movements (Pandyan et al., 2005; Li, 2015).

Alongside weakness and spasticity, abnormal muscle synergies can also develop. They are typi-

cally characterised by involuntary coactivation of muscle groups, or the stereotyped muscle activation

pattern of shoulder adduction, internal rotation, elbow, wrist, and finger flexion (Canning et al., 2000;

Li, 2015). This can impair the ability to perform isolated joint movements, essential for performing

functional tasks. This can also be associated with impaired motor coordination and dexterity, which

can hinder the execution of precise, goal-directed movements (Canning et al., 2000). Together, these

motor deficits significantly reduce stroke survivors’ abilities to perform ADLs independently.
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Sensorimotor integration deficits

Efficient motor control relies on intact motor pathways as well as on the seamless integration of sensory

feedback into movement planning and execution. This somatosensory processing and sensorimotor

integration are often impaired after stroke and can substantially contribute to patients’ difficulty in

executing coordinated movements (Carey et al., 2018).

The lack of proprioceptive and tactile information can impair a patient’s ability to accurately

perceive limb position, movement trajectories, and contact forces, which may result in poorly controlled

actions (Rand et al., 1999; Findlater et al., 2017). This can alter sensorimotor feedback loops, making

it more difficult for stroke survivors to perform fine error detection and correction.

In addition, stroke survivors may experience impairments in spatial attention and sensory inte-

gration, such as reduced awareness of the affected side. This can be linked to spatial neglect, where

patients fail to attend to or acknowledge stimuli on the impaired side, and is not necessarily associated

with primary sensory or motor deficits (Ting et al., 2011; Gammeri et al., 2020).

Importantly, since somatosensory feedback is critical for updating internal models during motor

learning (Vidoni et al., 2010), these impairments may be associated with reduced function and slower

recovery trajectories after stroke (Connell et al., 2008; Kessner, 2016; Gammeri et al., 2020).

Cognitive and psychological consequences of stroke

In addition to sensorimotor impairments, stroke can frequently affect individuals’ cognitive and psycho-

logical functions. Cognitive deficits, including impairments in attention, memory, executive function,

and visuospatial abilities, are observed in up to 50% of stroke survivors (Barker-Collo et al., 2006; Lo

et al., 2019). These impairments can limit a patient’s capacity to engage with rehabilitation, follow

instructions, and maintain motivation over time.

Post-stroke fatigue is another common consequence of stroke, with approximately 23–75% of stroke

survivors affected (Choi-Kwon et al., 2011). It can severely restrict participation in therapy sessions,

essential for improving outcomes.

Furthermore, decreased motivation and depressive symptoms are often present, with approximately

one third of patients experiencing clinical depression (Robinson et al., 2016). These psychological

factors can be associated with lower quality of life and slower recovery (Choi-Kwon et al., 2011;

Robinson et al., 2016).

Although cognitive and psychological impairments can strongly influence recovery trajectories, the

restoration of sensorimotor function after stroke ultimately depends on biological and activity-driven

processes of neuroplasticity.
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2.1.2 Recovery mechanisms after stroke

Spontaneous recovery and neuroplasticity

Despite the severity of initial impairments, some degree of spontaneous recovery typically happens in

the weeks and months following stroke. Early cellular and molecular processes occur post-stroke, which

favour axonal sprouting and neuronal generation (Carmichael, 2006; Nudo, 2006). These mechanisms

can induce cortical reorganisation, which can in turn contribute to functional improvements (Byrnes

et al., 2001). This spontaneous recovery tends to be most prominent within the first three to six

months post-stroke, a period considered a critical window of heightened plasticity (Dimyan et al.,

2011; Dromerick et al., 2021; Krakauer et al., 2012). During this time, the brain shows increased

responsiveness to behavioural interventions, and rehabilitation can be particularly effective in driving

functional gains (Maulden et al., 2005; Coleman et al., 2017).

While spontaneous mechanisms can lead to improvements, particularly in gross motor functions,

they are often insufficient to recover complex skills. Additionally, although traditional clinical reason-

ing assumes that upper-limb recovery post-stroke follows a proximal to distal progression, this view

has been challenged by both acute and chronic stroke studies. Early reports suggested that proxi-

mal function returns more readily (Bard et al., 1965; Twitchell, 1951), and some studies in chronic

stroke individuals observed greater weakness in distal joints (Colebatch et al., 1989). However, more

recent work has shown no consistent segmental pattern in stroke individuals in the acute and chronic

phases, and that both proximal and distal joint impairments could contribute to reduced hand function

and hence independence in performing ADLs (Beebe et al., 2008; Lang et al., 2007). This indicates

the need for targeted training during the spontaneous recovery phase for multiple joints through the

upper-extremity, to enhance plasticity in functionally meaningful directions (Hara, 2015).

Critical Periods for Rehabilitation

Interventions initiated early after stroke could enhance the effects of motor training on motor re-

covery, and may be more effective than those started later due to the heightened plasticity window

of spontaneous recovery (Krakauer, 2020; Zeiler et al., 2013). However, the implementation of such

experimental interventions in patients early post-stroke may be limited by several barriers, such as

post-stroke fatigue, affecting up to 75% of post-stroke patients (Choi-Kwon et al., 2011), the pres-

ence of cognitive impairments, and overall reduced motivation and engagement. Moreover, in the early

phase post-stroke, patients may be medically unstable and not able to sustain additional rehabilitation

sessions on top of their usual treatment.

While it is known that starting motor rehabilitation early on can lead to better outcomes for

stroke patients’ recovery (Horn et al., 2005), very few motor rehabilitation trials are initiated in the
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early post-stroke phase (Stinear et al., 2013). In fact, less than 12% of all RCTs targeting motor

rehabilitation are initiated within 30 days post-stroke, and most interventions are pharmacological

or variations of conventional therapy (Stinear et al., 2013), while only a few of these are trialling

technology-based approaches. According to Stinear and colleagues, this discrepancy reflects the prac-

tical and clinical challenges of running early-phase rehabilitation studies: patients are often medically

unstable, experience pronounced fatigue, and may be cognitively or physically unable to participate in

structured motor training (Stinear et al., 2013). Moreover, implementing such protocols requires close

collaboration with the acute care team, who are typically under high workload pressure and whose

primary focus is often on medical stabilisation rather than rehabilitation research. For technology-

assisted rehabilitation to be feasible in this setting, engineers and researchers must be embedded

within the clinical environment. Finally, early post-stroke studies face the methodological difficulty of

disentangling spontaneous neurological recovery from the effects of the intervention, complicating the

interpretation of outcomes and limiting the conclusions that can be drawn about treatment efficacy.

Despite the challenges, conducting motor rehabilitation trials in the early post-stroke phase remains

essential, as this period may offer the greatest opportunity to influence recovery outcomes. Identi-

fying effective therapies during this window could help accelerate functional gains, reduce long-term

disability, and guide clinical practice towards evidence-based early rehabilitation strategies (Stinear

et al., 2013).

Activity-Dependent Plasticity

Activity-dependent plasticity refers to the principle that specific patterns of activity can drive changes

in neural connectivity, where synaptic efficacy can increase with repeated and persistent stimulation of

a presynaptic cell to a postsynaptic cell, according to Hebbian theory (Hebb, 2005). This implies that

repetitive, goal-directed, and feedback-rich practice can induce synaptic strengthening and cortical

reorganisation, which are essential for functional recovery after stroke (Nudo, 2006; Murphy et al.,

2009).

Related key principles underlying activity-dependent plasticity include “use it or lose it” (Hubel et

al., 1965) which indicates that sensorimotor functions in the affected limbs could be further degraded

if not used (Kleim et al., 2008). On the other hand, continuous movement practice could enhance

function according to the principle “use it and improve it” (Kleim et al., 2008). Rehabilitation inter-

ventions that promote repetitive task practice with active engagement and that provide meaningful

task-related feedback could be more effective in stimulating beneficial plastic changes (Lang et al.,

2009; Blank et al., 2014).
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Figure 2.1: Subacute stroke therapy at Charing Cross Hospital London. A. Physiotherapists with stroke
patients practising walking. B. Occupational therapist with a stroke patient practising making tea in a kitchen.

2.2 Neurorehabilitation principles

Conventional upper-limb rehabilitation after stroke typically consists of one-on-one sessions with a

physiotherapist or an occupational therapist, aiming at restoring motor function and promoting inde-

pendence in daily activities through structured exercise-based interventions. This approach empha-

sises repetitive practice of functional movements, range-of-motion exercises, strengthening routines,

and task-specific training, all tailored to the individual’s needs and abilities. The underlying principles

of neurorehabilitation are outlined in the following sections.

2.2.1 Motor learning in stroke rehabilitation

Motor learning refers to the process through which individuals acquire or modify movement skills

through practice and experience (Schmidt et al., 2011), which may occur through the adaptation

of an individual’s internal dynamics model (Burdet et al., 2013). It is a key aspect of the motor

rehabilitation process, as it aims to exploit these learning principles to drive functional improvement

post-stroke, in addition to the spontaneous recovery mechanisms (Kleim et al., 2008; Winstein et al.,

2014).

Several rehabilitation principles have been identified as key to promoting motor learning (Burdet

et al., 2013; Winstein et al., 2014; Winstein et al., 2016), including: active participation, mean-

ingful task-specific training towards patients’ goals, high repetition and intensity, early intervention

after stroke, variation in tasks to encourage generalisation, and the provision of feedback to retrain

physiological movement patterns. Repetition is essential for reinforcing neural circuits through use-

dependent plasticity, while task specificity ensures that training is relevant to everyday activities.

Additionally, introducing variability in practice helps promote generalisation of skills and prevents

overfitting to specific tasks. Feedback, whether intrinsic or extrinsic, plays a critical role in guiding

movement correction and enhancing engagement. Training exercises that are actively engaging and
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progressively with frequent adaptations to patients’ individual capabilities can also support functional

improvements.

2.2.2 Dose-Response in Neurorehabilitation

There is growing evidence supporting a dose-response relationship in stroke rehabilitation, where

higher doses of training, in terms of intensity, frequency, and duration, are associated with better

outcomes (Lang et al., 2015; Kwakkel et al., 2004; Ballester et al., 2022; Veerbeek et al., 2014; Clark et

al., 2021). This higher-intensity training may indeed further reinforce the neural pathways responsible

for the practised movements and enhance functional improvement, particularly when coupled with

voluntary effort (Kleim et al., 2008). However, recent systematic evidence indicates that a small

increase in time spent in rehabilitation yields little to no improvement in ADLs and upper-limb

function, and that benefits may occur only when the total amount of therapy exceeds a certain

threshold (approximately 1000 minutes), although the optimal therapy intensity and duration remain

unclear (Kwakkel et al., 2004; Clark et al., 2021). Moreover, unlike pharmacological treatments, where

dose, mechanism of action, and therapeutic window are well defined, rehabilitation dosing remains

largely empirical and lacks standardised approach (Lang et al., 2015).

However, this must be balanced against fatigue and individual tolerance, especially in the subacute

phase, where higher dose may not always be beneficial (Dromerick et al., 2009; Hunter et al., 2011)

or feasible in real-world settings (Hunter et al., 2011).

Despite strong evidence for the importance of training dose, many patients receive relatively low-

intensity therapy during typical clinical care, which may not be sufficient to enhance neural reorgan-

isation and promote functional recovery post-stroke (Lang et al., 2009). This also indicates the need

for scalable and feasible strategies and technologies that can increase training volume and intensity,

and contribute to sustainable long-term care while reducing the socioeconomic impact of stroke.

2.2.3 Patient Engagement and Motivation

Patient engagement is a critical determinant of rehabilitation effectiveness. Engaged patients are more

likely to participate actively in training, which supports learning and neuroplastic change (Blank et al.,

2014; Winstein et al., 2016).

Motivation can be influenced by many factors, including task relevance, feedback, goal-setting, per-

ceived self-efficacy, cognitive dysfunctions, hospital environment, and social support networks (Prze-

woźnik et al., 2015; Maclean et al., 2000a; Maclean et al., 2000b). Stroke survivors with higher levels

of motivation tend to demonstrate better adherence and outcomes. Conversely, apathy, depression,

and fatigue can negatively impact engagement and limit recovery potential (Choi-Kwon et al., 2011;

Przewoźnik et al., 2015; Robinson et al., 2016).
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Figure 2.2: Physiotherapist performing the Fugl-Meyer Upper-Extremity Assessment (FM-UE) with a stroke
patient. A. Assessing patient’s ability to perform shoulder flexion from 0° to 90° as part of the volitional
movement mixing synergies test in the FM-UE (section A-II). B. Assessing patient’s ability to perform shoulder
flexion from 90° to 180° as part of the volitional movement with little or no synergy test in the FM-UE (section
A-III). C. Assessing patient’s ability to perform thumb adduction grasp as part of the hand test in the FM-UE
(section C-b). D. Assessing patient’s ability to perform cylinder grasp as part of the hand test in the FM-UE
(section C-d).

One important factor for sustaining engagement in rehabilitation is maintaining an optimal level

of task difficulty. Rehabilitation tasks that are too easy can become boring and demotivating, while

those that are too difficult can cause frustration or disengagement. The psychological concept of flow

describes a state in which individuals are fully immersed and motivated during task execution due

to a well-balanced challenge-to-skill ratio (Csikszentmihalyi, 1990), which in turn can favour motor

learning. In stroke rehabilitation, this concept is closely related to the challenge point theory (CPT)

proposed by Guadagnoli and Lee (Guadagnoli et al., 2004), which defines optimal learning conditions

in relation to the task difficulty, the learner’s experience level, and the amount of available informa-

tion (e.g., feedback). Learning is maximised when the functional difficulty matches the individual’s

capability, ensuring the challenge remains neither too high nor too low. A novice learner may benefit

from simple tasks accompanied by high informational support, while more experienced individuals

require increased task complexity and reduced guidance to continue progressing. This approach has

been used in stroke rehabilitation, where, for example, the assistance parameters are updated based

on the performance of the patient in previous trials (Krebs et al., 2003; Kahn et al., 2004).

Furthermore, assist-as-needed approaches in stroke rehabilitation have been widely used to increase

patient involvement in the task, where the assistance only starts to kick in when the patient is unable

to continue performing the movement until completion (Emken et al., 2005; Marchal-Crespo et al.,

2009). Rehabilitation studies have shown that using such approaches instead of rigid guidance can be

beneficial for patients’ sensorimotor recovery (Krebs et al., 2003; Riener et al., 2010).

34



Figure 2.3: Physiotherapist performing the Action Research Arm Test (ARAT) with a stroke patient. A.
Assessing patient’s ability to grasp objects, here a 10 cm cube (top), and place them on top of a shelf (bottom).
B. Assessing patient’s ability to grip (top), here pouring water from glass to glass (bottom). C. Assessing
patient’s ability to pinch objects, here using the thumb and index to pinch a 6 mm ball bearing (top) and a
1.5 cm marble (bottom), and place them on top of a shelf.

2.2.4 Assessment in Stroke Rehabilitation

Effective assessment is essential for tracking patients’ evolving capabilities throughout their recovery,

as well as for tailoring interventions and evaluating treatment efficacy (Kwakkel, 2019). Various clinical

scales have been developed to do so, focusing on assessing patients’ motor recovery, e.g., Fugl-Meyer

Assessment (FM-UE) (Fig. 2.2) (Duncan et al., 1983), or on the functional performance of their

upper-extremity and their dexterity, with assessments using standardised objects mimicking those of

daily living, e.g., the Action Research Arm Test (ARAT) (Fig. 2.3) (Lyle, 1981) and the Box and

Block Test (BBT) (Mathiowetz et al., 1985). Other assessments, such as the Barthel Index (Mahoney

et al., 1965), and the Functional Independence Measure (FIM) (Dodds et al., 1993), focus on evaluating

functional independence in daily activities and disability level, through patients’ self-report or clinician

observation.

Although clinical scores provide valuable information on function and are easy to administer,

therefore suitable for clinical environments, they are often subjective (Lincoln et al., 1991), have
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limited reliability (Connell et al., 2012), and lack precision (Hillier et al., 2015). They may also be

prone to floor and ceiling effects (Lincoln et al., 1991), making it difficult to detect small changes in

performance in severely impaired individuals. As a complement, objective measures such as kinematic

analysis, force production, and electromyographic (EMG) recordings could help identify earlier changes

in motor strategies associated with goal-oriented tasks and distinguish behavioural restitution from

compensation by objectively capturing quality of movement (De Los Reyes-Guzmán et al., 2014;

Schwarz et al., 2019; Kwakkel, 2019).

Recent expert recommendations have highlighted the importance of integrating both clinical and

quantitative assessments to comprehensively characterise upper-limb recovery after stroke. In particu-

lar, Kwakkel et al. (2019) (Kwakkel, 2019) and the CAULIN consensus (Prange-Lasonder et al., 2021)

emphasise that combining validated clinical measures such as the FM-UE and ARAT with objective

kinematic and sensor-based metrics could provide a better understanding of recovery trajectories and

support evidence-based decision-making in neurorehabilitation.

2.2.5 Quality of evidence in neurorehabilitation research

While the literature on stroke rehabilitation provides valuable insights into motor learning, dose-

response relationships, and technology-aided interventions, it is important to recognise that the overall

quality of evidence in this field remains variable. According to the established hierarchy of evidence,

systematic reviews and meta-analyses of randomised controlled trials (RCTs) represent the highest

level of methodological rigour, followed by individual RCTs, cohort studies, and case reports (Dev-

ereaux et al., 2003). However, the inherent complexity of stroke-related disabilities, together with het-

erogeneous patient populations, varied intervention protocols, and the difficulty of recruiting large sam-

ples, often limits the feasibility of large, high-quality RCTs (Stinear et al., 2020). Consequently, many

studies in neurorehabilitation are small-scale or exploratory, providing low- to moderate-certainty ev-

idence (Winstein et al., 2016). This highlights the need for cautious interpretation of existing findings

and continued efforts to strengthen the evidence base through multicentre collaborations, standardised

outcome measures, and transparent reporting practices (Stinear et al., 2020).
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2.3 Technology-Aided Rehabilitation

2.3.1 Robotic Systems for Upper-Limb Stroke Rehabilitation

Robotic technologies have become increasingly prominent in stroke upper-limb rehabilitation over the

past decades, where various mechanical systems and controllers have been developed (Marchal-Crespo

et al., 2009; Maciejasz et al., 2014; Basteris et al., 2014).

These systems can be grouped into four broad design categories. First, end-effector devices interact

with the user at a single distal point, typically the hand or wrist, and guide the limb through spa-

tial trajectories without directly controlling individual joints (Fig. 2.4 A). Second, exoskeleton robots

comprise joint-aligned mechanical frames that attach along the arm to provide joint-specific actu-

ation and support (Fig. 2.4 B). Third, soft exosuits and compliant robotic interfaces have emerged

as lightweight alternatives, using textiles or flexible actuators to assist movement while conforming

to the user’s body (Fig. 2.4 C). Robotic rehabilitation devices are typically equipped with embedded

sensors, such as encoders or force transducers, to monitor kinematics and dynamics, and with ac-

tuators to produce controlled movement. These devices typically aim to support the affected upper

limb during pre-defined exercises, fully guiding the movement, providing gravitational compensation,

or introducing various levels of assistance/resistance based on patients’ abilities, which can promote

active engagement.

A key advantage of robotic systems is their capacity to deliver high-repetition, high-intensity

training (Kwakkel et al., 2008). This is particularly relevant in stroke rehabilitation, where neuroplastic

changes depend on the volume and specificity of practice as mentioned previously (Kleim et al., 2008).

Systematic reviews with meta-analysis have shown that robot-assisted arm training can lead to small

but statistically significant improvements in upper-limb function and muscle strength (Mehrholz et

al., 2018; Veerbeek et al., 2017; Bertani et al., 2017). These benefits are typically seen across acute,

subacute, and chronic stroke stages, but effect sizes are slightly higher in early recovery (Mehrholz

et al., 2018). However, motor improvements do not consistently generalise to real-world functional use,

especially for more mildly impaired patients (Veerbeek et al., 2017); and severely impaired individuals,

particularly those with limited voluntary movement, seem to benefit most from robotic therapy. This

suggests that personalisation of robot-based training, where task difficulty and assistance level are

tailored to each patient’s abilities and progress, appears crucial for meaningful recovery outcomes.

This is confirmed by a multi-centre randomised controlled trial (RCT) which showed that applying

the same robot-assisted training programme to a heterogeneous patient group yields limited results

in motor function improvements, when compared to usual care (Rodgers et al., 2019). However,

when incorporated into a personalised rehabilitation programme, robotic training can contribute to

increased motor and functional outcomes (Ward et al., 2019).
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Figure 2.4: Example of robotic devices for upper-limb rehabilitation. A. End-effector device (MIT-Manus)
(Krebs et al., 2004). B. Exoskeleton device (ArmeoSpring, Hocoma) C. Soft wearable exosuit (Lotti et al.,
2020).

While many robotic systems target the shoulder and elbow due to their large range of motion and

contribution to gross motor tasks, distal joints such as the wrist and fingers are often underrepresented

in rehabilitation protocols (Squeri et al., 2014; Mazzoleni et al., 2018). Moreover, robot-assisted shoul-

der and elbow movements, such as during repetitive reaching tasks, result in statistically significant

improvements at the trained joints, but not necessarily gains at the wrist or fingers, which are not

directly exercised (Krebs et al., 2007; Mazzoleni et al., 2013). This suggests that motor recovery

achieved through proximal training alone may not generalise distally, limiting its translation to func-

tional activities that require coordinated hand use. In contrast, more recent work has shown that

wrist-focused rehabilitation may induce improvements that extend beyond the trained joint, specif-

ically leading to gains in motor control of the proximal parts of the upper-limb, as assessed by the

FM-UE of the shoulder and elbow scores (Squeri et al., 2014; Takahashi et al., 2008; Krebs et al., 2007;

Lambercy et al., 2011). Furthermore, when comparing improvements after shoulder-elbow training

and wrist-only training after stroke, Mazzoleni and colleagues observed similar improvements on the

proximal segments of the arm, reinforcing the potential of distal-focused therapy to drive more global

upper-limb recovery (Mazzoleni et al., 2013; Mazzoleni et al., 2018). These findings are particularly

important given that impairments at the wrist and fingers can greatly limit hand opening, object

manipulation, and overall independence in daily life (Lambercy et al., 2007; Squeri et al., 2014).

While robotic rehabilitation often targets specific joints or motions, an open question remains

whether training multiple joints simultaneously provides greater functional benefit than training joints

in isolation. Milot and colleagues conducted a crossover trial in chronic stroke patients comparing

single-joint versus multi-joint robotic training using a 6-DOF exoskeleton (Milot et al., 2013). Both
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approaches led to clinically significant improvements in upper-limb outcomes, but no significant dif-

ferences were found between the two training modes across primary and secondary outcome measures,

including the BBT and FM-UE (Milot et al., 2013). Similarly, Fluet et al. compared integrated

training of the hand and arm to isolated training of each joint using a haptically rendered virtual

environment. While both training types improved performance, differences in retention and move-

ment kinematics suggested that multi-joint training may offer more durable changes in some domains,

though overall functional gains were comparable (Fluet et al., 2014). These results challenge the con-

ventional assumption that complex, coordinated task training is superior. Instead, a flexible approach

focusing on simpler movements and segment-specific training may result in similar recovery outcomes.

This type of intervention may also be better suited to the clinical environment, where space, therapist

time, and patient endurance are often limited. Single-joint training could reduce set-up and calibration

times as well as patients’ physical and cognitive demands, allowing rehabilitation to begin earlier post-

stroke, hence leveraging the heightened plasticity of the early recovery window more effectively. Their

relative simplicity makes these systems more suitable for financially constrained healthcare settings

and easier and safer for both patients and therapists to use.

In summary, robotic systems can offer reproducible and intensive upper-limb training with quan-

tifiable movement support and monitoring. Their versatility across impairment levels and compat-

ibility with adaptive control strategies make them a useful tool in post-stroke motor rehabilitation.

While robotic devices primarily deliver mechanical assistance, other technologies like functional elec-

trical stimulation (FES) engage the neuromuscular system through the electrical activation of muscles,

which can further support recovery.

2.3.2 Functional electrical stimulation (FES) for upper-limb reha-

bilitation

Electrical stimulation is a technology that delivers controlled electrical currents to peripheral nerves

to evoke muscle contractions. In stroke rehabilitation, it is commonly used to restore upper-limb

function by assisting voluntary movements such as grasping and walking (Lynch et al., 2008). These

stimulation-induced contractions are typically achieved through surface electrodes and aim to enhance

both task performance and neural recovery by engaging motor and sensory pathways, promoting

neuroplasticity through orthodromic and antidromic signalling (Lynch et al., 2008). It may be applied

passively or in conjunction with patient effort, often during repetitive and task-specific training to

encourage motor relearning, where it is referred to as functional electrical stimulation (FES).

Numerous studies have demonstrated the efficacy of FES in improving upper-limb motor function

after stroke. Systematic reviews with meta-analysis have shown that FES-based therapy leads to

moderate improvements in motor performance compared to placebo or conventional therapy (Howlett
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Table 2.1: Example of sensing, control inputs, and common types of controllers used in robotic, FES, and
hybrid systems for upper-limb rehabilitation.

System Type Sensing Modalities Control Inputs Actuation Type Common Control Strategies
Robotic Kinematics, torque, EMG ❖ Kinematic error

❖ Motor commands: torque, EMG-based
(threshold, proportional)

Motors (actuators) ❖ Position control
❖ Impedance control
❖ Assist-as-needed
❖ EMG-modulated

FES Kinematics, torque, EMG ❖ Kinematic error
❖ Motor commands: EMG-based
(threshold, proportional)
❖ Fatigue: M-wave, FES-induced torque

Electrical stimulation ❖ EMG-triggered
❖ EMG-modulated
❖ Open-loop control
❖ Impedance control

Hybrid Kinematics, torque, EMG ❖ Kinematic error
❖ Motor commands: torque, EMG-based
❖ Fatigue

Motors + stimulation ❖ Cooperative control
❖ Model predictive control
❖ Adaptive control
❖ Fatigue-compensation

et al., 2015; Eraifej et al., 2017). Specifically, Howlett and colleagues found that FES interventions

after stroke led to statistically significant improvements in upper-limb activity (Howlett et al., 2015).

However, the effects of FES on improvements in ADLs may be more beneficial when the interven-

tion is applied within two months post-stroke (Eraifej et al., 2017). Similarly, when compared to a

control group, motor recovery outcomes with FES-training led to significant and clinically important

differences when initiated within two months post-stroke (Eraifej et al., 2017). FES is also effective in

patients with severe hemiparesis who exhibit minimal or no voluntary movement. Alon et al. (Alon

et al., 2008) showed that subacute individuals with severe upper-limb impairment achieved significant

gains in the recovery of motor control (FM-UE score), after FES-assisted exercise compared to a group

training without FES, but these are not necessarily transferred to functional improvements in severe

patients (Alon et al., 2008; Shimodozono et al., 2014). Moreover, patients with severe hemiparesis

may require longer training time to recover functional impairments in addition to motor control (Alon

et al., 2008; Mangold et al., 2009). Indeed, another study investigating a more intensive FES pro-

gramme (5 days a week, 12-16 weeks) for acute severe hemiplegic patients showed positive outcomes

in both motor control recovery and ADLs compared to conventional therapy (Thrasher et al., 2008).

Additionally, national and international clinical guidelines increasingly support the use of FES for

upper-limb stroke rehabilitation, particularly for reducing weakness and improving function (Salbach

et al., 2022; Intercollegiate Stroke Working Party, 2023; Veterans Affairs/Department of Defense,

2024; Stroke Foundation, 2024). More specifically, the UK National Institute for Health and Care

Excellence (NICE) (Intercollegiate Stroke Working Party, 2023), the Canadian Stroke Best Practice

Guidelines (Salbach et al., 2022) and the Dutch KNGF guidelines (Royal Dutch Society for Phys-

ical Therapy, 2014) recommend its use in forearm muscles, to improve wrist and finger extension

movements and increase strength. These recommendations are backed by clinical trial data showing

meaningful improvements when FES is applied early after stroke and within functionally relevant

training paradigms.

Despite its benefits, FES therapy is associated with several challenges. One major limitation is
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muscle fatigue, which can arise rapidly due to the non-physiological recruitment of motor units during

stimulation, unlike the naturally varying recruitment pattern seen in voluntary movements (Gorgey

et al., 2009; Maffiuletti, 2010; Bickel et al., 2011; Miura et al., 2016; Zhang et al., 2011). Indeed, there

are different types of motor units, where some are slow-twitch and resistant to fatigue, while others

are fast-twitch and fast-fatigable (Merletti et al., 2004). For sustained small contraction levels, the

nervous system tends to first activate slow-type motor units. However, during FES all types of motor

units are likely to be activated, including those which are fast-fatigable (Lynch et al., 2008). This

leads to increased fatigue at a similar contraction level compared to voluntarily-sustained contraction.

This limitation is recognised and has been well-studied in assisting devices and athletic contexts,

especially for individuals with spinal cord injury (Ibitoye et al., 2016), such as during the Cybathlon

FES cycling race (Riener et al., 2014). However, there is a lack of evidence on whether and how this

mechanism could arise during stroke rehabilitation. Although in these contexts, FES is often applied

intermittently and in conjunction with voluntary effort, which can help reduce fatigue and improve

comfort (Eraifej et al., 2017), studying the effect of FES-induced contractions in such scenarios could

help confirm whether these are sufficient for preventing the rise of fatigue. Indeed, the underlying

neural conditions after stroke and a spinal cord injury differ markedly. In individuals with spinal cord

injury, motor pathways are completely disrupted, preventing voluntary neural signals from reaching

the muscles and resulting in full reliance on externally induced contractions, where fatigue may develop

more rapidly. In contrast, post-stroke patients typically retain partially intact descending pathways

and can still send motor commands (although weak) to contract muscles, where the contraction can

be increased using FES. Additionally, discomfort and skin irritation from surface stimulation can limit

its use, although this can sometimes be mitigated by using larger electrodes to distribute current over

a larger area.

To mitigate these issues, various control algorithms have been developed for adjusting stimulation

parameters and electrode activation to mimic natural recruitment. For instance, rotating pulses

between multiple stimulating electrodes has been tested as a way to mitigate fatigue and has shown

some positive results (Maffiuletti et al., 2014; Wiest et al., 2019; Laubacher et al., 2019; Barss et

al., 2021), although it is sometimes associated with increased discomfort, likely due to the smaller

electrodes inducing a larger current density (Wiest et al., 2019; Barss et al., 2021).

In parallel, research has focused on detecting muscle fatigue through physiological signals such as

EMG and torque outputs. Frequency-domain features such as mean or median frequency, have been

used to assess muscle fatigue (Stulen et al., 1981; Arendt-Nielsen et al., 1989). On the other hand,

the muscle’s response to electrical stimulation can be used to estimate muscle fatigue. This so-called

M-wave represents the total electrical activity of all motor units depolarised within the stimulation

electrodes’ range (Rodriguez-Falces et al., 2018), where its amplitude, duration, and area can be used

as fatigue measures (Chesler et al., 1997; Tepavac et al., 1997; Badier et al., 1999; Rodriguez-Falces
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et al., 2018). However, the literature presents discrepancies regarding which M-wave parameters

best quantify muscle fatigue, as the underlying mechanisms are not fully understood. Some studies

report a decrease in M-wave peak-to-peak amplitude with fatigue (Tepavac et al., 1997; Chesler et

al., 1997; Mizrahi et al., 1994), and the extent of this change may be influenced by stimulation

parameters and muscle type (Badier et al., 1999; Vromans et al., 2018). Conversely, other research

highlights an increase in M-wave duration (or a decrease in frequency) or area with fatigue (Dimitrova

et al., 2005; Chesler et al., 1997; Heasman et al., 2000; Hayashibe et al., 2011). In light of these

inconsistent findings, some researchers have focused on the biphasic characteristic of the M-wave,

extracting parameters from each of the two phases separately. It is believed that these phases are

differently affected by the physiological processes of fatigue (Lateva et al., 1996; Heasman et al., 2000;

Rodriguez-Falces et al., 2017; Rodriguez-Falces et al., 2018). Studies suggest that the second phase

of the M-wave may be influenced by changes in muscle architecture, such as shortening muscle length

or relative positional changes between the muscle and recording electrodes, making it less suitable for

fatigue analysis (Lateva et al., 1996; Rodriguez-Falces et al., 2018). However, recent findings indicate

that the first phase of the M-wave may remain unaffected by such structural changes and may reflect

more accurately fatigue-related mechanisms (Rodriguez-Falces et al., 2017). Thus, separate analysis

of the two M-wave phases is recommended (Rodriguez-Falces et al., 2018).

These features are increasingly being incorporated into closed-loop control algorithms to modulate

FES intensity or timing based on real-time feedback. For instance, Li and colleagues used a muscle

model to characterise the response of stimulation parameters to the evoked muscle activity (Li et al.,

2018). This closed-loop FES control system could allow the tracking of desired muscle activation

patterns of spinal cord injury patients, while limiting fatigue (Li et al., 2018). Similarly, evoked-

EMG was also used to predict the torque output even in the presence of muscle fatigue, and could

be implemented in a closed-loop controller (Qiu et al., 2016). The change in FES-induced torque was

also used as a metric to trigger a change in the stimulation frequency, hence maximising the generated

torque output (Dudley-Javoroski et al., 2011).

Other control algorithms utilising user intention or movement as an input are also investigated,

where stimulation is triggered or modulated based on EMG activity, torque, or movement performance

so that patient engagement can be enhanced. EMG-triggered FES protocols typically deliver stimu-

lation when a predefined threshold of voluntary EMG activity is detected in the target muscle, thus

reinforcing patients’ own effort and potentially facilitating learning and recovery (Kroon et al., 2005;

Bolton et al., 2004). EMG-modulated systems go one step further by continuously adjusting the inten-

sity of stimulation in real time, proportionally to the amplitude of voluntary muscle activity (Fujiwara

et al., 2009; Shindo et al., 2011; Ambrosini et al., 2014). These strategies help maintain synchrony

between voluntary effort and the FES-induced contraction, potentially enhancing motor learning and

user engagement (Ambrosini et al., 2014). Shindo and colleagues compared subacute stroke patients
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wearing a splint and an EMG-controlled FES system for finger extension with a control group wearing

a splint alone, both groups wearing the systems daily but without specific additional therapy (Shindo

et al., 2011). They found that the group with the EMG-controlled FES system showed greater gains in

distal motor recovery and in upper-limb functions (Shindo et al., 2011). Similar results were obtained

in chronic patients wearing the EMG-controlled FES system and the splint daily (Fujiwara et al.,

2009). Furthermore, more subacute stroke patients receiving task-oriented therapy with assistance

of EMG-controlled FES compared to the conventional therapy control group improved in terms of

upper-limb impairment and functions, although the expected effect size was not reached (Jonsdottir

et al., 2017).

Nonetheless, a major challenge in implementing these systems is the electromechanical delay be-

tween electrical stimulation and the resulting muscle contraction (e.g. 10140 ms (Lynch et al., 2008;

Downey et al., 2017). This delay complicates the synchronisation of FES with robotic actuators or

voluntary movements and can lead to suboptimal assistance or unintended counterforces. Studies

have shown that when combined with robotic assistance, it can induce higher muscular effort, likely

due to misaligned actuation timing (Hu et al., 2011). Predictive models of the muscle response to

electrical stimulation have been proposed to compensate for this delay (Riener et al., 1996; Ferrarin

et al., 2000; Gollee et al., 2001; Gwo-Ching Chang et al., 1997), and advanced controllers have been

developed to align stimulation timing with motion trajectories (del-Ama et al., 2014; Qiu et al., 2016).

However, most of these approaches are designed for repetitive, cyclic tasks, do not account for the

time-varying nature of electromechanical delay (Downey et al., 2017), and are typically applied to

cyclic gait motion or to the tracking of pre-determined trajectories, which can limit their application

in dynamic or goal-directed rehabilitation scenarios.

In summary, FES is a flexible and well-supported intervention that can restore upper-limb motor

control after stroke, even in severely impaired individuals. Its ability to engage physiological mecha-

nisms of neuroplasticity and its compatibility with other rehabilitation technologies make it a critical

tool for maximising recovery, though fatigue and discomfort remain important challenges to address.

2.3.3 Hybrid Robotic and Functional Electrical Stimulation Sys-

tems

The individual limitations of robotic and FES-based rehabilitation systems have motivated researchers

to explore hybrid approaches that combine both technologies. While FES provides sensory feedback

and elicits muscle contraction, robotic systems assist users in performing desired tasks by acting on

joint torques, resulting in smooth limb motion (Resquin et al., 2016). Such hybrid systems may

be beneficial as they can provide users with a more complete sensorimotor experience, which could

enhance therapeutic effects (Lee et al., 2015; Hu et al., 2015), while reducing stimulation amplitude
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which may cause fatigue or discomfort over time (Gorgey et al., 2009; Maffiuletti, 2010; Miura et

al., 2016; Zhang et al., 2011). Robotic assistance can complement FES by providing the powerful

and smooth motion that electrical stimulation alone cannot achieve, while FES contributes to the

neuroplastic benefits of muscle activation that passive robotic assistance lacks (Resquin et al., 2016).

A recent systematic review by Höhler et al. (2024) comprehensively evaluated the efficacy of

hybrid neuroprostheses for upper limb rehabilitation after stroke, with a meta-analysis of seven RCTs

that compared hybrid robot-FES systems to control interventions (Höhler et al., 2024). The meta-

analysis demonstrated that hybrid neuroprostheses have a positive effect on upper limb recovery after

stroke both in the subacute and chronic stages, with effects persisting at least three months after the

intervention.

The collective evidence from these RCTs also indicates that treatment duration can be a critical

factor in the effectiveness of hybrid systems (Höhler et al., 2024). Improvements in clinical outcomes

of the hybrid intervention compared to the control group (either conventional or robot-only therapy)

increase with therapy duration (from 2 weeks for short protocols to 4-9 weeks for longer protocols).

The location of robotic assistance (distal versus proximal) seems less important than the combined

approach itself, as both configurations demonstrated similar therapeutic benefits. However, systems

providing simultaneous hybrid support to both distal and proximal joints consistently induced recovery

of both distal and proximal functions immediately after intervention and at 3-month follow-up (Qian et

al., 2019). In contrast, devices focusing on distal support initially produced improvements exclusively

in proximal functions, with distal improvements becoming apparent only at follow-up assessments

(Huang et al., 2020; Hu et al., 2015). This pattern suggests that proximal functions recover first, with

distal improvements manifesting after a delay, which may be attributable to proximal compensatory

movements during distal limb tasks (Hu et al., 2015). These findings indicate that hybrid devices

providing combined distal and proximal support may be particularly effective in counteracting the

typically asynchronous recovery pattern of upper limb functions after stroke. Additionally, the method

of FES activation (EMG-driven (Hu et al., 2015; Qian et al., 2017; Huang et al., 2020; Ambrosini

et al., 2021) versus externally controlled (Miyasaka et al., 2016; Lee et al., 2015; Grigoras et al.,

2016)) did not appear to significantly influence outcomes (Höhler et al., 2024). This may also be

due to therapists encouraging patients to actively imagine the motion and/or contract their muscles

to increase engagement, which may have a similar effect as an EMG-triggered system. However, the

heterogeneity in intervention protocols, patient populations, and outcome measures across studies

highlights the ongoing need for standardised approaches to optimise hybrid rehabilitation systems

(Höhler et al., 2024).

Despite these promising clinical outcomes, current hybrid systems suffer from several limitations

that restrict their therapeutic potential. Most previous work on hybrid systems for upper-limb stroke

rehabilitation has opted for designs where FES and robotic devices do not directly act on the same
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joint motion (Resquin et al., 2016). More specifically, the majority of existing systems rely on FES as

the primary means of assistance while using robotic devices only to promote stability and gravitational

support (Ambrosini et al., 2017; Alon et al., 2003; Ring et al., 2005; Fujiwara et al., 2009; Barker

et al., 2008; Wu et al., 2011; Meadmore et al., 2012; Westerveld et al., 2014; Resquín et al., 2016),

or to contribute to different joint movements than those supported by FES (Alon et al., 2003; Ring

et al., 2005; Meadmore et al., 2012; Resquín et al., 2016). For instance, the RETRAINER system

combines a passive exoskeleton that provides arm weight anti-gravity support with EMG-controlled

FES placed on the arm muscles depending on patients’ needs (Ambrosini et al., 2017; Ambrosini et

al., 2021). Furthermore, many of these hybrid devices do not provide continuous, adaptive assistance

as FES is often triggered manually by therapists via button presses (Alon et al., 2003; Ring et al.,

2005), which restricts the continuity of movement execution and may diminish patient engagement in

the rehabilitation process (Kroon et al., 2005; Rushton, 2003; Kahn et al., 2006; Blank et al., 2014).

Other systems rely on electromyographic signals (EMG) to trigger FES assistance (Fujiwara et al.,

2009; Barker et al., 2008; Ambrosini et al., 2021), which can be problematic given that EMG signals

are often impaired in stroke patients (Roh et al., 2015; Raghavan, 2015; Roh et al., 2013). Using EMG

as the sole control input may therefore limit the system’s applicability to users with reliable muscle

contraction (Resquin et al., 2016).

More recently, researchers have begun developing systems that combine FES and robotic assistance

on the same joint motion. These approaches aim to leverage the complementary advantages of both

technologies while mitigating their individual limitations (Resquin et al., 2016). However, the techni-

cal complexity of coordinating two active devices in a stroke rehabilitation scenario presents significant

challenges. The integration requires sophisticated control algorithms to appropriately distribute assis-

tance between the two modalities, manage potential conflicts between robotic and FES-induced forces,

and ensure safe operation. Additionally, the non-linear and time-varying nature of FES-induced muscle

responses, combined with the need to account for muscle fatigue and individual patient characteristics,

makes the development of effective hybrid controllers particularly challenging (Resquin et al., 2016).

Recent research has begun to address these limitations through the development of more so-

phisticated hybrid control strategies. Advanced controllers using model predictive control have been

proposed to optimally distribute actuation between FES and robotic systems (Dunkelberger et al.,

2023), while adaptive cooperative control approaches that consider FES-induced muscle fatigue in the

control loop have been developed (Burchielli et al., 2022; Bardi et al., 2021; del-Ama et al., 2014).

These advanced control strategies show promise for delaying the onset of fatigue (Burchielli et al.,

2022; Bardi et al., 2021), and reducing power requirements (Wolf et al., 2017; Bardi et al., 2021;

Dunkelberger et al., 2022) compared to FES or robotic assistance alone. However, most of these

developments have been tested primarily in unimpaired participants or simulation environments, and

focus mainly on assistance rather than rehabilitation (Dunkelberger et al., 2022; Burchielli et al., 2022;
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Bardi et al., 2021). Additionally, the challenge of compensating the delay between the stimulation

onset and the resulting torque generation has also been tackled in recent works (del-Ama et al., 2014;

Qiu et al., 2016), which could lead to better alignment of the motion resulting from the two actuation

systems. However, these approaches for delay compensation do not consider the time-varying nature

of the electromechanical delay (Downey et al., 2017), and are typically applied to cyclic gait motion

or to the tracking of predetermined trajectories, making them less suitable for rehabilitation tasks.

The translation of these advanced controllers to clinical practice faces several challenges. The

complexity of parameter identification for patient-specific models, the need for extensive calibration

procedures, and the requirement for sophisticated sensing and control hardware, may all limit their

immediate applicability to clinical environments. Additionally, ensuring that these advanced systems

maintain the principle of promoting patient engagement rather than replacing patient effort remains

a critical consideration in their development (Winstein et al., 2018). Indeed, an important distinction

in hybrid system design is the difference between assistive and rehabilitative use. In rehabilitation,

the goal is not simply to complete the task but to engage the patient in active participation to

drive neuroplastic changes. Systems that overly compensate for the user or automate the task may

reduce patient effort and limit the therapeutic effect, a phenomenon sometimes described as “slacking”

(Kahn et al., 2006; Rushton, 2003; Blank et al., 2014). Currently, most of these advanced systems

are designed with the goal of assisting and providing optimal tracking performance in a specific task,

e.g., for use at home by individuals with spinal cord injury. These approaches may not be suitable

for rehabilitation of stroke patients, where it is crucial for the patient to remain actively involved

in the movement, using appropriate levels of assistance, which challenge the patient while ensuring

task completion, with the goal of enhancing recovery outcomes. The deployment of hybrid robot-

FES systems, sharing the actuation load between the two modalities, while incorporating fatigue and

delay compensation mechanisms where required, and specifically designed for stroke rehabilitation is

still needed. Maintaining patient engagement while preventing over-assistance and lengthy calibration

procedures are key aspects in making these systems suitable for clinical implementation in stroke

rehabilitation settings.
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Chapter 3

Experimental system and analyses

3.1 Hybrid robot-FES system

3.1.1 Wrist robotic interface

The HRX-1 robot shown in Figure 3.1 is a one-DOF interface for wrist flexion/extension (Human-

RobotiX, UK). It is compact and light and can be quickly installed by mounting it to a table with

clamps. The hand is attached to an ergonomic handle while the forearm is strapped to an adjustable

arm support to ensure joint alignment and comfortable natural movements for various arm and hand

sizes. It is actuated by a brushless low-friction motor, which delivers up to 4 Nm of torque and is

controlled by the Epos4 70/15 motor controller (Maxon Motors, Switzerland). Torque measurement

is provided by the embedded torque sensor (with 0.014 Nm resolution) and the user’s wrist angle is

recorded using the embedded optical encoder (0.01◦ resolution). The robot is programmed in Matlab

and run through serial communication at a frequency of approximately 100 Hz. Redundant safety

measures have been implemented in this device through mechanical, electrical and software limits. A

physical safety stop is in place to turn off the power input to the robot.

Figure 3.1: HRX-1 robotic device for wrist flexion/extension, featuring an ergonomic handle and an adjustable
forearm support with straps to secure the hand and forearm, in its compact casing.
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Figure 3.2: FES device with the stimulation module and the 16-electrode array with the anode electrode
positioned on the dorsal and ventral side of the wrist near the ulnar head and the cathode array positioned
around the arm in line with the belly of the wrist flexor and extensor muscles.

3.1.2 Functional electrical stimulation (FES) device

The FES device shown in Figure 3.2 comprises a stimulation module, a 16-electrode array, and a

socket case connected to the multi-field electrode array via pressure connectors (Tecnalia Research

& Innovation, Spain). The wireless stimulation module is responsible for generating symmetrical

biphasic electrical pulses that will then be transmitted to the skin by the electrodes. A hydrogel

layer is placed on the electrodes to improve the conductivity of the array with the skin and additional

Velcro straps are positioned around the electrodes to tighten the array around the forearm. The

anode electrode is positioned on the dorsal side of the wrist near the ulnar head and the cathode

array is positioned around the arm in line with the belly of the wrist flexor and extensor muscles for

comfortable and effective stimulation (Fig. 3.2). The frequency of the stimulation is fixed at 35 Hz and

the pulse width at 300 µs as these values are used clinically (Kapadia et al., 2013). The amplitude of

the stimulation can be varied up from 0.1 - 90 mA (with 0.1 mA resolution). The system is designed

to be controlled remotely by Matlab via Bluetooth communication. Redundant safety measures have

been implemented in this device through firmware and software limits. A physical safety stop is in

place to turn off the power input to the stimulator.

After positioning the electrodes on the wrist flexor and extensor muscles, an FES calibration

is performed. Two cathode electrodes within the cathode array are selected to generate the flexion

movements and two other cathode electrodes for the extension movements. The electrode location and

corresponding maximum stimulation are selected individually for the flexion and extension side, such

that the stimulation is comfortable and the generated movement covers as much of the participant’s

range of motion as possible. The FES amplitude is capped at the maximum comfortable stimulation

determined by the user for the flexion and extension movements. The minimum FES amplitude is

defined as the participant’s sensory threshold through self-report or as the motor threshold (defined as

the amplitude at which an average torque of 0.2 Nm is generated during a 3-second stimulation). This

is done individually for the flexor stimulation and the extensor stimulation. The torque generated

by each of these stimulation amplitudes while the participant is relaxed is then recorded to obtain a

mapping between torque and stimulation amplitude for flexion and extension, respectively.
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Figure 3.3: Hybrid system combining FES with electrodes placed on the wrist flexor and extensor muscles and
the wrist HRX-1 robot providing torque to the wrist. The hybrid robot-FES system is used to assist participants
in tracking a randomly moving target on-screen using wrist flexion/extension movements.

3.2 Tracking task

The task used throughout this work is a continuous tracking task, in which individuals track a moving

target placed in front of them using wrist flexion/extension movements, while being assisted by a robot

or FES as shown in Figure 3.3. This task requires continuous motor control and hand-eye coordination,

which are essential in many real-world actions. When robot-FES assistance is applied, multimodal

feedback is provided, with visual, proprioceptive, sensory, and muscle stimulations, which can further

reinforce motor learning mechanisms (Lang et al., 2009; Blank et al., 2014). Additionally, the dynamic

nature of the task enables a high number of repetitions, which are beneficial in rehabilitation post-

stroke to drive neuroplastic changes (Nudo, 2006; Murphy et al., 2009). This task is also modular

enough to be adapted to different levels of impairments, where the speed of the target and its range

can be modified to personalise rehabilitation training. This 1-DOF device and task can thus be used to

train wrist flexion–extension as an isolated joint movement to enhance motor control and coordination

in the distal part of the upper-limb, crucial to perform many ADLs. Using a single DOF also limits

the cognitive load required to complete the task and makes it accessible and suitable for individuals

in the subacute stage of stroke.

The Matlab App graphical user interface is used to display two circles on a screen, representing the

user’s wrist angular position and the target angle. The target trajectory is defined as the product of two

sinusoids, which has been extensively used in human-robot interaction with unimpaired participants

(Ivanova et al., 2020; Ivanova et al., 2022; Börner et al., 2023):

q∗(t) = q∗
mid + q∗

max sin
(︂
ω1 t+

)︂
sin
(︂
ω2 t+

)︂
(3.1)

49



where t+ = t+ t0, t is the elapsed time and t0 is the starting time. t0 is selected to vary across trials to

prevent consistent prediction of the target trajectory by the participants. q∗ is the target angle. q∗
mid

is the middle point of the target range and the amplitude from that point to the maximum range is

q∗
max. In experiments with unimpaired participants q∗

mid = 0◦ and q∗
max = 38.6◦. For stroke patients

q∗
max and q∗

mid are set based on each patient’s active and passive range of motion. ω1 and ω2 determine

the frequency of the target sinusoids and are set to ω1 = 2.0308 Hz and ω2 = 1.0927 Hz for unimpaired

participants and to ω1 = 0.2586 Hz and ω2 = 0.1860 Hz in stroke patients, with variations when the

difficulty of the task is adapted.

The target is programmed and updated in Matlab. Participants are instructed to track the target

as accurately as possible and told that they may feel haptic interaction from the robot and/or electrical

stimulation.

3.3 Metrics

A set of metrics based on kinematic data and muscle activity data from EMG recordings has been

defined to characterise performance and physiological features during training, such as tracking error,

motion smoothness, effort, and fatigue. These metrics can be evaluated during assisted trials to

observe the assistive effects of the robot and/or FES, and during unassisted trials where participants

perform the task alone. Additionally, these metrics can provide information on changes over time,

allowing the monitoring of training effects.

3.3.1 Kinematic metrics

Task performance is quantified by multiple metrics based on kinematic data. The root mean square

error (RMSE) in degrees between the participant trajectory q(t) and the target trajectory q∗(t)

(︄
1
T

∫︂ T

0
e(t)2 dt

)︄1/2

, e(t) = q(t) − q∗(t) (3.2)

with T the trial duration, is used to analyse the tracking performance. The RMSE has been used

previously to characterise the sensorimotor control strategies of stroke patients during target tracking

tasks (Ao et al., 2015) and has been shown to reflect their motor recovery (Hu et al., 2009). The

Spearman’s correlation between the target and participant’s trajectory was also used as a metric to

quantify tracking performance.

We also investigated metrics in the frequency domain to characterise how well participants were

tracking the pattern of the target and whether their trajectory contains high-frequency components,

which would indicate jerky motion. The spectral correlation (Spearman’s correlation) between the
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frequency spectra of the target and participant’s trajectories characterises how well participants are

tracking the target and its pattern. This metric was introduced for this task specifically, to observe

whether patients were able to move in a synchronous way with the target, as most patients had severe

impairments preventing them from tracking the target without assistance. Furthermore, it could

capture the presence of high frequency components, which are not observed in the target’s spectrum.

This way, this metric can also quantify the motion smoothness of the patient, where evidence has

shown that it could be linked with motor recovery (Rohrer et al., 2002; Saes et al., 2021). It could

also capture the relative magnitude of the patient’s movement compared to the target, as represented

by the power of the spectrum around the target frequencies.

SPARC (Spectral Arc Length), which is a marker of the quality of sensorimotor control (Balasub-

ramanian et al., 2015), is also explored in this work to quantify motion smoothness (but it does not

indicate how well the target itself was tracked). However, many stroke patients could not move at

all during the tracking task, especially at the start, hence the SPARC metric was not always suit-

able and could not capture the amount of movement performed by the patient and whether this was

task-meaningful.

3.3.2 Muscle activity metrics

EMG pre-processing

Muscle activity metrics are extracted from pre-processed EMG recordings of the wrist flexor carpi

radialis (FCR) and extensor carpi radialis longus (ECRL) muscles. EMG pre-processing consists of a

Notch filter at the mains noise frequency of 50 Hz, followed by a high-pass and low-pass second order

Butterworth filters (with cut-off frequencies fc = 10 Hz and fc = 500 Hz, respectively). This signal is

then referred to as the filtered EMG. To obtain the envelope of the EMG, the filtered EMG is rectified

and filtered with low-pass second order Butterworth filter with cut-off frequency fc = 5 Hz.

The EMG envelope is then either converted to torque, or normalised by the maximum EMG

envelope throughout the trials or obtained during maximum voluntary contraction. For the former,

the torque-EMG relationship is obtained by linearly regressing the envelope of the rectified EMG

during the EMG calibration procedure with the corresponding torque. During this EMG calibration

participants are asked to resist different torque levels in flexion and extension while their EMG is

recorded.

The EMG metrics of interest can be divided into two categories: time-domain and frequency-

domain metrics. Time-domain metrics, typically used to characterise effort, are obtained from the

envelope of the EMG while frequency-domain metrics, often used to estimate fatigue, are calculated

from the filtered EMG. When FES is applied at a constant amplitude, the evoked FES response,

named the M-wave, can be characterised with different metrics to investigate FES-induced fatigue.
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Time-domain metrics

For the time-domain metrics, the amplitude of the EMG envelope for the flexor EMGflex and ex-

tensor EMGext averaged over a trial can be used to characterise effort. Cocontraction is calculated

from: CC = min(EMGflex, EMGext), and is typically associated with learning (Thoroughman et

al., 1999; Franklin et al., 2003) and reciprocal activation from: RA = max(EMGflex, EMGext) −

min(EMGflex, EMGext), which is a measure of the net effort contributing to the motion.

In FES-assisted trials, the EMG signal is corrupted and contains: (i) the FES artefact, (ii) the

evoked M-wave which is not a voluntary contribution but still leads to recruitment of motor units,

and (iii) the human voluntary contribution. The FES artifact can be filtered using a Hampel filter,

where outliers 1.5 standard deviations away from the median of 30 surrounding samples are replaced

by that median, filtering the FES artefacts. The envelope of this rectified signal containing both

the M-wave and the volitional activity can be used to compute the muscular effort metric since both

are contributing to the activation of motor units and thus affect the characteristics of the muscles

(Rodriguez-Falces et al., 2018). On the other hand, adaptive filters can be used to filter both the

FES artifact and the M-wave contribution, to extract only the volitional contribution. Here, an

adaptive filter designed and validated in the same setup for EMG-based torque estimation under

stimulation of wrist flexor and extensor (Kavianirad et al., 2022) is used for this purpose. The filter

operates by predicting the stimulation-related artifacts, and M-wave components, based on a linear

combination of several preceding EMG window frames. The filter thus continuously estimates and

subtracts these predictable components from the current EMG window frame, in order to extract the

residual voluntary EMG.

Frequency-domain metrics

To compute metrics in the frequency domain the filtered EMG is used. Fatigue can be estimated by

computing the median frequency of the filtered EMG signal, from its Fourier transform (Stulen et al.,

1981; Arendt-Nielsen et al., 1989). A decrease in EMG median frequency corresponds to an increase

in fatigue. The Choi-Williams time-frequency distribution (Choi et al., 1989) can also be used to

extract the instantaneous mean frequency of the time-dependent power spectrum, with the mean and

variance as fatigue metrics specifically during dynamic contractions (Karlsson et al., 2000; Bonato

et al., 2001; González-Izal et al., 2010). The mean and variance metrics were computed across the

instantaneous mean frequencies obtained within one trial duration, where the Choi-Williams time-

frequency distribution was computed at each time point within the 10-500 Hz band. The Dimitrov

Spectral Index, defined as the ratio of the signal spectral moment of order (-1) and the spectral moment

of order five is also relevant for detecting muscle fatigue (Dimitrov et al., 2006).
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FES-specific M-wave metrics

The M-wave, which is the response of the muscle evoked by an electrical stimulation, can be isolated

from the EMG signal and used to estimate muscle fatigue induced by FES. Features from the M-

wave can be extracted such as its amplitude, duration and area and used as measures of fatigue

(Chesler et al., 1997; Tepavac et al., 1997; Badier et al., 1999; Rodriguez-Falces et al., 2018). The

M-wave typically contains two phases which can have different responses. The aforementioned metrics

can thus be computed for each phase separately or for the entire M-wave. The Dimitrov Spectral

Index aforementioned has also been used as a measure of muscle fatigue during FES-evoked muscle

contractions (Dimitrova et al., 2005).

3.4 Clinical scores

To quantify patients’ motor recovery and the severity of their upper-limb impairments, we used the

Fugl-Meyer Assessment (FM-UE) (Duncan et al., 1983). It is one of the most widely used quantitative

measures of motor impairment and has been extensively validated (Gladstone et al., 2002).

The Action Research Arm Test (ARAT) was used to assess functional performance of patients’

upper-extremity and their dexterity. This test uses standardised objects mimicking those used in daily

living and has been validated for use in upper-extremity rehabilitation trials (Lyle, 1981; Lang et al.,

2006).
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FMA-UE PROTOCOL  Rehabilitation Medicine, University of Gothenburg 
 

Approved by Fugl-Meyer AR 2010 1 Updated 2024-01-17 
 

FUGL-MEYER ASSESSMENT     ID: 
UPPER EXTREMITY (FMA-UE)   Date: 
Assessment of sensorimotor function  Examiner: 
Fugl-Meyer AR, Jaasko L, Leyman I, Olsson S, Steglind S: The post-stroke hemiplegic patient. A method for evaluation of physical 
performance. Scand J Rehabil Med 1975, 7:13-31. 

A. UPPER EXTREMITY, sitting position 

I. Reflex activity none can be elicited 
Flexors: biceps and finger flexors (at least one) 
Extensors: triceps  

0 
0 

2 
2 

Subtotal I (max 4)  

II. Volitional movement within synergies, without gravitational help none partial full 
Flexor synergy: Hand from 
contralateral knee to ipsilateral ear. 
From extensor synergy (shoulder 
adduction/ internal rotation, elbow 
extension, forearm pronation) to flexor 
synergy (shoulder abduction/ external 
rotation, elbow flexion, forearm 
supination).  
Extensor synergy: Hand from 
ipsilateral ear to the contralateral knee 

Shoulder              
                              
 
 
Elbow 
Forearm                             

retraction  
elevation  
abduction (90°) 
external rotation 
flexion 
supination                 

0 
0 
0 
0 
0 
0 

1 
1 
1 
1 
1 
1 

2 
2 
2 
2 
2 
2 

Shoulder                     
Elbow 
Forearm                          

adduction/internal rotation 
extension  
pronation 

0 
0 
0 

1 
1 
1 

2 
2 
2 

Subtotal II (max 18)  

III. Volitional movement mixing synergies, without compensation none partial full 
Hand to lumbar spine 
hand on lap 

cannot perform or hand in front of ant-sup iliac spine 
hand behind ant-sup iliac spine (without compensation) 
hand to lumbar spine (without compensation) 

0  
1 

 
 
2 

Shoulder flexion 0°- 90° 
elbow at 0° 
pronation-supination 0° 

immediate abduction or elbow flexion 
abduction or elbow flexion during movement 
flexion 90°, no shoulder abduction or elbow flexion  

0  
1 

 
 
2 

Pronation-supination 
elbow at 90° 
shoulder at 0° 

no pronation/supination, starting position impossible 
limited pronation/supination, maintains starting position 
full pronation/supination, maintains starting position 

0  
1 

 
 
2 

Subtotal III (max 6)  

IV. Volitional movement with little or no synergy none partial full 
Shoulder abduction 0 - 90° 
elbow at 0° 
forearm neutral  

immediate supination or elbow flexion 
supination or elbow flexion during movement 
abduction 90°, maintains extension  and pronation 

0  
1 

 
 

2 
Shoulder flexion 90° - 180° 
elbow at 0° 
pronation-supination 0° 

immediate abduction or elbow flexion 
abduction or elbow flexion during movement 
flexion 180°, no shoulder abduction or elbow flexion 

0  
1 

 
 
2 

Pronation/supination  
elbow at 0° 
shoulder at about 30° flexion  

no pronation/supination, starting position impossible 
limited pronation/supination, maintains start position 
full pronation/supination, maintains starting position 

0  
1 

 
 
2 

Subtotal IV (max 6)  

V. Normal reflex activity assessed only if full score of 6 points is achieved in 
part IV; compare with the unaffected side hyper lively normal 

Biceps, triceps,  
finger flexors 

2 of 3 reflexes markedly hyperactive 
1 reflex markedly hyperactive or at least 2 reflexes lively  
maximum of 1 reflex lively, none hyperactive 

0  
1 

 
 
2 

Subtotal V (max 2)  

Total  A (max 36)  



FMA-UE PROTOCOL  Rehabilitation Medicine, University of Gothenburg 
 

Approved by Fugl-Meyer AR 2010 2 Updated 2024-01-17 
 

B. WRIST support may be provided at the elbow to take or hold the starting 
position, no support at wrist, check the passive range of motion prior testing 

none partial full 

Stability at 15° dorsiflexion  
elbow at 90°, forearm pronated 
shoulder at 0° 

less than 15° active dorsiflexion 
dorsiflexion 15°, no resistance tolerated 
maintains dorsiflexion against resistance 

0  
1 

 
 
2 

Repeated dorsifexion / volar flexion 
elbow at 90°, forearm pronated 
shoulder at 0°, slight finger flexion 

cannot perform volitionally 
limited active range of motion 
full active range of motion, smoothly 

0  
1 

 
 
2 

Stability at 15° dorsiflexion  
elbow at 0°, forearm pronated 
slight shoulder flexion/abduction 

less than 15° active dorsiflexion 
dorsiflexion 15°, no resistance tolerated 
maintains dorsiflexion against resistance 

0  
1 

 
 
2 

Repeated dorsifexion / volar flexion 
elbow at 0°, forearm pronated 
slight shoulder flexion/abduction 

cannot perform volitionally 
limited active range of motion 
full active range of motion, smoothly 

0  
1 

 
 
2 

Circumduction 
elbow at 90°, forearm pronated 
shoulder at 0° 

cannot perform volitionally 
jerky movement or incomplete 
complete and smooth circumduction  

0  
1 

 
 
2 

 Total B (max 10)  

 

C. HAND support may be provided at the elbow to keep 90° flexion, no support at 
the wrist, compare with unaffected hand, the objects are interposed, active grasp 

none partial full 

Mass flexion  
from full active or passive extension  0 1 2 

Mass extension 
from full active or passive flexion  0 1 2 

GRASP 
a. Hook grasp 
flexion in PIP and DIP (digits II-V), 
extension in MCP II-V 

cannot be performed 
can hold position but weak 
maintains position against resistance 

0  
1 

 
 
2 

b. Thumb adduction 
1-st CMC, MCP, IP at 0°, scrap of paper 
between thumb and 2-nd MCP joint 

cannot be performed 
can hold paper but not against tug 
can hold paper against a tug 

0  
1 

 
 
2 

c. Pincer grasp, opposition  
pulpa of the thumb against the pulpa of 
2-nd finger, pencil, tug upward 

cannot be performed 
can hold pencil but not against tug 
can hold pencil against a tug 

0  
1 

 
 

2 
d. Cylinder grasp  
cylinder shaped object (small can) 
tug upward, opposition of thumb and 
fingers 

cannot be performed 
can hold cylinder but not against tug 
can hold cylinder against a tug 

0  
1 

 
 
2 

e. Spherical grasp 
fingers in abduction/flexion, thumb 
opposed, tennis ball, tug away 

cannot be performed 
can hold ball but not against tug 
can hold ball against a tug 

0  
1 

 
 

2 

Total C (max 14)  

 

D. COORDINATION/SPEED, sitting, after one trial with both arms, eyes 
closed, tip of the index finger from knee to nose, 5 times as fast as possible marked slight none 

Tremor  0 1 2 

Dysmetria 
 

pronounced or unsystematic  
slight and systematic 
no dysmetria 

0  
1 

 
 
2 

  ≥ 6s 2 - 5s < 2s 
Time 
start and end with the 
hand on the knee 

6 or more seconds slower than unaffected side  
2-5 seconds slower than unaffected side 
less than 2 seconds difference 

0  
1 

 
 
2 

Total D (max 6)  

 

TOTAL A-D (max 66)  
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H. SENSATION, upper extremity 
 eyes closed, compared with the unaffected side anesthesia hypoesthesia or 

dysesthesia normal 

Light touch upper arm, forearm 
palmary surface of the hand 

0 
0 

1 
1 

2 
2 

  less than 3/4 
correct or 
absence 

3/4 correct or 
considerable 

difference 

correct 100%, 
 little or no 
difference 

Position 
small alterations in the 
position 

shoulder  
elbow 
wrist 
thumb (IP-joint) 

0 
0 
0 
0 

1 
1 
1 
1 

2 
2 
2 
2 

Total H (max12)        

 

I. PASSIVE JOINT MOTION, upper extremity,  
sitting position, compare with the unaffected side 

J. JOINT PAIN during passive 
motion, upper extremity  

 
only few 
degrees  
(less than 10° in 
shoulder) 

decreased  normal  

pronounced pain during 
movement or very marked 
pain at the end of the 
movement 

some 
pain 

no 
pain 

Shoulder 
Flexion (0° - 180°) 
Abduction (0°-90°) 
External rotation 
Internal rotation 

 
0 
0 
0 
0 

 
1 
1 
1 
1 

 
2 
2 
2 
2 

 
0 
0 
0 
0 

 
1 
1 
1 
1 

 
2 
2 
2 
2 

Elbow 
Flexion  
Extension 

 
0 
0 

 
1  
1 

 
2 
2 

 
0 
0 

 
1 
1 

 
2 
2 

Forearm 
Pronation 
Supination 

 
0 
0 

 
1 
1 

 
2 
2 

 
0 
0 

 
1 
1 

 
2 
2 

Wrist 
Flexion  
Extension 

 
0 
0 

 
1  
1 

 
2 
2 

 
0 
0 

 
1 
1 

 
2 
2 

Fingers 
Flexion  
Extension 

 
0 
0 

 
1 
1 

 
2 
2 

 
0 
0 

 
1 
1 

 
2 
2 

Total (max 24)         Total (max 24)                   
 

A. UPPER EXTREMITY /36 

B. WRIST /10 

C. HAND /14 

D. COORDINATION / SPEED / 6 

TOTAL A-D (motor function) /66 
 

H. SENSATION /12 

I. PASSIVE JOINT MOTION /24 

J. JOINT PAIN /24 

 



Action Research Arm Test

Powered by https://Carepatron.com

Patient Name:


Rater’s Name:

Date:

Grasp

Score Legend:

Left

Subtotal

Right

3


2


1


0

Finished the task quickly with the appropriate body position and normal hand/arm movements


Can finish the task but takes abnormally long, has great difficulty, or has improper body posture/hand/arm movements


Can finish the task partially regardless of position/movements


Unable to finish the task

1


2


3


4


5


6

Block (wood), 10 cm. cube


Block (wood), 2.5 cm. cube


Block (wood), 5 cm. cube


Block (wood), 7.5 cm. cube


Cricket ball


Sharpening stone

Pinch

Left

Subtotal

Right

1


2


3


4


5


6

Ball Bearing between thumb and ring finger (3rd finger)


Marble between thumb and index finger (1st finger)


Ball bearing between thumb and middle finger (2nd finger)


Ball bearing between thumb and index finger (1st finger)


Marble between the thumb and ring finger (3rd finger)


Marble between the thumb and middle finger (2nd finger)

Grip

Reference: Internet Stroke Center


Left

Subtotal

Right

1


2


3


4



Pour water from one glass to another


Transfer a 2.25 cm tube from one side to the other


Transfer a 1 cm. Tube from one side to the other


Place the washer over the bolt



Powered by https://Carepatron.com

Gross Movement

Reference: Internet Stroke Center


Left

Subtotal

Total

Notes:

Right

1


2


3




Hand behind the head


Hand on top of the head


Hand to mouth



Chapter 4

Proof of concept of hybrid robot- and

FES-assisted training in unimpaired

participants

The previous chapters have outlined the rationale for developing a hybrid neurorehabilitation system

that combines robotic assistance and FES to enhance upper-limb recovery after stroke. As discussed

in Chapter 2, robot- and FES-based technologies each provide unique advantages: robotic devices offer

well-controlled assistance and enable high-intensity training, while FES engages peripheral nerves and

muscles to promote neuroplasticity. However, limitations such as muscle fatigue with FES and slacking

with robotic systems highlight the potential for complementary use. Furthermore, most hybrid systems

described in the literature rely on FES as the main actuator and use robots primarily for support,

without both modalities acting on the same joint, limiting their synergy and impact on sensorimotor

recovery (Resquin et al., 2016).

To explore the clinical potential of more integrated hybrid control strategies, I have co-developed

a simple, portable one-DOF robot-FES system targeting wrist flexion/extension that is designed for

use in clinical environments and allows controlled, joint-specific hybrid assistance. Before applying it

to stroke patients, it is critical to understand how such assistance modulates motor performance, user

engagement, physiological load, and perceived fatigue in unimpaired individuals. These insights can

inform both controller design and experimental protocols for subsequent clinical testing.

This chapter presents a proof-of-concept study that addresses research question QA: How does

robotic and/or FES assistance affect unimpaired individuals’ behavioural and physiological features?

Unimpaired participants were asked to perform a continuous wrist tracking task under four different

assistance conditions: no assistance, robotic assistance alone, FES assistance alone, and hybrid robot-

FES assistance. The impact of each assistance mode on performance, smoothness, effort, fatigue,

and user experience is analysed to characterise behavioural and neuromechanical responses. Here, we
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hypothesised that robotic assistance could lead to reduced fatigue and tracking error but also lower

effort than FES, as previously observed in the literature and described in Chapter 2, Section 2.3. We

also hypothesised that the combination of these two modalities would improve tracking performance,

although the addition of FES to robotic assistance could lead to less smooth motion. This study aims

to understand whether this device can be safe to use, as well as to establish a baseline and guide the

implementation of hybrid assistance strategies in clinical populations, which is the focus of the next

chapter.

This study is described in the following publication: Cazenave, L., Einenkel, M., Yurkewich,

A., Endo, S., Hirche, S., & Burdet, E. (2023). Hybrid robotic and electrical stimulation assistance

can enhance performance and reduce mental demand. IEEE Transactions on Neural Systems and

Rehabilitation Engineering, 31, 4063-4072. A verbatim copy of this paper is also included in Appendix

A. Part of this work was carried out by M. Einenkel as part of his MSc thesis, under the supervision of

A. Yurkewich, S. Endo and myself. Specifically, M. Einenkel was involved in the programming of the

experimental task, collected the data, and performed some preliminary analyses. A. Yurkewich assisted

in the programming of the experimental task. All collaborators were involved in the definition of the

experimental protocol and interpretation of the results. I contributed to conceiving and designing

the research, developing and implementing the experimental protocol, performing the data analysis,

creating the figures in this chapter, and interpreting the results.

4.1 Methods

4.1.1 Participants

This study was approved by the Research Ethics Committee of Imperial College London (approval

number: 21IC6935). 15 unimpaired participants (6 female) aged 27.8 ± 3.41 years old were recruited

for this study. The participants signed an informed consent form and filled out a demographic ques-

tionnaire prior to participating in the experiment. 13 participants were right handed and two were

left handed, as assessed using the Edinburgh Handedness Inventory (Oldfield, 1971).

4.1.2 Hybrid robot-FES system

The hybrid robot-FES system is composed of the HRX-1 one DOF wrist robotic interface (Human-

RobotiX, UK) and the CLASS V1.0 FES device 16-electrode array (Tecnalia Research & Innovation,

Spain). These systems were introduced in Chapter 3, Section 3.1, where further details and pictures

can be found.
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Figure 4.1: Experiment description. A. Participants track a randomly moving target on-screen with wrist
flexion/extension and receive four different assistance conditions: no assistance, robot-only assistance, FES-only
assistance and hybrid (robot + FES) assistance. B. Overview of experimental protocol, where four assistance
conditions were presented randomly to each participant: no assistance, FES-only assistance, robot-only assis-
tance and hybrid assistance. Each block represents one trial of the target tracking task.

4.1.3 EMG recording

Muscle activity is recorded using two 32-channel EMG electrode arrays (GR10MM0804, OT Bioelet-

tronica, Italy) with a Sessantaquattro amplifier (OT Bioelettronica, Italy). We used two electrode

arrays that covered the forearm proximally to the FES electrodes, which recorded the activity in mus-

cles such as the extensor carpi radialis longus, the extensor digitorum, the flexor carpi radialis, and

the flexor digitorum superficialis. The EMG data was sampled at a frequency of 2000 Hz. Further

details and pictures can be found in Chapter 3, Section 3.1.

4.1.4 Experiment task

The participants tracked a moving target on a computer monitor placed in front of them using wrist

flexion/extension movements of the right hand while being assisted by a robot or FES (Fig. 4.1 A). As

indicated in Chapter 3, Section 3.2, the target trajectory was defined as:

q∗(t) = 38.6 ° sin
[︂
2.0308(t+)

]︂
sin
[︂
1.0927(t+)

]︂
(4.1)

where t+ = t + t0, t is the elapsed time and t0 is the starting time. q∗ is the target angle. The target

was programmed and updated in Matlab and t0 ∈ {0, 3.094, 14.375} s was randomly selected every

trial to prevent consistent prediction of the target trajectory by the participants. Participants were

instructed to track the target as accurately as possible and told that they may feel haptic interaction

from the robot and/or electrical stimulation.
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4.1.5 FES and EMG Calibration

An FES calibration was performed at the start of the experiment, as detailed in Chapter 3, Section

3.1.2, where the electrode location, comfortable maximum stimulation (smax
f for the wrist flexion, and

smax
e for the wrist extension) and sensory threshold (smin

f and smin
e ), for the wrist flexion and extension

movements, were identified. The torque generated by each of these stimulation amplitudes while the

participant is relaxed was also recorded as τmax
f and τmax

e . We assume a linear mapping between the

stimulation amplitude sf and se and the produced torque τf and τe for amplitudes above smin
f and

smin
e for the flexion and extension movements respectively (Kavianirad et al., 2022) such that:

τf (t) = αs sf (t) τe(t) = αs se(t) (4.2)

with the linear coefficient αs defined as:

αs =
smax

f − smin
f

τmax
f

(4.3)

An EMG calibration was then performed to obtain a measure of effort, by linearly regressing muscle

activity with torque produced during isometric contraction. During this calibration, participants were

asked to resist each of the four increasing torque levels: {0.4, 0.8, 1.2, 1.7} Nm during 2.5 s in flexion

and extension at the fixed angle q = 30 °. This was repeated four times with a 3 s rest in between to

prevent fatigue.

4.1.6 Control of robot-FES system

The task considered in this study is a continuous target tracking task with a pseudo-random trajectory,

requiring continuous assistive feedback. Therefore, the torque exerted on the wrist flexion/extension

by the robot is described as:

ur(t) = Kr e(t) e(t) = q(t) − q∗(t) (4.4)

where e(t) is the tracking error between the participant trajectory q and the target trajectory q∗. The

robot control stiffness Kr = 0.56 Nm/rad corresponds to a soft-middle interaction stiffness (Ivanova

et al., 2020). It was selected after preliminary tests in order to observe tracking improvement with

assistance, while preventing slacking.

The stimulation amplitude provided to the wrist flexor or extensor is described as:

s(t) =

⎧⎪⎪⎨⎪⎪⎩
se(t) = −Ks e(t) + smin

e e(t) < 0

sf (t) = Ks e(t) + smin
f e(t) > 0

(4.5)
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where se(t) refers to an extensor muscle stimulation and sf (t) a flexor muscle stimulation. Ks (in

mA/°) is the FES control stiffness and is the same for the extensor and flexor stimulation in order

to match the robot assistance behaviour. It is defined from the linear mapping αs between the FES

amplitude and torque ranges of the flexor as it was found to be more comfortable during preliminary

tests:

Ks = αs Kr (4.6)

The four assistance conditions of the experiment are defined as follows: {hybrid, robot (se ≡ 0, sf ≡ 0),

FES (ur ≡ 0), no assistance (se ≡ 0, sf ≡ 0 and ur ≡ 0)}. In the hybrid condition, participants receive

the same robot assistance as in the robot condition as well as the same FES assistance as in the FES

condition.

4.1.7 Protocol

The experimental protocol is outlined in Fig. 4.1 B. The experiment started with an FES and EMG

calibration as detailed in Section 4.1.5. This EMG calibration was also carried out at the end of

the experiment to examine potential changes in muscle activity due to fatigue. The participants first

completed ten trials of the target tracking task without assistance. They then completed four blocks

of the target tracking task, each block using one of the four assistance conditions: {hybrid, robot, FES

and no assistance}. The conditions were presented in random order, with each block containing 15

trials consisting of 15 s of target tracking and a 3 s rest. Each block was followed by a questionnaire that

evaluated the workload using the NASA-TLX ten-point ordinal Likert Scale (Hart et al., 1988) and

the comfort and usefulness of the stimulation and robot torques using five-point ordinal Likert Scale

questions (Allen et al., 2007). Subsequently, a block of five target tracking trials with no assistance

was performed, including a first washout trial and four evaluation trials.

4.1.8 Performance analyses

Task performance was quantified by the Root Mean Square Error (RMSE), the time delay [s], tracking

error due to a temporal shift between the target and participant trajectories, and motion smoothness

(SPARC) (Balasubramanian et al., 2015). These were introduced in Chapter 3, Section 3.3.1.

4.1.9 Effort and fatigue

Fatigue and effort during the task were estimated using recorded EMG signals of the flexor and

extensor muscles from the participants. The EMG pre-processing pipeline used has been described in

Chapter 3, Section 3.3.2. Since high-density EMG grids were used here, the channels on the extensor

and flexor arrays with the highest envelope amplitude during the EMG calibration were used for
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the following analyses. For both time-domain effort metrics, the torque-normalised EMG signal was

used. It was obtained by linearly regressing the envelope of the fully-rectified EMG during the EMG

calibration procedure with the corresponding torque, as described in Chapter 3, Section 3.3.2.

Fatigue was characterised by the median frequency of the filtered EMG signal (Tu et al., 2016)

(more details in Chapter 3, Section 3.3.2), where a decrease in EMG median frequency corresponds to

an increase in fatigue. The EMG frequency during the EMG calibration at the start and end of the

experiment, and across conditions was compared. For the latter, the median frequency was averaged

for the last four trials of the previous and following evaluation blocks and their difference was taken

to quantify fatigue changes.

For the muscular effort metric, the EMG envelope signal containing both the FES-induced muscle

activity, i.e. the evoked M-wave, and the volitional activity was considered. Although the evoked

M-wave is not a voluntary contribution, it results in the recruitment of motor units leading to muscle

contraction, as with volition. The envelope of the EMG was obtained and the total effort was evaluated

from the mean amplitude of the envelope of the torque-normalised EMG signal, averaged across

trials. Muscular effort levels during the EMG calibration at the start and end of the experiment were

compared as well as during each training condition.

The volitional contribution was also considered, where the M-wave was filtered using an adaptive

filter (Kavianirad et al., 2022), as described in Chapter 3, Section 3.3.2. The torque-normalised EMG

was obtained from the envelope of this signal, and averaged across trials.

4.1.10 Questionnaire

Participants answered the following set of questions after each block. Their perceived workload was

assessed with the NASA-TLX ten-point ordinal Likert Scale (Hart et al., 1988) and the comfort and

usefulness of the stimulation and robot torques were assessed using five-point ordinal Likert Scale

questions (Allen et al., 2007).

• How mentally demanding was the task?

(1 = very low; 10 = very high)

• How physically demanding was the task?

(1 = very low; 10 = very high)

• How hurried or rushed was the pace of the task?

(1 = very low; 10 = very high)

• How successful were you in accomplishing what you were asked to do?

(1 = very bad; 10 = very good)
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• How hard did you have to work to accomplish your level of performance?

(1 = very low; 10 = very high)

• How insecure, discouraged, irritated, stressed, and annoyed were you?

(1 = very low; 10 = very high)

• The forces were comfortable.

(from ‘strongly disagree’ to ‘strongly agree’)

• The forces improved my performance.

(from ‘strongly disagree’ to ‘strongly agree’)

• The electrical stimulation was comfortable.

(from ‘strongly disagree’ to ‘strongly agree’)

• The electrical stimulation improved my performance.

(from ‘strongly disagree’ to ‘strongly agree’)

4.1.11 Statistical analysis

For the comparison of performance metrics, effort, fatigue levels and questionnaire answers between the

conditions, we used a one-way repeated measures ANOVA or a non-parametric Friedman test when

the data was not normally distributed. A one-sample Shapiro-Wilk test was used to test the null

hypothesis that the data came from a normal distribution. Post-hoc paired sample t-tests or paired

Wilcoxon sign-rank tests were used for pairwise comparisons of performance metrics, effort and fatigue

levels and questionnaire answers between each condition, controlling for the family-wise error rate with

Bonferroni-Holm correction. For the comparison of the fatigue level before and after the experiment,

a paired Wilcoxon sign-rank test was used since the data was not normally distributed. Similarly,

for questions comparing the FES and hybrid conditions, and the hybrid and robot conditions, paired

Wilcoxon sign-rank tests were used. For the statistical analysis of performance, effort and fatigue

metrics, the average across trials in one condition was calculated for each participant. In the box plot

figures, the whisker lines above and below the box indicate the 1.5 interquartile range. Outliers are

displayed by a red + sign. Comparisons not shown are not significant. The significance level was set

at α = 0.05 for all tests.
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Figure 4.2: Performance, motor adaptation and quality of motion metrics during the tracking task with four
different assistance conditions. (A) Tracking performance indicated by the Root Mean Square Error (RMSE).
(B) Tracking performance improvement indicates the difference in participant’s tracking performance before
and after training; a positive result indicates that they are performing better after training. (C) Time Delay
indicates the temporal shift between the target and participant trajectories. (D) Smoothness of participant’s
trajectory, evaluated using Spectral Arc Length (SPARC) (Balasubramanian et al., 2015). A SPARC value
closer to zero corresponds to a smoother motion. ∗ : p < 0.05, ∗∗ : p < 0.01, ∗ ∗ ∗ : p < 0.001. Comparisons not
shown are not significant.

4.2 Results

4.2.1 Performance results

The assistance condition affects participants’ tracking performance (F (3, 56) = 20.38, p < 0.001).

RMSE is smaller with hybrid or robot assistance relative to the no assistance and FES conditions (all

p < 0.001) (Fig. 4.2 A). There is no significant difference between hybrid assistance and robot assistance

(p = 0.74). The effect of assistance condition on smoothness was also investigated (F (3, 56) = 3.82,

p = 0.015) and results indicate that FES assistance leads to decreased smoothness compared to the

hybrid condition (p < 0.05) but other differences are not significant (all p > 0.075) (Fig. 4.2 B). The

hybrid and robot assistance also reduce time delays compared to no assistance and FES conditions (all

p < 0.01) and there is no statistical difference between the hybrid and the robot conditions (p = 0.93)

(Fig. 4.2 C). When investigating performance improvement on evaluation trials before and after each

assistance condition, we do not find statistical differences (F (3, 56) = 0.37, p = 0.77) (Additional

Figure 4.6).

4.2.2 Effort and Fatigue

The EMG recording for one participant was corrupted and thus EMG-based metrics are reported as

N = 14. When comparing the total level of muscle activity in the flexor muscles during the assisted

tracking task (χ2(3) = 37.46, p < 0.001) (Fig. 4.3 C), we find that it is lower with robot assistance

compared to all other assistance conditions (p < 0.001 with FES and hybrid and p < 0.05 with no

assistance). Higher muscular effort is observed in the FES and hybrid assistance compared to no

assistance, with higher muscle activity in the hybrid condition (p < 0.05 with FES). Similar trends are

found for the extensor muscles (χ2(3) = 24.26, p < 0.001) (Fig. 4.3 D), although there is no statistical
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Figure 4.3: Voluntary effort (A,B), muscular effort (C,D) and changes in muscle fatigue (E,F) during the
tracking task assisted with four different assistance conditions. The effort metrics are estimated as the mean
envelope amplitude of the torque-normalised EMG signal. Fatigue is obtained from the median frequency of
the EMG signal, a decrease in frequency indicates increased fatigue. (A) Voluntary effort in the flexor muscles.
(B) Voluntary effort in the extensor muscles. (C) Total muscular effort in the flexor muscles (including M-wave
contribution). (D) Total muscular effort in the extensor muscles (including M-wave contribution). (E) Fatigue
changes in the flexor muscles. (F) Fatigue changes in the extensor muscles. ∗ : p < 0.05, ∗∗ : p < 0.01, ∗ ∗ ∗ :
p < 0.001. Comparisons not shown are not significant.

difference between the robot and no assistance conditions (p = 0.90) and total muscle activity is

highest in the hybrid condition (p < 0.001 with FES).

Regarding the voluntary effort (Fig. 4.3 A, B), similar trends are found in the flexor muscle (χ2(3) =

25.00, p < 0.001), where higher volition is observed in the FES and hybrid assistance conditions, while

these differences are not present in the extensor muscle (χ2(3) = 16.54, p < 0.001). The voluntary

contribution is similar in the FES and hybrid conditions for both flexor (p = 0.46) and extensor

muscles (p = 0.53). In the robot condition, the volitional contraction is lowest (p < 0.05 with no

assisatnce in flexor and extensor muscles).

Regarding fatigue, we observe that the median frequency of the flexor muscle activity increases

in the no assistance and robot conditions, suggesting muscle recovery and does not change after the

FES and hybrid condition when looking at the mean (Fig. 4.3 E). These differences are not as clear in

the extensor muscles (Fig. 4.3 F). The comparison of the change in muscle fatigue between conditions

is not statistically different for the flexor (χ2(3) = 5.40, p = 0.15) or the extensor (χ2(3) = 7.71,

p = 0.052). No statistical differences are found when comparing muscle fatigue before and after the

experiment during the EMG calibration (Additional Figure 4.7).
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Figure 4.4: Answers to the 10-point NASA-TLX questionnaires on perceived workload after the trajectory
tracking task with four different assistance conditions, with answers from very low (1) to very high (10).
∗ : p < 0.05. Comparisons not shown are not significant.

4.2.3 Questionnaire Answers

The answers to the NASA-TLX questions are shown in Fig. 4.4. The assistance type affected par-

ticipants’ mental demand (χ2(3) = 16.18, p = 0.001) (Fig. 4.4 A). It is lower in the robot and the

hybrid conditions in comparison with the no assistance and FES assistance conditions (p < 0.05).

Participants also perceived the lowest physical demand in the robot condition, but this difference

is statistically significant only with respect to the FES condition (p < 0.05) (Fig. 4.4 B). Moreover,

participants indicated that their effort was lowest in the robot and hybrid conditions and the latter is

significantly different from the FES condition (p < 0.05) (Fig. 4.4 D). Their frustration level during the

assisted task was lower in the hybrid and robot assistance conditions than in the FES condition but

differences are not statistically significant (χ2(3) = 7.68, p = 0.053) (Fig. 4.4 E). The responses to the

statement “The electrical stimulation was comfortable” are similar in the hybrid and FES conditions

(p = 0.94) but participants thought that their performance increased thanks to the stimulation with

the hybrid assistance but not with FES only, although this difference is not statistically significant

(p = 0.57) (Fig. 4.5). The robotic forces were rated as comfortable and useful in both the hybrid and

robot conditions.
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(B and D) of robotic force (top row) and electrical stimulation (bottom row) after trajectory tracking with
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4.3 Discussion

Literature suggests that adding FES to robotic assistance could improve motor recovery during stroke

rehabilitation. However, there is a need to understand how FES and robotic assistance alter perfor-

mance, physiological measures and subjective experience, such that the benefits of these modalities can

be fully exploited for clinical applications. This work thus used a simple wrist flexion/extension inter-

face to explore these aspects in unimpaired participants in a target tracking task, requiring continuous

assistance FES and robot assistance proportional to the tracking error.

Performance and quality of motion increases when robotic assistance is present.
Tracking performance is higher when participants receive hybrid and robot assistance compared to

no assistance or FES assistance. Hybrid assistance does not improve tracking performance more than

robot assistance. We find that the assistance modes improve tracking performance except the FES

assistance alone. However, the added stimulation is not disturbing participants’ performance, even

though we used a simple controller. On the other hand, we expected that the combination of FES and

robotic assistance would further improve performance, even though the goal of the hybrid controller

was not focused on improving tracking performance but rather made simple to investigate the effects

of assistance. The stimulation thus does not seem to contribute to performance improvement in the

hybrid condition. These observations could be extended to the use of more advanced strategies, where

the goal is to optimise for control objectives such as tracking performance or learning. However,

few studies have tested other strategies to assist users in ADLs, such as shared control approaches,

where the action of one modality has knowledge of the other, and similarly they did not always find

performance improvements in the hybrid compared to the robot-only condition (Dunkelberger et al.,

2023; Burchielli et al., 2022).

In this chapter, we additionally investigated the effect of each modality and their combination

on various quality of motion metrics. We found that participants’ movements are smoother with

the hybrid assistance than with the FES assistance and there is no significant difference in movement

smoothness in the hybrid, robot and no assistance conditions. We see similar trends for other objective
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metrics, such as time delay and under/overshoot. Adding FES to a robotic-based assistive device thus

does not impede motion quality in our experiment, even though the controller used is simple and does

not account for the delay between the trigger of the stimulation and the resulting muscle contraction

(e.g. 10−140 ms (Lynch et al., 2008; Downey et al., 2017)). It is useful to understand how smoothness

is affected by different assistive modalities as it captures motor control abilities which are affected in

stroke population, and is linked with functional recovery (Rohrer et al., 2002; Saes et al., 2021).

Furthermore, this analysis can then be used as a reference to later interpret data from stroke patients

performing similar tasks with these assistance modes. In the hybrid context, it can also be used to

inform on the assisted motion quality and as an indicator of possible counteracting effects between the

stimulation and robot torque (Dunkelberger et al., 2020). As no difference was found in participants’

smoothness during the no-assistance and hybrid conditions, it seems that the electromechanical delay

did not affect participants’ motion.

Total muscular effort is higher when stimulation is applied while it does not induce
more fatigue, and voluntary effort is lowest in the robot-only condition. The amount

of muscular effort, quantified by the total level of muscle activity, both from the stimulation-induced

M-wave and the voluntary contribution, is generally higher in the conditions with electrical stimulation

(FES and hybrid) compared to the other two conditions; this is due to the M-wave contribution of

the stimulation. Although it is common to disregard the M-wave and only investigate the voluntary

contribution, we chose to also explore the total EMG activity as FES also leads to the activation of

motor units and thus affects the characteristics of the muscles (Rodriguez-Falces et al., 2018).

We also observe that voluntary effort is lowest in the robot condition. This suggests the potential

value of integrating FES assistance into robotic-based therapy as it leads to increased total muscle

contraction but also higher voluntary contribution, thus enhancing user engagement which could po-

tentially promote recovery in stroke patients. Additionally it could prevent slacking that seems to

occur here when robot-only assistance is provided. On the other hand, we find that the total muscular

effort is higher in the hybrid than in the FES condition. This could be due to the electromechani-

cal delay between the stimulation and the resulting muscle contraction, which is not present when a

robotic torque is applied to the handle. In some cases the stimulation could lead to overshooting of

the trajectory although the target is already moving towards the other direction. Although we do not

see a difference in performance and smoothness between the robot and hybrid conditions, it might

be that the two assisting systems are counteracting each other, which could cause increased muscle

activity level for the user to drive the handle in the desired direction. Similarly, the higher volun-

tary contribution of the flexor muscles in the hybrid and FES conditions could be a consequence of a

counteraction between the user’s intention and the delayed contraction resulting from the stimulation.

These trends were observed in another hybrid training study with stroke patients where EMG activa-
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tion levels in the flexors and extensors were lower with FES compared to hybrid assistance (Hu et al.,

2011). Models of the muscle response to electrical stimulation are available and could be incorporated

as a feedforward element to the existing controller to ensure muscle contraction resulting from FES

occurs in a similar time range as the robotic torque assistance for the motion to be produced (Riener

et al., 1996; Ferrarin et al., 2000; Gollee et al., 2001; Gwo-Ching Chang et al., 1997). Recent works

have also targeted the development of controllers to reduce the effect of the electromechanical delay of

the stimulation (del-Ama et al., 2014; Qiu et al., 2016), which would lead to a better alignment of the

motion resulting from the two actuation systems. However, these approaches for delay compensation

are not considering the time-varying nature of the electromechanical delay (Downey et al., 2017), and

are applied to cyclic gait motion or to the tracking of pre-determined trajectories, hence they would

not be suitable for this pseudo-random tracking task.

Regarding fatigue, there are no significant changes before and after the experiment in the flexor

and extensor muscles. We also do not observe that the FES and hybrid conditions lead to higher

fatigue than the other conditions when investigating fatigue changes for each condition individually.

Although FES is commonly described as fatiguing, we do not find such trends in these unimpaired

participants who performed a task that is not physically demanding – average rating below 4 for all

conditions in the 10-point NASA-TLX questionnaire. This could be in part due to the dynamic nature

of the task, which did not require sustained stimulation, as well as the relatively short duration of

each trial and training block. FES is also mostly in clinical settings, and the response to stimulation

amplitudes and duration might be different in unimpaired participants who already have the capacity

to move and stroke patients who may have weakness and lack the ability to contract their muscles as

intended.

Mental demand is rated as lowest in the hybrid and robot conditions. The NASA-

TLX questionnaire answers also indicate that in this study, participants did not feel more frustrated

when training with FES or hybrid assistance compared to robot or no assistance. The electrical

stimulation was rated as comfortable on average but participants perceived that the stimulation in

the hybrid assistance was more useful in improving their performance than in the FES condition. This

finding resonates with the tracking error results, where performance in the hybrid condition is higher

than in the FES condition, although this increase might not be due to the stimulation directly. Robot-

assisted training is perceived as the least physically demanding, but is only significantly different to

FES-assisted training, whereas the effort is perceived significantly lower in hybrid than FES conditions.

Indeed, the effort rating could be considered by users as a compound of mental and physical demand

(Akizuki et al., 2015), and here mental demand is rated lower in the hybrid and robot conditions.

These answers only partly translate to the physiological differences on voluntary effort that we

observe, where in the flexor muscles, we do find differences between most conditions. Although
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previous studies have found relationships between task difficulty, NASA-TLX ratings and muscle

activity amplitude, these were investigated in more demanding and tiring tasks such as repairing a

pump gearbox (Alhaag et al., 2022), controlling traffic density (Fallahi et al., 2016), and performing

surgical procedures (Caldiroli et al., 2014). For instance in the repair task, the complex task resulted

in significantly higher physical demand ratings and EMG levels compared to the simple task, with a

significant correlation between these two metrics (Alhaag et al., 2022). The average physical demand

rating of this task was higher than 6, whereas our target tracking task was rated below 4 on average

in all conditions. The absence of consistent findings between physical demand ratings and EMG

levels in our work could be explained by the low demand of the target tracking task we investigated.

The results from the subjective workload assessment motivate the use of hybrid assistance for motor

training: although total muscle activity level is higher than with FES assistance, perceived effort is

lower, which could lead to longer and more enjoyable training. On the other hand, hybrid and robot

assistance are rated as less mentally demanding than FES and they are not significantly different from

each other. The trends observed in these answers seem to follow those of the tracking performance,

which suggests that they could be related. This is in agreement with previous motor task studies

investigating the relationship between mental load and motor performance (Hu et al., 2016; Shuggi

et al., 2017). This indicates that using hybrid assistance could reduce mental demand, thus enhancing

user experience.

The hybrid robot and FES system and the tracking task are not necessarily appli-
cable to a stroke population. Testing the hybrid system in unimpaired participants provided

a valuable first step toward validating the device and its control strategy before clinical application.

This approach allowed us to confirm that the system operated safely and as intended under controlled

conditions, that the robot and FES can assist individuals in completing a target tracking task without

disturbing them, and that it could be used comfortably and without adverse effects. Such prelim-

inary evaluation is essential both from an ethical and a methodological perspectives, ensuring that

subsequent studies involving stroke patients are justified and minimise potential risk. However, while

the results obtained in unimpaired participants demonstrate that the system functions as expected

in terms of kinematic performance, muscle activation, and perceived workload, these findings cannot

be directly extrapolated to clinical populations. Stroke patients often exhibit altered motor control,

muscle weakness, and spasticity, which may influence how they respond torobotic and FES assistance

(Balasubramanian, 2015). Therefore, further investigation in post-stroke individuals is necessary to

determine whether the same hybrid control principles remain effective, and to assess the system’s

rehabilitative potential in a clinical context.
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4.4 Conclusion

This proof-of-concept study demonstrated how robotic and FES assistance, applied individually or in

combination, influence motor behaviour, physiological effort, and perceived workload in unimpaired

individuals performing a wrist target tracking task. The results provide valuable insights into how

such hybrid systems may operate in rehabilitation settings and inform their deployment in stroke

patients, which will be investigated in the following chapter (Chapter 5).

Hybrid assistance and robot-only assistance significantly improved tracking performance and re-

duced time delay compared to no assistance or FES-only conditions. However, hybrid assistance did

not yield superior performance relative to robot assistance alone, suggesting that FES did not provide

additional benefits in this experimental setup, although it did not disrupt participants’ motor control,

which can be characterised by motion smoothness.

Regarding physiological measures, robotic assistance significantly reduced total muscular and vol-

untary effort, consistent with previous observations of slacking behaviour. In contrast, FES and

hybrid assistance elicited higher muscle activation and voluntary contribution, suggesting increased

user engagement. The hybrid condition thus appears to balance improved performance with sustained

muscular activation, supporting its potential therapeutic value, where active participation drives neu-

roplasticity.

Notably, none of the conditions led to significant increases in muscle fatigue, as measured by EMG

frequency metrics. This is likely due to the moderate task demands and relatively short training

duration. However, these results support the feasibility of using hybrid assistance for longer sessions

without inducing fatigue in unimpaired users. Chapter 6 will further explore whether these findings

translate to stroke populations, where fatigue susceptibility may be higher and effort generation is

more limited.

Subjective experience, as captured by the NASA-TLX and Likert scale questionnaires, further sup-

ports the value of hybrid assistance. Participants rated hybrid and robotic assistance as less mentally

and physically demanding than FES alone, and reported lower effort and frustration, suggesting an

enhanced user experience, which may contribute to improving patient engagement and adherence in

rehabilitation contexts.

Although these results validate the safe use of the developed hybrid system for assisting upper-limb

movement in unimpaired participants, they cannot be directly extrapolated to clinical populations.

Stroke patients exhibit distinct motor impairments, which may affect their response to robotic and

FES assistance. Nonetheless, conducting this preliminary evaluation in unimpaired individuals was an

essential and ethical step to ensure the system’s safety and functionality prior to clinical translation.

These findings therefore justify and inform its subsequent evaluation in subacute stroke patients.

The next chapter (Chapter 5) builds on these findings by assessing the feasibility of using the
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system in subacute stroke patients, investigating both its potential as a rehabilitation tool and as an

assessment platform for estimating motor impairment severity.
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4.5 Additional figures
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Figure 4.6: Motor adaptation during the tracking task with four different assistance conditions. Tracking per-
formance improvement indicates the difference in participant’s tracking performance before and after training;
a positive result indicates that they are performing better after training.
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Figure 4.7: Muscle fatigue was evaluated during the EMG calibration at the start and end of the experiment,
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Chapter 5

Feasibility of hybrid robot-FES system

with subacute stroke patients in a

clinical setting

The previous chapter investigated the effects of hybrid robot-FES assistance on motor performance,

neuromuscular effort, and user experience in unimpaired individuals. These results established the

technical feasibility and safety of the system and informed the selection of suitable control and task

design for use with stroke patients. Findings indicated that hybrid assistance, combining robotic

support with FES, could enhance tracking performance and increase voluntary muscle engagement in

unimpaired participants, while remaining well tolerated and not inducing fatigue. These insights laid

the groundwork for assessing the clinical applicability of this hybrid strategy in stroke rehabilitation.

This chapter thus addresses the next step of this thesis’s translational effort by exploring the fea-

sibility of using the developed hybrid system in subacute stroke patients. As discussed in Chapter 2,

upper-limb recovery after stroke is mediated by activity-dependent neuroplasticity, and active patient

participation plays a central role in promoting functional gains. Robotic devices can facilitate repet-

itive training with precise control, whereas FES can enhance the activation of weakened muscles by

supplementing impaired voluntary drive and engaging residual neuromuscular pathways. Yet, their

individual limitations, such as reduced engagement in robot-only therapy or early fatigue in FES-only

training, highlight the need for combined approaches.

While previous clinical studies have explored hybrid rehabilitation paradigms (Resquin et al.,

2016; Höhler et al., 2024), many employed asynchronous or modality-specific control strategies (Alon

et al., 2003; Ring et al., 2005), or relied on passive robotic components that limited the synergy

between modalities (Ambrosini et al., 2017; Alon et al., 2003; Ring et al., 2005; Fujiwara et al., 2009;

Barker et al., 2008; Wu et al., 2011; Meadmore et al., 2014; Westerveld et al., 2014; Resquín et al.,

2016). Moreover, few studies have reported objective performance and physiological metrics alongside
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user feedback, which is essential to assess both neuromechanical and user-centered aspects such as

comfort and motivation. This work aims to address these gaps by using the hybrid system assisting

stroke patients to perform the continuous target tracking task validated in unimpaired participants

(in Chapter 4).

Specifically, this chapter investigates research question QB: Can a hybrid robot-FES system be

used to aid the rehabilitation and assessment of sensorimotor functions in stroke individuals? and

explores the effect of robotic and/or FES assistance on behavioural and physiological features in

subacute stroke patients. To this end, we evaluate (i) how hybrid, robotic-only, or FES-only assistance

impacts patients’ task performance and quality of motion during a wrist tracking task, (ii) how they

affect muscular and voluntary effort, (iii) whether short-term training with each modality improves

unassisted performance across sessions, and (iv) patients’ subjective experience of each assistance

mode. Additionally, we explore whether metrics derived from task kinematics and EMG activity

can be used to predict patients’ impairment severity, laying the foundation for developing objective

assessment tools in future work.

Through this feasibility study, we aim to determine whether the hybrid system can be safely and

effectively deployed in a clinical setting, and whether it holds potential as both a rehabilitation device

and an assessment platform for upper-limb recovery post-stroke. The findings presented here will also

inform the design of future intervention studies with the hybrid device, as described in Chapter 7.

This study was partly described in the following publication: Cazenave, L., Yurkewich, A., Höhler,

C., Keller, T., Krewer, C., Jahn, K., Hirche, S., Endo, S. & Burdet, E., (2023). Hybrid Functional

Electrical Stimulation and Robotic Assistance for Wrist Motion Training After Stroke: Preliminary

Results. IEEE International Conference on Rehabilitation Robotics. A verbatim copy of this paper is

also included in Appendix A. The work presented in this chapter and this publication was carried out

in collaboration with the Technical University of Munich (TUM), the Schön Klinik Bad Aibling, and

Tecnalia. Specifically, all collaborators were involved in the definition of the experimental protocol.

C. Höhler, C. Krewer, K. Jahn and their colleagues from Schön Klinik Bad Aibling recruited the

participants in this study and collected subsequent data, after I set up the device in the clinic and

trained them to conduct the experiment. I contributed to conceiving and designing the research,

developing the experimental protocol and programming the experimental task, performing the data

analysis and created the figures in this chapter, and interpreting the results.
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Figure 5.1: Experiment description. A. A patient tracks a randomly moving target on-screen with wrist
flexion/extension. B. Overview of experimental protocol, where a patient performs a series of calibration and
assessment steps followed by unassisted trials (U), where no stimulation or robotic assistance are provided, and
assisted training trials (A), where patients receive hybrid assistance. ’x10’ refers to the number of trials for each
block, here ten. ’Q’ refers to the questionnaire step.

5.1 Methods

5.1.1 Participants

The study was run at the Schön Klinik Bad Aibling and was approved by the Ethics Committee of

the Ludwig-Maximilians University (LMU) Munich, Germany (number: 22-0297, DRKS registration:

00030586). All participants or their legal representatives signed an informed consent form prior to

participating in the experiment. The participants in this study are subacute stroke patients staying

at the inpatient rehabilitation hospital after an ischaemic or haemorrhagic infarction.

The inclusion criteria are as follows: age > 18 years old, cognitively able to follow instructions,

with functional impairments in the wrist or fingers as assessed by the Medical Research Council score

(MRC ≤ 3) and low level or no pain in the wrist or fingers (Numeric Rating Scale < 4). Exclusion

criteria can be divided in robot-related and FES-related exclusion criteria. Robot-related exclusion

criteria are: severe contractures or muscle tone resulting in the operator’s inability to position the

patient’s arm in the device and flex or extend the wrist more than 20°. FES-related exclusion criteria

are: pregnancy, presence of implantable devices or other metal implants in the stimulated area, no

motion or muscle contraction resulting from FES, patients with severe epilepsy and cancer or wounds

in the stimulated area. Patients are also excluded if they had a severe psychiatric disorder or had no

function as well as no deep sensitivity in the fingers or wrists.

5.1.2 Protocol

The experimental protocol is outlined in Fig. 5.1 B. Once recruited, patients are randomised into one

of three intervention groups: Robot, FES or Hybrid (Robot+FES), which determines the assistance

mode that they would receive during the assisted training over the three intervention sessions. Prior to

the three intervention sessions, an initial calibration session is scheduled for the patients to familiarise
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themselves with the system and to perform the first FES calibration as detailed below. Following

this, the patients participated in three intervention sessions of around one hour each, separated by at

least one break day. Each session is identical, starting with the FES calibration, followed by a ROM

calibration and the experimental task.

FES calibration

As further detailed already in Chapter 3, Section 3.1.2, the electrode location, comfortable maximum

stimulation (smax
f for the wrist flexion, and smax

e for the wrist extension) and sensory threshold (smin
f

and smin
e ), for the wrist flexion and extension movements, are identified. In the initial calibration

session prior to the three main sessions, the electrode locations are marked on the patient’s skin if

there are no dermatological counter-indications, so that the electrodes can be placed in a similar

location in the three sessions. The stimulation parameters are also noted down for the same purpose.

Subsequently, the patient is asked to relax while the stimulation amplitude is applied for 2 seconds

and increased from smin to smax, with a resolution of 1 mA while the generated torque is recorded.

There is a 2-second rest between each stimulation. This is done to empirically identify the coefficients

of the mapping between the stimulation amplitudes sf and se and the produced torques τf and τe

(Eq. 5.1) in each session, avoiding the assumption of a linear mapping between the minimum and

maximum calibrated stimulation amplitudes. The linear mapping was previously used in unimpaired

participants, but may not be valid in stroke populations where the muscular response to FES may be

more variable. Preliminary testing indicated that the relationship between stimulation amplitude and

torque could be approximated by a second order exponential for the flexion and extension movements

respectively, such that:
sf = f(τf = αf eβf τf + δf eγf τf (t)

se = f(τe = αe eβe τe + δe eγe τe

(5.1)

with α, β, γ, δ ∈ R are coefficients of the exponential terms. This mapping is used to determine the

required FES amplitude when the patients are assisted by the hybrid system, and ensure that the FES

and robot assistance provide similar torque levels.

ROM calibration

The ROM calibration is performed as an assessment of patient’s progress but also to adjust the target

trajectory amplitude to each patient, so that it does not go beyond the patient’s passive ROM but

still challenges them beyond their active motion abilities. It starts with a passive calibration, where

the experimenter moves the handle of the robot in the flexion direction until they feel a resistance

or a discomfort reported by the patient. This is also done in the extension direction and the cycle

is repeated three times, the maximum flexion and extension angles are kept and define the patient’s
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PROM. After that, an active calibration is repeated three times, where the patient is asked to actively

move their wrist as far as they can in flexion and then extension. Similarly as for the passive one, the

maximum flexion and extension angles reached by the patient are used to define the patient’s AROM.

This sequence is followed so that the patient becomes familiar with this task and the visuals on-screen

during the passive ROM and can then reproduce it in an active manner during the active ROM.

Experimental task

In the remaining parts of the session, the patient performs a target tracking task with the wrist

flexion/extension movements of their impaired hand, either unassisted (baseline and evaluation trials

in Fig. 5.1 B) where no FES or robotic assistance is provided, or assisted by the system (two training

blocks), where the patient received FES and/or robotic assistance, depending on the group they are

assigned to upon recruitment. Ten unassisted trials are first completed by the patient as a baseline.

The first training block consists of 30 assisted trials, and is followed by five unassisted trials as

intermediate evaluation. If time allows and the patient still feels comfortable and able to maintain

concentration, a second training block of 30 assisted trials is performed and followed by the final

evaluation block of ten unassisted trials. If the second training is not performed, five additional

unassisted trials are completed so that the session ends in a similar way, with 10 unassisted trials,

considered as the final evaluation block.

Each trial lasts 12 seconds with a 3 second break. The rest time can be prolonged as desired by the

patient. After the first training block and the first evaluation block, patients answer a set of questions

on the comfort of the system, the perception and usefulness of the assistance, as well as two questions

taken from the enjoyment section of the Intrinsic Motivation Index.

In each trial, the patient tracks a moving target on a computer monitor placed in front of them.

The target trajectory is defined similarly as the one previously used in unimpaired participants (in

Chapter 4), but here the frequencies have been adapted to the stroke population, following preliminary

testings with clinicians and patients, for the target to be slower. We used:

q∗(t) = q∗
mid + q∗

max sin
(︂
0.2586 t+

)︂
sin
(︂
0.1860 t+

)︂
(5.2)

where q∗ is the target angle, t+ = t + t0, with t the elapsed time and t0 selected to ensure that

the target would start at the position of the user and to prevent consistent prediction of the target

trajectory by the user. q∗
mid is the middle point of the target range and the amplitude from that point

to the maximum range is q∗
max. These are determined from the maximum target amplitude in flexion

qmax
f and in extension qmax

e , where the target is defined to go up to 30% beyond the active ROM of
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the patient but capped by their passive ROM:

q∗
max =

|qmax
f − qmax

e |
2 , q∗

mid =
qmax

f + qmax
e

2 . (5.3)

Patients are instructed to track the target as accurately as possible and told that they may feel

haptic interaction from the robotic device and/or electrical stimulation.

5.1.3 Hybrid Robot-FES system

The electrical stimulation and robotic devices used have been described in Chapter 3, Section 1.

Muscle activity of the wrist flexor (flexor carpi radialis) and wrist extensor (extensor carpi radialis

longus) is recorded at a frequency of 1500 Hz using bipolar EMG electrodes (Noraxon, USA). The

system was cleaned before and after each use. The pulse frequency of the stimulation is set to 35 Hz

and the pulse width to 300 µs as these values have been used clinically (Kapadia et al., 2013), and

as tested with unimpaired participants (Chapter 4). The amplitude of the stimulation varies (with

0.1 mA resolution) during the experiment. The control of the hybrid system used is the same as in

the study with unimpaired participants (Chapter 4), where the amount of robotic assistance (robot

torque: ur) and FES assistance (stimulation in the flexor sf and extensor se muscles) is proportional

to the tracking error and the connection stiffness is K = 0.42 Nm/rad corresponding to a soft-medium

interaction stiffness (Ivanova et al., 2020). It has been selected after preliminary testings with clinicians

and patients to assist them in the task while preventing slacking.

The control of the hybrid robot-FES system depends on the intervention group that the patient

was assigned to: {hybrid, robot (se ≡ 0, sf ≡ 0), FES (ur ≡ 0)}. In the hybrid group, patients receive

the same robot assistance as patients in the robot group as well as the same FES assistance as those

in the FES group.

5.1.4 Data analysis

We collected both quantitative and qualitative data to compare the separate and combined use of

robotic and FES assistance on performance and effort changes in the task under the three assistance

modalities, as well as on patients’ perceptions of the system’s comfort, the usefulness of the assistance

and their enjoyment of the task.

As previously presented in Chapter 3, Section 3.3.1 and used in Chapter 4, performance was

measured using the RMSE between the patient and target trajectories, normalised by the target

range, which was calibrated to each patient’s ROM. The Spearman’s correlation between the frequency

spectra of the target and the patient’s trajectory was also used to quantify how well participants

followed the target as well as whether their movement was jerky. Muscle activity was characterised
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using cocontraction (CC) and reciprocal activation (RA) indices derived from surface EMG recordings

as described in Chapter 3, Section 3.3.2, when these were available (EMG was not recorded for

ten patient-session pairs due to technical issues). Both metrics were normalised by the maximum

contraction obtained during the EMG calibration phase. For subsequent analyses, the channel on

the extensor and flexor arrays with the highest envelope amplitude during the EMG calibration was

selected. All metrics were calculated for each trial during the ten baseline trials and the 30 trials of the

first training block, which are the two phases of the experiment (unassisted, assisted). The average

across the baseline trials and the training trials were obtained and used for the analysis.

Subjective feedback was obtained via the following questionnaire administered at the end of each

unassisted and assisted phase. The NASA-TLX was used to assess their perceived workload (Hart

et al., 1988). They also answered questions about the comfort and usefulness of the assistance and

of two questions taken from the enjoyment section of the Intrinsic Motivation Index. Average scores

across sessions (for the unassisted and assisted phases separately) were used for analysis.

• How mentally demanding was the task?

(1 = very low; 10 = very high)

• How physically demanding was the task?

(1 = very low; 10 = very high)

• How hurried or rushed was the pace of the task?

(1 = very low; 10 = very high)

• How successful were you in accomplishing what you were asked to do?

(1 = very bad; 10 = very good)

• How hard did you have to work to accomplish your level of performance?

(1 = very low; 10 = very high)

• How insecure, discouraged, irritated, stressed, and annoyed were you?

(1 = very low; 10 = very high)

• The device was comfortable.

(from ’strongly disagree’ to ’strongly agree’)

• During the experiment, I felt some assistance.

(from ’strongly disagree’ to ’strongly agree’)

• The device improved my performance.

(from ‘strongly disagree’ to ‘strongly agree’)
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• I enjoyed this activity very much.

(from ‘strongly disagree’ to ‘strongly agree’)

• I would like to use this device in my therapy.

(from ‘strongly disagree’ to ‘strongly agree’)

5.1.5 Statistical analysis

To assess the effects of assistance, training, and impairment on task performance and muscle activa-

tion, linear mixed-effects models (LMEs) with restricted maximum likelihood estimation were fitted.

The dependent variables were the four primary outcomes: normalised RMSE, spectral correlation,

normalised cocontraction, and normalised reciprocal activation. The statistical analyses were per-

formed in R (version 2024.4.2) using the lmerTest and emmeans packages. The significance level was

set at α = 0.05 for all tests.

Fixed effects included Phase (unassisted vs. assisted), Session (numeric predictor for sessions 1, 2,

3), Group (FES, Robot, Hybrid), and baseline motor impairment FM-UE (centered FM-UE score).

Two-way interactions between FM-UE and Phase or Session were included to test whether the assis-

tance effects or the metrics trends over time changed with patients’ the impairment level. Patients’

IDs were included as a random intercept to account for repeated measures within participants.

When main effects or interactions were significant, planned contrasts were estimated with estimated

marginal means: (i) Phase contrasts (assisted vs. unassisted) globally and/or within groups, (ii) Session

slopes (training trends) within groups and/or phases, (iii) Comparisons of FM-UE slopes between the

two phases. P-values for multiple contrasts were adjusted with Bonferroni-Holm’s method.

For the questionnaire answers, Kruskal–Wallis rank sum test (between-subject: group) was used

to investigate potential effect of the intervention group on questionnaire answers, due to ordinal data

and non-normal distributions.

All analyses followed an intention-to-treat principle, whereby all available data were included even

when some sessions were missing, except for longitudinal analyses, which required complete data across

all sessions.

5.1.6 Estimating FM-UE scores from extracted metrics

We developed regression models to estimate upper-limb motor impairment, quantified by FM-UE, from

metrics extracted from kinematics and EMG data in the first five trials of the unassisted baseline.

This was to determine whether impairment severity could be monitored while patients performed their

rehabilitation training.
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Cross-validation scheme Model training and evaluation followed a nested cross-validation pro-

cedure. At the outer level, five folds were used to partition the dataset into independent training and

testing sets. For each outer training set, an additional five-fold inner cross-validation was performed

to optimise feature selection and model hyperparameters.

To avoid information leakage between folds, cross-validation was carried out at the participant

level. In both outer (train/test) and inner (train/validation) partitions, participants were uniquely

assigned to a single split. This design ensured that all trials from a given participant were either

included in training or in validation/testing, but never both.

Extracted features To characterise motor performance, a wide range of kinematic- and EMG-

based metrics was extracted from the tracking and muscle activity data. These features were then

used as input for regression models estimating FM-UE scores. Three datasets were considered: (i) a

kinematic dataset containing only movement-derived features, (ii) an EMG dataset containing only

muscle-activity-derived features, and (iii) a combined dataset merging both kinematic and EMG fea-

tures.

For the kinematic data, we computed a broad set of metrics capturing various aspects of partici-

pants’ movements. These included:

• Accuracy and error metrics: root mean square error (RMSE and normalised RMSE), mean

absolute error (MAE and normalised MAE), dynamic time warping distance between the partic-

ipant and target trajectories, and absolute differences between peaks of participant and target

trajectories, as well as the cross-correlation between the participant and target trajectories and

their Spearman’s correlation.

• Smoothness metrics: spectral arc length (SPARC) (Balasubramanian et al., 2015) and jerk-

based indices (number of zero-crossings of jerk, log-dimensionless jerk, log-normalised jerk, di-

mensionless jerk) (Hogan et al., 2009; Balasubramanian et al., 2012).

• Range-of-motion (ROM) metrics: maximum and minimum joint angles, trajectory ROM,

and differences or ratios relative to the target.

• Variability metrics: trajectory standard deviation and its ratio with the target standard

deviation, and path length ratios.

• Velocity-based features: mean, peak, and standard deviation of velocity, peak velocity ratio,

velocity error and ratio relative to the target.

• Frequency-domain metrics: dominant frequency errors, ratios, and phase lags, as well as the

RMSE, MAE, integral error, and correlation between the spectra of the participant and target

trajectories, both across the full spectrum and restricted to the low-frequency range (< 20
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Hz). The coefficient of determination (R2) from a four-sine fit was used to quantify how well

participant trajectories could be represented as a sum of sinusoidal components.

For the EMG data, we extracted envelope- and frequency-based features:

• Envelope metrics: mean, peak, and RMS values of flexor and extensor activity, total acti-

vation, and derived indices such as cocontraction and reciprocal activation, with normalisation

to maximum voluntary contraction where applicable. Trial-level moving-window estimates of

these measures were also included.

• Spectral EMG features: median and mean frequencies, maximum frequency components, and

spectral descriptors such as the Dimitrov index (Dimitrov et al., 2006), the mean and variance

of the instantaneous mean and median frequency of Choi-Williams time-frequency distribution

(Choi et al., 1989; Karlsson et al., 2000).

• Motion-specific metrics: all features above were computed for the full movement as well

as separately during identified flexion- and extension-only periods, to capture motion-specific

behaviour.

Feature preprocessing and selection Within each outer fold, training and test features were

z-normalised (zero mean, unit variance) using parameters computed from the training set. Several fea-

ture selection strategies were compared within the inner cross-validation, including correlation-based

thresholds (0.7, 0.8, 0.9), principal component analysis (PCA, retaining 95% of variance), LASSO

regression, recursive feature elimination (RFE), ReliefF, χ2 tests, and Kruskal–Wallis tests, alongside

the use of all features. The feature selection method yielding the lowest average mean absolute error

(MAE) across inner folds was chosen and subsequently applied to the outer test set to obtain the

model performance.

Regression models We evaluated a diverse set of machine learning algorithms:

• Linear models (ordinary least squares, robust linear regression),

• Support vector regression (SVR) with hyperparameter optimisation,

• Ensemble methods, including random forests (with and without surrogate splits, the latter

providing robustness to missing values), boosted trees (with and without surrogate splits), and

fully optimised ensembles,

• Bayesian-optimised neural networks with varying layer sizes and activation functions.
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Hyperparameters for SVR, ensemble methods, boosted trees, random forests, and neural networks

were optimised using Bayesian optimisation (expected-improvement acquisition, maximum 200 evalu-

ations).

We also included a baseline “mean” model that predicts for each subject the mean FM-UE score

of the training set. This provides a simple reference for model comparison and represents the minimal

performance expected from any regression approach.

Performance analysis Model performance was evaluated on outer test sets using the mean ab-

solute error (MAE), as it directly reflects the average magnitude of error in FM-UE estimation.

For each dataset (kinematics, EMG, combined), we statistically compared model performance using

non-parametric Friedman tests. All models, including the baseline mean predictor, were included in

these comparisons. Where significant main effects were found, pairwise Wilcoxon signed-rank tests

were conducted between the best-performing model (lowest mean MAE) and (i) the baseline mean

model, and (ii) the linear regression model. This was performed for each dataset individually. The

best models for each dataset were then compared against each other using a Friedman test again and

pairwise comparisons when the result was significant.
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Assessed for eligibility (n= 1132) 

Excluded (n= 1092) 
¨   Hospital stay too short (<2weeks) (n=108) 
¨   Cannot follow instructions (n=100) 
¨   Pain at rest in wrist/fingers (n=24) 
¨   Functional impairments in wrist/fingers 
MRC>3 (n=379) 
¨   Unable to sit for session’s duration (n=187) 
¨   Declined participation (n=30) 
¨   Severe contractures or tone (n=11) 
¨   Severe psychiatric disorder (n=8) 
¨   Active implantable device (n=37) 
¨   Disease of peripheral nervous system (n=1) 
¨   Epilepsy (n=72) 
¨   Cancer wounds (n=91)  

¨   Polyneuropathy (n=21) 
¨   Blindeness (n=5) 
¨   Patient in isolation (virus, etc.) (n=6) 
¨   No motion or contraction from FES (n=8) 
¨   Pain when in the device (n=1) 
 

Analysed  (n=11) 
¨ Excluded from analysis (give 
reasons) (n=  ) 

¨ Completed first session (n=11) 
¨ Completed second session (n=11) 
¨ Completed third session (n=10)   

- Discontinued intervention: 
declined participation (n=1) 

 

Allocated to FES group (n=14) 
¨ Received intervention (n=11) 
¨ Did not receive intervention (n=3)   

- Pain (n=1) 
- No motion from FES (n=1) 
- Pain when in the device (n=1) 
-  

 

¨ Completed first session (n=12) 
¨ Completed second session (n=12) 
¨ Completed third session (n=11)   

- Discontinued intervention: 
faulty device (n=1) 

 

Allocated to Hybrid group (n=14) 
¨ Received intervention (n=12) 
¨ Did not receive intervention (n=2)   

- Pain (n=1) 
- No motion from FES (n=1) 

Analysed  (n=11) 
¨ Excluded from analysis because 
received another intervention on 
second session (n=1) 

 

Allocation 

Analysis 

Randomization (n=40) 

Enrollment 

Allocated to Robot group (n=12) 
¨ Received intervention (n=10) 
¨ Did not receive intervention (n=2)   

- Incorrectly recruited (no 
stroke diagnosis) (n=1) 

- No motion from FES (n=1) 
 

Participation 

¨ Completed first session (n=10) 
¨ Completed second session (n=10) 
¨ Completed third session (n=10)   
 

Analysed  (n=10) 
¨ Excluded from analysis (give 
reasons) (n=  ) 

 

Figure 5.2: Consolidated Standards of Reporting Trials (CONSORT) diagram, showing participants screening,
group allocation, participation and data analysis.
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Table 5.1: Patient demographics

Group Sex
(M | F)

Age, years,
mean (sd)

Side of paresis
(R | L)

Time since stroke,
weeks, mean (sd)

FM-UE
mean (sd)

Total 22 | 10 66 (14) 15 | 17 11 (7) 19 (14)
FES 9 | 2 61 (18) 5 | 6 15 (8) 15 (11)

Robot 7 | 3 69 (11) 7 | 3 9 (6) 23 (15)
Hybrid 6 | 5 68 (11) 3 | 8 9 (4) 20 (17)

FM-UE: Fugl-Meyer Upper-Extremity score, maximum score: 66.

5.2 Results

5.2.1 Participants

2032 patients were screened from October 25 2022 date to June 6 2025 (Fig. 5.2). 40 patients were

recruited and 30 completed the full three-session intervention (Table 5.1) (two patients did not complete

the third session but were included for the analysis on the assistance effect). Twenty-two patients

were severely impaired (Fugl-Meyer Upper-Extremity score (FM-UE≤25), four moderately impaired

(25≤FM-UE≤40) and four mildly impaired (FM-UE>40) (Woytowicz et al., 2017). The FM-UE score

is missing for two patients. Additionally, the FM-UE baseline scores did not differ significantly across

intervention groups (F (2, 27) = 0.60, p = 0.556), indicating that the baseline impairment level of

participants was similar across groups. The time since stroke was also not significantly different across

groups (χ2(2) = 4.83, p = 0.089).

5.2.2 Assistance

We report the effect of assistance from the robot, FES, or both, on the performance and EMG metrics.

The Phase factor (unassisted U1/assisted A1) was considered to assess whether the assistance provided

to patients during the target-tracking task improved their performance and whether differences were

observed between assistive modalities. Plots of the mean metric values across sessions in the unassisted

and assisted trials for each group are displayed in Fig. 5.3.

The LME revealed a strong main effect of Phase (F (1, 132.8) = 13.70, p < 0.001) on the nor-

malised RMSE between the patient and target trajectories (Fig. 5.3 A). A significantly lower RMSE

was observed during assisted trials compared to unassisted trials (U1–A1 difference = 0.134 ± 0.013,

t(133) = 10.35, p < 0.0001). This indicates, as expected, that providing patients with assistance to

perform the task increases their performance. However, the assistance modality does not affect this

improvement (Group effect: F (1, 81.4) = 0.4392, p = 0.6460). Additionally, a significant Phase ×

FM-UE interaction was also observed (F (1, 132.8) = 9.24, p = 0.0028), where pairwise contrasts indi-
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Figure 5.3: Assistive effect of the FES and robot during the target-tracking task. A. Effect of the assistance
on the normalised RMSE between the patient and target trajectories. B. Effect of the assistance on the
correlation between the frequency spectra of the patient and target trajectories. C. Effect of the assistance
on the cocontraction of the wrist flexor and extensor muscles. D. Effect of the assistance on the reciprocal
activation of the wrist flexor and extensor muscles.

cated that the reduction in RMSE with assistance was larger in more impaired patients (Additional

Figure 5.7 A). The FM-UE slope differed significantly between U1 and A1 (U1–A1 slope difference

= −0.00295 ± 0.00097, t(133) = −3.04, p = 0.0028). This indicates that the benefit of assistance is

especially strong for more impaired patients (lower FM-UE), who typically cannot perform very well

in the unassisted trials due to the lack of volitional movement. No main effect of Group or other

interactions reached significance (p > 0.06).

For the correlation between the frequency spectra of the patient and the target trajectories, the

main effect of Phase was not significant (F (1, 132.1) = 3.33, p = 0.070) (Fig. 5.3 B), but a Phase ×

FM-UE interaction was detected (F (1, 132.1) = 19.64, p < 0.0001). Follow-up contrasts confirmed

that FM-UE strongly predicted performance improvement with assistance (U1–A1 slope difference

= 0.00254±0.00057, t(132) = 4.43, p < 0.0001). Similarly as with the normalised RMSE, the patients

with higher impairment gained proportionally more from the assistance in terms of spectral correlation

(Additional Figure 5.7 B). No other main effects or interactions were significant (p > 0.07).
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For the cocontraction, no main effects of Phase, Group, or FM-UE were observed (all p > 0.11)

but a three-way Phase × Session × Group interaction (F (2, 116.78) = 3.23, p = 0.043) was found. The

cocontraction levels in the unassisted and assisted trials in each group can be seen in Fig. 5.3 C. Follow-

up analyses revealed group-specific patterns. When comparing assisted and unassisted trials within

each group across sessions, patients in the FES groups showed significantly lower cocontraction in

unassisted than assisted trials at the average session (U1–A1 slope difference = −0.182±0.064, t(117) =

−2.85, p = 0.005). By contrast, no such phase differences were found in the Robot group (p = 0.88),

and patients in the Hybrid group showed a trend towards increased cocontraction with assistance

(U1–A1 slope difference = −0.135 ± 0.068, t(117) = −1.97, p = 0.051). Additionally, a significant

Phase × FM-UE interaction was observed (F (1, 116.8) = 6.85, p = 0.01003). Planned contrasts

showed significant differences between phases (U1–A1 slope difference = 0.00704 ± 0.00269, t(117) =

2.617, p = 0.0100), indicating that impairment level modulated the degree to which assistance altered

antagonist muscle coactivation. Patients with higher FM-UE thus tended to show larger reductions

in cocontraction in the assisted phase (Additional Figure 5.7 C).

For reciprocal activation (RA), the model revealed no main effect of Phase (F (1, 115.82) = 0.07, p =

0.793) or Group (F (2, 115.25) = 2.68, p = 0.073) (Fig. 5.3 D). There was also a significant main effect

of FM-UE (F (1, 115.63) = 8.00, p = 0.006), and this effect interacted with Phase (Phase × FM-UE,

F (1, 115.82) = 7.20, p = 0.008). However, follow-up analyses did not reveal a significant increase

in RA with higher FM-UE when investigating each phase separately (p > 0.19) (Additional Figure

5.7 D).

5.2.3 Training

With the LMEs, we also investigated the temporal effect of training with the robot, FES or both over

three sessions and examined any potential changes, specifically in the unassisted performance and

muscle activity metrics of patients, which may indicate some task learning. Plots of the metric values

over sessions in the unassisted and assisted trials for each group are displayed in Fig. 5.4.

For the normalised RMSE between the patient and target trajectories, no significant main effect

of Session (F (1, 134.1) = 0.352, p = 0.5541) or Session × Group interaction (F (1, 132.8) = 0.066,

p = 0.063) was found, indicating no systematic improvement in unassisted performance across sessions.

The unassisted normalised RMSE over the three sessions is displayed in Fig. 5.4 A.

Similarly for the spectral correlation, there was no significant main effect of Session (F (1, 134.3) =

1.24, p = 0.27) or Session × Group interaction (F (1, 134.51) = 1.625, p = 0.201), indicating that

the tracking performance did not improve consistently across repeated sessions. The evolution of the

spectral correlation over unassisted trials is displayed in Fig. 5.4 B. This suggests that the main gains

in performance occur during assisted trials within sessions, rather than cumulatively across repeated
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Figure 5.4: Temporal evolution of the unassisted performance and muscle activity during the target-tracking
task. A. Effect of the training on the normalised RMSE between the patient and target trajectories. B. Effect
of the training on the correlation between the frequency spectra of the patient and target trajectories. C. Effect
of the training on the cocontraction of the wrist flexor and extensor muscles. D. Effect of the training on the
reciprocal activation of the wrist flexor and extensor muscles.

exposure. The expected training or learning effect of the task through this repeated assistive training

was not observed here in any of the groups. Furthermore, the variability across all sessions in both

tracking metrics remains quite high, hinting at heterogeneous adaptation patterns or the lack thereof,

although patients’ FM-UE scores did not have a significant interaction effect with Session (p = 0.946)

(Additional Figure 5.8 B).

Regarding cocontraction, a significant Phase × Session × Group interaction was detected (F (2, 118.6) =

5.17, p = 0.0432). However, further exploration of group-wise trends within phases indicated that in

the unassisted condition, session trends were small and non-significant across groups (all p > 0.09)

(Fig. 5.4 E). As with the performance metrics, these results suggest that training did not systemati-

cally reduce CC within groups over the three sessions and that it is likely that learning did not occur
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here, potentially due to this short training period. Additionally, there was a significant interaction

between Session and FM-UE score (F (1, 118) = 5.17, p = 0.025). Post-hoc analyses revealed that

session-related trends differed by impairment severity (Additional Figure 5.8 C): mildly impaired pa-

tients (FM-UE > 40) showed a significant reduction in CC across sessions (slope = −0.115 ± 0.055,

p = 0.0367), whereas no consistent changes were observed in moderate or severely impaired groups

(p > 0.057). Pairwise comparisons indicated that session slopes differed significantly between mild

and severe patients (p = 0.037).

For reciprocal activation, the model revealed significant main effects of Session (F (1, 123.2) = 4.85,

p = 0.030) and a Session × Group (F (2, 122.8) = 8.05, p = 0.0005) interaction. However, the

interaction between Phase and Session was not significant (p = 0.500) (Fig. 5.4 F), as both assisted

and unassisted trials are grouped in post-hoc tests. Group-wise analyses indicated that RA increased

significantly over sessions in the Hybrid group (sessions slope = 0.118±0.028, p < 0.001), whereas FES

and Robot groups showed no significant trends (p > 0.3). Similarly as for the cocontraction, we found

a significant interaction between Session and FM-UE score (F (1, 118) = 12.76, p = 0.0005). When

analysing session-related trends by impairment severity (Additional Figure 5.8 D), we also observed a

significant reduction in RA over session in mildly impaired patients (slope = −0.0773 ± 0.0335, p =

0.0225), but no changes in the moderate and severely impaired groups (p > 0.1). Pairwise comparisons

between the severity groups also indicated that session slopes differed significantly between all severity

groups (all p = 0.0015).

We also investigated the evolution in the passive and active ROM (Fig 5.4 C,D) over sessions, which

was recorded at the start of each session during the ROM calibration. There we investigated the effect

of Session, Group and FM-UE score on each metric. For the PROM, we found a significant effect of

Session (F (1, 51.66) = 6.27, p = 0.1546), Group (F (2, 77.98) = 3.980, p = 0.2260), and Session ×

Group effect (F (2, 51.79) = 5.846, p = 0.192). When further investigating the group-wise difference in

the PROM slopes over sessions, we found a significant decrease in PROM only for patients in the Robot

group (session slope = −14.23±3.62, p = 0.0003) and no significant changes were observed in the FES

and Hybrid groups (p > 0.6). When investigating the slope differences between groups, no significant

differences were found (FES-Robot and Hybrid-Robot: p > 0.0503, Hybrid-FES: p = 0.884). For

the AROM, we found a significant effect of FM-UE (F (1, 68.8) = 17.62, p < 0.0001), but no other

significant effect (all p > 0.3). As expected this indicates that patients with more severe impairments

had a smaller active ROM.
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Figure 5.5: Subjective perception of the unassisted and assisted target-tracking task for each intervention
group, reported by patients through a 5-point Likert Scale questionnaire, from ‘Strongly disagree’ (-2) to
‘Strongly agree’ (2). A. Answers to the questions (figure from left to right): ‘The use of the device was
comfortable’, ‘I enjoyed doing this activity very much’, ‘I would like to use this system for my upper-limb
therapy in the clinic’. B. Answers to the questions ‘During the experiment, I felt assistance’ after the unassisted
and assisted trial. C. Answers to the questions ‘The use of the device improved my performance’.

5.2.4 User experience

After the assisted training block, we asked patients about the comfort using the device, whether they

enjoyed the activity, and whether they would use this system for their upper-limb therapy in the clinic.

The Kruskal–Wallis tests find no significant group differences in the reported comfort (χ2(2) = 0.36698,

p = 0.8324), enjoyment (χ2(2) = 2.3377, p = 0.3107), or desire of use (χ2(2) = 0.4166, p = 0.812).

Across all metrics, ratings were generally high, indicating a positive reception of the training regardless

of the intervention modality. Comfort ratings were consistently positive across participants, with

minimal variance, suggesting that none of the assistance modes introduced notable physical discomfort,

even when electrical stimulation was applied. Enjoyment scores were high as well, reflecting good

engagement with the task, while desire of use ratings indicated a general willingness to continue using

the device, regardless of modality. Although the statistics do not support significant between-group

effects, the distribution of the data suggests slightly more clustered high ratings in the Hybrid group

for the answers regarding patients’ enjoyment and desire to further use the device, potentially due to

the perceived benefit of dual-modal assistance or the generally higher assistance level.

We also investigated whether patients perceived the provided assistance and their perception of

the assistance. We asked them whether they felt any assistance during the task both after the assisted
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Figure 5.6: Estimating FM-UE scores of patients using kinematic and EMG data collected in the first five
unassisted baseline trials of the first session. (A) Models performance (mean absolute error) across the three
datasets. Models compared include: baseline mean predictor (base), random forest with surrogate splits (rf
surr.), linear regression (linear), random forest (rf), boosted trees with surrogate splits (bt surr.), support vector
regression (svr), ensemble of learners (ensemble), boosted trees (bt), ensemble with surrogate splits (ensemble
surr.), and neural networks (nn) (B) Frequency of feature selection algorithms applied across regression models
and outer folds, for the three datasets. Feature selection methods included: no feature selection (none), recursive
feature elimination (RFE), principal component analysis (PCA), least absolute shrinkage and selection operator
(LASSO), correlation-based selection with thresholds of 0.9 (Corr. 0.9) or 0.7 (Corr. 0.7), principal component
analysis (PCA), reliefF, chi-squared test–based feature selection, and Kruskal–Wallis test–based selection.

trials and after the unassisted trials (Fig. 5.5 B). The 2 × 3 mixed ANOVA (Phase vs. Group) indicated

a significant main effect of assistance type (F (1, 29) = 56.2901, p < 0.0001), but no significant main

effect of group (F (2, 29) = 1.1410, p = 0.3334) or interaction (F (2, 29) = 0.9664, p = 0.3923). Post-

hoc comparisons indeed reveal that patients perceived the increase in assistance between the unassisted

and assisted trials in all groups (FES: p = 0.0001; Robot: p = 0.004; Hybrid: p < 0.0001). Visual

inspection of the figure indicates that the FES and Hybrid groups displayed slightly higher median

ratings, possibly reflecting the more tangible or noticeable nature of electrical stimulation compared

to purely mechanical guidance, especially with this compliant controller. The ceiling effect of this

questionnaire could also limit the effect of the Group on the answer.

Furthermore, we asked patients after the assisted training block how useful the assistance was

(Fig. 5.5 C). Although the Kruskal–Wallis test does not reveal a significant effect of group (FES, Robot,

Hybrid) on perceived usefulness of the assistance (χ2(2) = 2.237, p = 0.3268), it can be observed that

the variance of the answers in the Hybrid group was smaller with all patients considering the assistance

useful. On the other hand, the variance in the Robot group was larger with some patients finding the

assistance not useful to perform the task.

5.2.5 Assessment

The performance of the regression models trained on the kinematics, EMG and kinematics+EMG

features to estimate patients’ FM-UE scores is displayed in Fig. 5.6 A. Data from 28 patients were

considered as for some patients, EMG was not recorded in the first session and hence EMG metrics were

not available. The performance of the models in each dataset separately was not significantly different

from each other (Kinematics: χ2(9) = 5.27, p = 0.81; EMG: χ2(9) = 3.30, p = 0.95; Kinematics+EMG:
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χ2(9) = 5.25, p = 0.81), with a baseline model average MAE of 11.1 ± 2.9 points in the FM-UE scale,

where scores are from 0 to 66. The best performing model is the random forest model using the

kinematic dataset with an MAE of 8.5 ± 2.7 points.

Moreover, on average, models overestimated the score of severely impaired patients (FM-UE ≤

25) by 5 points while they underestimated other the patients’ scores by 14 points. This is likely

due to the unbalanced distribution of FM-UE scores in the population, where 20/28 patients were

severely impaired, and only four moderately and four mildly impaired. Upon observing this trend,

the regression models were then trained and tested only on severely impaired patients and their

performance can be seen in Additional Figure 5.9 A. Here, the baseline model using the mean FM-UE

score of the training data to estimate the FM-UE score of the test data was better than all other

models, irrespective of the dataset used, with an average MAE of 4.6 ± 1.8 points in the FM-UE

scale. The model with the lowest MAE after the baseline was the neural network trained on the EMG

data (MAE: 5.23 ± 1.0).

Further investigation of the selected features revealed that, for the kinematic dataset, the most

frequently chosen metrics were cross-correlation (30 counts out of 50 possible counts, i.e. 5 outer

folds × 10 models), cross-correlation lag (32), velocity error (29), and R2 from sinusoidal fits (25). For

the EMG dataset, the most selected features included cocontraction (31), normalised cocontraction

(29), and normalised reciprocal activation (29). In the combined dataset, the most frequently selected

features were R2 from sinusoidal fits (30), normalised reciprocal activation (29), and velocity error

(26). Regarding the feature selection algorithm (Fig. 5.6 B), the most frequent one was recursive

feature elimination (RFE), which iteratively removes the least important features based on model

performance until the optimal subset is reached. Principal component analysis (PCA), which reduces

dimensionality by combining correlated features into orthogonal components, was also often used.

5.3 Discussion

This study investigated the feasibility of using a simple hybrid robot-FES system in a clinical envi-

ronment with subacute stroke patients, as this device had previously been found to be usable and

safe to use in unimpaired participants. The goal here was to characterise the impact of robotic, FES,

and combined hybrid assistance on motor performance, muscle activity, and user experience to further

inform the design of a rehabilitation study using hybrid training.

Immediate assistance improves tracking error in the time-domain but not consis-
tently in the frequency-domain. The results from the mixed-effects analyses in this study

indicate that, in general, assistance improved tracking error compared to unassisted trials, irrespec-

tively of the assistance modalities (Fig. 5.3 A,B). This indicates that the Hybrid assistance was not
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associated with greater gains in tracking performance even though patients received the combination

of robotic and FES assistance, and it did not outperform the Robot assistance. This is in line with

our observations in unimpaired participants (Cazenave et al., 2023) and results from other studies

(Dunkelberger et al., 2023; Burchielli et al., 2022). Additionally, this result suggests that FES alone

improved tracking performance, which is in agreement with previous work in the literature indicating

that at a slow target speed (10◦/s), there is no significant difference in RMSE with various combina-

tions of robot and FES assistance (Hu et al., 2011). However, this is not the case for other studies

(Rong et al., 2015). The Group effect in this study may also not have been detected due to the use of

an LME with various other factors.

Furthermore, the interaction between Phase and FM-UE was significant, indicating that patients

with greater impairment showed larger reductions in RMSE with assistance. On the other hand,

different results were obtained with the spectral correlation where we did not see a significant global

Phase effect, although a significant FM-UE × Phase interaction was found, similarly as in the RMSE.

Although there was no interaction with Group, when further inspecting the boxplots of the normalised

RMSE and spectral correlation (Fig. 5.3 A,B), one can clearly see that all patients in the FES group

improved their tracking error with assistance and this was not the case for the spectral correlation,

while in the Robot group all patients improved in both metric. This suggests that stimulation can

reduce positional error but is less effective in shaping temporal accuracy, likely due to the electrome-

chanical delay, i.e. the delay between the stimulation onset and the induced motion (Lynch et al.,

2008). The variability in individual performance improvements may reflect a more heterogeneous

response to stimulation compared to the robotic assistance. To further investigate this trend, the

correlation between the FM-UE score and the assistance effect (difference in spectral correlation be-

tween the unassisted and assisted trials) was computed (Fig. 5.7). We found negative correlations for

patients in the Robot (ρ = −0.22) and Hybrid (ρ = −0.51) groups, indicating that patients with

stronger impairment (lower FM-UE) benefit more from the assistance, which was also observed in the

LME results. However, in the FES group, this correlation is positive (ρ = 0.20), hence showing that

patients with low motion abilities did not necessarily improve their performance with FES assistance.

This provides further evidence that FES may not be useful in improving accuracy in the frequency

domain. In addition to the electromechanical delay, this may also be due in part to the fact that the

comfortable stimulation amplitude range in some patients was limited and could not generate strong

torque, although it could contract muscles.

Muscle activity patterns reveal differences in recruitment strategies between the
assistance modalities. We found that cocontraction levels increased significantly from the unas-

sisted to the assisted trials for patients in the FES group, but there was no significant changes in the

Robot group and a slight trend for patients in the Hybrid group. The elevated muscle activity when
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stimulation is applied is expected as this adds to the natural contraction induced during volitional

activation in the unassisted trials. Such observations are consistent with our study in impaired par-

ticipants (Cazenave et al., 2023) and with the literature (Hu et al., 2011; Rong et al., 2015). The

larger cocontraction in the FES and Hybrid groups may also indicate some level of counteraction be-

tween the user’s intention and the delayed stimulation, or between the robotic torque and the torque

induced by the FES, delayed with respect to the robotic one. The interaction between the FM-UE

score and the Phase further indicated that patients with higher impairments tended to show a larger

reduction in cocontraction in the assisted phase. This may be in part due to the electromechanical

delay where patients who are able to perform the task without assistance may find the FES assistance

counteracting their motion. This could also be associated with a reduced volitional effort in patients

with severe impairments once this assistance is provided.

Training over three sessions did not induce consistent improvements in unassisted
tracking performance and physiological measures. Although task-related improvements

were expected in this study due to the training effect over the three sessions, there were no significant

changes in unassisted performance over time (Fig. 5.4 A,B). Similarly, group-wise reductions in cocon-

traction during the unassisted trials, which typically indicate motor learning, were not significant,

although a significant interaction between Phase, Session and Group was found. This confirms the

observation from the tracking metrics. This is likely due to the short intervention periods, where

three days spread across a week are not sufficient to drive measurable motor learning, even though

only improvements in the trained sensorimotor task were expected. Similarly for the ROM metrics,

we did not find a significant change over time except for the passive ROM for patients in the Robot

group only.

Furthermore, we found that the FM-UE scores had an effect on the changes in cocontraction and

reciprocal activation over sessions, where mildly impaired patients (FM-UE > 40) showed significant

reductions in physiological measures, indicating learning, while this was not the case in the more

impaired patients (Additional Fig. 5.8 C,D). This may reflect that patients with milder impairments

could already benefit from this short training while patients with lower motor capabilities need longer

training before physiological adaptations can be observed. However, as mentioned, the FM-UE had

an effect on the assistance effect, suggesting that patients of all severity levels could potentially benefit

from such training. Indeed patients with very severe upper-limb impairments, including eight patients

with FM-UE scores lower than ten could participate in the study and could improve their tracking

performance with the assistance, while enjoying the training. This indicates that this system and

protocol is suitable for a wide range of impairments, even with this standard assistance level across

patients. Moreover, the FM-UE scores were balanced across groups but differences in baseline per-

formance and EMG levels suggest potential group-specific biases and participants may benefit from
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stronger assistance or a more challenging task to drive their individual improvements, specifically

those with more severe impairments. This approach would however reduce the standardisation of

the protocol, potentially complicating the interpretation of the results, especially when the primary

aim is not to conclude on the clinical efficacy of an intervention. In addition, the sample size within

each intervention group remained modest, and this heterogeneous baseline impairment levels likely

contributed to the observed variability in performance and muscle activity patterns.

User experience is consistently positive for the robot, FES and combined hybrid
modalities. Patients across all groups rated the system as comfortable, enjoyable to use, and

desirable for continued use, with hybrid assistance showing slightly more clustered positive responses

(Fig. 5.5 A).

While most previous evaluations of hybrid systems have focused on performance outcomes, only a

few have examined usability from the patient’s perspective (Meadmore et al., 2014; Ambrosini et al.,

2021). For example, when electrical stimulation was combined with a passive robotic device, patients

reported the stimulation as comfortable and the training as enjoyable (Meadmore et al., 2014). In

contrast, training with another passive exoskeleton paired with FES was rated only moderately usable

(Ambrosini et al., 2021). In this context, our qualitative findings extend existing evidence by showing

that the proposed system is both well tolerated in the clinic and perceived as engaging by stroke

patients.

Interestingly, although patients consistently perceived assistance across all modalities, their ratings

of its usefulness were mixed (Fig. 5.5 B,C). This suggests that the assistance did not always align with

patients’ intended motion, as it was controlled to follow the target rather than their volitional effort.

Similar observations have been reported in robot rehabilitation, where patients described the robot as

resisting their movement (Park et al., 2020). In the present study, the variability was most evident in

the robot group, likely due to the relatively low torque levels chosen to avoid slacking, which may not

have always been perceived. In contrast, electrical stimulation was more noticeable and often rated

as useful, despite its less consistent influence on performance metrics. Moreover, the assistance in the

Hybrid group was the combined assistance form the FES and the Robot group, which could explain

a consistently higher rating.

The short training duration, heterogeneous cohort, and simple control strategy
constrain the interpretation of these findings. The intervention period was limited to only

three sessions, which could inform about the feasibility of using such system in a rehabilitation setting,

but was insufficient to induce consistent improvements in unassisted performance. Moreover, the sam-

ple size within each intervention group remained modest, and heterogeneous baseline impairment levels

likely contributed to the observed variability in performance and muscle activity patterns. Finally, a
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simple impedance controller was used, which may have not stimulated the targeted muscles in a timely

manner. Patient-specific stimulation strategies that consider the dynamics of FES may mitigate these

effects in future implementations. Although the electromechanical delay between the stimulation onset

and resulting contraction could have been explicitly considered within the proportional controller used

here, this approach presents some drawbacks. As the stimulation encompasses both a sensory and a

motor component, explicitly including the delay could lead to the sensory feedback being perceived

ahead of the corresponding error; while in this case, the FES provides sensory feedback in the same

way the robot provides haptic feedback, as well as added motion benefit. Furthermore, the electrome-

chanical delay typically varies across individuals and over time (Downey et al., 2017), hence including

a fixed delay term in a proportional controller may also lead to delayed assistance and counteract the

robot-induced motion as observed here.

The extracted kinematic and physiological features from the unassisted trials could
not be used to estimate patients’ FM-UE scores with good accuracy. Although several

regression models were evaluated across kinematic, EMG, and combined feature sets, the accuracy in

estimating patients’ impairment severity remained limited, with mean absolute errors (MAE) in the

range of 8–12 FM-UE points. This is above the MCID for FM-UE (6.6 points), indicating that such

models are not suitable for reliable patient-level estimation in their current state. One likely reason

is the strong imbalance in the dataset, with the majority of patients being severely impaired. This

skew in FM-UE distribution was associated with systematic overestimation of scores in more impaired

patients and underestimation in those with moderate or mild impairment. However, when models were

retrained using only the severely impaired subgroup, performance improved but the simple baseline

predictor (mean FM-UE of the training set) outperformed all feature-based models.

Most previous work estimating FM-UE or related clinical outcomes has primarily relied on de-

mographic variables and clinical assessments collected at earlier time points to predict recovery tra-

jectories at three or six months post-stroke (Nijland et al., 2010; Stinear et al., 2017; Van Der Vliet

et al., 2020; Kwah et al., 2013; Gandolfi et al., 2023). These approaches have demonstrated predictive

value but depend on repeated assessments that can be time-consuming and not routinely performed

in many clinical environments. A few studies have explored the use of wearable or robot-derived kine-

matic and physiological data to predict clinical scores (Camardella et al., 2023; Lee et al., 2021; Bo

et al., 2022). These studies typically applied similar modelling approaches to those used here, such as

random forests, but achieved higher predictive accuracy, likely because they leveraged data collected

at multiple time points to forecast future outcomes, thereby benefitting from richer longitudinal in-

formation. This could also be because they generally combined sensor-derived features with baseline

clinical and demographic data, rather than relying solely on device outputs. Demographic factors such

as age often emerged as dominant predictors, and in some instances, adding sensor-based features did
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not improve performance (Camardella et al., 2023; Bo et al., 2022). By contrast, the present work fo-

cused on whether robot- and EMG-derived features collected exclusively during rehabilitation training

could capture sufficient information to infer motor impairment severity in subacute stroke patients.

This was not the case, suggesting that the available sample size was too limited to accurately estimate

clinical scores or to reliably distinguish impairment levels. Indeed, even when adding demographics

information from the patients (i.e. age and time since stroke) to the training set and using the best

performing model (RF with surrogate splits trained on kinematic features), the performance did not

improve (MAE: 9.8 ± 2.9, compared to MAE: 8.5 ± 2.7 without demographics).

5.4 Conclusion

This chapter assessed the feasibility and short-term effects of robotic, FES, and hybrid assistance

during a wrist tracking task in individuals with subacute stroke staying at an inpatient rehabilita-

tion clinic. All modalities significantly improved task performance within sessions, but no consistent

training-related gains were observed across the three-session intervention. Robotic assistance reduced

cocontraction and reciprocal activation, reflecting decreased effort in the task, while FES and hybrid

assistance increased overall muscle activity, aligning with their role in promoting active engagement,

although the electromechanical delay may have also induced undesired cocontraction. Importantly,

patient-reported outcomes confirmed that all modalities were well tolerated, enjoyable, and perceived

as useful, with hybrid assistance in particular receiving consistently positive feedback. On the other

hand, the use of the kinematic and EMG metrics, extracted from the unassisted target-tracking task,

to estimate patients’ FM-UE scores did not yield satisfying outcomes, with errors above 12% of the

full score. This limits the potential use of this device as a tool to assess upper-limb recovery.

Taken together, these findings suggest that while robotic assistance provides reliable improvements

in movement accuracy, FES and hybrid approaches offer complementary benefits by engaging muscle

activity and supporting patient-perceived usefulness, which may enhance overall patient experience.

However, the short training duration and the standard assistance and task difficulty across patients

limited the ability to detect cumulative learning and consistent improvements. The next chapter

extends this work in a longitudinal hospital-based study, where patients underwent three weeks of

FES–robot assisted training, with optimised patient-specific shared control between the two actuating

modalities and task difficulty adaptation. This enables the evaluation of motor adaptation during

repeated practice and the potential clinical efficacy of this hybrid rehabilitation approach.

100



5.5 Additional figures

BA

DC

Figure 5.7: Correlation between FM-UE scores and assistance effect (assisted performance – unassisted perfor-
mance) on various metrics: normalised RMSE (A), spectral correlation (B), cocontraction (C), and reciprocal
activation (D), for each group individually and the whole population. A performance improvement is indicated
by a negative RMSE difference and a positive spectral correlation difference. A negative cocontraction or re-
ciprocal activation indicates a reduction in physiological measures with assistance.
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BA

DC

Figure 5.8: Correlation between FM-UE scores and improvement in unassisted trials over sessions (S3 – S1) on
various metrics: normalised RMSE (A), spectral correlation (B), cocontraction (C), and reciprocal activation
(D), for each group individually and the whole population. A performance improvement is indicated by a
negative RMSE difference and a positive spectral correlation difference. A negative cocontraction or reciprocal
activation indicates a reduction in physiological measures from Session 1 to 3.
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Figure 5.9: Estimating FM-UE scores of severely impaired patients (FM-UE ≤ 25) using kinematic and EMG
data collected in the first five unassisted baseline trials of the first session. (A) Models performance (mean
absolute error) across the three datasets. Models compared include: baseline mean predictor (base), random
forest with surrogate splits (rf surr.), linear regression (linear), random forest (rf), boosted trees with surrogate
splits (bt surr.), support vector regression (svr), ensemble of learners (ensemble), boosted trees (bt), ensemble
with surrogate splits (ensemble surr.), and neural networks (nn) (B) Frequency of feature selection algorithms
applied across regression models and outer folds, for the three datasets. Feature selection methods included:
no feature selection (none), recursive feature elimination (RFE), principal component analysis (PCA), least
absolute shrinkage and selection operator (LASSO), correlation-based selection with thresholds of 0.9 (Corr.
0.9) or 0.7 (Corr. 0.7), principal component analysis (PCA), reliefF, chi-squared test–based feature selection,
and Kruskal–Wallis test–based selection.
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Chapter 6

Fatigue induced by FES and voluntary

movements in unimpaired and stroke

participants

The previous chapters established the potential of a hybrid robot-FES system for improving upper-

limb motor performance in unimpaired individuals (Chapter 4) and stroke patients (Chapter 5). These

studies showed that combining robotic and FES assistance can enhance tracking accuracy, preserve

movement smoothness, and improve user experience without compromising comfort. Together, the

findings support the use of hybrid assistance as a promising strategy for neurorehabilitation. However,

one important factor that remains to be addressed is the potential muscle fatigue, particularly when

electrical stimulation is applied over longer durations.

Fatigue is a known limitation of FES as it recruits slow-twitch and fatigue-resistant motor units

as well as fast-fatiguable ones, even for low-level contractions (Lynch et al., 2008). This often leads to

a faster onset of fatigue, as seen in assistive tasks like the Cybathlon cycling race, where participants

(with spinal cord injuries) experience a progressive decline in pedal power output during prolonged

FES-driven activity. In stroke rehabilitation, FES is often used in conjunction with voluntary motion

and involves frequent rest periods, which may mitigate fatigue development. Nevertheless, it is unclear

whether and how this mechanism could arise in these contexts. Studying the effect of FES-induced

contractions in such scenarios could help confirm whether these are sufficient to prevent fatigue, and

that FES does not restrict the intensity or duration of rehabilitation post-stroke, or increase discomfort.

Although our previous experiments in unimpaired individuals (Chapter 4) did not reveal signs

of fatigue during hybrid training, those sessions were relatively brief, required low physical demand,

and were not specifically designed to detect the more subtle neuromuscular changes associated with

fatigue. Moreover, most studies investigating FES-induced fatigue have relied on isometric or tetanic

stimulation protocols to provoke fatigue, which do not reflect the dynamic, continuous movement
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patterns typically encouraged in stroke rehabilitation, where the goal is to promote voluntary control

across a functional range of motion.

To address this gap, the present chapter investigates the development of muscular fatigue during

a continuous wrist tracking task involving FES-induced contractions and/or robotic assistance, and

voluntary movement. It aims to answer research question QC: Should muscle fatigue be considered

when using a hybrid robot-FES system for stroke rehabilitation? We adopt a two-part approach:

• First, we present a dedicated study in unimpaired individuals that examines muscle fatigue

across three conditions: voluntary movement, FES-induced movement, and combined volitional

and FES-driven movements. Fatigue is evaluated both during the task, via EMG-based effort

and fatigue metrics, and before and after each condition, to investigate potential changes in the

mechanical (MVC) and electrical (M-wave) responses of the muscles.

• Second, we further analyse the data from the stroke feasibility study (Chapter 5) to explore

whether similar fatigue-related markers emerge during robot- and/or FES-assisted target track-

ing training in subacute stroke patients.

The findings provide insight into the physiological demands of FES-based and hybrid assistance

in both unimpaired and stroke individuals. They aim to inform whether fatigue should be explicitly

accounted for when designing hybrid rehabilitation strategies and help optimise training protocols for

clinical deployment.

The study in unimpaired individuals was described in the following publication: Cazenave, L.,

Pena-Perez, N., Yurkewich, A., & Burdet, E., (2025). FES-Induced and Voluntary-Induced Fatigue in

a Rehabilitation-Like Task. IEEE International Conference On Rehabilitation Robotics. A verbatim

copy of this paper is also included in Appendix A. The study in stroke patients presented in this

chapter was carried out in collaboration with the Technical University of Munich (TUM), the Schön

Klinik Bad Aibling, and Tecnalia. C. Höhler, C. Krewer, K. Jahn and their colleagues from Schön

Klinik Bad Aibling recruited the participants in this study and collected subsequent data, after I set

up the device in the clinic and trained them to conduct the experiment. S. Endo and H. Kavianirad

assisted in the pre-processing and analysis of the data. I conceived and designed the research in

discussion with colleagues at Schön Klinik, developed the experimental protocol and programmed

the experimental task, performed the data analysis. I also created the figures in this chapter, and

interpreted the results.
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6.1 Methods

6.1.1 Study in unimpaired participants

Experimental design

Twenty-two unimpaired individuals (3 left-handed, 11 female), aged 21-30 years old, participated in

this experiment, approved by the Research Ethics Committee of Imperial College London (approval

number: 21IC6935). Participants completed three block conditions of 25 trials (Fig. 6.1). In each

30 s-trial they tracked a target moving pseudo-randomly along the horizontal axis with their right

wrist flexion/extension motions, as previously introduced in Chapter 3, Section 3.2.

The conditions, presented in a random order, required participants to: (i) track the target as

accurately as possible, (ii) remain relaxed while FES was applied to their wrist flexor/extensor muscles

to track the target, and (iii) track the target as accurately as possible while they received the same

FES assistance as in (ii). The randomisation was designed to ensure that all six possible sequences of

experimental conditions were presented, with each sequence carried out by at least three participants

to maintain balanced exposure across conditions. The general difficulty of the task was increased by

adding damping to the robot (D = 0.39 Nm s/rad ).

The robot-FES system used in this experiment is composed of the HRX-1 one degree-of-freedom

wrist robotic interface (HumanRobotiX, UK) and the CLASS V1.0 FES device 16-electrode array

(Tecnalia Research & Innovation, Spain). These systems have already been introduced in Chapter 3,

Section 3.1, where further details and pictures can be found. Muscle activity was recorded using two

32-channel EMG electrode arrays (GR10MM0804, OT Bioelettronica, Italy) with a Sessantaquattro

amplifier (OT Bioelettronica, Italy).

An FES calibration is performed at the start of the experiment and FES assistance is implemented

such that the stimulation intensity is proportional to the difference between the target position and

the participant’s wrist position e(t), as previously introduced in Chapter 4, Section 4.1.5 and 4.1.6.

Here, the FES control stiffness (in mA/◦) for the flexor and extensor stimulation is equivalent (after

calibration) to a robot control stiffness K = 0.56 Nm/rad

After completion of each condition, participants perform a maximum voluntary contraction (MVC)

exercise, where they are asked to flex and extend their wrist for 3.5 s as forcefully as possible three

times on each side. Following this, they are instructed to relax while the maximum calibrated FES

was applied for 3.5 s to their wrist flexor (smax
f ), followed by their wrist extensor (smax

e ), three times

as well. For this step, the same calibrated FES intensity is used throughout the experiment.

They also fill out the NASA-TLX questionnaire (Hart et al., 1988), which assesses participants’

perceived effort after each condition:
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Figure 6.1: Experimental protocol for the study on fatigue with unimpaired participants. The three conditions
were presented in random order for each participant and consisted of 25 trials of a 30-second wrist target-
tracking task. MVC refers to three repetitions of maximum voluntary wrist flexion and extension, followed by
three repetitions of maximum flexor and extensor stimulation while participants were instructed to relax.

• How mentally demanding was the task?

(1 = very low; 10 = very high)

• How physically demanding was the task?

(1 = very low; 10 = very high)

• How hurried or rushed was the pace of the task?

(1 = very low; 10 = very high)

• How successful were you in accomplishing what you were asked to do?

(1 = very bad; 10 = very good)

• How hard did you have to work to accomplish your level of performance?

(1 = very low; 10 = very high)

• How insecure, discouraged, irritated, stressed, and annoyed were you?

(1 = very low; 10 = very high)

• The electrical stimulation was comfortable.

(from ‘strongly disagree’ to ‘strongly agree’)

• The electrical stimulation improved my performance. (from ‘strongly disagree’ to ‘strongly

agree’)

Data analysis

To analyse whether the target-tracking task induced fatigue, either with or without FES, we focused

on five key aspects: i) the perceived mental and physical demand, ii) changes in EMG envelope ampli-

tude during MVC, iii) changes in FES-induced torque and M-wave characteristics during continuous

maximum stimulation, iv) tracking error, and v) cocontraction and reciprocal activation of the flexor
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and extensor muscles during the condition trials. For evaluating metrics within each condition block,

the first three trials used for familiarisation were excluded from the analysis, hence the remaining 22

trials were considered.

EMG pre-processing

EMG was recorded from the participants’ wrist flexor and extensor muscles at a frequency of 2000 Hz.

The EMG signal was pre-processed as per the pipeline described in Chapter 3, Section 3.3.2. The

amplitude of the EMG envelope was normalised by the mean EMG envelope during the first MVC

in flexion/extension (MVC0 condition in Fig. 6.1), so muscle activity is reported as a ratio of this

maximum MVC amplitude. For subsequent analyses, the channel on the extensor and flexor arrays

with the highest envelope amplitude during the EMG calibration was selected. EMG metrics are

reported for N = 21, as the EMG data for one participant were corrupted.

Metrics computation

To evaluate a potential decrease in MVC, we calculated the difference in muscle activity during the

MVC performed before and after each condition. The average EMG value over the peak 1 s window of

the 3.5 s MVC was used to characterise the MVC and the normalisation value (Nieminen et al., 1993;

Castelein et al., 2015; Ekstrom et al., 2005).

Similarly, to assess changes in FES-induced torque and M-wave characteristics, we computed the

difference in mean torque and M-wave metrics during 3 s of continuous stimulation performed before

and after each condition. The first 0.5 s of stimulation were excluded from the analysis to account

for the delay between stimulation onset and muscle contraction. For M-wave analysis, the 3 s EMG

signal was divided into pulse windows, each containing a stimulus artifact that marked the start of the

window, followed by the corresponding M-wave. Within each window, we extracted the amplitude,

area, and duration of each M-wave phase, averaging these metrics across the 3 s stimulation period

for each M-wave phase separately (Rodriguez-Falces et al., 2017). Since this task is dynamic and

may induce changes in muscle length and in the relative position of the recording and stimulating

electrodes, the two M-wave phases were analysed separately This is because previous work found that

the first M-wave phase may be less affected by these structural changes (Rodriguez-Falces et al., 2017).

We also analysed these metrics for the full M-wave by summing the parameters extracted from each

phase to obtain the overall M-wave amplitude, duration, and area, as these are also commonly used to

assess muscular fatigue (Chesler et al., 1997; Tepavac et al., 1997; Badier et al., 1999; Rodriguez-Falces

et al., 2018).

We evaluated effort within trials using the cocontraction and the reciprocal activation of the wrist

flexor and extensor normalised EMG envelope as described in Chapter 3, Section 3.3.1. The tracking
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Figure 6.2: An example M-wave response from a participant during the 3 s maximum flexor stimula-
tion while at rest, with the measurements of the M-wave parameters: amplitude, duration, and area
of the first (Amp_MW1, Dur_MW1, and Area_MW1) and second (Amp_MW2, Dur_MW2 and
Area_MW2) phases. These parameters are also computed for the full M-wave, where the absolute
sum of the parameter from each phase is computed (MW amplitude, MW duration and MW area).

performance in each trial was evaluated using the RMSE between the participant and target trajecto-

ries, the Spearman’s correlation between them, and motion smoothness (SPARC) (Balasubramanian

et al., 2015).

Statistics

To analyse the evolution of performance and EMG metrics across trials for each condition (Voluntary,

FES, Hybrid), linear mixed-effects models (LMEs) were fitted with restricted maximum likelihood

estimation (REML). Each condition was modelled separately to capture within-condition fatigue and

performance trends. The dependent variables included the RMSE between the participant and tar-

get trajectories, the Spearman’s correlation between them, and motion smoothness (SPARC). Trial

number was modelled as a continuous fixed effect to assess temporal changes during the session and

a subject-specific random intercept was added to account for repeated measures. Analyses were per-

formed in R (version 2024.4.2) using the lmerTest package. Additionally, we investigated differences

in these metrics between the first and last three trials (excluding familiarisation trials) to explore a

potential effect of the condition on the metric change using a one-way ANOVA or Friedman test and

corresponding post-hoc tests.

To compare perceived mental and physical demands, MVC levels, FES-induced torque, M-wave

parameters, performance metrics, and EMG-based metrics during conditions, we used a one-way re-

peated measures ANOVA, or a non-parametric Friedman test when data were not normally distributed.
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Normality was assessed using the Shapiro-Wilk test. For pairwise comparisons of these metrics be-

tween conditions, we used paired sample t-tests or paired Wilcoxon signed-rank tests, controlling for

the family-wise error rate using the Bonferroni-Holm correction. To determine whether differences in

MVC torque, FES-induced torque, and M-wave parameters before and after each condition differed

from a distribution with a mean of zero, we applied one-sample t-tests or Wilcoxon signed-rank tests

for each condition individually. Moreover, for these differences, we performed this statistical analysis

on the metrics distributions based on the chronological order in which the conditions were presented,

regardless of their types, to identify any temporal changes in the metrics. We also conducted the same

analysis after categorising the data by condition labels (FES, Volition, Volition-FES) to investigate

differences associated with the specific condition types.

The significance level used for these analyses was α = 0.05.

6.1.2 Study in stroke patients

Experimental design

The experimental design of this study is described in Chapter 5, Section 5.1.

Data analysis

To analyse whether the target-tracking task, assisted by FES and/or a robot, induced fatigue in

subacute stroke patients, we focused on similar aspects as presented for the above study in unimpaired

participants.

We explored: i) the perceived mental and physical demand as collected by the NASA-TLX ques-

tionnaire, ii) the changes in performance, i.e. normalised RMSE and the correlation between the

spectra of the patient and target trajectories, and iii) the changes in muscle activity, i.e. cocontrac-

tion and reciprocal activation of the flexor and extensor muscles, from the EMG data collected during

the assisted trials, when these were available. Further details about the data collection procedures are

described in Chapter 5, Section 5.1, and the EMG pre-processing pipeline and the metrics extraction

are described in Chapter 3, Section 3.3.1 and 3.3.2).

We also investigated differences in frequency-based metrics in the unassisted trials of the baseline

and evaluation blocks preceding and following the assisted training to explore potential differences in

frequency-based metrics arising with the training. To do so, the mean difference between the first

three trials of the unassisted evaluation block after the training and the last three trials of the first

unassisted block was computed for each participant and session. The metrics in the frequency domain

of the EMG used to characterise fatigue (presented in Chapter 3, Section 3.3.2) are as follows: median

frequency of the filtered EMG signal from its Fourier transform (Stulen et al., 1981; Arendt-Nielsen
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et al., 1989), mean of the instantaneous median frequency of the time-dependent power spectrum

(from the Choi-Williams time-frequency distribution) (Choi et al., 1989), and Dimitrov Spectral Index

(Dimitrov et al., 2006).

Statistics

The NASA-TLX single-item ratings (mental and physical demand) were compared across groups using

one-way ANOVA or non-parametric Kruskal–Wallis test when data were not normally distributed

(Shapiro-Wilk test).

To investigate the evolution of task performance and EMG-based effort metrics during the assisted

training phase, LMEs with REML were fitted. Fixed effects included Trial number (1–30 within the

assisted phase), Session (1–3), and Group (Robot, FES, Hybrid). The dependent variables were

normalised RMSE, spectral correlation, normalised CC, and normalised RA. Interactions allowed

testing whether fatigue or adaptation trajectories differed by Group or Session. A participant-specific

random intercept accounted for baseline heterogeneity. These are referred to as the primary LMEs.

Additionally, simplified models were used for visualisation and exploratory comparisons within each

group-session pair, where only Trial number was considered as a fixed effect and the participant ID as

a random intercept. The dotted regression lines are plotted on top of the figures showing the evolution

of each metric over trials in the assisted training and the p-values for the Trial slope are reported for

these representative sessions.

To investigate the potential effect of the intervention group on the difference in frequency-domain

EMG metrics, used to characterise fatigue, we conducted a one-way ANOVA or a Kruskal–Wallis test,

if the normality assumption was not satisfied.

The significance level used for these analyses was α = 0.05.

6.2 Results from unimpaired study

6.2.1 Questionnaire Answers

We observed a significant effect of the condition on the NASA-TLX responses for the questions: “How

physically demanding was this task?” (χ2(2) = 26.66, p < 0.001) and “How mentally demanding was

this task?” (χ2(2) = 30.34, p < 0.001). When participants were asked to relax while FES was applied,

the task was perceived as the least demanding. In contrast, the Volition and Volition-FES conditions

did not differ significantly in physical (p = 0.73) or mental demand ratings (p = 0.45) (see Fig. 6.3)
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Figure 6.3: Answers to the 10-point NASA-TLX questions on physical demand (A) and mental demand (B),
with answers from very low (1) to very high (10). Each participant performed all three conditions and the
dotted line represents their ratings. ∗ ∗ ∗ : p < 0.001. Comparisons not highlighted are not significant.

Volition FES Volition-EFS

Δ
 N

or
m

. M
V

C
 E

M
G
fle

x

Volition FES Volition-FES

Δ
 N

or
m

. M
V

C
 E

M
G

ex
t

A B

-2

-1.5

-1

-0.5

-1.5

-0.5

0

0.5

1

1.5

-2

-1

0

0.5

1

1.5

Figure 6.4: Difference in mean normalised EMG during MVC trials for each condition for the flexor MVC
(A) and extensor MVC (B). A negative difference indicates a decrease in MVC after the condition compared
to before the condition.

6.2.2 MVC differences before and after each condition

We investigated the chronological evolution of the normalised EMG amplitude during MVC throughout

the experiment by computing the difference between the current MVC and the previous one to explore

potential decreases in MVC after each condition (where a negative difference indicates a decrease in

MVC) (Additional Figure 6.12). A significant effect of the condition was found for flexor MVC (χ2(2)

= 7.71, p < 0.05), but not for extensor MVC (χ2(2) = 0.09, p = 0.956). Post-hoc analyses for flexor

MVC did not reveal significant differences between any pair of conditions (all p > 0.276).

Furthermore, we calculated the difference between the mean normalised MVC EMG before and

after each condition to assess potential decreases in MVC (where a negative difference indicates a

decrease) (Fig. 6.6). No significant differences in MVC change across conditions were observed (MVC

EMG flexor: χ2(2) = 1.52, p = 0.467; MVC EMG extensor: χ2(2) = 0.10, p = 0.954). Additionally,

none of the conditions induced a significant change in MVC compared to zero (all p > 0.1924).
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Figure 6.5: Difference in mean normalised FES-induced torque for each condition for the flexor stimulation
(A) and extensor stimulation (B). A negative difference indicates a decrease in FES-induced torque after the
condition compared to before the condition.

6.2.3 FES-induced torque differences before and after each condi-

tion

Similarly, we explored the chronological evolution of the torque generated under maximum comfortable

stimulation intensity while participants were at rest. We computed the difference between the current

FES-induced torque and the previous one (Additional Figure 6.13). No significant differences were

found across conditions (FES torque flexor: χ2(2) = 3.26, p = 0.1956; FES torque extensor: χ2(2) =

0.74, p = 0.6918).

Fig. 6.5 shows the difference between FES-induced torque before and after each condition to as-

sess potential decreases in torque (where a negative difference indicates a decrease). No significant

differences in FES-induced torque changes across conditions were observed (FES torque flexor: χ2(2)

= 4.11, p = 0.1284; FES torque extensor: χ2(2) = 0.42, p = 0.8102). Additionally, there were no

significant changes in FES-induced torque within any of the conditions (all p > 0.1842).

6.2.4 M-wave parameters differences before and after each condition

Additionally, we evaluated the chronological evolution of various parameters characterising the M-

wave, recorded during maximum comfortable stimulation intensity while participants were at rest. We

explored differences between the current M-wave peak-to-peak amplitude (Additional Figure 6.14 A,B),

duration (Additional Figure 6.14 C,D) and area (Additional Figure 6.14 E,F), and the previous mea-

surements. No significant differences across conditions were observed for these parameters (MW

amplitude flexor: χ2(2) = 0.3, p = 0.8607; MW amplitude extensor: χ2(2) = 2.63, p = 0.2683; MW

duration flexor: F (2) = 1.94, p = 0.1536; MW duration extensor: χ2(2) = 0.95, p = 0.6227; MW area

flexor: χ2(2) = 1.3, p = 0.5220; MW area extensor: F (2) = 0.15, p = 0.8648).

Fig. 6.6 illustrates the differences in M-wave parameters before and after each condition to as-
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sess potential changes in peak-to-peak amplitude (Fig. 6.6 A,B), duration (Fig. 6.6 C,D) and area

(Fig. 6.6 E,F). No significant differences in changes across conditions were observed (MW amplitude

flexor: χ2(2) = 0.4, p = 0.8187; MW amplitude extensor: χ2(2) = 0.11, p = 0.9487; MW duration

flexor: χ2(2) = 0.7, p = 0.7047; MW duration extensor: χ2(2) = 5.05, p = 0.08; MW area flexor:

χ2(2) = 0.7, p = 0.7047; MW area extensor: χ2(2) = 2.63, p = 0.2683).

We also examined changes in parameters for each phase of the M-wave separately but found

no significant differences (all p > 0.0648). When assessing whether changes within each condition

differed from zero, no significant results were found for any full M-wave parameters across conditions

(all p > 0.062). However, in the Volition-FES condition, significant changes were observed in the

MW2 amplitude (p = 0.0442) and MW2 area (p = 0.0329) during extensor stimulation.

6.2.5 Changes in performance metrics across conditions

Fig. 6.7 shows the changes in each performance metric across trials for each condition. In the Volition

and FES conditions, we observed a significant effect of Trial number on RMSE, with a positive slope

indicating a slight decrease in tracking performance (Volition: slope = 0.0275, t(461) = 2.282, p =

0.023; FES: slope = 0.0278, t(461) = 5.171, p < 0.001). In contrast, the Volition-FES condition showed

no significant slope (slope = 0.0027, t(461) = 0.245, p = 0.806). For the correlation metric, a significant

negative slope was observed only in the FES condition (FES: slope = -0.0008, t(461) = −2.182, p =

0.0296), while the Volition condition showed a marginally significant negative slope (slope = -0.0006,

t(461) = −1.963, p = 0.0502). The Volition-FES condition did not show a significant slope (slope =

0.0002, t(461) = 0.695, p = 0.488). For the SPARC metric, all conditions had a significantly negative

slope, indicating decreased motion smoothness (Volition: slope = -0.0716, t(461) = −6.027, p < 0.001;

FES: slope = -0.2417, t(461) = −6.849, p < 0.001; Volition-FES: slope = -0.0736, t(461) = −5.727,

p < 0.001). The magnitude of this slope was larger in the FES condition compared to the other two

conditions.

We also investigated the difference in performance metrics between the last three trials and the

first three trials (excluding the familiarisation trials) for each condition (Additional Figure 6.15). No

significant effect of condition on the difference in any performance metric between the start and end

of the trials was observed (∆ RMSE: χ2(2) = 0.27, p = 0.87; ∆ Spearman’s ρ: χ2(2) = 0.64, p = 0.73;

∆ SPARC: χ2(2) = 4.36, p = 0.12).

6.2.6 Changes in effort across conditions

We examined how the mean EMG envelope amplitude in the wrist flexor and extensor muscles, as well

as the mean cocontraction (CC) and reciprocal activation (RA), varied over trials in each condition

to measure voluntary effort during the task (Fig. 6.8). For the flexor EMG, we observed a significant
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Figure 6.6: Difference in mean normalised M-wave parameters when the maximum comfortable stimulation
is applied while at rest, for each condition, for the flexor stimulation (A,C,E) and the extensor stimulation
(B,D,F). The M-wave parameters presented are the M-wave peak-to-peak amplitude (A,B), the M-wave
duration (C,D) and the M-wave area (E,F).

negative effect of trial number in the Volition-FES condition (slope = -0.0009, t(433) = −4.314,

p < 0.001) and non-significant negative slopes for the other two conditions (Volition: slope = -0.0007,

t(440) = −1.499, p = 0.135; FES: slope = -0.0002, t(436) = −1.070, p = 0.285), indicating decreased

effort over time. Similar results were found for the extensor EMG (Volition-FES: slope = -0.0011,

t(436) = −3.260, p = 0.0012; Volition: slope = -0.0004, t(440) = −0.875, p = 0.382; FES: slope =

-0.0005, t(435) = −1.122, p = 0.263).

Negative slopes were also observed in the cocontraction metric, with significant effects in the FES
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(slope = -0.0004, t(437) = −2.125, p = 0.0341) and Volition-FES (slope = -0.0016, t(437) = −4.344,

p < 0.001) conditions, suggesting adaptation and learning. However, the slope was not significant in

the Volition condition (slope = -0.0003, t(440) = −0.991, p = 0.322). For the reciprocal activation

metric, a significant positive slope was observed in the Volition-FES condition (slope = 0.0004, t(437) =

2.811, p < 0.0052), while non-significant effects were found in the other two conditions (Volition:

slope = -0.0005, t(440) = −1.491, p = 0.137; FES: slope = 0.0002, t(437) = 1.931, p = 0.0541).

Additionally, in the (relaxed) FES condition, the median of the normalised EMG for both muscles was

lower compared to the other two conditions where participants actively followed the target (Fig. 6.8).

We also investigated whether the changes in these metrics over trials differed across conditions by

computing the difference between the last three and first three trials (Additional Figure 6.16). We

did not find a significant effect of condition type on the change in any of the metrics explored (EMG

flexor: χ2(2) = 1.81, p = 0.405; EMG extensor: χ2(2) = 1.18, p = 0.554; CC: χ2(2) = 2.67, p = 0.264;

RA: χ2(2) = 0.38, p = 0.827).

6.3 Results from stroke study

6.3.1 Questionnaire answers

The intervention group (Robot, FES, Robot+FES) did not significantly affect the NASA-TLX answers

to the mental and physical demands items, as rated by patients after the assisted training block

(Fig. 6.9) (mental demand: χ2(2) = 1.9409, p = 0.3789, physical demand: F (2, 29) = 0.269, p = 0.766).

The ratings for both items were generally low, with the medians in all groups lower than 5/10,

indicating a generally low perceived effort for the training task.

6.3.2 Changes in performance metrics across assisted trials

The primary LME of the normalised RMSE, considering the effect of Group, Session, Trial, and

their interactions, indicated: a non-significant marginal trend for the effect of Trial (slope = 0.0008,

p = 0.0722); Session effects (Session 2: β̂ = −0.0295, p = 0.0082; Session 3: β̂ = −0.0301, p =

0.0089); a Group effect for Hybrid vs. FES (β̂ = −0.0842, p = 0.0190); and several interactions

(e.g., trial × Session 3, β̂ = −0.0015, p = 0.0245; Session 3 × Robot, β̂ = 0.0376, p = 0.0191;

Session 2 × Hybrid, β̂ = 0.0394, p = 0.0126; Session 3 × Hybrid, β̂ = 0.0427, p = 0.0077).

In the Session 1 fit (one model per group × session), representing the effect of Trial on the

normalised RMSE (black dotted line), slopes were not significant in the FES (slope= −0.0008, p =

0.0827), Robot (slope = −0.0003, p = 0.3990), or Hybrid (slope = −0.0002, p = 0.3840) groups,

consistent with the non-significant global Trial effect (Fig. 6.10A).
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Figure 6.9: Answers to the 10-point NASA-TLX questions on physical demand (A) and mental demand (B),
with answers from very low (1) to very high (10), averaged over the three sessions.

Similar results were observed for the correlation between the frequency spectra, where the primary

model indicated that the main trial effect was not significant (slope= −0.0009, p = 0.2353), and other

fixed effects and their interactions were not significant either. Within Session 1, all per-group trial

slopes were non-significant (FES: slope= −0.0009, p = 0.2480; Robot: slope= −0.0004, p = 0.5530;

Hybrid: slope= −0.0001, p = 0.8640) (Fig. 6.10B).

Across both metrics, the primary models indicated that performance during the assisted training

did not evolve significantly over trials, while there appeared to be some effect of the Session number

on the normalised RMSE scores, with a small but significant decrease from Session 1 to later sessions

(negative Session 2 and Session 3 coefficients). This indicates consistent performance and a limited rise

in potential fatigue from electrical stimulation during the assisted training, likely to reduce tracking

performance.

6.3.3 Changes in EMG metrics across assisted trials

For the cocontraction between the wrist flexor and extensor muscles during the assisted trials, the

primary LME quantifying the effect of Group, Session, Trial, and their interactions showed: a negative

Trial effect (slope= −0.0035, p = 0.0037), a Session 3 increase (β̂ = 0.0782, p = 0.0119), and several

interactions (e.g., Session 2 × Hybrid, β̂ = 0.1290, p = 0.0030; trial × Robot, β̂ = 0.0047, p = 0.0033).

In the individual Session 1 per-group fits, there is a subtle but significant decrease of cocontraction

over trials in the Robot group (slope= 0.0012, p = 0.0265), while patients in the FES and Hybrid

groups showed no significant effects (FES: slope= −0.0007, p = 0.2480; Hybrid: slope= −0.0012,

p = 0.0813) (Fig. 6.10 C). Significant effects were observed in the Hybrid and FES groups for Sessions 2

and 3, although the magnitude of the negative slopes over trials remained close to zero (slope>

−0.0045, p < 0.0160).

For reciprocal activation (RAnorm), the global Trial effect was not significant (slope= −0.0010,
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p = 0.5946); reciprocal activation in Session 2 and Session 3 was lower than in Session 1 (Session 2:

β̂ = −0.1161, p = 0.0219; Session 3: β̂ = −0.1078, p = 0.0272); and interaction terms captured

group- and session-specific trial dependencies (e.g., Session 2 × Hybrid, β̂ = 0.2164, p = 0.0015;

Session 3 × Hybrid, β̂ = −0.3023, p < 0.0001; trial × Session 2 × Robot, β̂ = 0.0091, p = 0.0145).

Within the Session 1 examples, trial slopes were non-significant for the FES (slope= −0.0011, p =

0.2570) and Hybrid (slope= −0.0014, p = 0.1960) groups, while a small but significant decrease was

observed in the Robot group (slope= −0.0051, p < 0.0001) (Fig. 6.10 D). Similarly to the cocontraction

results, significant effects with subtle negative slopes over trials were also observed in the Hybrid and

FES groups for Session 2 (slope> −0.0048, p < 0.0478).

Although we found a significant effect of the trial on the cocontraction with a negative slope, likely

indicating some learning of the task, this practice-related decrease remained very small and was not

consistently observed across groups and sessions. This trend was not confirmed with the reciprocal

activation metric, where the trial had no effect on the metric values even when investigating each

group separately. These consistent physiological characteristics may suggest task learning but do not

indicate any signs of fatigue arising during the task.

6.3.4 Frequency-based EMG metrics differences before and after

each condition

Across all frequency-based EMG metrics (median frequency, Dimitrov spectral index, and mean of the

instantaneous median frequency), no statistically significant differences were found between interven-

tion groups (all p > 0.1). This was consistent for both flexor and extensor muscles. The boxplots in

Fig. 6.11 illustrate the distribution of each metric across intervention groups, where a negative differ-

ence would indicate a decrease in the metric value after the assisted training block, suggesting a rise in

muscle fatigue for the median frequency (A,B) and the instantaneous median frequency (C,D), while

a positive difference, i.e. an increase in the Dimitrov spectral index, would indicate fatigue (E,F). The

medians of most median frequency metrics in the three intervention groups are above zero, except in

the Robot group where we can observe a negative median in the median frequency and mean of the

instantaneous median frequency of the extensor EMG, although this is not significantly different from

zero. Similarly, for the Dimitrov spectral index, the median for the Robot group is slightly above zero

in the flexor and extensor EMG signals, although this is not significant (both p > 0.4).
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Figure 6.11: Difference in frequency-based EMG metrics between the last three and first three trials for each
condition for the wrist flexor (A, C, E) and the extensor (B, D, F) muscles: the difference in median frequency
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6.4 Discussion

In FES-based training, both for post-stroke rehabilitation and assistance tasks like FES-cycling, there

is a growing interest in managing FES-induced fatigue, which is often seen as a limiting factor in the

intensity and duration of training (Ibitoye et al., 2016). For example, in the FES-cycling race at the

Cybathlon, pilots with spinal cord injuries (SCI) typically experience a noticeable decline in pedal

power output over time. Since cycling is a dynamic task with no resting periods, and SCI participants

cannot voluntarily activate their muscles, all leg force is generated by electrical stimulation. This

differs from typical stroke rehabilitation tasks. Our goal here was thus to investigate the presence

and progression of fatigue during a wrist target-tracking task under different assistance conditions,

combining evidence from unimpaired individuals and post-stroke participants. Together, these studies

provide complementary insights into how assistance modalities influence motor performance, neuro-

muscular activation, and subjective workload, as well as the extent to which fatigue accumulates

during training. This work was conducted to inform the design of motor rehabilitation systems that

include FES.

The mechanical and electrical responses of the muscles do not change after FES
and/or voluntary motion training. In the unimpaired cohort, no significant changes in MVC

torque (Fig. 6.4) or M-wave parameters (Fig. 6.2) were observed before and after any of the training

conditions (Fig. 6.4). This indicates that there were no changes in the mechanical or electrical responses

of the muscle after this training, involving FES-induced and/or voluntary wrist motion. Since fatigue

is typically characterised by a reduction in maximal power or force output (Vøllestad, 1997), the

absence of changes in MVC before and after each condition suggests that fatigue did not develop

over time in this study. Additionally, the M-wave parameters measured under maximum comfortable

stimulation after each condition also remained stable, hence providing further evidence contradicting

our initial hypothesis that the Volition-FES condition would result in greater fatigue compared to the

Volition condition.

Indeed, previous research comparing FES-induced force and voluntarily maintained force has found

that fatigue is greater in the electrical stimulation condition, potentially due to the unnatural recruit-

ment pattern under FES and the typical recruitment of fast and fatigable muscle fibres early on (Bickel

et al., 2011). However, despite the fact that this experiment in unimpaired participants was the same

as the one used in stroke patients, and involved continuous stimulation for 25 trials of 30 seconds each,

it did not induce noticeable muscular fatigue. This may be attributed to the task not being sufficiently

challenging or tiring for participants. The median questionnaire ratings indeed suggest that the task

was not physically demanding, with ratings consistently lower than or equal to 5/10 across conditions.
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The stroke cohort was divided into three groups: FES assistance, Robot assistance, or combined

FES+Robot assistance. Patients in all three groups reported comparable medians to the unimpaired

cohort in the physical and mental demand items of the NASA-TLX questionnaire (Fig. 6.9), although

the conditions presented to both cohorts are not comparable (the FES condition in the unimpaired

cohort involved participants relaxing while FES was applied, while in the stroke cohort this corresponds

to an FES-assisted training condition encouraging patients to actively move their hand). Furthermore,

no significant differences between groups were found, although one could expect robot-based assistance

to be less demanding or tiring. This aligns with the unimpaired participants data, suggesting that the

assisted tracking task, while continuous, was not experienced as highly effortful in any modality.

In the stroke study, we further investigated the rise of fatigue by comparing several frequency-

based EMG metrics, including those suited for a dynamic task such as the one here (Karlsson et al.,

2000; Bonato et al., 2001; González-Izal et al., 2010), used to characterise fatigue, in the unassisted

trials before and after the assisted training (Fig. 6.11). No significant between-group differences in

the change from pre- to post-training were found in any of these metrics, suggesting that there was

no stronger increase in muscular fatigue in the FES group compared to the Robot group as we had

expected. Furthermore, the medians of the difference in these fatigue indices were mostly close to

zero and further statistical investigations did not indicate any significant changes. Hence even when

investigating changes within each condition, we did not find any sign of fatigue that would have risen

after the assisted training. Across both cohorts, this suggests that under the present task parameters,

neither subjective workload nor spectral EMG features indicated a marked accumulation of muscular

fatigue.

Although there is a consensus on the rapid increase in muscle fatigue after electrical stimulation

in the literature, this is usually tested with fatiguing protocols in unimpaired cohorts typically in-

volving more intense conditions, such as 1-5 minutes of MVC or 1-3 minutes of tetanic stimulations

(Rodriguez-Falces et al., 2018) or evaluating the effect of different stimulation parameters during

sustained stimulation on generated torque to understand the impact on fatigue (Kroon et al., 2005;

Dreibati et al., 2010). Fatigue was typically studied in a similar manner in clinical populations, mostly

in individuals with SCIs, to investigate the physiological mechanisms of fatigue (Qiu et al., 2020; Es-

tigoni et al., 2014; Heasman et al., 2000) rather than whether it may be relevant in a typical motor

rehabilitation task scenario. A repetitive FES-assisted grasping protocol, which can also be assimi-

lated to a rehabilitation session, found that muscle fatigue did not increase over time (Höhler et al.,

2025).
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Tracking performance, motion smoothness and effort do not consistently change
over time and the type of condition does not affect this change. In both studies in

unimpaired and stroke individuals, we also investigated the evolution of metrics potentially associated

with muscle fatigue over time, including tracking performance, the EMG envelope of the flexor and

extensor muscles, cocontraction, and reciprocal activation (unimpaired study: Fig. 6.7, stroke study:

Fig. 6.10).

In the study in unimpaired participants, tracking performance, quantified by the tracking error

and the correlation between the participant and target trajectories, decreased significantly although

modestly, in both the Volition and FES conditions. SPARC, characterising motion smoothness, also

worsened in all conditions, although with a stronger trend in the FES condition. This may suggest

that, over time, the stimulation became less effective at contracting the muscles to follow the target

trajectory, consistent with previous studies on FES during continuous tasks (Allen et al., 2020). It is

also possible that the decrease in tracking performance is related to variations in the electromechanical

delay between stimulation and motion onset (Downey et al., 2017), resulting in a delayed motion

response relative to the target. This decrease in performance could thus potentially be in part due to

fatigue and could be used as a marker of fatigue in a closed-loop control system. This effect may have

been enhanced in the FES condition as participants were asked to relax and thus did not compensate

for this decrease in performance.

In the stroke study, where similar analyses were performed on the assisted trials, using tracking

error and the correlation between the frequency spectra of the target and participant trajectories, we

did not find consistent and significant temporal effect (Trial number) on these metrics in any of the

intervention group. When significant trial-related trends were obtained, these were also very modest

and scarce. Furthermore, there was no effect of the intervention group, except between the Hybrid

and FES group, which was not the expected difference from our initial hypotheses.

Regarding physiological measures, unimpaired participants in the Volition-FES condition showed

reduced cocontraction and increased reciprocal activation over time, possibly indicating learning and

adaptation, where participants reduced their muscle activation over time and learnt to interact with

FES assistance (Thoroughman et al., 1999; Franklin et al., 2003). On the other hand, there were no

significant changes in the other conditions (Fig. 6.8).

In the stroke population, a negative effect of the Trial number was found on the cocontraction,

which was also observed in each intervention group and specific sessions. It could indicate some level

of learning and adaptation of the task, although the magnitude of the effect remained very limited

(Fig. 6.10). Reciprocal activation showed no global Trial effect but was generally lower in later ses-

sions, with several Group- and Session-dependent interactions, suggesting that these muscle activation

patterns also adjusted over the course of training while they did not within-session. Additionally, and

similarly as with the unimpaired study, we did not find a Group effect on the physiological metrics.
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This lack of consistent significant effect of the trial or the training condition, in both the unimpaired

and stroke studies, suggests that no single condition led to greater performance reduction or effort

alteration compared to others. This outcome was unexpected given the differing physiological processes

underlying voluntary and FES-induced muscle contractions (Bickel et al., 2011). When considered

together, both studies thus indicate that continuous, moderately demanding FES-assisted tracking

does not seem to induce pronounced fatigue as assessed by MVC, M-wave, subjective ratings, or

frequency-domain EMG metrics. Additionally, the decrease in cocontraction, observed in the stroke

population, may also reflect beneficial motor learning rather than detrimental fatigue. This supports

the feasibility of incorporating such tasks into rehabilitation without risking substantial short-term

muscle fatigue.

The sample size and the current filtering procedures limit the interpretation of
these results. These results should be interpreted with care as the limited number of participants

in both studies does not allow for strong generalisation of these results. Furthermore, these results can

be interpreted in the context of this specific target-tracking task, but they cannot be generalised to

other tasks such as repetitive FES-assisted grasping and hand opening, which are common in stroke

rehabilitation exercises. However, such practice is typically performed in a continuous manner with

agonist-antagonist contractions (e.g., open hand with FES, bring object inside the hand, close hand

with FES) and with a break after each repetition, similarly as performed here with our dynamic target

tracking task involving alternated contraction of the wrist flexor and extensor muscles.

Furthermore, the adaptive filter used in this study to remove the FES component from the cor-

rupted EMG signal has only been validated for computing the signal envelope for torque estimation,

not for investigating metrics derived from the signal’s frequency spectrum. This presents a significant

limitation, as frequency-domain EMG metrics, typically used to assess fatigue, could only be computed

in the unassisted trials preceding and following the assisted training in the stroke study and could not

be computed within each assisted training.

Finally, the electrode configuration used for stimulation in the study in unimpaired participants

may not have been optimal for extracting parameters from the M-wave, as a monopolar configuration

is typically recommended. In this study, we used the electrode placement recommended by our clinical

collaborators and employed in the study in stroke patients. This choice may have made the recordings

more susceptible to crosstalk and positional shifts, particularly since the wrist flexor and extensor

muscles of interest are relatively small (Rodriguez-Falces et al., 2018).
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6.5 Conclusion

This chapter investigated the presence and evolution of fatigue during a continuous, dynamic target-

tracking task performed under different assistance modalities. In unimpaired participants, we evalu-

ated the impact of FES-induced and/or voluntary movement on perceived fatigue, performance, effort,

and the electrical and mechanical responses of muscles. Stroke patients also performed a similar task

with the assistance of a robot or FES or the combination of both. There, we used similar metrics

to quantify fatigue in this clinical population, which is the target of such rehabilitation protocol, fo-

cusing on whether FES-assisted practice would induce greater fatigue than robot-assisted modalities.

In both populations, neither maximal mechanical or electrical responses, spectral EMG metrics, nor

subjective ratings indicated a rise in muscular fatigue after training. Similarly, tracking performance

and EMG-derived physiological measures showed only modest trial-related changes, with decreases in

cocontraction, suggesting beneficial motor adaptation and learning of the task.

These findings suggest that, under the present task parameters, short-term FES-assisted tracking,

whether in isolation or combined with robotic assistance, can be performed without inducing substan-

tial muscular fatigue and that FES-induced fatigue may not be a major factor to be considered. This

supports its feasibility as a component of rehabilitation programs, particularly where the goal is to

promote active engagement without compromising subsequent sessions. The next chapter builds on

these insights in a longitudinal hospital-based study, assessing the effects of three weeks of FES–robot

assisted training in stroke survivors, and understand the potential clinical efficacy of such system.
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6.6 Additional figures
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Figure 6.12: Difference in mean normalised EMG during MVC trials after each condition, presented in
chronological order for the flexor MVC (A) and the extensor MVC (B).
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Figure 6.13: Difference in mean normalised FES-induced torque after each condition, presented in chronolog-
ical order for the flexor stimulation (A) and the extensor stimulation (B).
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Figure 6.14: Difference in mean normalised M-wave parameters when the maximum comfortable stimulation
is applied while at rest, after each condition, presented in chronological order for the flexor stimulation (A,C,E)
and the extensor stimulation (B,D,F). The M-wave parameters presented are the M-wave peak-to-peak ampli-
tude (A,B), the M-wave duration (C,D) and the M-wave area (E,F).
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Chapter 7

Clinical study to evaluate the effects of

additional hybrid robot-FES

rehabilitation

The previous chapters established the technical feasibility, usability, and short-term physiological

effects of a hybrid robot-FES system for upper-limb rehabilitation after stroke. We have seen in

Chapter 4 that hybrid assistance improved performance and engagement in unimpaired individuals,

without inducing fatigue. In Chapter 5, a short three-session feasibility study with subacute stroke

patients conducted at Schön Klinik, Bad Aibling in Bayern, Germany demonstrated that the system

was safe and well-tolerated, and facilitated motor performance and voluntary effort across different

assistance modes. Furthermore, Chapter 6 demonstrated that hybrid and FES-based assistance did

not lead to significant muscular fatigue even under repeated use in dynamic tasks.

Collectively, these findings support the safety and the potential of using the hybrid system in

clinical environments. However, these earlier studies employed a simple controller with equal robotic

and FES support that did not consider the intrinsic limited bandwidth and delay in FES, and used

a fixed assistance level, limiting its adaptability to individual patient needs. Moreover, the short

training duration did not allow for the evaluation of potential clinical benefits.

This chapter investigates the research question QD: How does hybrid robot-FES rehabilitation

affect functional and physiological recovery after stroke? To address this question, we conducted a

three-week intervention study with subacute stroke patients at Charing Cross Hospital, an Imperial

NHS trust hospital in London. Participants in the intervention group completed daily training sessions

using the hybrid system in addition to their usual conventional therapy sessions. This intervention

consisted of performing a wrist tracking task, where the level of FES and robotic assistance and the

difficulty were adapted to individual capabilities. We used a controller distributing the relative effort

between the robot and FES assistance, by considering the limitations of the FES response, and based
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on task performance, to ensure that the system is optimally supporting each patient throughout their

training. Clinical assessments of upper-limb motor function and recovery were conducted at baseline,

mid- and post-intervention, and at one-month follow-up to evaluate changes over time and retention.

Patients continued receiving their usual conventional care throughout the intervention. To evaluate

the effect of supplementary training with the hybrid robot-FES system, these outcomes are compared

to a control group of stroke patients who received only the conventional care, without additional

sessions, and were assessed at the same time points.

Furthermore, the hybrid system enabled the continuous collection of kinematics and EMG data

throughout the intervention. These data were used to compute objective metrics such as tracking

accuracy, motion smoothness, and effort. By analysing the evolution of these features over the course

of training, we aim to characterise the underlying physiological changes that may accompany functional

recovery. Qualitative feedback from the patients was also collected to investigate their perception of

this rehabilitation training paradigm.

Through this final experimental chapter, we assess the clinical relevance of hybrid robot-FES

therapy, and its potential to improve upper-limb function beyond standard care.

The controller presented in this chapter was developed in collaboration with Satoshi Endo and

Hossein Kavianirad of the Technical University of Munich, who designed the dynamic allocation

between FES and robotic assistance and identified the FES-torque mapping, while the adaptation was

developed at Imperial. The experimental protocol was also developed in collaboration with Satoshi

and Hossein. Victoria Reboredo and I screened, recruited and collected patient data at Charing Cross

Hospital with the assistance of the medical and therapy team on-site. I contributed to conceiving

and designing the research, developing the experimental protocol and programming the experimental

task, performing the data analysis and created the figures in this chapter, and interpreted the results.

Victoria analysed the questionnaire answers and conducted the thematic analysis.

7.1 Methods

7.1.1 Participants

The study was run at Charing Cross Hospital in London, UK. It was approved by the Research Ethics

Committee of the Health Research Authority of England and was sponsored by Imperial College

London (REC reference: 21/SC/0370, ClinicalTrials.gov ID: NCT05253989). We started screening

patients from the stroke wards’ patient records on 17 February 2025. The study participants are

subacute stroke patients, recruited during their stay in the Stroke wards in Charing Cross Hospital

after an ischaemic or haemorrhagic infarction.

All participants or their legal representatives signed an informed consent form before participating
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Figure 7.1: A patient tracks a randomly moving target on-screen with wrist flexion/extension.

in the experiment. Patients recruited in the intervention arm of the study received a three-week wrist

training using our hybrid robot-FES device on top of their usual care and therapy sessions. Patients

recruited in the control arm of the study participated in the assessments but did not receive any

additional therapy on top of their usual care and therapy sessions. Patients from the intervention

and control groups were recruited following the same inclusion criteria: age > 18 years old, cognitively

able to follow instructions, with functional impairments in the wrist or fingers as assessed by the

Medical Research Council score (MRC ≤ 4) and a low level of pain or no pain in the wrist or fingers

at rest (Numeric Rating Scale < 4). Patients were excluded if they had an unstable medical condition,

a severe psychiatric disorder, or other concomitant neurological disorders affecting upper extremity

motor function, or if they were enrolled in another interventional neurorehabilitation trial. Patients

in the intervention arm of the trial were excluded in case of any of the following FES-related criteria:

pregnancy, presence of implantable devices or other metal implants in the stimulated area, no motion

or muscle contraction resulting from FES, the presence of pain during stimulation in the forearm

muscles, patients with severe epilepsy and cancer or wounds in the stimulated area, peripheral nerve

damage.

We screened patients using the electronic health records platform of Charing Cross Hospital, where

we identified potential patients who met the main inclusion / exclusion criteria (e.g. medically stable,

functional impairments in the upper-extremity, cognitive abilities, etc.). We approached patients in the

stroke wards to present the study and gave them the patient information sheet when they mentioned

they were interested in participating in the study. We also asked the medical and therapy team for

further inputs regarding the use of FES with a patient and their responsiveness and compliance to

therapy sessions, e.g. if a patient is very tired and already finding it difficult to attend their usual care

sessions, if the patient presents any aggressive behaviours towards the team, etc. We typically visited
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the patient again one or two days later to ask them if they remembered about the study and if they

were still interested. If this was the case, they then signed the informed consent form to confirm their

participation in the study and we arranged a time with them to complete the first baseline assessments.

In some cases, it was not clear whether patients were able to give consent, hence we also discussed

with their family members and they also signed the consultee consent form in addition to the patient.

We also offered family members to be present for the assessments and the first intervention sessions.

7.1.2 Experimental design and procedure

Patients in the intervention group received a 3-week wrist training using the hybrid robot-FES system

presented in Chapter 3 and used in Chapter 5 in a feasibility study (Fig. 7.1). We aimed for each

patient to complete five sessions every week, with each session lasting 30-45 minutes. Barriers to the

completion of these five sessions included additional medical procedures/diagnoses (repeat CT scan,

use of Holter for 24 h, investigation of infection, etc.), increased pain on a particular day, fatigue or

low mood resulting in the patient refusing to participate on a particular day.

Each session was identical, and similar to the protocol presented in Chapter 5. It started with a

ROM calibration, followed by an FES calibration; the patient then trained in the wrist target-tracking

task.

The ROM calibration used in this study is identical to the one in Chapter 5 (Section 5.1.2), with

a passive ROM assessment, where the experimenter moves the handle of the robot in the flexion and

extension directions and an active ROM assessment, where the patient is asked to actively move their

wrist as far as possible in both directions. Each assessment is repeated three times.

The FES calibration procedure is similar to the one described in Chapter 3, Section 4.1.5, where

the electrode location, comfortable maximum stimulation (smax
f for the wrist flexion, and smax

e for

the wrist extension), and the motor threshold (smin
f and smin

e ), for the wrist flexion and extension

movements, were identified. The motor threshold was defined as the smallest stimulation amplitude

that led to a torque output of at least 0.2 Nm while the patient was asked to rest. This threshold

value was empirically defined as one that could generate the onset of a movement. Subsequently, the

robot moved the wrist at three different joint angle positions, i.e. resting position, and 15° before

the flexion and extension angles recorded in the passive ROM. At each angle, the wrist flexor or

extensor was stimulated at the calibrated maximum or motor threshold for that muscle (smax or

smin). Twelve combinations of angle, motion direction, and stimulation amplitude were presented in

a randomised sequence, while the patient was asked to remain relaxed. Based on the FES amplitude,

the wrist angle, and the resulting torque, a user-specific non-linear recruitment curve for the flexion

and extension movement is modelled using cubic splines, used to provide FES-based assistance during

the wrist target-tracking task.
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Patients then performed a wrist target-tracking task, where they were instructed to track the target

as accurately as possible using wrist flexion/extension movements of their impaired hand, represented

on-screen by another character. The target trajectory is defined as:

q∗(t) = q∗
mid + q∗

max sin
(︂
ω1 t+

)︂
sin
(︂
ω2 t+

)︂
(7.1)

where t is the elapsed time, t+ = t + t0 with t0 the starting time selected to ensure the target starts

at the position of the user and to prevent consistent prediction of the target trajectory. q∗
mid is the

middle point of the target range, and q∗
max half the target range. ω1 and ω2 determine the target

speed and are determined by the difficulty level during that trial.

The first five trials were unassisted and designed to determine a patient’s baseline performance at

the start of the session, while the subsequent 30 trials were assisted by the hybrid robot-FES system,

depending on the patient’s needs. The final five trials were also unassisted to evaluate potential

changes with respect to the baseline. If their timetable allowed, patients were then asked whether

they wanted to continue with the assisted training, and they could do so until they asked to stop.

Each trial lasted 12 seconds with a 3-second break. The rest time could be prolonged as desired by

the patient. After the first training block and the first evaluation block, the patients answered a set

of questions.

This intervention was in addition to patients’ usual care and therapy and did not affect the nature

of the treatment they received in the hospital. Patients in the control group did not receive any

additional intervention on top of their usual care and therapy. Similarly, being recruited in this trial

did not restrict the nature or intensity of therapy they would normally receive as part of their hospital

stay.

7.1.3 Hybrid robot-FES system

Setup

The electrical stimulation and robotic devices used have been described in Chapter 3, Section 3.1. The

pulse frequency of the stimulation is set to 25 Hz and the pulse width to 300 µs as these values have

been used clinically (Kapadia et al., 2013). The amplitude of the stimulation varies (with 0.1 mA

resolution) during the experiment. To maintain hygiene standards, device-specific cleaning protocols

were followed. Muscle activity of the wrist flexor (flexor carpi radialis) and wrist extensor (extensor

carpi radialis longus) was recorded using a forearm EMG bracelet (Neubond, UK), with 12 channels

recording muscle activity at a frequency of 1000 Hz.
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Control principle

The total torque τhyb provided by the hybrid system, formed by the robot and FES, to assist the

patient in the tracking task increases with the error eq between the patient’s wrist angle q and the

target angle q∗ and its velocity ėq as follows:

τhyb(t) = kpeq(t) + kdėq(t) , eq(t) = q∗(t) − q(t) , (7.2)

where the control gains kp and kd determine the level of assistance. This torque τhyb is then distributed

between FES assistance τ fes and robotic assistance τ rob as the convex sum of their torque:

τ fes(t) = ατhyb(t) , τ rob(t) = (1 − α)τhyb(t) , (7.3)

where the parameter α defines their relative contribution. This allocation is designed to prioritise FES

over robotic assistance by using as much FES assistance as its dynamics allow. We favour FES over

robotic assistance because FES training is recommended by most national clinical guidelines (Salbach

et al., 2022; Intercollegiate Stroke Working Party, 2023; Veterans Affairs/Department of Defense,

2024; Stroke Foundation, 2024) and has been shown to yield clinical benefits for post-stroke recovery.

In this implementation, the robotic component primarily serves to enhance the comfort and smooth-

ness of the assistance, rather than to provide therapeutic benefit by itself. The robot complements the

FES by delivering smooth, precisely timed corrective torques that prevent overshooting or instability,

which can arise when stimulation-induced contractions vary over time or between muscles. This is

particularly relevant during continuous tracking tasks, where maintaining fine control of movement

is essential for task success and patient comfort. The relative contributions of FES and robotic as-

sistance are adapted based on the complementary characteristics of each actuator, on the patient’s

real-time performance and the intrinsic response properties of the stimulated muscles. This adapta-

tion is designed to ensure that (i) stimulation is prioritised when it can induce the required torque

level and a slow response is sufficient, and (ii) robotic torque takes over when fast, precise corrections

are required. Such synergy results in stable and smooth motion trajectories, while maximising neuro-

muscular engagement from FES. This control strategy may also enhance the comfort and overall user

experience, supporting patients’ willingness to participate in longer and more frequent sessions, which

may positively affect functional recovery outcomes.

Assistive torque allocation (defined by α and l in Eq 7.4 below) depends on each patient’s torque-

response to stimulation, including the FES torque saturation and the dynamic constraints of FES such

as bandwidth, time constant, and electromechanical delay between stimulation and motor output.

These are obtained during the patient-specific FES calibration in which the torque-response to varied

stimulation intensities at multiple wrist angles is modelled. This means that whenever the constraints
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of this actuator are not relevant, e.g. when low levels of torque are required and when slow torque

responses are needed, the FES assistance is used primarily, while the robotic assistance is favoured

when quick corrective torques are required. This approach was preferred over explicit compensation,

as the electromechanical delay may not be reproducible over individuals and over time, while here the

controller inherently prioritises robotic assistance over FES when rapid corrective torques are required,

i.e., where the electromechanical delay of FES could result in delayed or counterproductive assistance.

The allocation dynamics is computed from:

αi = ᾱi + ζi

τhyb
,

ζ̇i = −liζi + li(αs
i − ᾱi)τhyb, i = 1, 2

(7.4)

where the subscript i denotes flexor (i = 1) or extensor (i = 2) muscles. The direction of the desired

assistive torque sign(τhyb) specifies which muscle group, flexor or extensor, is activated. For brevity,

the subscript i is omitted (i.e., i) when no confusion arises. The variable ᾱ denotes the nominal

cooperative gain, and ζ is the allocation variable associated with flexor and extensor activation. A

detailed description and analysis of the dynamic allocation principle as well as procedures for selecting

the coefficients in the above equations, is presented in [CiteToDynamicAllocationPaper].

Controller implementation

The torque-current map of the Maxon motor used in the HRX-1 device determines the current needed

to generate the desired robot torque τ rob.

For the FES, the required torque is converted to the desired stimulation intensity ufes using the

patient-specific FES-torque map at the current wrist angle q of the patient. This non-linear recruitment

curve r(ufes, q) is obtained from the FES calibration of each patient and used to define the desired

stimulation intensity:

J(ufes, q, τ fes) = r(ufes, q) − τ fes

ufes⋆ = arg min
ufes

J(ufes, q, τ fes)

s.t. 0 ≤ ufes ≤ ufes
max ,

(7.5)

where ufes denotes the FES intensity command and ufes
max its maximum threshold. For flexion and

extension, the corresponding recruitment curve and maximum intensity threshold are considered sep-

arately.
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Table 7.1: Difficulty levels

Level Target range (% PROM) Assistance level (% Kmax
p ) Target speed (% ωmax)

1 30 100 100
2 60 100 100
3 100 100 100
4 100 60 100
5 100 30 100
6 100 0 100
7 100 0 75
8 100 0 50

Difficulty adaptation

We developed a rule-based adaptation that adjusts the difficulty level of the task to match the patient’s

abilities and provides challenging but rewarding training (Csikszentmihalyi, 1990; Guadagnoli et al.,

2004). The target range, the amount of total assistance τhyb provided to the user and the target

speed, are adjusted based on the tracking performance, resulting in seven difficulty levels described

in Table 7.1. The lowest level is defined by a slow target speed, full assistance and a target range set

as 1/3 of the passive ROM of the patient. The maximum level of assistance corresponds to control

gains kmax
p = 3.3 Nm/rad and kd = 0.9 Nm.s/rad. The target speed also changes with the difficulty

level using the ω1 and ω2 in Eq. 7.1. In levels 1 to 6, the target speed is slow and they are defined

as: ωmax
1 = 3.868 and ωmax

2 = 7.188. Similarly the target range increases with higher levels, up to

the full PROM of the patient. These parameters are similar to those used in our previous feasibility

study (Cazenave et al., 2023), and difficulty levels were determined based on discussions with clinicians

involved in stroke rehabilitation at Schön Klinik and Charing Cross Hospital.

The performance metric used to adjust the level of difficulty is a compound score of the normalised

RMSE between the patient and target trajectories, and the phase lag between the main frequencies of

the spectra of the position profile of the target and that of the patient. The algorithm is designed such

that the difficulty level can be updated every five trials based on the average performance metric. The

performance threshold to increase difficulty is 80% and 50% to decrease it, so that patients remain

motivated by the score reward while still being challenged (Cameirão et al., 2010; Lambercy et al.,

2009). In the first session, the initial level is calibrated based on the performance in the first five

baseline unassisted trials, where an average score above 75% leads to starting level 6, a score above

50% at starting level 5, and above 25%, a starting level 4. For any other score, training difficulty

begins at level 3, as we assume it is favourable to let the patient move across their full passive range

of motion. The difficulty level would then decrease progressively if the patient cannot perform well

with this large target range.
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7.1.4 Clinical study outcomes

The primary outcome measure was the change in upper-limb impairment measured by FM-UE from

baseline to one-month follow-up after the end of the three-week training, which captured recovery. It

is a widely used, reliable, validated measure of motor impairment in stroke patients (Gladstone et al.,

2002). Here, we considered the minimal clinically important difference (MCID) to be approximately

10% of the maximum score, or 6.6 points (Gladstone et al., 2002). This is however used as a reference

only, as other MCIDs have been used in the literature and can typically vary from 4.25 to 13 points,

depending on the stage of the stroke and the level of impairment at baseline (Page et al., 2012; See

et al., 2013; Huynh et al., 2023; Hiragami et al., 2019).

Secondary clinical outcome measures included changes from baseline to one-month follow-up in

the ARAT, an assessment of upper-limb activity and function, with the MCID for the paretic arm

being 12 points (Lang et al., 2008). The changes in ARAT and FM-UE from baseline to the middle

and end of the intervention (after 3 weeks) were also investigated. Measures of therapy compliance

included the number of sessions completed and the number of trials completed.

The choice of FM-UE and ARAT as clinical outcomes follows recent recommendations, which ad-

vocate combining impairment- and activity-level measures in line with the International Classification

of Functioning, Disability and Health (ICF) framework (World Health Organization, 2001), to capture

both motor recovery and its functional translation (Prange-Lasonder et al., 2021).

7.1.5 Kinematics and physiological outcomes

The change in the passive and active ROM of the patient from baseline to the end of the three-week

training was also considered as a metric to characterise improvements in joint mobility and voluntary

motor control. It is commonly used in upper-limb rehabilitation research and evidence has shown that

active ROM can capture upper-extremity recovery after stroke (Beebe et al., 2009). On the other

hand, decreased passive ROM could indicate the presence of increased joint stiffness or contractures

(Indrawati et al., 2018).

Additionally, a maximum voluntary contraction (MVC) task was performed at the start, middle

and end of the training after the FES calibration, to assess potential changes in wrist flexor and

extensor strength. This was recorded at their resting position and patients were asked to flex/extend

as hard as they could while focusing on their forearm muscles and avoiding the use of their bicep

muscle or shoulder to help. They had three seconds to prepare, where the countdown was displayed

on-screen, and had to contract maximally for 5 s followed by a 30 s rest. This was repeated twice in

each direction. The second trial was used for further analysis as patients typically used compensatory

strategies or misunderstood the task in the first trial. The torque generated during the MVC was used

as a measure of strength, and can characterise the level of hemiplegia (Kristensen et al., 2017).
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In-trial kinematics and physiological metrics were also considered. As previously presented in

Chapter 3, Section 3.3.1 and 3.3.2 and used in Chapter 4, kinematic performance was characterised

using the normalised RMSE between the patient and target trajectories, the correlation between the

frequency spectrum of the target and the patient trajectories and motion smoothness (with SPARC).

All metrics were calculated for each trial during the five baseline unassisted trials to investigate changes

in the task performance over sessions. Reciprocal activation and cocontraction during unassisted trials

were also analysed to investigate changes in effort and motor learning. EMG was recorded at the start,

the end and in the middle of the intervention, and muscle activity metrics are therefore presented for

these three sessions only.

The controller was also evaluated by exploring patients’ performance and adaptation parameters,

such as α, characterising the relative contribution of the FES and robot, and the difficulty level of the

task over time.

7.1.6 Statistical analysis

To assess changes in clinical scores over the intervention, linear mixed-effects models (LMEs) with

restricted maximum likelihood estimation (REML) were fitted using the time points as a fixed effect

and a random intercept for each participant to account for repeated measures within individuals.

Time points included Baseline, Mid, End and one-month Follow-up. Planned contrasts compared

changes from Baseline to End, Baseline to Follow-up, and End to Follow-up. P-values were corrected

for multiple comparisons using the Bonferroni-Holm method. A similar model was fitted for the MVC

torque metric, assessing strength, although there was no follow-up data collected, so only post-hoc

differences between Baseline and End were considered.

Similarly for kinematic metrics, and active and passive ROM, LMEs were fitted with Session

number as a fixed effect. For each model, a planned contrast between the first and last available

session was used to assess training-related improvements, and a participant-specific intercept was

used. This approach allowed us to model within-subject correlations while estimating group-level

effects of session number on performance and clinical scores.

All statistical analyses were performed in R (version 2024.4.2) using the lmerTest and emmeans

packages. The significance level was set at α = 0.05 for all tests.

In addition, to evaluate the group effect at the primary endpoint, an analysis of covariance (AN-

COVA) was conducted on the FM-UE score at the end of the intervention, with the baseline FM-UE

score included as a covariate to account for individual differences in initial motor impairment. The

model thus assessed whether FM-UE improvements differed significantly between the intervention and

control groups after adjusting for baseline values. Based on the observed effect size from this anal-

ysis, a power calculation was carried out to estimate the required sample size for future randomised
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controlled trials (RCT) using the pwr.f2.test() function in R. A significance level of α = 0.05 and

a statistical power of 0.9 were used.

7.1.7 Subjective outcomes

Open-ended feedback was also collected at the end of the training from participants in the intervention

group. Questions to direct the interview included:

• How was your overall experience using the device?

• Did you find the device comfortable to use?

• Did you enjoy using the device?

• Do you think you could or would want to use this system at home if it were available?

• Would you recommend this type of therapy to other stroke patients? Why?

• Is there anything you would change or add about the device and/or intervention?

• Is there anything else you would like to share about your experience?

This feedback was collected during the one-month follow-up session, except for one patient who could

not complete the three-week intervention due to a transfer to another care facility but who completed

eleven sessions over two weeks and was therefore able to provide feedback on the system. For partic-

ipants with language barriers, a family member and/or a translation app supported communication

with their consent.

The qualitative feedback from patients was analysed using thematic analysis following the guide-

lines established by Braun and Clarke (2006). Given the exploratory nature of the research questions,

an inductive thematic analysis was conducted, allowing themes to emerge from the data rather than

being imposed by pre-existing theoretical frameworks.

The answers were written down and were analysed using inductive thematic analysis and allowing

themes to emerge from the data rather than being imposed by pre-existing theoretical frameworks

(Braun et al., 2006). Notes on potential bias from translation or family interpretation were maintained

throughout the analysis.
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Analysed  (n=9) 
 

¨ Completed first assessment (n=11) 
¨ Completed second assessment (n=11) 
¨ Completed third assessment (n=9)   

- Discontinued: discharged to another facility (n=1) 
¨ Completed fourth assessment (n=8)   

- Discontinued: medically unwell (n=1) 
 

 

¨ Completed first assessment (n=16) 
- Discontinued: discharged to another facility (n=5) 
- Discontinued: cognitive impairment (n=1) 
- Discontinued: medically unwell (n=1) 

¨ Completed second assessment (n=8) 
- Discontinued: discharged to another facility (n=2) 

¨ Completed third assessment (n=6) 
¨ Completed fourth assessment (n=6) 
 
 
 

 

Analysed  (n=6) 
 

 

Assessed for eligibility (n= 192) 

Excluded (n=164) 

¨ No stroke diagnosis confirmed by MRI (n=48) 
¨   Cannot follow instructions (n=1) 
¨   Mild functional impairments in wrist/fingers  
MRC>4 (n=19) 
¨   Already enrolled in interventional trial (n=1) 
¨   Unstable medical conditions (n=28) 
¨   Pre-existing upper limb impairment (pre-
mRS > 2) ( n=4) 
¨   Declined participation (n=7) 
¨   Severe psychiatric disorder (n=7) 
¨   Time since stroke > 2.5 years (n=1) 
¨   Hospital stay too short (n=41) 
¨   Pain at rest in wrist/fingers (n=2) 
¨   Epilepsy (n=3) 
¨   Active implantable device (n=4) 
¨   Peripheral nerve damage (n=1) 
¨   Unable to sit for session’s duration (n=1) 

 

Intervention group (n=11) 
¨ Received intervention (n=11) 
 
 

Analysis 

Control group (n=16) 
¨ Received assessments (n=16) 
 

Allocation 

Enrollment 

Participation 

Allocated (n=27) 

Figure 7.2: Consolidated Standards of Reporting Trials (CONSORT) diagram, showing participant screening,
group allocation, participation and data analysis.
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Table 7.2: Patient demographics

Group Sex
(M | F)

Age, years,
mean (sd)

Side of paresis
(R | L)

Time since stroke,
weeks, mean (sd)

FM-UE
mean (sd)

ARAT
mean (sd)

Total 10 | 8 64 (17) 6 | 12 3 (2) 31 (22) 20 (22)
Intervention 6 | 3 57 (18) 3 | 6 3 (1) 33 (21) 21 (21)

Control 4 | 5 71 (9) 3 | 6 3 (1) 28 (26) 20 (25)
FM-UE: Fugl-Meyer Upper Extremity score, maximum possible score: 66.

7.2 Results

7.2.1 Participants

192 patients were screened from February 17 2025 to August 18 2025 (Fig. 7.2). 28 patients were

recruited, with 13 patients in the intervention arm and 15 patients in the control arm. In the interven-

tion group, nine patients completed the full intervention, including one who did not complete the last

follow-up at 1-month due to the occurrence of a second stroke. In the control group, seven patients

completed the third and fourth assessments. Two more patients have been recruited but have not com-

pleted their fourth assessments. The demographics for these 18 patients are presented in Table 7.2.

In the intervention group, four patients were severely impaired (Fugl-Meyer Upper-Extremity score

(FM-UE)≤25), one moderately impaired (25≤FM-UE≤40) and four mildly impaired (FM-UE>40)

(Woytowicz et al., 2017). In the control arm, four were severely impaired, two moderately impaired

and three mildly impaired.

The protocol was such that five sessions per week were planned for the three-week intervention.

However, there were several barriers to this schedule, including patient fatigue from their conventional

treatment sessions, low mood or increase of pain. Additional medical procedures were also sometimes

required, due to investigation of heart function, infection, etc. This led to the reduction of the number

of sessions in some patients, where on average 13 sessions were completed per intervention (SD: 2,

range across patients: 9-15). The number of trials planned per session was forty, with five unassisted

baseline trials, thirty assisted training trials and five unassisted evaluation trials. However, due to

fatigue over time, some patients could not complete the total number of trials, especially at the start

when getting used to the exercise. On the other hand, after a few sessions, some patients wanted to

continue training further after these forty trials and continued assisted training. On average, 39 trials

were completed per session (SD: 4, mean range across patients: 32-45).
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Figure 7.3: Evolution of the FM-UE (A-C) and ARAT (D-F) over sessions for the intervention group
(A,D) and the control group (C,F), and the relative score changes (B,E). In figures A,C,D,F, each dot and
line represents one patient’s score over time. For figures B and E, the dot represents the mean change with
respect to baseline and the bar represents the standard error of the mean.

7.2.2 Clinical scores improvements

The FM-UE was used to quantify motor recovery after stroke at four timepoints within the study,

i.e. the start, middle and end of the intervention as well as at one-month follow-up. A significant

positive effect of the assessment timing on the FM-UE score was observed in the intervention group

(F(3,23.04) = 4.84, p = 0.0093) (Fig. 7.3 A,B). Post-hoc planned contrasts showed that FM-UE scores

increased significantly from baseline to the end of the intervention, with a mean improvement of 12.7

points (p = 0.0129), higher than the MCID of the FM-UE of 6.6 points and beyond most suggested

MCIDs in the literature, previously mentioned. Scores further improved from baseline to one-month

follow-up, with a mean increase of 15.4 points (p = 0.0058) and the difference between the end of the

intervention and the follow-up is not significant (2.73 points, p = 0.5406). FM-UE sub-score analyses

(shoulder/elbow and wrist/hand) were conducted as well (Additional Figure 7.12). The effect of

time on the shoulder/elbow sub-score was not significant (F(3,23.06) = 2.66, p = 0.0072). For the

wrist/hand sub-score, a significant effect of time was observed (F(3,23.03) = 6.39, p = 0.0026) and

planned contrasts showed a significant increase between baseline and the end of the intervention (p =

0.0027), and between baseline and one-month follow-up (p = 0.0023)(Fig. 7.12 C,D).

Similarly for the ARAT, which evaluates functional impairments in stroke patients, where an

increase in the total score was observed (F(3,23.04) = 6.21, p = 0.0030) (Fig. 7.3 D,E). Planned

contrasts indicated that ARAT scores improved significantly between baseline and the end of the

intervention, with an average increase of 12.2 points (p = 0.016). Improvements were even larger
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Figure 7.4: Passive range of motion (A) and active range of motion (B) over sessions. Each patient is
represented by a different colour, where the dots indicate the ROM value at each session and the lines show the
linear regression for each patient. The black dashed line represents the population-level trend estimated by the
linear mixed-effects model.
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Figure 7.5: Torque generated during the maximal voluntary contraction task in the flexion (A) and the
extension (B) directions, at the start, middle and end of the intervention. Each patient is represented by a
different colour, where the dots indicate the torque value for that session.

when comparing baseline to the one-month follow-up, with a mean increase of 18.3 points (p =

0.0011), which are both beyond the MCID of 12 points of the ARAT score.

The effect of time on the clinical scores was not tested in the control group as only seven par-

ticipants had completed the four assessments at this date, although we are completing the follow-up

for two patients (Fig. 7.3 C,F). However, similar trends are observed in this patient cohort although

the variance across participants seems larger compared to the intervention group, including when

observing the change in clinical scores (Fig. 7.3 B,E).

In addition, an ANCOVA was conducted to assess whether post-intervention FM-UE scores dif-

fered between groups when controlling for baseline FM-UE values. Baseline FM-UE significantly

predicted FM-UE at the end of training (β = 0.910, p < 0.0001), whereas the effect of Group was

not statistically significant (β = −3.259, p = 0.366). The partial eta-squared for the Group effect was

0.16, corresponding to a medium effect size (f = 0.44). Based on this effect size, a power analysis

indicated that a total of 54 participants (27 per group) would be required to achieve 90% power to

detect a significant difference in FM-UE at the end of the intervention while controlling for baseline

impairment.
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7.2.3 Increase in range of motion and strength

The passive and active ROM of the patient’s wrist in the flexion/extension directions was recorded at

the start of every session, once the setup of the system was complete (Fig. 7.4). PROM increased over

time for patients in the intervention group although the statistical change was slightly above the 5%

threshold (F(1,78.417) = 3.8194, p = 0.052) (Fig. 7.4 A). The session number had a significant positive

effect on the AROM of the patients (F(1,78.085) = 6.8132, p = 0.01084) and a significant difference

between the first and last sessions was also observed with an average increase of 17.4 degrees (p =

0.0108) (Fig. 7.4 B). The patient whose PROM decreased over time likewise showed no improvement

in active movement and remained with a dense weakness (dark red line in Fig. 7.4).

Motor strength in the wrist flexor and extensor muscles was also recorded at the start, middle and

end of the intervention, although this was only measured in five patients due to technical issues with

the EMG recording device and hence the MVC not being performed when these issues occurred. Most

patients displayed an increase in their wrist extensor maximal torque over sessions, which suggests a

gain of strength (Fig. 7.5 B). Results for the contraction of the flexor muscles are more mixed, although

torque levels are generally higher in the flexion direction (Fig. 7.5 A).

7.2.4 Task performance improvements

The change in performance in the unassisted baseline trials of the target-tracking task was also evalu-

ated, where a significant decrease in the normalised RMSE between the patient and target trajectories

was observed (F(1,106.1) = 4.7868, p = 0.03087) (Fig. 7.6 A). Post-hoc tests also revealed a signif-

icant difference between the first and last sessions (p=0.0309). Conversely, the spectral correlation

decreased over time, indicating that patients could not follow the target’s pattern as well at the end

of the training, although the effect of the session number was not significant (F(1,106.23) = 0.0707, p

= 0.7909) (Fig. 7.6 B). Regarding the motion smoothness, quantified by SPARC, a positive significant

effect of time was observed (F(1,106.11) = 9.6451, p = 0.002435) (Fig. 7.6 C). The difference between

the SPARC level at the start and end of the three-week training was also significant (p=0.0024),

indicating an increase in motion smoothness.

Muscle activity was also investigated when the recording was available and the data suggests

a decrease in cocontraction over time, which would indicate motor learning occurring over sessions

(Fig. 7.7 A). The reciprocal activation does not seem to change for most patients, except for one patient

who has quite limited active range of motion (Fig. 7.7 B).
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Figure 7.6: Tracking performance across sessions quantified by the normalised RMSE between the patient and
target trajectories (A), the spectral correlation between the two trajectories (B) and the motion smoothness
of the patient (C). Each patient is represented by a different colour, where the dots indicate the performance
value at each session and the lines are the linear regression for each patient. The black dashed line represents
population-level trend estimated by the linear mixed-effects model.

7.2.5 Patients’ subjective feedback

The analysis of patients’ answers (see Section 7.6) to the semi-structured interview indicated that

satisfaction and acceptance were uniformly high, with all nine interviewed patients reporting a positive

overall experience, comfort, and enjoyment. When asking about the potential to use this device

at home, eight mentioned they would like to continue using it and one had reservation due to the

setup complexity which may not be appropriate for independent home use. Furthermore, all patients

answered positively when asked whether they would recommend the therapy to other stroke survivors.

Various themes emerged from the patients’ answers through this analysis: (i) therapeutic effect,

(ii) user-centred experience, which are both associated with the interaction with the technology; (iii)

future use for rehabilitation and (iv) supportive interaction and motivation, which extend beyond the

immediate intervention context to encompass broader rehabilitation trajectories and social processes.

(i) Therapeutic effect. Participants consistently reported perceived improvements in their phys-

ical abilities and sensation (e.g. “beneficial for sensation and movement, opening and closing of the
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Figure 7.7: Cocontraction (A) and reciprocal activation (B) during the baseline unassisted trials at the start,
middle and end of the intervention. Each patient is represented by a different colour, where the dots indicate
the metric value for that session.
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Figure 7.8: Example trial for a representative patient. (A) Patient and target trajectories. (B) Assistive
torque from the robot and FES, with the coefficient α indicating the shared load between actuators. (C)
FES amplitude applied to the wrist flexor (negative amplitude for visualisation) and the wrist extensor. The
comfortable amplitude range is marked by the grey areas, where the maxima and the motor thresholds for each
muscle contraction were calibrated during the FES calibration phase of the experiment.

arm”). They also described some motivational effects from the intervention (“game and scoring was

motivating”, “staff was very motivating”). Several patients spoke about renewed hope and momentum

in recovery.

(ii) User-centred experience. Comfort and adaptability were central (“comfortable, no pain”; “once

you know the positioning, it is comfortable”). The device added variety and engagement to therapy

(the visuals and the interactive tasks broke routine).

(iii) Future use for rehabilitation. Most patients wanted continued access to the system and to this

training, ideally at home, with high intended frequency (e.g., “2–3 times/day”). The sole reservation

concerned independence of setup (needing two people), highlighting usability requirements for home

deployment. All patients mentioned they would definitely recommend the use of the device, and they

seemed to want others facing similar challenges to benefit from these resources as well. This suggests

that participants were evaluating the intervention’s suitability for a broader patient population.
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Figure 7.9: Evolution of the tracking performance (normalised RMSE in blue) and the difficulty level (in red)
during the assisted training trials (30 trials) across several sessions for a representative patient.

(iv) Supportive interaction and motivation. This theme relates to the crucial role of interper-

sonal relationships and team dynamics in shaping the therapeutic experience. This theme, while not

explicitly queried in the interview, emerged organically from participants’ responses, highlighting its

fundamental importance to their overall experience. Many patients credited the team’s empathy, en-

couragement, and “company” as integral to the experience (“felt cheered like at a football game”).

Participants highlighted personalised calibration and sensitivity to pain/fatigue as key to engagement.

Patients also mentioned that the team was “understanding and helpful” and “went out of [their] way to

make it easy and possible for me”. These accounts suggest that participants experienced the interven-

tion as individually tailored rather than standardised, contributing significantly to their satisfaction

and engagement.

7.2.6 Controller evaluation

The trajectories and assistive torque and FES amplitudes for an example trial are displayed in Fig. 7.8.

In panel B, the α coefficient, that indicates the relative contribution between the two actuators, varies

over time depending on the torque needed and the FES dynamic constraints and its torque saturation

level. For instance, around 2 seconds, there is a change of direction in the error signal between the

patient and target trajectories, requiring a small but fast corrective torque (Fig. 7.8 A). Here, a drop

in the α coefficient value can be observed, in order to increase the load of the robotic assistance in

place of FES to correct for this error (Fig. 7.8 B).

After that, α slowly increases again which favours in turn the FES assistance. This controller

is indeed designed to prioritise FES wherever possible, following clinical recommendations for stroke

rehabilitation. This can be seen by the FES amplitudes, that are in the motor region of stimulation,

whenever the dynamics allow it (Fig. 7.8 C). The parameters characterising the FES dynamics, i.e.

the delay between stimulation onset and torque output, the bandwidth and the time constant, of the

FES-torque response, as well as the torque saturation levels are obtained during the FES calibration

phase where the time-response of the torque signal to a stimulation, at a specific amplitude and wrist

angle was recorded (Fig. 7.10). A user-specific 3-dimensional map for the flexor and extensor muscles
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Figure 7.10: FES calibration procedure showing the torque response to FES at specific amplitudes and wrist
angles, which is used to model a three-dimensional map applied throughout the tracking task to determine the
FES amplitude required.

is then modelled, as can be seen on the right-hand panels and used throughout the tracking task to

determine the required FES amplitude based on the desired torque and α coefficient value.

Fig. 7.11 A displays the evolution of the coefficient α over sessions. Interestingly, there is a sig-

nificant increase in the relative contribution of FES compared to the robotic assistance over time

(F(1,106.18) = 11.827, p = 0.00083), with most patients reaching an α level beyond 0.5 in the last

session. This suggests that as patients learn and improve their performance in the task, they require

less robotic assistance.

Regarding the difficulty adaptation, Fig. 7.9 shows the evolution of the tracking performance and

the difficulty level over assisted trials of three sessions. The difficulty level was dynamically adjusted

based on a compound score, displayed on-screen as a reward to the patient, and calculated from

the normalised RMSE and the phase lag between the frequency spectra of the patient and target

trajectories. Within each session, the level could vary across trials, with the starting level determined

by the level reached in the last trial of the previous session, reduced by one. Subsequently, the level

was updated every five trials according to the mean compound score over these trials. The change in

the difficulty level over sessions for all patients can be seen in Fig. 7.11 B. Although the difficulty level

increased for most patients, there is no significant effect of the session number on the difficulty level
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Figure 7.11: Controller parameter changes over sessions. A. Changes in α which defines the share between
the FES and robotic assistance where higher values indicate greater FES contribution. B. Evolution of the
difficulty level over time.

(F(1,106.07) = 2.3116, p = 0.1314).

7.3 Discussion

The aim of this study was to evaluate the feasibility and clinical efficacy of a hybrid robot-FES

rehabilitation protocol for patients with subacute stroke. Over a three-week intervention, subacute

stroke patients trained in an assisted wrist target-tracking task 3-5 times a week, where FES was

prioritised whenever its dynamics and torque saturation constraints allowed, and robotic assistance was

used otherwise. The level of difficulty of the task was adapted based on each patient’s performance over

time to maximise their engagement and promote learning. We assessed the impact of the intervention

on clinical, kinematic, and physiological outcomes, as well as patient satisfaction and the technical

performance of the hybrid controller. The clinical assessments were recorded at the same time points

for a control group to evaluate the clinical efficacy of the training.

Patients receiving the hybrid rehabilitation protocol improved their upper-limb
function above the minimal clinically important difference. Our results demonstrate

significant improvements in upper-limb motor function as measured by the FM-UE, with a mean

improvement of 12.4 points (MCID: 6.6) from the start to end of intervention, and ARAT, with a

mean improvement of 10.9 points from start to end and 19 points from start to follow-up (MCID:

12). Improvements in functional outcomes such as the ARAT can be expected from this wrist-focused

training, as greater wrist extension can contribute to hand opening and object grasping, which are

required to complete several tasks in this assessment. Several participants also reported perceivable

gains in functional use of the hand after training, consistent with prior evidence that distal training

can generalise to proximal performance (Hu et al., 2015; Huang et al., 2020).

These findings align with previous hybrid intervention studies, though hybrid interventions in

subacute stroke populations are limited in the literature. Ambrosini and colleagues conducted a 9-

week intervention in stroke patients both in the subacute and the chronic phase and found an 18-point
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increase in the ARAT score from baseline to the end of intervention and the one-month follow-up,

results that are quite similar to our intervention. Among other studies investigating hybrid robot-FES

interventions, most have focused on chronic stroke populations and typically reported clinical scores

beyond the MCID, with intervention varying from 4 to 7 weeks, with similar changes in score from

baseline to the end of the intervention from 12 to 18 points in the ARAT (Hu et al., 2015; Huang

et al., 2020; Qian et al., 2017). On the other hand, two subacute intervention of 2 weeks showed

improvements in the FM-UE score although this did not exceed the MCID (Grigoras et al., 2016;

Miyasaka et al., 2016). This suggests that although our training was short, patients reached similar

improvement levels than in longer protocols. This may be due to the higher intensity of our training

compared to other protocols which typically schedule three sessions per week.

Moreover, improvements were maintained at one-month follow-up, suggesting retention of motor

gains beyond the training period. It can also be observed that the change in FM-UE occurred faster

than in the change in ARAT, due to the nature of these assessments. Indeed, the FM-UE mostly

assesses individual joint motions, while the tasks in the ARAT are quite functional and typically

require the synergistic and coordinated use of the whole upper-extremity.

These positive results also highlight the need to run clinical trials in subacute settings, when

there is a heightened plasticity window of spontaneous recovery. Interventions initiated early after

stroke could thus enhance the effects of training on sensorimotor recovery compared to those started

in the chronic stage (Krakauer, 2020; Zeiler et al., 2013). Even though more challenges are typically

encountered when interventions are performed in a ward for subacute stroke patients, due to their

cognitive impairments, post-stroke fatigue and overall reduced motivation and engagement (Stinear

et al., 2013), there is evidence that starting motor rehabilitation early on can lead to better outcomes,

hence such trials may be more beneficial for patients (Horn et al., 2005).

Regarding therapy compliance, the intervention could be integrated within patients’ usual sched-

ule, although this was usually difficult due to the lack of patient timetable in the subacute stroke

ward. However patients completed on average 13 ± 2 sessions, which is reasonably close to the initial

scheduling plan of 15 sessions in three weeks. This is not often reported in other hybrid studies but

Ambrosini and colleagues also found similar adherence levels with 26 sessions completed on average

with respect to the 27 sessions planned over 9 weeks (Ambrosini et al., 2021). In our study, two

patients were discharged earlier and before the end of the intervention which led to them missing

a couple of sessions at the end of the intervention. In another case we organised transport for the

patient to return to the hospital for the last few sessions, although this could not be arranged every

day as the patient needed their carer to come with them and thus reduced the total number of sessions

for these patients. However, as it can be seen in the CONSORT diagram (Fig. 7.2), 27 patients were

initially recruited, while only 14 patients completed the four assessments (with one patient from the

intervention arm who had a second stroke hence could not complete the fourth assessment). This
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highlights the challenge of running clinical trials in a subacute stroke ward, as the medical condition

of many patients is quite unstable, hence even if a patient can consent and participate in the first

few days of an intervention, it does not mean that they will be able to do so throughout the protocol

duration. Furthermore, as we are recruiting patients in the early stage post-stroke, some patients may

be discharged back home or to another facility within the duration of the trial, even though we checked

patients’ home addresses before recruiting them to ensure their postcode was within the range of this

hospital. We decided to keep the trial duration to 3 weeks following discussions with the therapy team

at Charing Cross Hospital as they mentioned patients usually stayed a couple of weeks in the ward

and that the team could have some visibility of the discharge planning typically up to 3 weeks.

The clinical scores improvements with this intervention should however be interpreted with care due

to the relatively small sample size and the incomplete dataset for the control group, which restricts

definitive comparisons. Indeed, since we tested this intervention on subacute stroke patients, it is

difficult to separate the effect of our training and the effect of their usual treatment sessions, on top

of the spontaneous recovery occurring in the first months after stroke (Byrnes et al., 2001). Moreover,

baseline impairment severity remains the best predictor of recovery after stroke (as was also observed

in this study), hence the motor and functional gains can be mostly attributed to patients’ spontaneous

recovery (Van Der Vliet et al., 2020). A control group can thus help to better identify the benefits

from the intervention only, however at this point the number of patients in this group being smaller,

it is difficult to make a comparison. The control group also received in total less therapy hours (if

we consider that patients received on average the same amount of usual therapy), hence it can be

expected that the patients in the intervention group would have better clinical outcomes due to the

dose-response relationship in subacute stroke patients (Lang et al., 2015), although it is likely that

such technology-aided rehabilitation in hospitals would be used in a similar manner as tested here, as

a complement to conventional physiotherapy and occupational therapy sessions. The power analysis

performed here indicated that to achieve a 90% power to detect a significant difference in FM-UE

scores at the end of the intervention (controlling for baseline impairment), 27 patients per group

would have to participate in the study.

Furthermore, these results also indicate that the recovery trajectories are quite patient-specific

(Fig. 7.3 A), where some patients with low baseline (e.g., dark red) did not improve at all or needed a

longer time to start improving (light blue). Furthermore, one patient (dark blue) had a new issue in

their shoulder at the one-month follow-up assessment and was waiting for a steroid injection to help

with the pain. This meant that they could not lift their shoulder beyond 45◦ which lowered their FM-

UE and ARAT score. Furthermore, long-term retention beyond one month, although initially planned,

could not be performed due to the limited time to complete this study. Future studies should involve

larger cohorts with balanced control arms and extended follow-up periods to confirm retention of the

observed improvements.
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Patients’ range of motion, wrist extensor strength and task performance increased
over sessions. Analysis of secondary outcomes further supports the therapeutic benefit of the

intervention. Active wrist range of motion increased significantly over sessions, with most patients

also demonstrating gains in maximal wrist extension torque. This is an encouraging finding given the

common impairment of extensor activation after stroke. On the other hand maximal flexion torque did

not increase, although baseline levels were generally higher compared to the extension torque values.

These results are in line with typical strength patterns after stroke with a weaker extensor (Hu et al.,

2006). Moreover, it seems that this improvement in wrist extension motion and strength was translated

functionally as can be seen by the improvement in the FM-UE and the ARAT scores requiring wrist

extension and hand opening tasks in conjunction with other coordinated joint movements. This is

consistent with previous findings identifying correlations between the ARAT score and stroke patients’

active range of motion and strength in flexion and extension (Burridge et al., 2009).

Improvements were also observed in task performance, where reductions in tracking error and

increases in movement smoothness suggested motor learning across session. Additionally, increases

in motion smoothness have been found to be linked with motor recovery (Rohrer et al., 2002; Saes

et al., 2021), where this seems to occur similarly in these results. These converging findings highlight

that the intervention not only improved clinical scores but also targeted specific impairments at the

joint, muscle, and movement execution levels. Additionally, there was a decrease in cocontraction

throughout the sessions in a few patients, suggesting learning of the task and a more functional use of

the agonist-antagonist pair and the ability to selectively activate the flexor or extensor muscle, which

has been observed in previous studies targeting wrist rehabilitation (Hu et al., 2010; Song et al., 2013).

Patients were satisfied and motivated by using the system for their upper-limb
rehabilitation. The thematic analysis of patient feedback revealed uniformly high satisfaction

with the intervention. Patients valued the comfort, engagement, and variety that the device brought

to therapy. The consistent reports of improved sensation, movement, and hope suggest meaningful

therapeutic benefits beyond traditional rehabilitation approaches. The multi-modal nature of the in-

tervention, combining visual, stimulation, and motor elements, appears to address multiple aspects of

stroke recovery simultaneously. The pattern of responses also suggests the device supported funda-

mental psychological needs that drive adherence in rehabilitation: competence (visible progress and

feedback/scoring), autonomy (desire for self-paced home use), and relatedness (supportive therapeutic

alliance). Together, these likely contributed to high enjoyment and strong advocacy.

Importantly, nearly all patients expressed interest in continuing training at home, underscoring the

acceptability of the intervention and its potential for translation to community-based rehabilitation.

The main barrier identified was the need for simplified setup to allow independent setup and use.

However, translation and family-mediated responses may have biased these results, although we
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mitigated this via simple, consistent prompts and reflexive note-keeping. Sample size was small and

context-specific, so findings are exploratory rather than generalisable. Nonetheless, thematic conver-

gence across diverse participants strengthens confidence in the core conclusions.

A patient-specific hybrid controller, that considers the constraints of the FES, can
be successfully implemented with stroke patients. From a technical perspective, this study

demonstrates the feasibility of implementing a patient-specific hybrid controller in a clinical context,

where the personalisation occurs at various levels: the FES-torque map, the allocation parameters

that share the load between the FES and the robotic assistance, and the changes in the difficulty level

based on the patient’s performance. The controller successfully prioritised FES contribution while

dynamically compensating for its inherent physiological constraints (e.g., electromechanical delay,

torque saturation). By distributing assistance between robotic and electrical stimulation inputs, the

controller maintained task performance while ensuring patient comfort and safety. Typical example

trials (Fig. 7.8) confirmed that the system adapted to rapid trajectory changes by transiently shifting

assistance towards the robot and reallocating to FES when conditions allowed.

Furthermore, the α coefficient defining the relative contribution of the two actuators increased over

time, i.e. there was a larger share of FES within the total assistance in later sessions (Fig. 7.11 A). This

indicates that as patients performed better in the task, they may have needed less rapid corrective

torques that the FES can typically not provide due to its dynamic constraints. This may also be

related to the fact that patients needed less assistance over sessions, as can be seen with the increase

in difficulty level (Fig. 7.11 B). These findings provide proof-of-concept that such patient-specific hy-

brid control strategies can be reliably deployed with stroke survivors, and without needing lengthy

calibrations for the parameter identification of the FES-torque response, as is typically required with

other personalised hybrid controllers, preventing their use in clinical populations. Indeed, only twelve

recordings of the output torque at various combinations of (angle, stimulation amplitude) were re-

quired to build the FES-torque map and obtain the controller parameters. This procedure lasted less

than 4 minutes, and therefore did not significantly reduce the training phase.

The difficulty adaptation algorithm was also successfully implemented and allowed patients to

be engaged throughout the training. Although the difficulty level did not significantly increase over

sessions, this is due to the patient displayed in purple as when removing this patient, the effect of

the session number on the difficulty level is significant (F(1,96.024) = 12.291, p = 0.0006934). They

were discharged back home in the middle of the intervention and completed the last few sessions from

home. We arranged transport for this patient to return to the hospital accompanied by their carer,

so they could complete the three weeks. However, we observed a decline in their cognitive level and

the journey may have induced some stress which could have affected their performance. It seems that

the patient’s understanding of the task decreased over time, which could have led to the observed
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performance reduction.

7.4 Conclusion

This final experimental chapter evaluated the clinical relevance of the hybrid robot–FES rehabilitation

protocol in subacute stroke patients through a three-week intervention study, building on the earlier

chapters that demonstrated the safety, feasibility, and short-term physiological effects of hybrid assis-

tance in both unimpaired individuals and stroke patients. Patients in the intervention group achieved

clinically meaningful improvements in upper-limb function, as reflected by the gains in FM-UE and

ARAT scores that exceeded established MCIDs. Significant improvements were also observed in ac-

tive range of motion, wrist extensor strength, and task performance metrics such as tracking accuracy

and movement smoothness. These findings indicate that hybrid rehabilitation can drive functional

recovery and enhance motor control when integrated alongside conventional therapy.

Patients also reported high satisfaction, comfort, and motivation, highlighting the acceptabil-

ity of the intervention and its potential for sustained engagement. Importantly, the patient-specific

shared-control strategy successfully accounted for the physiological constraints of FES and could be

implemented reliably in a clinical environment. Together, these results support the feasibility, safety,

and therapeutic value of hybrid robot–FES rehabilitation in subacute stroke.
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7.5 Additional figures
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Figure 7.12: Evolution of the FM-UE shoulder/elbow (subsection A) (A,B) and FM-UE wrist/hand (sub-
sections B,C) (C,D), for patients in the intervention group (A,C) and the control group (B,D). Each dot and
line represents one patient’s score over time.

7.6 Questionnaire answers
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ID How was your

overall experi-

ence using the

device?

Did you find the

device comfort-

able to use?

Did you en-

joy using the

device?

Do you think

you could or

would want to

use this system

at home if it

were available?

Would you rec-

ommend this

type of therapy

to other stroke

patients? Why?

Is there any-

thing you would

change or add

about the de-

vice and/or

intervention?

Is there any-

thing else you

would like to

share about

your experi-

ence?

Notes

ID 1 "My mom had

a very positive

experience us-

ing the device.

It was helpful

in improving

her mobility

and gave her

hope for further

recovery".

"Yes, she found the

device comfortable

and easy to adapt

to. The setup was

supportive, and she

felt secure during

the sessions".

"She enjoyed us-

ing the device very

much. It added va-

riety to her therapy

and made the ses-

sions more engag-

ing".

"Absolutely. Hav-

ing access to this

system at home

would be incred-

ibly valuable for

continuing her

rehabilitation more

frequently and at

her own pace".

"Yes, definitely.

This therapy offers

targeted and effec-

tive rehabilitation

that can signif-

icantly support

stroke recovery,

especially for those

who need struc-

tured, repeatable

exercises".

"At this stage, we

don’t have any

major suggestions.

The intervention

was well organ-

ised. If anything,

longer access to

the device would

be beneficial".

"We are grateful for

the opportunity to

participate in this

program. It gave

my mom motiva-

tion and noticeable

progress. Thank

you for all your ef-

forts and support".

Feedback provided

by daughter due to

language barrier,

patient consented,

daughter acted as

translator

ID 2 "It was a nice

experience. I

enjoyed the

images, hand

movement, the

fish, the electri-

cal stimulation

and robot were

nice".

"It makes the

hand very sen-

sitive/increase

sensation of the

hand. It would feel

more sensitive for

a couple of days,

in an ok way, not

uncomfortable".

"I am fairly happy

with it".

"Yes". "Could be useful

for patients, to get

sensation back".

"No". "Would be good to

have/would like to

try a version for the

leg".

ID 3 "I think it

helped, I enjoyed

the company of

doing it. The

team was un-

derstanding and

helpful".

"Glad to do it,

whole experience

was good, would

tell someone else

to do it".

"Would use it

again".

"Would like to use

it at home, if made

to use at home and

if it would be help-

ful for me, then I

would use it alone

at home".

"I would tell other

patients to do it".

Nothing reported. "You (refers to

the research team)

went out of your

way to make it

easy and possible

for me".
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ID How was your

overall experi-

ence using the

device?

Did you find the

device comfort-

able to use?

Did you en-

joy using the

device?

Do you think

you could or

would want to

use this system

at home if it

were available?

Would you rec-

ommend this

type of therapy

to other stroke

patients? Why?

Is there any-

thing you would

change or add

about the de-

vice and/or

intervention?

Is there any-

thing else you

would like to

share about

your experi-

ence?

Notes

ID 8 "Very good expe-

rience, I found it

useful to train".

"Comfortable, no

pain".

"Very good experi-

ence, I found use-

ful to train. It is

something different

to do".

"Yes, would use at

home".

"Very good, use-

ful and easy, would

recommend it".

"Would not change

anything".

Daughter was

present during ses-

sion and reported

that they "think

the patient has

been very well

looked after, and

that the experience

was rewarding,

keep the good

work!"

Daughter present

during session

ID 11 "Liked it, im-

proved move-

ment".

"Yes". "Yes, stimulation

was very good,

comfortable".

"Would like to con-

tinue, to keep go-

ing, also at home".

"Yes". "No". "No".
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ID How was your

overall experi-

ence using the

device?

Did you find the

device comfort-

able to use?

Did you en-

joy using the

device?

Do you think

you could or

would want to

use this system

at home if it

were available?

Would you rec-

ommend this

type of therapy

to other stroke

patients? Why?

Is there any-

thing you would

change or add

about the de-

vice and/or

intervention?

Is there any-

thing else you

would like to

share about

your experi-

ence?

Notes

ID 13 "Was excellent

and helpful, any-

one with stroke

and weakness

should do it.

Movement is

necessary to

heal either with

robot or on own,

incredibly help-

ful. I strongly

recommend it as

a requirement,

not an option.

The team made

it good, enjoyed

the chats about

the good look-

ing Hollywood

actors".

"The first time was

uncomfortable as

unfamiliar how

to position body.

Once you know, it

is comfortable".

"Yes". "Definitely would

do it 2 to 3 times

per day, must be

helpful in wrist

and finger and

thinking about the

movement part

and recommended

healing process".

"I strongly recom-

mend it as a re-

quirement, not an

option".

"As much feed-

back as possible,

analysis of data

at session 1 and

session 12, it would

provide motiva-

tion to see the

progress/change,

being able to see

how you’ve been

doing".

"The team is in-

credible on how

to make it work,

they’re open and

sensitive to peo-

ple’s feelings and

pain. They made

it easy".
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ID How was your

overall experi-

ence using the

device?

Did you find the

device comfort-

able to use?

Did you en-

joy using the

device?

Do you think

you could or

would want to

use this system

at home if it

were available?

Would you rec-

ommend this

type of therapy

to other stroke

patients? Why?

Is there any-

thing you would

change or add

about the de-

vice and/or

intervention?

Is there any-

thing else you

would like to

share about

your experi-

ence?

Notes

ID 16 "Very positive,

being able to use

it".

"Yes, because we

did not increase the

mA too high".

"Yes, because it

changed my rou-

tine instead of

staying in the same

room. Rather glad

to be in a different

floor to have a

longer journey".

"Yes, certainly I

would like to try to

use it".

"Yes, I would rec-

ommend it because

it all seems to

work, all tech-

niques together

(refers to treat-

ment received at

hospital)".

"No, potentially

looking at show in

the screen better

how to move in

certain direction

and how strong to

move, represent

that a bit more

in the software,

maybe would be

good to have a

picture or extra

camera to show the

actual wrist itself.

The dots in the

screen representing

that don’t seem

to be enough to

correlate the hand

and the dots in the

screen".

"I would like to

know if you would

keep in touch in

some way, at the

end of the project

and how you will

present the results

and all, in the

graph you’ve got

a dotted line, and

you may want to

make that clear

in the documen-

tation, so it is

clear in the final

result. Please keep

in touch with me

whenever you want

to".

Did not finish

intervention, lost

to follow up due

to being trans-

ferred to another

healthcare facility.

Patient provided

comments about

the general care

received in NHS

and healthcare

facility, that have

been removed from

the general data

collection due to

confidentiality and

not related to the

questions asked.
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ID How was your

overall experi-

ence using the

device?

Did you find the

device comfort-

able to use?

Did you en-

joy using the

device?

Do you think

you could or

would want to

use this system

at home if it

were available?

Would you rec-

ommend this

type of therapy

to other stroke

patients? Why?

Is there any-

thing you would

change or add

about the de-

vice and/or

intervention?

Is there any-

thing else you

would like to

share about

your experi-

ence?

Notes

ID 20 "It was fine,

good".

"Yes it was com-

fortable".

"Yes". "Probably no with

current setting, as

it would need 2

people to help set-

ting it up, so would

need to be easier to

use to use at home

by myself".

"Yes, to have some-

thing to do, some

activity to do at

the hospital".

"No, it was ok". "It was all good".

ID 21 "Interesting,

feeling of stimu-

lation was good,

I found it benefi-

cial for sensation

and movement,

opening and

closing of the

arm".

"Yes". "Game and scoring

was motivating,

staff (refers to

research team) was

very motivating,

each session felt

like I was cheered

up like in a football

game".

"Yes, could be use-

ful to use the de-

vice at home".

"Yes". "No". "Thank you for this

opportunity, I en-

joyed each session".
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Chapter 8

Discussion

8.1 Summary of results

This thesis investigated hybrid robot-FES assistance and rehabilitation in subacute post-stroke pa-

tients. Hybrid systems that combine robotic and FES assistance can in principle, overcome the

limitations of each modality by delivering smooth, comfortable support while eliciting muscle contrac-

tion and providing sensory feedback. While clinical trials in stroke patients have shown promising

results, most hybrid systems do not use both actuators to the same joint and often rely on simple

triggering mechanisms, potentially limiting patient engagement (Resquin et al., 2016; Höhler et al.,

2024). This also constrains our understanding of how each modality and their combination affects

motor behaviour, physiological adaptations, and user experience.

Therefore, in my thesis I examined the design, control, and clinical evaluation of a hybrid robot-

FES system for upper-limb rehabilitation, and whether such a system could be used safely and effec-

tively to support motor recovery after stroke. The thesis’s primary contribution was the development

of experimental work in unimpaired and post-stroke individuals, which expands our knowledge on

how the use of robot and FES to assist motion impacts recovery, performance, effort, fatigue, and

engagement. To do so, a simple, portable one-DOF system was developed that allows both FES and

robotic assistance to act on the same joint with minimal setup, while facilitating its integration in

subacute clinical settings and enabling clearer interpretation of hybrid assistance effects.

This involved four main studies that addressed the following research questions: how does robotic

and/or FES assistance affect unimpaired individuals’ behavioural and physiological features? (QA);

can a hybrid robot-FES system be used to aid the rehabilitation and assessment of sensorimotor

functions in stroke individuals? (QB); should muscle fatigue be considered when using a hybrid

robot-FES system for stroke rehabilitation? (QC); how does hybrid robot-FES rehabilitation affect

functional and physiological recovery after stroke? (QD). To address these questions, this thesis

comprised a series of experimental studies, starting with unimpaired participants and progressing to
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clinical applications in subacute stroke patients. Each chapter built on the findings of the previous

one, evaluating safety, usability, short- and long-term effects.

Chapter 3 presented the tools and metrics used throughout the thesis. It described the one-

DOF hybrid robot-FES system designed for wrist flexion/extension training, as well as the associated

sensors, performance and physiological metrics. These elements formed the methodological foundation

for the subsequent experiments. The one-DOF system is compact and light and can be easily moved

and mounted on a table. This allowed us to conduct experiments in subacute stroke wards where

space is limited. Experiments could be performed in the shared therapy room of the ward or in

patients’ rooms. Furthermore, the target-tracking task used in this study allowed to assess and train

participants’ sensorimotor control and observe the effect of robotic and FES assistance on performance

and physiological responses over time, with the integration of kinematic, torque and EMG sensors in

the device. Such a task is useful as it also trains continuous control, hand-eye coordination, while

providing a high number of repetitions and enhanced feedback with the robot and FES, which are

beneficial in rehabilitation post-stroke to drive neuroplastic changes (Nudo, 2006; Murphy et al., 2009).

Chapter 4 reported a proof-of-concept study in unimpaired participants evaluating how robotic,

FES, and hybrid assistance affected wrist tracking performance, muscular effort, fatigue, and user

experience. Results showed that robotic and hybrid assistance significantly improved tracking accu-

racy and reduced temporal delay. FES and hybrid assistance elicited greater muscle activation than

robotic-only support, suggesting increased engagement. Additionally, none of the modalities induced

significant fatigue over time, and hybrid assistance was rated as both effective and comfortable by par-

ticipants. These findings established the technical feasibility of the system and informed its adaptation

for clinical use.

Chapter 5 investigated the feasibility of using the hybrid system in subacute stroke patients during

a short-term study conducted at Schön Klinik, Bad Aibling in Germany. Patients were divided into

three groups, receiving robot, FES or hybrid assistance during the wrist target-tracking task, and

trained over three sessions. All assistance modalities improved task performance, and FES and hybrid

assistance promoted muscle activation. Patient feedback confirmed the system’s usability and com-

fort. However, due to the short training duration and fixed difficulty, no consistent training-related

improvements were observed. These results justified the need for a longer, more personalised inter-

vention to assess therapeutic benefits. Furthermore, using the extracted kinematic and EMG metrics

to estimate patients’ FM-UE scores resulted in high errors, indicating that the device’s potential for

assessing impairment severity is limited.

Chapter 6 addressed the potential concern of muscle fatigue that can arise when FES is applied,

due to the unnatural recruitment pattern it uses. A dedicated fatigue study was conducted in unim-

paired participants, where behavioural, EMG, and subjective fatigue markers were analysed during

the dynamic task. Similar analyses were applied to stroke patients using data from Chapter 5. Across
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both populations, no substantial fatigue effects were found, supporting the use of hybrid assistance in

repeated rehabilitation sessions without compromising safety or comfort. Furthermore, these findings

suggest that it may not be necessary to consider fatigue as a major factor when developing adaptive

hybrid control algorithms.

Chapter 7 presented the final experimental study, a three-week intervention conducted in an NHS

hospital in subacute stroke patients. Stroke patients in the intervention group trained daily using

the hybrid system, assisted by a dynamic allocation controller that optimally distributed actuation

between the robot and FES, based on their individual constraints. Training intensity and task difficulty

were adapted to individual capabilities. Patients in the control arm of the study received their usual

treatment care and did not take part in additional sessions. Clinical assessments for patients in both

groups were collected at the same time points. Patients training with the hybrid system showed

significant and clinically meaningful improvements in motor impairment and function, as measured

by FM-UE and ARAT scores. Gains in active range of motion, wrist extensor strength, tracking

performance, and motion smoothness were also observed, alongside high satisfaction and engagement.

Comparison with the control group was not feasible due to the small number of participants recruited

in this group at this date. These findings provide evidence for the clinical relevance of hybrid robot-

FES rehabilitation, and the feasibility to implement a patient-specific control strategy, successfully

accounting for the limitations of FES.

8.2 Limitations and future directions

While the work presented in this thesis demonstrates promising clinical results in the implementation

and use of patient-specific hybrid rehabilitation in subacute stroke patients, several limitations remain

and present opportunities for further exploration.

A key limitation of this thesis is the relatively small sample size in both clinical studies. In the

feasibility study conducted at Schön Klinik (Chapter 5), approximately ten stroke patients per group

completed the assisted training. Similarly, in the study at Charing Cross Hospital (Chapter 7), nine

patients completed the intervention, while only six patients have been enrolled in the control group

(with three more ongoing). This limited the statistical power to detect between-group differences and

prevented a more robust comparison of rehabilitation outcomes. Related to this is the heterogeneity

of the participants in the recruited sample, which posed additional challenges for interpreting recovery

trends. In the Schön Klinik study, most participants were severely impaired, although a few presented

with moderate to mild deficits. The Charing Cross study featured a more balanced distribution, with

roughly half of the participants falling into each category. This variability highlights the usability

and safety of the system across a wide range of impairment levels, but it also introduces between-

patient differences in recovery potential, which complicates the interpretation of group-level effects
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and recovery trajectories. Future work should therefore aim for a larger sample size to confirm the

therapeutic benefits of personalised hybrid rehabilitation. This would also support the generalisability

of the findings and allow for more granular subgroup analyses. This could also help identify which

subgroups benefit most from hybrid training.

The duration of the rehabilitation intervention was also shorter than initially planned. While the

study at Charing Cross Hospital was originally designed as an eight-week intervention, discussions with

the care team on-site highlighted the logistical constraints related to such duration. Indeed, due to the

short duration of hospital stays in the subacute ward and the challenges associated with having patients

return to the hospital after discharge, we decided to shorten the intervention period to three weeks.

While improvements were still observed, a longer training period would provide more insight into the

effects of hybrid therapy on recovery and allow observation of plateauing or delayed gains, especially in

more severely impaired patients, some of which only started to show improvements within the follow-

up period. Future studies could consider conducting the intervention in dedicated neurorehabilitation

wards, where longer stays (typically 12 weeks) are common. However, this strategy may also introduce

selection bias, as only patients with higher predicted recovery potential are typically admitted to such

wards. Furthermore, these wards are not often stroke-specific, hence it would probably take a much

longer time to recruit the same amount of participants due to the limited number of beds.

Device-related constraints also influenced the study design and participant selection. The use

of our system required patients to be able to sit upright. This required the exclusion of patients

with poor trunk control and that could not transfer into a chair, which is common in early post-stroke

individuals. This limited the inclusion of patients in the earliest stages of recovery, where interventions

may be particularly beneficial for promoting neuroplasticity. In addition, the current setup required

participants to be positioned upright with the arm placed inside the device, without the shoulder being

elevated or hyperextended. This made bedside use infeasible and reduced the accessibility of the device

to many patients in the subacute stroke ward. Future versions of the system could explore alternative

mechanical configurations or more portable designs to enable training earlier in the recovery process

and directly at the bedside. However, such a setup could limit the focus and engagement of the patient

as they would remain in bed.

Another limitation is the restriction of the types of movements trained by the device, i.e. only

single DOF wrist flexion and extension motions could be performed. This was beneficial for isolating

motor control at a specific joint, limiting confounding effects from proximal compensations, enabling

us to evaluate the effect of FES and robot assistance in a more controlled environment. Moreover, wrist

extension is a functionally relevant motion, commonly impaired after stroke, and training this motion

could also help with hand opening. However, the wrist rarely moves in isolation during ADLs, and

focusing solely on this joint may limit the transfer of improvements to functional tasks. Despite this,

evidence suggests that single-joint training can be as effective as multi-joint approaches in promoting
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upper-limb recovery after stroke (Milot et al., 2013; Fluet et al., 2014), and using a simple, portable

system that is easy to setup and operate offers practical advantages for use in clinical settings, where

session times and space are limited. The HRX-1 robot used in this work was configured for wrist

flexion/extension but can be adapted to other single-joint movements, such as elbow flexion/extension

and forearm pronation/supination. Future work could adapt the control algorithms and protocol to

other joint configurations, and consider extending it to support multi-joint tasks. For example, it

could be adapted to train wrist flexion/extension paired with hand closing/opening, where the handle

could be replaced with a compliant and instrumented graspable interface (Nehrujee et al., 2021).

Finally, the training paradigm itself presents some limitations in terms of task variety and indi-

vidualisation. Only one task, the continuous wrist tracking, was used throughout the training. While

the task featured difficulty adaptation to maintain engagement and challenge, it may have been too

complex initially for some severely impaired patients, who would have benefited from simpler tasks

such as point-to-point movements, without time-constraints, before attempting continuous tracking.

Conversely, mildly impaired participants reached the highest difficulty level quite early in the inter-

vention. Further progression in difficulty, including resistance to motion by adding damping to the

robot, could have helped increase patients’ strength. Future iterations could include a progression

of task types, and expanded difficulty levels, such as adding resistance or providing tailored training

for wrist flexors and extensors, when patients have asymmetric motor impairments. The adaptation

of the difficulty level, currently performed with a rule-based algorithm and with fixed discrete levels,

could be improved by using an adaptive algorithm with continuous adjustment of the task. To do

so, patients’ performance metrics could be continuously monitored to update the task parameters

in real time, ensuring that the level of challenge remains appropriate. Such adaptive control could

automatically decrease task complexity for lower-functioning patients, by transitioning to simpler,

point-to-point movements, particularly in wrist extension, and progressively reduce assistance before

introducing resistance for higher-functioning patients to promote strength gains.

The insights gained here can be leveraged to design a randomised controlled trial (RCT), with

the same two groups as tested in the feasibility study of Chapter 7. Based on a power calculation

assuming 90% power and α = 0.05, and estimating the effect observed in the feasibility study, it would

require approximately 27 participants per group to detect a meaningful group effect on FM-UE at

end of intervention, controlling for patients’ baseline FM-UE. Accounting for 10-20% drop-out, this

would lead to a total sample size of 60-68 patients for this RCT. In terms of inclusion criteria, the

RCT should stratify or restrict eligibility to stroke patients who are most likely to benefit, excluding

both severely impaired (not likely to improve over time) and very mildly impaired (whose gains may

plateau), and focusing on those in the moderate recovery cluster, who are predicted to have some

capacity for improvement Van Der Vliet et al., 2020. With regard to intensity and dose, the RCT

should commit to a high-frequency schedule similar to the one used in the feasibility study, such as
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5 sessions per week over 4-5 weeks, each session lasting 45 min, to test the additive effect of hybrid

robot-FES training. This additional therapy time would exceed the 1000 minutes recommendation,

which can yield meaningful improvements in ADLs and upper-limb functions (Kwakkel et al., 2004;

Clark et al., 2021). Outcome assessments should be aligned with the International Classification

of Functioning, Disability and Health (ICF) framework (World Health Organization, 2001), where

impairment level (body function) could be captured by the FM-UE (Duncan et al., 1983), the activity

level by the ARAT (Lyle, 1981), and the participation level through patient-reported measures such

as the Arm Activity Measure (Ashford et al., 2013) or the Motor Activity Log (Hammer et al.,

2010). To capture immediate and sustained effects, these assessments could be recorded at baseline,

mid-intervention, end-of-intervention, and 1-month and 3-month follow-up. In addition, continuous

kinematic and EMG data during training sessions could be used to explore changes in motor control

and strength, and explore which features correlate with long-term functional gains.

8.3 Application and considerations

Conducting clinical trials in the subacute phase of stroke recovery offers valuable
opportunities, but is also associated with various logistical and clinical challenges.
One of the most striking difficulties I encountered while conducting the experimental work of this

thesis (especially of Chapter 7) was the complexity of recruiting and retaining participants in a hos-

pital environment. Although many patients were initially screened, only a fraction met the eligibility

criteria, often due to pre-existing comorbidities, prior upper-limb impairments, cognitive deficits, or

frailty (see CONSORT diagrams of both clinical studies in Chapter 5 and Chapter 7). In particular,

running studies in the subacute ward in Charing Cross Hospital (Chapter 7) highlighted the following

recruitment challenges: patients were frequently unstable, highly fatigued, or undergoing numerous

conventional therapy sessions that had to take precedence. This was associated with some level of

selection of patients, and potentially led to recruitment bias, where the results in this study would not

generalise to the wider stroke population, as the recruitment criteria drastically reduced the number

of potential patients (in Chapter 5, 2032 patients were screened and 30 completed the intervention;

in Chapter 7, 192 were screened and 15 completed the intervention). This highlights the disparity

between the clinical realities of inpatient care and the ideal conditions needed for consistent inter-

vention and data collection. This also suggests that generally, rehabilitation trials in the literature

may overestimate the clinical outcomes of specific interventions due to this screening phase, which

typically excludes patients with complex clinical diagnoses. Moreover, changes in mood levels and

hospital-related anxiety were common and impacted participation and engagement, although most

patients completed over three sessions per week in the study at Charing Cross Hospital (Chapter

7). The stroke ward at the hospital also had extremely limited space with only one room where the
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intervention could be conducted, which was used for staff meetings and family meetings, group ther-

apy sessions, as well as patients during family visits. This made it challenging for us, as it required

fitting the intervention session when the patient was available (although they often did not have any

timetable) and when the room was available.

The unpredictability of hospital discharge timelines further complicates rehabilita-
tion research early post-stroke. Although the original protocol was designed for an eight-week

intervention, practical constraints at Charing Cross Hospital, primarily related to the early discharge

of patients from the subacute ward, led to a reduction to three weeks. Planning future interventions in

rehabilitation-specific wards might help extending training duration and facilitate study completion.

However, this introduces further selection bias, as such wards typically admit patients with better

prognoses, fewer comorbidities, and higher levels of independence, as patients need to be able to sus-

tain the intensive treatment offered in these facilities. This obviously does not reflect the broader

stroke population. There is a balance to find between feasibility of running interventions in inpatient

centres early after stroke, and generalisability of findings across the whole stroke population.

These difficulties explain why the majority of upper-limb rehabilitation trials are
conducted in chronic stroke patients. Indeed, fewer than 12% of all RCTs targeting motor

rehabilitation are initiated within 30 days post-stroke, and most of these are pharmacological or involve

conventional therapy modifications (Stinear et al., 2013). On the other hand, stroke patients in the

chronic stage are clinically stable, more likely to have completed diagnostic and surgical procedures,

and have adjusted psychologically to their condition over time. As such, recruitment, retention,

and protocol adherence are considerably easier; such studies also typically do not require a control

group as patients can usually act as their own baseline since their motor impairments do not evolve

any more. However, focusing research solely on the chronic phase misses the critical early window for

spontaneous biological recovery, where neuroplasticity is most responsive to rehabilitation. Identifying

effective interventions during this period can accelerate recovery, reduce long-term disability, and

support integration into standard clinical care pathways (Stinear et al., 2013). Early-phase therapies

are also more likely to align with existing hospital workflows and to be covered by public health

systems, offering a more accessible alternative to treatments after six months post-stroke, which are

often financed by patients or their families. In this context, this work proposes pragmatic strategies

to overcome barriers in early-phase intervention studies, and provides evidence towards the feasibility

of deploying such technology-assisted rehabilitation intervention.
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Despite these challenges, this thesis also highlighted several important benefits of
conducting neurorehabilitation research in subacute settings. Patients were generally

highly receptive to participating when their physical and mental status allowed it, and many reported a

strong sense of motivation and satisfaction when involved in these sessions, that broke up the monotony

of hospital routines. Additionally, technologies like FES and robotic assistance provided meaningful

visual and proprioceptive feedback, especially for patients with limited voluntary movement. Patients

were able to see their muscles contracting, even when initiated externally. This seemed to strengthen

motor imagery and reinforce the perception of agency. This link between multisensory feedback and

motion can help reinforce neural pathways involved in motor control (Carey et al., 2018). During

sessions, patients also mentioned the impact of seeing their hand move on their engagement and

motivation, which can also be beneficial for their recovery. Moreover, one of the patients recruited in

the intervention arm of the study in Charing Cross Hospital (Chapter 7) presented dense upper-limb

weakness and had shoulder pain. It seemed that they had developed anxiety around movements of

their affected limbs, and as a result, therapists in the care team did not frequently treat their arm.

However, having tried FES for their leg, this patient was very keen to participate in the study. With

the initial ROM calibration, the patient felt comfortable training with the system as they were aware

and in control of the mobility range covered during the session. This highlights the safety provided

by technology-assisted rehabilitation, that provides highly repeatable movements. Throughout the

intervention, pain levels were reduced (FM-UE pain score from 12/24 at baseline to 20/24 at the end

of the intervention and at one-month follow-up, where 24 indicates no pain during passive motion of

the upper-limb). Such effects, though anecdotal, warrant further investigation in future studies using

structured psychometric tools.

The studies also had a noticeable impact on clinical practice and staff engagement,
demonstrating the reciprocal benefit of research conducted in hospitals. Many ther-

apists expressed interest in the device and its outcomes, where demonstration sessions were organised

prior to starting the intervention, and throughout it. Therapists also asked to attend training sessions

to better understand how the hybrid system could complement their therapy. The therapy team also

started using FES in their own sessions a couple of months after we started the clinical trial in the

ward. Beyond the clinical team, families and patients also showed strong curiosity and support, partic-

ularly when they could observe signs of progress. Regarding the case of the patient with shoulder pain

mentioned above, starting the intervention with them also induced changes within their conventional

treatment, where therapists introduced upper-limb sessions and passive mobility training.
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Lastly, one of the most important insights I gained through this thesis is the impor-
tance of context-awareness in rehabilitation technology development. As an engineer,

spending extensive time in clinical environments revealed how complex stroke recovery can be, and

how many dimensions can affect a patient’s rehabilitation journey. Factors such as family involvement,

psychological state, staffing resources, therapy schedules, and ward logistics all had an influence on

this study and seemingly on patients’ rehabilitation outcomes. For engineers and scientists working

on new rehabilitation technologies, immersing themselves in this reality early on in their project could

help immensely. Understanding the variety of motor impairments, but also their interaction with

cognitive abilities, psychological state, pain and sensory deficits, as well as the environment in which

patients evolve and recovery occur, is essential for designing systems that can be useful and truly

integrated into a patient’s journey.
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Abstract— Combining functional electrical stimulation
(FES) and robotics may enhance recovery after stroke,
by providing neural feedback with the former while improv-
ing quality of motion and minimizing muscular fatigue
with the latter. Here, we explored whether and how FES,
robot assistance and their combination, affect users’ per-
formance, effort, fatigue and user experience. 15 healthy
participants performed a wrist flexion/extension tracking
task with FES and/or robotic assistance. Tracking per-
formance improved during the hybrid FES-robot and the
robot-only assistance conditions in comparison to no
assistance, but no improvement is observed when only
FES is used. Fatigue, muscular and voluntary effort are
estimated from electromyographic recording. Total muscle
contraction and volitional activity are lowest with robotic
assistance, whereas fatigue level do not change between
the conditions. The NASA-Task Load Index answers indi-
cate that participants found the task less mentally demand-
ing during the hybrid and robot conditions than the FES
condition. The addition of robotic assistance to FES train-
ing might thus facilitate an increased user engagement
compared to robot training and allow longer motor training
session than with FES assistance.
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I. INTRODUCTION

STROKE is the most common neurological disorder in
adults and results in upper-limb impairments in over 70%

of post-stroke individuals [1], [2]. Rehabilitation is needed
after stroke to help reduce disabilities but current ser-
vices do not meet the patients’ expectations in many areas,
including reduction of arm impairment [3], [4] and less
than 15% of them achieve complete functional recovery of
the paretic arm at 6 months [5], [6]. There is thus a need
to provide more efficient motor training and enhance recov-
ery of upper-limb function. Technologies such as robotics
and functional electrical stimulation (FES) have thus been
introduced within the rehabilitation process to improve the
outcomes.

FES has been used in this context to assist patients during
training, by contracting the relevant muscles and stimulating
the peripheral nerves. It can also strengthen neural pathways
through orthodromic and antidromic neural activation [7].
Meta-analysis studies found that upper-limb motor function is
improved after FES-based therapy in acute and chronic stroke
patients [8], [9] and some studies also report improvements in
activities of daily living (ADLs) [10], [11].

On the other hand, rehabilitation robots have been used to
provide assistance during movement [12], [13], [14]. How-
ever, the literature suggests that upper-limb robotic-based
training only slightly improves motor functions compared
to conventional interventions [14], [15] and does not nec-
essarily translate to improvement in ADLs [14], [15],
[16], [17].

Although there is evidence that FES training is beneficial
for upper-limb motor recovery, it can be uncomfortable, tiring,
and usually does not produce strong and smooth motion [18],
[19], [20], [21]. Could robotic systems be used to com-
plement FES by providing power and mitigating discomfort
and fatigue? Such hybrid system could help users perform
smooth and well controlled limb motion. They would also
provide a more complete sensorimotor experience than robotic
training alone by eliciting additional mechanoreceptors and
muscle activity through the stimulation, which may ben-
efit functional recovery. Recently, novel hybrid controllers
for upper-limb assistance have been developed, using model
predictive control to distribute the actuation between both
systems more optimally [22] and adaptive cooperative con-

© 2023 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/

A.1 Proof of concept of hybrid robot- and FES-assisted

training in unimpaired participants
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Fig. 1. Experiment description. A. Participants track a randomly moving target on-screen with wrist flexion/extension and receive four different
assistance conditions: no assistance, robot-only assistance, FES-only assistance and hybrid (robot + FES) assistance. B. Hybrid robot-FES system
(from left to right): HRX-1 wrist robotic device; FES device with 16-electrode array; EMG recording device with ground electrode and two high-density
32-channel electrode arrays; hybrid set-up where the FES anode electrode, shown as 1, is placed on the dorsal side of the wrist near the ulnar
head and the cathode electrodes array, shown as 2, are around the arm inline with the wrist flexor and extensor muscle belly with the EMG
electrodes placed distally. C. Overview of experimental protocol, where four assistance conditions were presented randomly to each participants:
no assistance, FES-only assistance, robot-only assistance and hybrid assistance. Each block represents one trial of the target tracking task.

trol where FES-induced muscle fatigue is considered in the
control loop [23], [24]. Although the results from these
developments and preliminary testings are promising, most
of these systems have not been tested with clinical popu-
lations and only report the effect of hybrid assistance on
users’ performance and motor torque reduction. Additionally,
existing systems deployed in the stroke rehabilitation environ-
ment are relying on FES as the main means of assistance
and using a robotic device only to promote gravitational
support [25], [26], [27], [28], [29], [30], [31], [32], or to
contribute to other joint motion than the one supported by
FES [25], [26], [27].

To evaluate whether a system that combines robotic assis-
tance and FES to the same joint motion can be truly useful
to clinical populations, we first need to understand how each
mode of assistance alters performance, motor behaviours,
as well as user experience in a healthy cohort. To this
end, we developed a simple one degree-of-freedom inter-
face for wrist flexion/extension that can provide FES and
robotic assistance, based on users’ performance during the
tracking of a moving target. The aim of this work was to
explore whether and how FES, robot assistance, and their
combination, alter users’ performance, their physiological
responses and their workload perception in a target track-
ing task, where continuous assistive feedback is required.
More specifically, we investigated tracking performance, qual-
ity of motion, muscular and voluntary effort, fatigue and
user experience. While we expected a general performance
improvement with assistance, we also anticipated differences
among the various modes. Here, we hypothesised that robotic
assistance could lead to reduced fatigue and tracking error
but also lower effort than FES. While we hypothesised that
the combination of these two modalities would additively
improve the tracking performance, we further explored how it
would impact the resulting motor behaviours and physiological
responses.

II. METHODS

A. Participants
This study was approved by the Research Ethics Committee

of Imperial College London (approval number: 21IC6935).
15 healthy participants (6 female) aged 27.8 ± 3.41 years
old were recruited for this study. The participants signed an
informed consent form and filled out a demographic question-
naire prior to participating in the experiment. 13 participants
were right handed and two were left handed as was assessed
using the Edinburgh Handedness Inventory [33].

B. Robotic Interface
The HRX-1 one degree-of-freedom wrist robotic interface

(HumanRobotiX, UK) used in the study is shown in Fig. 1B.
It is actuated by a brushless low friction motor, which deliv-
ers up to 4 Nm of torque and is controlled by the Epos4
70/15 motor controller (Maxon Motors, Switzerland). Torque
measurement is provided by the embedded torque sensor
(with 0.014 Nm resolution) and the user’s wrist angle is
recorded using the embedded optical encoder (0.01 ◦ reso-
lution). The hand is attached to an ergonomic handle while
the forearm is strapped to an adjustable arm support to ensure
joint alignment. The robot is programmed in Matlab and ran
at a frequency of approximately 100 Hz.

C. FES System
The CLASS V1.0 FES device 16-electrode array (Tecna-

lia Research & Innovation, Spain) was used (Fig. 1B), and
controlled remotely via Bluetooth communication. A hydrogel
layer is placed on the electrodes to improve the conductivity
of the array with the skin and additional Velcro straps are
positioned around the electrodes to tighten the array around
the forearm. The anode electrode is positioned on the dor-
sal side of the wrist near the ulnar head and the cathode
array is positioned around the arm inline with the belly
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of the wrist flexor and extensor muscles for comfortable
and effective stimulation (Fig. 1B). The frequency of the
stimulation is set to 35 Hz and the pulse width to 300 µs
as these values are used clinically [34]. The amplitude of
the stimulation varies (with 1 mA resolution) during the
experiment.

D. EMG Recording
Muscle activity is recorded using two 32-channel EMG

electrode arrays (GR10MM0804, OT Bioelettronica, Italy)
with a Sessantaquattro amplifier (OT Bioelettronica, Italy)
(Fig. 1B). We used two electrode arrays that covered the
forearm proximally to the FES electrodes (Fig. 1B), which
recorded the activity in muscles such as the extensor carpi
radialis longus, the extensor digitorum, the flexor carpi
radialis and the flexor digitorum superficialis. The EMG
data is sampled at 2000 Hz and stored on a PC for
analysis.

E. Experiment Task
The participants tracked a moving target on a com-

puter monitor placed in front of them using wrist flex-
ion/extension movements of the right hand while being
assisted by a robot or FES (Fig. 1A). The target trajectory was
defined as:

q∗(t) = 38.6 ◦ sin
[
2.0308(t+)

]
sin

[
1.0927(t+)

]
(1)

where t+ = t + t0, t is the elapsed time and t0 is the starting
time. q∗ is the target angle. The target was programmed and
updated in Matlab and t0 ∈ {0, 3.094, 14.375} s was randomly
selected every trial to minimise prediction of the target tra-
jectory by the participants. Participants were instructed to
track the target as accurately as possible and told that they
may feel haptic interaction from the robot and/or electrical
stimulation.

F. FES and EMG Calibration
An FES calibration was performed at the start of the

experiment. Two cathode electrodes within the cathode array
are selected to generate the flexion movements and two
other cathode electrodes for the extension movements. The
electrode location and corresponding maximum stimulation
are selected individually for the flexion and extension side,
such that the stimulation is comfortable and the generated
movement covers the participant’s full range of motion. The
FES amplitude is capped at the maximum comfortable stim-
ulation determined by the user for the flexion smax

f and
extension movements smax

e . The torque generated by each of
these stimulation amplitudes while the participant is relaxed
is also recorded as τmax

f and τmax
e . The minimum FES

amplitude is defined as the participant’s sensory threshold
through self-report, individually for the flexor stimulation smin

f
and the extensor stimulation smin

e . We assume a linear mapping
between the stimulation amplitude s f and se and the produced
torque τ f and τe for amplitudes above smin

f and smin
e for the

flexion and extension movements respectively [35] such that:

τ f (t) = αs s f (t) τe(t) = αs se(t) (2)

with the linear coefficient αs defined as:

αs =
smax

f − smin
f

τmax
f

(3)

An EMG calibration was then performed to obtain a mea-
sure of effort, by linearly regressing muscle activity with
torque produced during isometric contraction. During this
calibration, participants were asked to resist each of the four
increasing torque levels: {0.4, 0.8, 1.2, 1.7} Nm during 2.5 s
in flexion and extension at the fixed angle q = 30 ◦. This
was repeated four times with a 3 s rest in between to prevent
fatigue.

G. Control of Robot-FES System
The task considered in this study is a continuous tar-

get tracking task with a pseudo-random trajectory, that
requires continous assistive feedback. Therefore, the torque
exerted on the wrist flexion/extension by the robot is
described as:

ur (t) = Kr e(t) e(t) = q(t) − q∗(t) (4)

where e(t) is the tracking error between the participant’s
trajectory q and the target trajectory q∗. The robot control
stiffness Kr = 0.0097 Nm/◦ corresponds to a soft-middle
interaction stiffness [13]. It has been selected after prelimi-
nary testings in order to observe tracking improvement with
assistance, while preventing slacking.

The stimulation amplitude provided to the wrist flexor or
extensor is described as:

s(t) =

{
se(t) = −Ks e(t) + smin

e e(t) < 0
s f (t) = Ks e(t) + smin

f e(t) > 0
(5)

where se(t) refers to an extensor muscle stimulation and s f (t)
a flexor muscle stimulation. Ks (in mA/◦) is the FES
control stiffness and is the same for the extensor and
flexor stimulation in order to match the robot assistance
behaviour. It is defined from the linear mapping αs between
the FES amplitude and torque ranges of the flexor as
it was found to be more comfortable during preliminary
tests:

Ks = αs Kr (6)

The four assistance conditions of the experiment are defined
as follows: {hybrid, robot (se ≡ 0, s f ≡ 0), FES (ur ≡ 0),
no assistance (se ≡ 0, s f ≡ 0 and ur ≡ 0)}. In the hybrid
condition, participants receive the same robot assistance as in
the robot condition as well as the same FES assistance as in
the FES condition.

H. Protocol
The experimental protocol is outlined in Fig. 1C. The exper-

iment started with an FES and EMG calibration as detailed
in Section II-F. This EMG calibration was also carried out
at the end of the experiment to examine potential changes in
muscle activity due to fatigue. The participants first completed
ten trials of the trajectory tracking task without assistance.
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They then completed four blocks of the trajectory tracking
task, each block using one of four conditions of assis-
tance: {hybrid, robot, FES and no assistance}. The conditions
were presented in random order, with each block containing
15 trials consisting of 15 s of target tracking and a 3 s rest.
Each block was followed by a questionnaire (see Appendix)
that evaluated the workload with the NASA-TLX ten-point
ordinal Likert Scale [36] and the comfort and usefulness
of the stimulation and robot torques using five-point ordi-
nal Likert Scale questions [37]. Subsequently, a block of
five trajectory tracking trials with no assistance was per-
formed, including a first washout trial and four evaluation
trials.

I. Performance Analyses
Task performance was quantified by the Root Mean Square

Error (RMSE) [◦] between the target trajectory q∗(t) and

the participant’s trajectory q(t):
√

1
T

∫ T
0 e(t)2 dt , T = 15 s.

Other metrics were used to quantify the participant’s perfor-
mance more specifically. The time delay [s], tracking error
due to a temporal shift between the target’s and partici-
pant’s trajectories, was calculated using the cross-correlation
between the two trajectories. Smoothness, quantified with
the SPARC (Spectral Arc Length) metric, was also explored
as it is a marker of the quality of sensorimotor control,
often impaired after stroke [38]. Understanding how each
assistance condition affects motion smoothness in healthy indi-
viduals is relevant for later application to stroke rehabilitation,
where smoothness is linked with functional recovery [39].
A SPARC value closer to zero corresponds to a smoother
motion.

J. Effort and Fatigue
Fatigue and effort during the task were estimated using

recorded EMG signals of the flexor and extensor muscles
from the participants. Mains noise was attenuated using a
Notch filter (Matlab function i irnotch with notch at 50 Hz).
A low-pass and high-pass second order Butterworth filters
(with cut-off frequencies fc = 10 Hz and fc = 500 Hz, respec-
tively) were applied in the forward and reverse directions.
The EMG signal was rectified and the envelope was obtained
using a low-pass second order Butterworth filter with cut-off
frequency fc = 5 Hz. The channel on the extensor and flexor
arrays with the highest envelope amplitude during the EMG
calibration were used for the following analyses. For both
time-domain effort metrics, the torque-normalised EMG signal
was used. The torque-muscle activity relationship was obtained
by linearly regressing the envelope of the fully-rectified EMG
during the EMG calibration procedure with the corresponding
torque.

Fatigue was estimated by computing the median frequency
of the filtered EMG signal [40]. A decrease in EMG median
frequency corresponds to an increase in fatigue. The EMG
frequency during the EMG calibration at the start and end
of the experiment, and across conditions were compared.
For the latter, the median frequency was averaged for the
last four trials of the previous and following evaluation

blocks and their difference was taken to quantify fatigue
changes.

For the muscular effort metric, the EMG signal containing
both the FES-induced muscle activity, i.e. the evoked M-wave,
and the volitional activity were considered. Although the
evoked M-wave is not a voluntary contribution, it is resulting
in the recruitment of motor units leading to muscle contraction,
as with volition. We used a Hampel filter, where outliers away
by 1.5 standard deviations from the median of 30 surrounding
samples are replaced by that median; this filtered the FES
artefacts. The envelope of the signal was obtained and the total
effort was evaluated from the mean amplitude of the envelope
of the torque-normalised EMG signal, averaged across trials.
Muscular effort levels during the EMG calibration at the start
and end of the experiment were compared as well as during
each training condition.

The volitional contribution was also considered as it can
inform about the effect of each modality on user engagement,
which is relevant for stroke rehabilitation. Adaptive filters
can be used to filter the EMG corrupted by the FES artifact
and the M-wave contribution [35], [41], [42]. In this work,
we used an adaptive filter designed for EMG-based torque
estimation under stimulation of wrist flexor and extensor with
the same setup as here [35]. The torque-normalised EMG was
obtained from the envelope of this signal, and averaged across
trials.

K. Statistical Analysis
For the comparison of performance metrics, effort, fatigue

levels and questionnaire answers between the conditions,
we used a one-way repeated measures ANOVA or a
non-parametric Friedman test when the data was not normally
distributed. A one-sample Shapiro-Wilk test was used to
test the null hypothesis that the data comes from a normal
distribution. Post-hoc paired sample t-tests or paired Wilcoxon
sign-rank tests were used for comparisons of performance
metrics, effort and fatigue levels and questionnaire answers
between each condition, controlling for the family-wise error
rate with Bonferroni-Holm correction. For the comparison of
the fatigue level before and after the experiment, a paired
Wilcoxon sign-rank test was used as data was not normally
distributed. Similarly, for questions comparing the FES and
hybrid conditions, and the hybrid and robot conditions, paired
Wilcoxon sign-rank tests were used. For the statistical analysis
of performance, effort and fatigue metrics, the average across
trials in one condition was calculated for each participant.
In the box plot figures, the whisker lines above and below
the box indicate the 1.5 interquartile range. Outliers are
displayed by a red + sign. Comparisons not shown are not
significant.

III. RESULTS

A. Performance Results
The assistance condition affects participants’ tracking per-

formance (F(3, 56) = 20.38, p < 0.001). RMSE is smaller
with hybrid or robot assistance relative to the no assistance and
FES conditions (all p < 0.001) (Fig. 2A). There is no signifi-
cant difference between hybrid assistance and robot assistance
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Fig. 2. Performance, motor adaptation and quality of motion metrics during the tracking task with four different assistance conditions. (A) Tracking
performance indicated by the Root Mean Square Error (RMSE). (B) Smoothness of participant’s trajectory, evaluated using Spectral Arc Length
(SPARC) [38]. A SPARC value closer to zero corresponds to a smoother motion. (C) Time Delay indicates the temporal shift between the target’s
and participant’s trajectories. ∗ : p < 0.05, ∗∗ : p < 0.01, ∗ ∗ ∗ : p < 0.001. Comparisons not shown are not significant.

Fig. 3. Voluntary effort (A,B), muscular effort (C,D) and changes in
muscle fatigue (E,F) during the tracking task assisted with four different
assistance conditions. The effort metrics are estimated as the mean
envelope amplitude of the torque-normalised EMG signal. Fatigue is
obtained from the median frequency of the EMG signal, a decrease in
frequency indicates increased fatigue. (A) Voluntary effort in the flexor
muscles. (B) Voluntary effort in the extensor muscles. (C) Total muscular
effort in the flexor muscles (including M-wave contribution). (D) Total
muscular effort in the extensor muscles (including M-wave contribution).
(E) Fatigue changes in the flexor muscles. (F) Fatigue changes in the
extensor muscles. ∗ : p < 0.05, ∗∗ : p < 0.01, ∗ ∗ ∗ : p < 0.001.
Comparisons not shown are not significant.

(p = 0.74). The effect of assistance condition on smooth-
ness was also investigated (F(3, 56) = 3.82, p = 0.015)
and results indicate that FES assistance leads to decreased
smoothness compared to the hybrid condition (p < 0.05) but
other differences are not significant (all p > 0.075) (Fig. 2B).
The hybrid and robot assistance also reduce time delays
compared to none and FES conditions (all p < 0.01) and
there is no statistical difference between the hybrid and the
robot conditions (p = 0.93) (Fig. 2C). When investigating

performance improvement on evaluation trials before and after
each assistance condition, we do not find statistical differences
(F(3, 56) = 0.37, p = 0.77) (Appendix, Fig. 6).

B. Effort and Fatigue
The EMG recording for one participant was corrupted and

thus EMG-based metrics are reported as N = 14. When com-
paring the total level of muscle activity in the flexor muscles
during the assisted tracking task (χ2(3) = 37.46, p < 0.001)
(Fig. 3C), we find that it is lower with robot assistance
compared to all other assistance conditions (p < 0.001 with
FES and hybrid and p < 0.05 with none). Higher muscular
effort is observed in the FES and hybrid assistance com-
pared to no assistance, with higher muscle activity in the
hybrid condition (p < 0.05 with FES). Similar trends are
found for the extensor muscles (χ2(3) = 24.26, p < 0.001)
(Fig. 3D), although there is no statistical difference between
the robot and no assistance conditions (p = 0.90) and
total muscle activity is highest in the hybrid condition
(p < 0.001 with FES).

Regarding the voluntary effort (Fig. 3A, B), similar trends
are found in the flexor muscle (χ2(3) = 25.00, p < 0.001),
where higher volition is observed in the FES and hybrid
assistance conditions, while these differences are not present
in the extensor muscle (χ2(3) = 16.54, p < 0.001). The
voluntary contribution is similar in the FES and hybrid con-
ditions for both flexor (p = 0.46) and extensor muscles
(p = 0.53). In the robot condition, the volitional contrac-
tion is lowest (p < 0.05 with none in flexor and extensor
muscles).

Regarding fatigue, we observe that the median frequency
of the flexor muscle activity increases in the none and
robot conditions, suggesting muscle recovery and does not
change after the FES and hybrid condition when looking
at the mean (Fig. 3E). These differences are not as clear
in the extensor muscles (Fig. 3F). The comparison of the
change in muscle fatigue between conditions is not statis-
tically different for the flexor (χ2(3) = 5.40, p = 0.15)
or the extensor (χ2(3) = 7.71, p = 0.052)). No statis-
tical differences are found when comparing muscle fatigue
before and after the experiment during the EMG calibration
(Appendix, Fig. 7).
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Fig. 4. Answers to the 10-point NASA-TLX questionnaires on perceived
workload after the trajectory tracking task with four different assistance
conditions, with answers from very low (1) to very high (10). ∗ : p < 0.05.
Comparisons not shown are not significant.

C. Questionnaire Answers
The answers to the NASA-TLX questions are shown

in Fig. 4. The assistance type affected participants’ mental
demand (χ2(3) = 16.18, p = 0.001) (Fig. 4A). It is lower
in the robot and the hybrid conditions in comparison with
the no assistance and FES assistance conditions (p < 0.05).
Participants also perceived the lowest physical demand in the
robot condition, but this difference is statistically significant
only with respect to the FES condition (p < 0.05) (Fig. 4B).
Moreover, participants indicated that their effort was lowest in
the robot and hybrid conditions and the latter is significantly
different from the FES condition (p < 0.05) (Fig. 4D).
Their frustration level during the assisted task was lower
in the hybrid and robot assistance conditions than in the
FES condition but differences are not statistically significant
(χ2(3) = 7.68, p = 0.053) (Fig. 4E). The responses to the
statement “The electrical stimulation was comfortable” are
similar in the hybrid and FES conditions (p = 0.94) but
participants thought that their performance increased thanks
to the stimulation with the hybrid assistance but not with
FES only, although this difference is not statistically signif-
icant (p = 0.57) (Fig. 5). The robotic forces were rated
as comfortable and useful in both the hybrid and robot
conditions.

IV. DISCUSSION

Literature suggests that adding FES to robotic assistance
could improve motor recovery during stroke rehabilitation.
However, there is a need to understand how FES and robotic
assistance alter performance, physiological measures and sub-
jective experience, such that the benefits of these modalities

can be fully exploited for clinical applications. This work
thus used a simple wrist flexion/extension interface to explore
these aspects in healthy participants in a target tracking
task, requiring continuous assistance FES and robot assistance
proportional to the tracking error.

Performance and quality of motion increases when robotic
assistance is present. Tracking performance is higher when
participants receive hybrid and robot assistance compared to
no assistance or FES assistance. Hybrid assistance does not
improve tracking performance more than robot assistance.
We find that the assistance modes improve tracking perfor-
mance except the FES assistance alone. However, it is not
disturbing participants’ performance, even though we used a
simple controller. On the other hand, we expected that the
additive effect of FES and robotic assistance would further
improve performance, even though the goal of the hybrid con-
troller was not focused on improving tracking performance but
rather made simple to investigate the effects of assistance. The
stimulation thus does not seem to contribute to performance
improvement in the hybrid condition. These observations could
be extended to the use of more advanced strategies, where
the goal is to optimise for control objectives such as tracking
performance or learning. However, few studies have tested
other strategies to assist users in ADLs, such as shared
control approaches, where the action of one modality has
knowledge of the other, and similarly they did not always
find performance improvements in the hybrid compared to the
robot-only condition [22], [23].

In this work, we additionally investigated the effect of each
modality and their combination on various quality of motion
metrics. We found that participants’ movements are smoother
with the hybrid assistance than with the FES assistance and
there is no significant difference in movement smoothness
in the hybrid, robot and no assistance conditions. We see
similar trends for other objective metrics, such as time delay
and under/overshoot. Adding FES to a robotic-based assistive
device thus does not impede motion quality in our experiment,
even though the controller used is simple and does not account
for the delay between the trigger of the stimulation and the
resulting muscle contraction (e.g. 10-140ms [7], [43]). It is
useful to understand how smoothness is affected by different
assistive modalities as it captures motor control abilities which
are affected in stroke population, and is linked with functional
recovery [39], [44]. Furthermore, this analysis can then be
used as a reference to later interpret data from stroke patients
performing similar tasks with these assistance modes. In the
hybrid context, it can also be used to inform on the assisted
motion quality and as an indicator of possible counteract-
ing effects between the stimulation and robot torque [45].
As no difference was found in participants’ smoothness
during the no-assistance and hybrid conditions, it seems
that the electromechanical delay did not affect participants’
motion.

Total muscular effort is higher when stimulation is applied
while it does not induce more fatigue, and voluntary effort
is lowest in the robot-only condition. The amount of mus-
cular effort, quantified by the total level of muscle activity,
both from the stimulation-induced M-wave and the voluntary
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Fig. 5. Answers from a 5-point ordinal Likert scale questionnaire on comfort (A and C) and usefulness (B and D) of robotic force (top row) and
electrical stimulation (bottom row) after trajectory tracking with four different assistance conditions. Agreement level from ‘Strongly Agree’ (2) to
‘Strongly Disagree’ (−2) was provided for each statement.

contribution, is generally higher in the conditions with elec-
trical stimulation (FES and hybrid) compared to the other
two conditions; this is due to the M-wave contribution of the
stimulation. Although it is common to disregard the M-wave
and only investigate the voluntary contribution, we chose to
also explore the total EMG activity as the stimulation also
leads to the activation of motor units and thus affects the
characteristics of the muscles [46].

We also observe that voluntary effort is lowest in the robot
condition. This suggests the potential value of integrating FES
assistance into robotic-based therapy as it leads to increased
total muscle contraction but also higher voluntary contribution,
thus enhancing user engagement which could potentially pro-
mote recovery in stroke patients. Additionally it could prevent
slacking that seems to occur here when robot-only assistance
is provided. On the other hand, we find that the total muscular
effort is higher in the hybrid than in the FES condition.
This could be due to the electromechanical delay between
the stimulation and the resulting muscle contraction, which
is not present when a robotic torque is applied to the handle.
In some cases the stimulation could lead to overshooting of
the trajectory although the target is already moving towards
the other direction. Although we do not see a difference in
performance and smoothness between the robot and hybrid
condition, it might be that the two assisting systems are
counteracting each other, which could cause increased muscle
activity level for the user to drive the handle in the desired
direction. Similarly, the higher voluntary contribution of the
flexor muscles in the hybrid and FES conditions could be a
consequence of a counteraction between the user’s intention
and the delayed contraction resulting from the stimulation.
These trends were observed in another hybrid training study
with stroke patients where EMG activation levels in the
flexors and extensors were lower with FES compared to
hybrid assistance [47]. Models of the muscle response to
electrical stimulation are available and could be incorporated
as a feedforward element to the existing controller to ensure
muscle contraction resulting from FES occurs in a similar
time range as the robotic torque assistance for the motion to
be produced [48], [49], [50], [51]. Recent works have also
targeted the development of controllers to reduce the effect
of the electromechanical delay of the stimulation [52], [53],
which would lead to a better alignment of the motion
resulting from the two actuation systems. However, these
approaches for delay compensation are not considering the
time-varying nature of the electromechanical delay [43], and
are applied to cyclic gait motion or to the tracking of

pre-determined trajectories, hence they would not be suitable
for this pseudo-random tracking task.

Regarding fatigue, there are no significant changes before
and after the experiment in the flexor and extensor muscles.
Neither do we find that the FES and hybrid conditions lead
to higher fatigue than the other conditions when investigating
fatigue changes for each condition individually. Although FES
is commonly described as fatiguing, we do not find such trends
in these healthy participants who performed a task that is
not physically demanding – average rating below 4 for all
conditions in the 10-point NASA-TLX questionnaire. This
could be in part due to the dynamic nature of the task,
which did not require sustained stimulation, as well as the
relatively short duration of each trial and training block. FES is
also mostly used and evaluated in clinical populations, where
rehabilitation activities that make use of FES assistance can
require higher stimulation amplitudes and training duration
than these able-bodied individuals were prescribed. Moreover,
the response to stimulation amplitudes and duration might be
different in healthy participants who already have the capacity
to move and stroke patients who may have weakness and lack
the ability to contract their muscles as intended.

Mental demand is rated as lowest in the hybrid and robot
conditions. The NASA-TLX questionnaire answers also indi-
cate that in this study, participants did not feel more frustrated
when training with FES or hybrid assistance compared to
robot or no assistance. The electrical stimulation was rated
as comfortable on average but participants perceived that
the stimulation in the hybrid assistance was more useful
in improving their performance than in the FES condi-
tion. This finding resonates with the tracking error results,
where performance in the hybrid condition is higher than
in the FES condition, although this increase might not be
due to the stimulation directly. Robot-assisted training is
perceived as the least physically demanding, but is only
significantly different to FES-assisted training, whereas the
effort is perceived significantly lower in hybrid than FES
conditions. Indeed, the effort rating could be considered by
users as a compound of mental and physical demand [54],
and here mental demand is rated lower in the hybrid and robot
conditions.

These answers only partly translate to the physiological
differences on voluntary effort that we observe, where in
the flexor muscles, we do find differences between most
conditions. Although previous studies have found relationships
between task difficulty, NASA-TLX ratings and muscle
activity amplitude, these were investigated in more demanding
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and tiring tasks such as repairing a pump gearbox [55],
controlling traffic density [56], and performing surgical pro-
cedures [57]. For instance in the repair task, the complex
task resulted in significantly higher physical demand rat-
ings and EMG levels compared to the simple task, with
a significant correlation between these two metrics [55].
The average physical demand rating of this task was higher
than 6, whereas our target tracking task was rated below
4 on average in all conditions. The absence of consistent
findings between physical demand ratings and EMG levels
in our work could be explained by the low demand of the
target tracking task we investigated. The results from the
subjective workload assessment motivate the use of hybrid
assistance for motor training: although total muscle activity
level is higher than with FES assistance, perceived effort
is lower, which could lead to longer and more enjoyable
training. On the other hand, hybrid and robot assistance
are rated as less mentally demanding than FES and they
are not significantly different from each other. The trends
observed in these answers seem to follow those of the
tracking performance, which suggests that they could be
related. This is in agreement with previous motor task stud-
ies investigating the relationship between mental load and
motor performance [58], [59]. This indicates that using hybrid
assistance could reduce mental demand, thus enhancing user
experience.

V. CONCLUSION

The present study explores how FES and robot assistance
and their combination affects performance, effort, fatigue and
user experience in a wrist target tracking task. The results
suggest that the addition of the two modalities in a hybrid
device reduces mental demand while increases performance
compared to FES assistance only and could prevent slacking,
occuring during robot-only training. Future work will aim at
testing the efficacy of this hybrid device in stroke patients,
where training benefits of hybrid rehabilitation technologies
could be observed.

APPENDIX I
ADDITIONAL FIGURES

See Figs. Fig. 6 and Fig. 7

APPENDIX II
QUESTIONNAIRE

• What is your level of muscle fatigue? (1 = fatigued;
10 = not fatigued)

• What is your level of mental fatigue? (1 = fatigued;
10 = not fatigued)

• How mentally demanding was the task? (1 = very low;
10 = very high)

• How physically demanding was the task? (1 = very low;
10 = very high)

• How hurried or rushed was the pace of the task?
(1 = very low; 10 = very high)

• How successful were you in accomplishing what you
were asked to do? (1 = very bad; 10 = very good)

Fig. 6. Motor adaptation during the tracking task with four different
assistance conditions. Tracking performance improvement indicates the
difference in participant’s tracking performance before and after train-
ing; a positive result indicates that they are performing better after
training.

Fig. 7. Muscle fatigue was evaluated during the EMG calibration at the
start and end of the experiment, where participants had to track four
different levels of torque. Fatigue is calculated as the median frequency
of the EMG signal, a decrease in frequency indicates an increased
fatigue. Level of fatigue for (A) the flexor muscles and (B) the extensor
muscles.

• How hard did you have to work to accomplish your level
of performance? (1 = very low; 10 = very high)

• How insecure, discouraged, irritated, stressed, and
annoyed were you? (1 = very low; 10 = very high)

• The forces were comfortable. (from ‘strongly disagree’
to ‘strongly agree’)

• The forces improved my performance. (from ‘strongly
disagree’ to ‘strongly agree’)

• The electrical stimulation was comfortable. (from
‘strongly disagree’ to ‘strongly agree’)

• The electrical stimulation improved my performance.
(from ‘strongly disagree’ to ‘strongly agree’).
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Hybrid Functional Electrical Stimulation and Robotic Assistance for
Wrist Motion Training after Stroke: Preliminary Results

Lucille Cazenave1,2, Aaron Yurkewich3, Chiara Höhler4,5, Thierry Keller6, Carmen Krewer4,5, Klaus Jahn4,7,
Sandra Hirche8, Satoshi Endo8 and Etienne Burdet2

Abstract— This work presents preliminary results of a clinical
study with sub-acute stroke patients using a hybrid system
for wrist rehabilitation. The patients trained their wrist flex-
ion/extension motion through a target tracking task, where
electrical stimulation and robotic torque assisted them propor-
tionally to their tracking error. Five sub-acute stroke patients
have completed the training for 3 sessions on separate days. The
preliminary results show hybrid assistance improves tracking
performance and motion smoothness in most participants. In
each session, patients’ tracking performances before and after
training were evaluated in unassisted tracking trials, without
assistance. Their unassisted performance was compared across
sessions and the results suggest that moderately to severely
impaired patients might benefit more from hybrid training
with our system than mildly impaired patients. Subjective
assessments from all sessions show that the patients found the
use of the device very comfortable and the training enjoyable.
More data is being collected and future work will aim at
verifying these trends.

I. INTRODUCTION

Hybrid technology combining FES with active or passive
robotics has been developed for upper-limb stroke rehabil-
itation in order to provide optimal assistance and improve
functional recovery. In comparison to conventional therapy
and robot-only rehabilitation, studies found greater improve-
ments in the Box & Block test [1]–[3] and the Wolf Motor
Function Test [4] with the hybrid system. However, due to
the technical complexity of combining two active devices in
a stroke rehabilitation scenario, some of the current systems
have used robots only to provide support on other joint
motions, thus not exploiting the full potential of hybrid
system for rehabilitation [5]. Moreover, simple solutions such
as push-buttons have been used to trigger assistance [5],
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which can limit the therapeutic benefits as the patient might
not be engaged in the task [6]–[9].

On the other hand, advanced controllers have been intro-
duced recently to provide more optimal combinations of FES
and robotic assistance, and have been successfully tested in
healthy participants [10]–[12] and simulations [13]. Results
show that the use of these controllers could delay the onset
of fatigue, [12], [13], reduce power requirements [10], [11],
[13] and improve tracking accuracy [10], compared to FES
or robot alone. However, they have not yet been tested
in a rehabilitation scenario with stroke patients. Moreover,
other studies that have investigated the use of a simple
hybrid controller in stroke populations, such as Hu and
colleagues [3] have not reported qualitative data. The goal of
this work is thus to collect quantitative and qualitative data
during the use of simple hybrid systems in the context of
stroke rehabilitation, which is said to be crucial to achieve
successful rehabilitation outcomes [14]. This patient-centred
approach will allow us to gather further evidence towards the
use of active robotic and FES assistance on the same joint
motion to inform the development of controllers for stroke
rehabilitation, where adaptive and optimal shared control can
be used where beneficial.

This work presents preliminary results from a stroke study,
where patients trained their wrist flexion/extension during a
target tracking task with assistance from a hybrid system. In
this work, a simple proportional control algorithm is used,
where the intensity of FES and the amount of robotic torque
provided to a patient is proportional to their tracking error.
We investigated (i) how hybrid assistance affects patients’
performance and quality of motion, (ii) how hybrid training
affects these metrics over time and (iii) patients’ experience
of hybrid assistance and training.

II. METHODS
A. Participants

The study is run at the Schoen Clinic Bad Aibling and
was approved by the Ethics Committee of the Ludwig-
Maximilians University (LMU) Munich, Germany (regis-
tration number: 22-0297). All participants or their legal
representatives signed an informed consent form prior to par-
ticipating in the experiment. The study participants are sub-
acute stroke patients staying at the inpatient rehabilitation
hospital after an ischemic or hemorrhagic infarction.

The inclusion criteria are as follows: age> 18 years old,
cognitively able to follow instructions, with functional im-
pairments in the wrist or fingers as assessed by the Medical20
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A.2 Feasibility of hybrid robot-FES system with suba-

cute stroke patients in a clinical setting
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Fig. 1. Experiment description. A. A patient tracks a randomly moving target on-screen with wrist flexion/extension. B. Hybrid system (from left to
right): HRX-1 wrist robotic device; FES device with 16-electrode array; hybrid set-up where the FES anode electrodes, shown as 1, are placed on the
dorsal and ventral side of the wrist near the ulnar head and the cathode electrodes array, shown as 2, are placed inline with the wrist flexor and extensor
muscle belly. C. Overview of experimental protocol, where a patient performs a series of calibration and assessment steps followed by unassisted trials
(U), where no stimulation or robotic assistance are provided, and assisted training trials (A), where patients receive hybrid assistance. ’x10’ refers to the
number of trials for each block, here ten. ’Q’ refers to the questionnaire step.

Research Council score (MRC≤ 3) and low level or no
pain in the wrist or fingers (Numeric Rating Scale< 4).
Exclusion criteria can be divided in robot-related and FES-
related exclusion criteria. Robot-related exclusion criteria
are: severe contractures or muscle tone resulting in the
operator’s inability to position the patient’s arm in the device
and flex or extend the wrist more than 20◦. FES-related
exclusion criteria are: pregnancy, presence of implantable
devices or other metal implants in the stimulated area, no
motion or muscle contraction resulting from FES, patients
with severe epilepsy and cancer or wounds in the stimulated
area. Patients were also excluded if they had a severe
psychiatric disorder or had no function as well as no deep
sensitivity in the fingers or wrists.

Preliminary data from five patients (Table I) is presented in
this work. Two patients are severely impaired (Fugl-Meyer
Upper-Extremity score (FM-UE)≤25), two are moderately
impaired (25≤FM-UE≤40) and one is mildly impaired (FM-
UE>40) [15].

TABLE I
PATIENT DEMOGRAPHICS

Patient
ID Sex Age

(years)
Side of
paresis

Time since
stroke (weeks) FM-UE

1 Female 78 Right 14 29
2 Male 68 Left 5 2
3 Female 81 Right 7 38
4 Male 73 Left 8 13
5 Male 59 Right 4 45

FM-UE: Fugl-Meyer Upper-Extremity score, maximum score: 66.

B. Protocol

The experimental protocol is outlined in Fig. 1C. Once
recruited, an initial calibration session was scheduled for the
patients to familiarise themselves with the system and to
perform the first FES calibration. Two cathode electrodes

within the cathode array are selected to generate the flexion
movements and two other cathode electrodes for the exten-
sion movements. The electrode location and corresponding
maximum stimulation are selected individually for the flexion
and extension side, such that the stimulation is comfortable
and the generated movement covers as much of the par-
ticipant’s ROM as possible. The FES amplitude is capped
at the maximum comfortable stimulation determined by the
user for the flexion smax

f and extension movements smax
e .

The minimum FES amplitude is defined as the participant’s
sensory threshold through self-report, calibrated individually
for the flexor stimulation smin

f and the extensor stimulation
smin
e . Once found, the electrode locations were marked on

the patient’s skin if there were no counter-indications and
the minimum and maximum amplitudes were noted down for
the next sessions. After that, the patient was asked to relax
while the stimulation amplitude was increased from smin to
smax, with a resolution of 1 mA, and the generated torque
was recorded. This was done in order to empirically identify
the coefficients of the mapping between the stimulation
amplitudes sf and se and the produced torques τf and τe
(Eq. 1) in each session. Preliminary testing indicated that
the relationship between stimulation amplitude and torque
could be approximated by a second order exponential for
the flexion and extension movements respectively, such that:

sf (t) = f(τf (t)) = αf e
βf τf (t) + δf e

γf τf (t)

se(t) = f(τe(t)) = αe e
βe τe(t) + δe e

γe τe(t)
(1)

with α, β, γ and δ coefficients of the exponential terms. This
mapping is used to determine the required FES amplitude
when the patients are assisted by the hybrid system, to ensure
that the FES and robot assistance provide the same amount
of torque.

Following this initial calibration session, the patients par-
ticipated in three intervention sessions of around one hour
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each, separated by at least one break day. Each session was
identical: it started with the FES calibration described above,
followed by a ROM calibration.

The ROM calibration was performed as an assessment
of patient’s progress but also to adjust the target trajectory
amplitude to each patient’s capability. It started with a
passive calibration, where the experimenter moved the handle
of the robot in the flexion direction until they felt a resistance
or a discomfort reported by the patient. This was also done
in the extension direction and the cycle was repeated three
times. After that, an active calibration, where patients were
asked to move their wrist as far as they could in flexion and
then extension was repeated three times.

In the remaining parts of the session, the patients per-
formed a target tracking task with the wrist flexion/extension
movements of their impaired hand, either unassisted (base-
line and evaluation trials in Fig. 1C) where no FES or robotic
assistance is provided, or assisted by the hybrid system (two
training blocks), where the patient received both FES and
robotic assistance. Ten unassisted trials were first completed
by the patient as a baseline. The first training block consisted
of 30 assisted trials, and was followed by five unassisted
trials as intermediate evaluation. A second training block of
30 assisted trials was performed and followed by the final
evaluation block of ten unassisted trials. Each trial lasted
12 seconds with a 3 second break. The rest time could be
prolonged as desired by the patient. After the first training
block and the first evaluation block, the patients answered a
set of questions.

The patients tracked a moving target on a computer
monitor placed in front of them. The target trajectory was
defined as the product of two sinusoids, as it has been
extensively used in human-robot interaction with healthy par-
ticipants [16]–[18]. Here the frequencies have been adapted
to the stroke population, following preliminary testings with
clinicians and patients, for the target to be slower. We used:

q∗(t) = q∗mid + q∗max sin
(
0.2586 t+

)
sin

(
0.1860 t+

)
(2)

where t+ = t+ t0, t is the elapsed time and t0 is the starting
time. q∗ is the target angle. q∗mid is the middle point of
the target range and the amplitude from that point to the
maximum range is q∗max. These are determined from the
maximum target amplitude in flexion qmax

f and in extension
qmax
e , where the target was defined to go up to 30% beyond

the active ROM of the patient but capped by their passive
ROM:

q∗max =
|qmax

f − qmax
e |

2
q∗mid =

qmax
f + qmax

e

2
(3)

The target was programmed and updated in Matlab and t0
is randomly selected to disrupt prediction. The patients were
instructed to track the target as accurately as possible and
told that they may feel haptic interaction from the robotic
device and/or electrical stimulation.

C. Hybrid Robot-FES system
The robot used in the study is the HRX-1 one degree-of-

freedom wrist robotic interface (HumanRobotiX, UK [19])

(Fig. 1B). It is actuated by a brushless low friction motor,
located below the metal plate of the handle, which delivers
up to 4 Nm of torque and is controlled by the Epos4 70/15
motor controller (Maxon Motors, Switzerland). Torque mea-
surement is provided by the embedded torque sensor (with
0.014 Nm resolution), connected between the metal handle
plate and the motor shaft using a shaft collar. The user’s
wrist angle is recorded using the embedded optical encoder
(0.01◦ resolution). The hand is attached to an ergonomic
handle while the forearm is strapped to an adjustable arm
support to ensure joint alignment. To maintain hygiene
standards, device-specific cleaning protocols were followed.
The robot is programmed in Matlab and ran at a frequency
of approximately 75 Hz.

The stimulation device used in this study is the STIM
2.0 FES device 16-electrode array (Tecnalia Research & In-
novation, Spain) (Fig. 1B), controlled remotely via Bluetooth
communication. A hydrogel layer is placed on the electrodes
to improve the conductivity of the array with the skin and
straps are used to tighten the array around the forearm. Each
patient uses an individual set of electrodes throughout the
study. The pulse frequency of the stimulation is set to 35 Hz
and the pulse width to 300µs as these values have been used
clinically [20]. The amplitude of the stimulation varies (with
0.1 mA resolution) during the experiment.

The control of the hybrid system determines the torque
required from the robot and the FES, during assisted training,
where both systems are concurrently providing torque τ(t)
to the patient:

τ(t) = K e(t) e(t) = q(t)− q∗(t) (4)

where e(t) is the tracking error between the participant’s
trajectory q and the target trajectory q∗. A negative/positive
error indicates that the target position is further in exten-
sion/flexion than the patient’s position. The control stiffness
K = 0.42 Nm/rad corresponds to a soft-medium interaction
stiffness [16]. It has been selected after preliminary testings
with clinicians and patients to assist them in the task while
preventing slacking. The robot torque ur(t) exerted on the
wrist flexion/extension and the stimulation amplitude pro-
vided to the wrist flexor sf (t) or extensor se(t) are defined
as:

ur(t) = τ(t) s(t) =

{
se(t) = f(τe(t)), e(t) < 0

sf (t) = f(τf (t)), e(t) > 0
(5)

where se(t) and sf (t) are a function of τe(t) and τf (t), as
defined in Eq. 1.

D. Data Analysis

The Root Mean Square Error (RMSE) [◦] between the
target trajectory q∗(t) and the patient’s trajectory q(t) was

used to evaluate the tracking performance:
√

1
T

∫ T

0
e(t)2 dt,

T = 12 s. It has been used previously to characterize
the sensorimotor control strategies of stroke patients during
target tracking tasks [21] and as an indicator of their motor
recovery [22]. The Pearson’s linear correlation between the
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Fig. 2. Performance metrics during the tracking task while patients
are receiving hybrid assistance, with arrows indicating score improvement
direction. (A) Tracking performance. (B) Pearson’s correlation. (C) Motion
smoothness. (D) Tracking ROM ratio. The whisker lines above and below
the box extend beyond the 25th or 75th percentiles of the data to the
maximum or minimum value within the 1.5 interquartile range.

target and the patient’s trajectory was also used. Corre-
lation metrics between a target and patient’s trajectories
have previously been used in wrist tracking task and have
shown to be associated with patients’ functional scores [23].
Additionally, we investigated patient’s motion smoothness,
as there is evidence that it could be linked with motor
recovery [24]. SPARC is used for this purpose [25], as it
has been shown to be the most valid to investigate motion
smoothness [26]. Finally, the ratio of the patients’ ROM
over the corresponding target ROM was used to quantify
amplitude-related tracking performance. All metrics were
calculated for each trial during the ten baseline trials and
the 30 trials of the first training block. The average across
the baseline trials and the training trials were obtained and
compared across the three sessions. To allow for comparisons
across patients, patient’s metrics were normalised by their
maximum metric value across all trials from the baseline
and the first training block.

The answers of questions about the comfort and usefulness
of the assistance and of two questions taken from the
enjoyment section of the Intrinsic Motivation Index, are
qualitatively analysed for each session.

III. RESULTS
A. Hybrid assistance

When comparing performance metrics during the assisted
and unassisted trials (Fig. 2), we observe that hybrid as-
sistance leads to increased performance for severely and
moderately affected patients (i.e. FM-UE 2-38). The im-
provement is clear with the RMSE (Fig. 2A), subject-target
correlation (Fig. 2B) and motion smoothness (Fig. 2C). The
hybrid assistance only leads to an increase in ROM ratio
during the tracking task for patients who are able to reach
less than half of the target amplitude in the unassisted
trials, i.e. two severely impaired patients, P2 and P4, and
one moderately impaired patient, P1. However, even with
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Fig. 3. Normalised performance metrics during the tracking task in the
three sessions, with arrows indicating score improvement direction. (A)
Tracking performance. (B) Pearson’s correlation. (C) Motion Smooothness.
(D) Tracking ROM ratio. The whisker lines above and below the box extend
beyond the 25th or 75th percentiles of the data to the maximum or minimum
value within the 1.5 interquartile range.

assistance, most patients were not able to reach the target’s
full range.

B. Hybrid training

Patients repeated the training over three sessions and
their baseline performance during the ten unassisted trials
was recorded at the start of every session. The evolution
of each performance metric, normalised within-patient by
their maximum score for that metric, can be seen in Fig. 3.
The tracking error has decreased for most patients from
the first to last session and the median of session 3 is
lower, with smaller interquartile range (Fig. 3A). P5, who
has a high score in the first session and mild impairment,
did not improve their performance with training, and this
was the case for all metrics. The correlation between the
patient’s and target trajectory has improved for some patients
(Fig. 3B). It has improved greatly from session 1 to 3 for P1
(ratio of 10.11) and slightly for P2 (ratio of 3.36) and P3
(ratio of 1.22). Similarly, P5, who has a large ROM ratio
in session 1 already, did not improve (Fig. 3D). Severely
impaired patients who have a low ROM ratio also did
not improve their score. Regarding motion smoothness, all
patients’ performance improved from session 2 to session 3
(Fig. 3C). Although the median is lower in session 3 than in
session 1, patients with a low normalised SPARC value did
not improve, similarly as the other metrics.

C. User experience

All patients found that the use of the device and hence the
assistance provided by the FES and the robot was comfort-
able in most sessions (Fig. 4). They also felt assistance in
the majority of cases but did not always find this assistance
useful for improving their performance in the target tracking
task. All patients found the activity highly enjoyable and fun.
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IV. DISCUSSION

This work presents preliminary results from a study in-
vestigating the use of a hybrid robotic and FES device for
wrist flexion/extension in a rehabilitation setting. This device
assists patients proportionally to their performance when
tracking a target.

We first investigated the effect of hybrid assistance on
performance and quality of motion. We found that both task-
related metrics, the subject-target RMSE and correlation,
improved when assistance was provided to the patients.
Although patients reached high correlation scores, this metric
only captures gross ability to follow the target rhythm and
does not encompass finer differences such as in amplitude.
For the RMSE, the variability remains higher even in the
assisted case but severe patients who cannot move can have
a lower RMSE than other patients who are intending to
follow the target and are out of phase with it. Investigating
additional metrics to get a clearer understanding is thus
necessary. Some data-driven approaches have previously
been used in order to mitigate this issue. A new score, that
is a standard deviation away from the worst existing score
can be assigned to paralysed patients, ensuring the metric
is properly floored [27]. Motion smoothness and ROM ratio
increased for patients with moderate to severe impairments.
With assistance, patients still did not reach 80% of the target
amplitude. This might be due to the stiffness values chosen
for the strength of the robot and FES assistance. Indeed a
soft-medium stiffness has been chosen in order to promote
patient engagement and avoid slacking. A greater connection
stiffness in the FES controller could also induce discomfort
by providing strong stimulation in alternating directions. P5
who is mildly impaired rated the assistance as uncomfortable
in the last session for this reason. Furthermore, the current
data does not allow us to disentangle the impact of the FES
and the robot assistance on the improvement in performance
and quality of motion. To do so, additional intervention
groups where patients train with each modality separately
should be included, in order to understand, e.g. whether the
performance improvement is due to the robot action alone.

Second, we investigated how training with the hybrid sys-
tem could improve unassisted task performance and motion
quality over time. Some patients’ performance decreased in
session 2 and increased again in session 3, this change might
be due to spontaneous recovery, hence the need to collect
data from a control group and more participants. The limited

number of sessions also restricts the possibility to generalise
about the effect of hybrid training. Additionally, results show
RMSE decreased from session 1 to 3 in all patients but
P5 who has the highest FM-UE score and highest tracking
performance in the first session. Although the task difficulty
was individually tuned as the target trajectory is based on a
patient’s own ROM, the least affected patient did not improve
in any of the metrics, thus suggesting that the task difficulty
should be further adapted to each patient. One approach
used in many serious games is to adapt the difficulty of the
task (e.g. robot and FES assistance, target speed and ROM)
based on the challenge point framework or the ‘flow channel’
where users’ scores should be maintained at a certain level to
keep them optimally engaged [28], [29]. Similar results were
found with other metrics, hence suggesting that moderately
to severely impaired patients benefit from the training while
the performance of mildly impaired patients do not change.
Other studies explored the effect of hybrid rehabilitation on
moderate to severe stroke patients and found positive training
effects [1], [3], [30], [31]. These studies have investigated
the effect of hybrid rehabilitation on FM-UE and have used
controllers where the FES is triggered at the start of the task
and the robot is passive [1], or with EMG-driven controllers
[3], [30], [31]. On the other hand, recent research aims at
implementing more optimal control algorithms. In this work,
task performance and clinically-relevant quality of motion
metrics are evaluated during hybrid training, where the
results could inform the development of new patient-centred
hybrid controllers. We would suggest to include adaptive
stiffness gains, based on patients’ abilities and preferences,
as some may find FES more uncomfortable over time, as
observed here. We also found that patients had a smooth
motion when the same amount of FES and robot assistance
is provided. Controllers providing less robotic assistance
than FES could thus be tested in stroke population, as they
could maintain high motion smoothness while increasing the
benefits of FES.

Results from subjective assessments indicate that regard-
less of their impairment severity, patients highly enjoyed
using this system, found it comfortable and would like to
use it further for their upper-limb rehabilitation. Most studies
did not consider subjective assessment of the assistance as
part of their system evaluation, but a few investigated its
usability [2], [32]. In a study where electrical stimulation
was applied and a passive robotic system was used for
support, patients found the stimulation comfortable and the
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training enjoyable [32], while patients training with another
passive exoskeleton with FES assistance found this system
only moderately usable [2]. Our qualitative results thus
complement existing work and are promising for the field.
However, the answers to the statement ‘The use of the device
improved my performance’ are mixed, even within subjects
across sessions. Although patients found they felt assistance
during the assisted trials, they did not evaluate it as useful.
It is possible that the assistance did not match patients’
intended motion as it was controlled to follow the target.
This has been reported previously in a robot rehabilitation
study where patients found that the robot was resisting their
voluntary movement [33].

In summary, this hybrid robot-FES device has been used
in five patients in a clinical setting for wrist flexion/extension
training. Overall, patients found the device very comfortable
and enjoyable to use. Additional patients are recruited and
further analysis with a larger population size and in compar-
ison to a control group is required to investigate the trends
observed here and provide further recommendations for the
development of hybrid controllers.
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FES-induced and voluntary-induced fatigue in a rehabilitation-like task

Lucille Cazenave1, 2, Nuria Peña-Pérez3, Aaron Yurkewich4, and Etienne Burdet1

Abstract— In the context of FES-based rehabilitation and
assistance tasks, there is a growing interest in managing the
induced fatigue, which is an obvious limiting factor in training
duration. However, it is unclear whether and how fatigue
may develop in tasks commonly used in stroke rehabilitation.
This work explored the effect of FES- or volition- induced
movements on EMG-based effort and M-wave metrics that
characterise fatigue, during a continuous wrist target-tracking
task completed by 22 unimpaired participants. We found no
significant changes in the mechanical and electrical responses
of the muscles during the Volition-only, FES-only, and Volition-
FES conditions, suggesting that during this task, FES did
not induce muscular fatigue, while both mental and physical
demands were reported as low. Our results thus suggest that it
may not be necessary to consider FES-induced fatigue during
such continuous FES-assisted tasks, that can be used in post-
stroke motor rehabilitation training.

I. INTRODUCTION

Functional electrical stimulation (FES) training often leads
to rapid muscle fatigue due to the constant motor unit
recruitment, unlike the naturally varying recruitment pattern
seen in voluntary movements [1]–[5]. This fatigue is evident
in tasks like the Cybathlon cycling race [6], where pilots
with spinal cord injuries experience a decline in pedal power
over time. Physical rehabilitation after stroke commonly uses
FES and might thus be affected by muscle fatigue, however
it is usually applied as an assistive device, in conjunction
with voluntary movement, and involves frequent breaks [7].
To explore how fatigue develops during such activities, we
investigated the effects of FES-induced and voluntary motion
in a simple target-tracking task designed to simulate motor
rehabilitation training [8], [9].

Various metrics have been employed to characterise mus-
cle fatigue during specific volitional or FES-induced con-
tractions. Traditionally, EMG-based effort and fatigue met-
rics include time-domain measures such as EMG envelope
amplitude, reciprocal activation, and cocontraction. In the
frequency domain, metrics such as mean and median fre-
quency are commonly used to assess muscle fatigue [10],
[11]. On the other hand, the muscle’s response to electrical
stimulation can be used to estimate muscle fatigue. This so-
called M-wave represents the total electrical activity of all
motor units depolarized within the stimulation electrodes’
range [12], where its amplitude, duration, and area can be
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used as fatigue measures [12]–[15]. However, the literature
presents discrepancies regarding which M-wave parameters
best quantify muscle fatigue, as the underlying mechanisms
are not fully understood. Some studies report a decrease in
M-wave peak-to-peak amplitude with fatigue [13], [14], [16],
and the extent of this change may be influenced by stimu-
lation parameters and muscle type [15], [17]. Conversely,
other research highlights an increase in M-wave duration (or
a decrease in frequency) or area with fatigue [13], [18]–[20].

In light of these inconsistent findings, some researchers
have focused on the biphasic characteristic of the M-wave,
extracting parameters from each of the two phases separately.
It is believed that these phases are differently affected by
the physiological processes of fatigue [12], [19], [21], [22].
Studies suggest that the second phase of the M-wave may be
influenced by changes in muscle architecture, such as short-
ening muscle length or relative positional changes between
the muscle and recording electrodes, making it less suitable
for fatigue analysis [12], [21]. However, recent findings
indicate that the first phase of the M-wave may remain
unaffected by such structural changes and may reflect more
accurately fatigue-related mechanisms [22]. Thus, separate
analysis of the two M-wave phases is recommended [12].

However, most studies using fatiguing protocols have
focused on isometric contractions induced by voluntary
or FES input [12]. These are not typically used in a
stroke rehabilitation scenario where continuous movements,
through the patient’s range of motion, are often preferred.
To investigate how fatigue develops in such a task, we
investigated these EMG-based effort and M-wave metrics
during FES and/or volitionally induced muscle contractions,
both in an isometric and dynamic (target-tracking) scenario.
We recorded kinematic data to assess tracking performance,
EMG data to extract effort and fatigue metrics, and NASA-
TLX questionnaire responses, with a focus on mental and
physical demand. We hypothesised that muscle fatigue would
be more prominent in the presence of FES compared to the
volition-only condition.

II. METHODS

A. Experimental design

Twenty-two unimpaired individuals (11 female, 3 left-
handed), aged 21-30 years old, participated in this experi-
ment, approved by the Research Ethics Committee of Impe-
rial College London (approval number: 21IC6935). Partici-
pants completed three block conditions of 25 trials of target-
tracking task (Fig. 1 B). In each 30 s-trial they tracked a target
moving pseudo-randomly along the horizontal axis with
their right wrist flexion/exte?ZXx‘nsion motions [23]. The
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Fig. 1: Experiment description. A. Wrist robot-FES interface (left to
right): HRX-1 wrist robotic device; FES device with 16-electrode array;
EMG recording device with ground electrode and two high-density 32-
channel electrode arrays; Device set-up, where the FES anode electrode
(1), was placed on the dorsal side of the wrist near the ulnar head and the
cathode electrodes array (2), were around the arm inline with the wrist flexor
and extensor muscle belly with the EMG electrodes placed distally (3). B.
Unimpaired individuals track a randomly moving target on-screen with wrist
flexion/extension. C. Experimental protocol for the study on fatigue with
unimpaired participants. The three conditions were presented in random
order for each participant and consisted of 25 trials of a 30-second wrist
target-tracking task. MVC refers to three repetitions of maximum voluntary
wrist flexion and extension, followed by three repetitions of maximum flexor
and extensor stimulation while participants were instructed to relax.

conditions, presented in a random order, required participants
to: (i) track the target as accurately as possible, (ii) remain
relaxed while FES was applied to their wrist flexor/extensor
muscles to track the target, and (iii) track the target as
accurately as possible while they received the same FES
assistance as in (ii). The randomisation was designed to
ensure that all six possible sequences of experimental con-
ditions were presented, with each sequence carried out by at
least three participants to maintain balanced exposure across
conditions. The general difficulty of the task was increased
by adding damping to the robot (D = 0.0068Nms/°).

The FES assistance was implemented with stimulation
intensity proportional to the difference between the target
position and the participant’s wrist position e(t). Prior to
carrying out these experimental conditions, an FES cali-
bration was conducted to determine the optimal location
for the stimulation electrodes and the maximum comfort-
able amplitude for the flexor (smax

f ) and extensor (smax
e )

muscle stimulation, and the sensory thresholds smin
f and

smin
e , which altogether provided the stimulation range to use

throughout the experiment. This was followed by a range of
motion (ROM) calibration, used to determine the amplitude
range of the target, set to 85% of the participants’ ROM.

The amplitudes of the stimulation provided to the wrist
flexor sf (t) and extensor se(t) muscles were computed as:{

se(t) = −κ e(t) + smin
e e(t) < 0

sf (t) = κ e(t) + smin
f e(t) ≥ 0

(1)

Here, κ is the FES control stiffness (in mA/◦) for the flexor
and extensor stimulation and (after calibration) is equivalent
to a robot control stiffness K = 0.0097Nm/◦ [24].

After completion of each condition, participants filled
the NASA-TLX questionnaire and performed a maximum
voluntary contraction (MVC) exercise, where they were

asked to flex and extend their wrist for 3.5 s as forcefully
as possible three times on each side. Following this, they
were instructed to relax while the maximum calibrated FES
was applied for 3.5 s to their wrist flexor (smax

f ), followed
by their wrist extensor (smax

e ), three times as well. For this
step, the same calibrated FES intensity was used throughout
the experiment.

B. FES and robotic device

The electrical stimulation device used was a 16-electrode
array (Tecnalia Research & Innovation, Spain), where the
anode was placed on the dorsal side of the wrist near the
ulnar head and the cathode on the wrist flexor and extensor
muscle belly to ensure comfortable and effective muscle
contraction (Fig. 1 A). The frequency of the stimulation was
set to 35 Hz, the pulse width to 300µs and the ampli-
tude of the stimulation varied during the experiment (with
1 mA resolution) (see Eq. 1). The robotic interface used was
the HRX-1 one degree-of-freedom wrist robotic interface
(HumanRobotiX, UK), which is actuated by a brushless
low-friction motor and contains an embedded optical en-
coder (0.01 ° resolution) recorded the wrist angle (Fig. 1 A).
Muscle activity was recorded using two 32-channel EMG
electrode arrays (GR10MM0804, OT Bioelettronica, Italy)
with a Sessantaquattro amplifier (OT Bioelettronica, Italy).

C. Data analysis

To analyse whether the target-tracking task induced fa-
tigue, either with or without FES, we focused on five
key aspects: i) the perceived mental and physical demand,
ii) changes in EMG envelope amplitude during MVC, iii)
changes in FES-induced torque and M-wave characteristics
during continuous maximum stimulation, iv) tracking error,
and v) cocontraction, and reciprocal activation of the flexor
and extensor muscles during the condition trials. For evaluat-
ing metrics within each condition block, the first three trials
used for familiarisation were excluded from the analysis,
hence the remaining 22 trials were considered.

EMG pre-processing: EMG was recorded from the par-
ticipants’ wrist flexor and extensor muscles at a frequency
of 2000 Hz. Mains noise was attenuated using a notch filter
(Matlab function iirnotch with a notch at 50 Hz). A band-pass
second order Butterworth filters (cut-off frequencies of 10 Hz
and 500 Hz) were applied in the forward and reverse direc-
tions, so without inducing delay. An adaptive filter designed
for EMG-based torque estimation under stimulation of wrist
flexor and extensor with the same setup as here [25] was
used to filter out the FES artifact and M-wave contribution
for the in-trial EMG. The EMG signal was then rectified,
and the envelope was obtained using a low-pass second-
order Butterworth filter with a cut-off frequency of 5 Hz. The
amplitude of the EMG envelope was normalised by the mean
EMG envelope during the first MVC in flexion/extension
(MVC0 condition in Fig. 1 C), so muscle activity is reported
as a ratio of this maximum MVC amplitude. For subsequent
analyses, the channel on the extensor and flexor arrays with
the highest envelope amplitude during the EMG calibration
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was selected. EMG metrics are reported for N = 21, as the
EMG data for one participant were corrupted.

Metrics computation: Perceived effort was assessed based
on the mental and physical demand items from the TLX-
NASA questionnaire. To evaluate a potential decrease in
MVC, we calculated the difference in muscle activity during
the MVC performed before and after each condition. The
average EMG value over the peak 1 s window of the 3.5 s
MVC was used to characterize the MVC and the normaliza-
tion value [26]–[28].

Similarly, to assess changes in FES-induced torque and
M-wave characteristics, we computed the difference in mean
torque and M-wave metrics during 3 s of continuous stimu-
lation performed before and after each condition. The first
0.5 s of stimulation were excluded from the analysis to
account for the delay between stimulation onset and muscle
contraction. For M-wave analysis, the 3 s EMG signal was
divided into pulse windows, each containing a stimulus
artifact that marked the start of the window, followed by the
corresponding M-wave. Within each window, we extracted
the amplitude, area, and duration of each M-wave phase,
averaging these metrics across the 3 s stimulation period
for each M-wave phase separately [22]. Since this task is
dynamic and can thus induce changes in muscle length and
in the relative position of the recording and stimulating
electrodes, the two M-wave phases were analysed separately
(as previous work found that the first M-wave phase may
be less affected by these structural changes [22]). We also
analysed these metrics for the full M-wave by summing the
parameters extracted from each phase to obtain the overall
M-wave amplitude, duration, and area, as these are also
commonly used to assess muscular fatigue [12]–[15].

We evaluated effort within trials using the cocontraction
and the reciprocal activation of the wrist flexor and extensor
normalised EMG envelope as described above, where co-
contraction was defined as the minimum envelope amplitude
between the flexor and extensor and the reciprocal activation
as their difference. The tracking performance in each trial
was evaluated using the Root Mean Square Error (RMSE)
between the participant’s and target trajectories.

Statistics: To compare perceived mental and physical
demands, MVC levels, FES-induced torque, M-wave param-
eters, performance metrics, and EMG-based metrics during
conditions, we used a one-way repeated measures ANOVA,
or a non-parametric Friedman test when data were not nor-
mally distributed. Normality was assessed using the Shapiro-
Wilk test. For pairwise comparisons of these metrics between
conditions, we used paired sample t-tests or paired Wilcoxon
signed-rank tests, controlling for the family-wise error rate
using the Bonferroni-Holm correction. To determine whether
differences in MVC torque, FES-induced torque, and M-
wave parameters before and after each condition differed
from a distribution with a mean of zero, we applied one-
sample t-tests or Wilcoxon signed-rank tests for each con-
dition individually. Moreover, for these differences, we per-
formed this statistical analysis on the metrics distributions
based on the chronological order in which the conditions

were presented, regardless of their types, to identify any
temporal changes in the metrics. We also conducted the same
analysis after categorising the data by condition labels (FES,
Volition, Volition-FES) to investigate differences associated
with the specific condition types.

To explore whether tracking performance and EMG
changed over time, we (i) explored trends within conditions
using a linear mixed-effects model (LME) with restricted
maximum likelihood, with the trial number as a fixed effect
(slope) and a random intercept for each participant; and
(ii) examined differences between the first and last three
trials of each condition (excluding familiarisation trials),
both across and within conditions. We used a one-way
ANOVA or Friedman test and corresponding post-hoc tests
to compare across conditions, and we used a one-sample t-
test or Wilcoxon signed-rank test to compare the distribution
of the metric within one condition, to one with a zero mean.

III. RESULTS

A. Perceived mental and physical demand

We observed a significant effect of the condition on the
NASA-TLX responses for the questions: “How physically
demanding was this task?” (χ2(2) = 26.66, p < 0.001) and
“How mentally demanding was this task?” (χ2(2) = 30.34,
p < 0.001), where the mean for the Volition and Volition-
FES conditions is below 6/10, and for the FES condition
below 3/10, for both items. When participants were asked to
relax while FES was applied, the task was perceived as the
least demanding. In contrast, no differences were observed
between the Volition and Volition-FES conditions in physical
(p = 0.73) or mental demand ratings (p = 0.45).

B. MVC differences

Changes in MVC during the condition (a negative differ-
ence indicates a decrease in MVC) are reported in Fig. 2.
No significant differences in MVC change across conditions
were observed (MVC EMG flexor: χ2(2) = 1.52, p =
0.467; MVC EMG extensor: χ2(2) = 0.10, p = 0.954).
Additionally, none of the conditions induced a significant
change in MVC compared to zero (all p > 0.1924). We
also investigated the chronological evolution of the MVC
throughout the experiment by computing the difference be-
tween the current MVC and the previous one, independently
of the condition order, and found a significant effect of the
condition for the flexor MVC (χ2(2) = 9.09, p = 0.0106),
but no significant pairwise comparisons between conditions
(all p > 0.276). There was no effect of the condition on the
extensor MVC (χ2(2) = 0.09, p = 0.956).

C. FES-induced torque differences

Similarly, we explored changes in the torque generated
under maximum comfortable stimulation intensity (calibrated
at the start of the experiment) while participants were at
rest, across conditions. Fig. 2 shows the difference between
FES-induced torque before and after each condition to assess
potential decreases in this induced torque (where a negative
difference indicates a decrease). No significant differences
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Fig. 2: Difference in mean normalised EMG during MVC trials for the flexor MVC (A) and extensor MVC (B), and in mean normalised FES-induced
torque for the flexor stimulation (C) and extensor stimulation (D), for each condition. A negative difference indicates a decrease in MVC or FES-induced
torque after the condition compared to before the condition.

in FES-induced torque changes across conditions were ob-
served (FES torque flexor: χ2(2) = 4.11, p = 0.1284; FES
torque extensor: χ2(2) = 0.42, p = 0.8102). Additionally,
there were no significant changes (different from zero) in
FES-induced torque within any condition (all p > 0.1842).
When investigating chronological evolution of this metric,
where conditions are considered in the order they were
presented to the participants, we did not find an effect
of the condition either (FES torque flexor: χ2(2) = 3.26,
p = 0.1956; FES torque extensor: χ2(2) = 0.74, p = 0.6918).

D. M-wave parameters differences

Additionally, we evaluated the changes of various param-
eters characterising the M-wave recorded during maximum
comfortable stimulation intensity while participants were at
rest. We explored differences between the current M-wave
peak-to-peak amplitude, duration and area, before and after
each condition to assess potential changes in these metrics.
There was no significant effect of the condition type on these
metrics (MW amplitude flexor: χ2(2) = 0.4, p = 0.8187;
MW amplitude extensor: χ2(2) = 0.11, p = 0.9487; MW
duration flexor: χ2(2) = 0.7, p = 0.7047; MW duration
extensor: χ2(2) = 5.05, p = 0.08; MW area flexor: χ2(2)
= 0.7, p = 0.7047; MW area extensor: χ2(2) = 2.63,
p = 0.2683). We also examined changes in parameters for
each phase of the M-wave separately but found no significant
effect of the condition (all p > 0.0648). When assessing
whether changes within each condition differed from zero, no
significant results were found for any full M-wave parameters
across conditions (all p > 0.062). However, in the Volition-
FES condition, significant changes were observed in the
MW2 amplitude (p = 0.0442) and MW2 area (p = 0.0329)
during extensor stimulation. Similarly when considering the
data chronologically, regardless of the condition type, no
effect of the condition was observed (MW amplitude flexor:
χ2(2) = 0.3, p = 0.8607; MW amplitude extensor: χ2(2)
= 2.63, p = 0.2683; MW duration flexor: F (2) = 1.94,
p = 0.1536; MW duration extensor: χ2(2) = 0.95, p =
0.6227; MW area flexor: χ2(2) = 1.3, p = 0.5220; MW
area extensor: F (2) = 0.15, p = 0.8648).

E. Changes in performance metrics across conditions

Fig. 3 A shows the changes in RMSE across trials for each
condition. In the Volition and FES conditions, we observed a
significant effect of trial number on RMSE, with a positive
slope indicating a slight decrease in tracking performance

(Volition: slope = 0.0275, t(461) = 2.282, p = 0.023; FES:
slope = 0.0278, t(461) = 5.171, p < 0.001). In contrast, the
Volition-FES condition showed no significant slope (slope =
0.0027, t(461) = 0.245, p = 0.806). When investigating the
difference in RMSE between the last three trials and the first
three trials for each condition, we found no significant effect
of condition (χ2(2) = 0.27, p = 0.87). We also considered
each condition individually and evaluated whether the change
in RMSE across each condition is significantly different from
zero. There, we found that RMSE change during the FES
condition is significantly different from zero (p = 0.0112),
with a positive median, indicating a decrease in tracking
performance throughout the condition.
F. Changes in effort across conditions

We examined how the mean cocontraction (CC) and
reciprocal activation (RA) of the wrist flexor and extensor
varied over trials in each condition, to measure voluntary
effort (Fig. 3 B, C). For the CC, we observed a significant
negative effect of the trial number on the FES (slope = -
0.0004, t(437) = −2.125, p = 0.0341) and Volition-FES
(slope = -0.0016, t(437) = −4.344, p < 0.001) conditions,
suggesting adaptation and learning. However, the slope was
not significant in the Volition condition (slope = -0.0003,
t(440) = −0.991, p = 0.322). For RA, a significant positive
slope was observed in the Volition-FES condition (slope =
0.0004, t(437) = 2.811, p < 0.0052), while non-significant
effects were found in the other two conditions (Volition:
slope = -0.0005, t(440) = −1.491, p = 0.137; FES: slope
= 0.0002, t(437) = 1.931, p = 0.0541). Additionally, in the
(relaxed) FES condition, the median of the normalised RA
and CC was lower compared to the other two conditions,
where participants actively followed the target (Fig. 3 B, C).
We also investigated whether changes in mean CC and
RA, over trials differed across conditions by computing the
difference between the last three and first three trials and did
not find a significant effect of condition type (CC: χ2(2) =
2.67, p = 0.264; RA: χ2(2) = 0.38, p = 0.827).

IV. DISCUSSION

The aim of this study was to determine whether FES-
assisted tasks, similar to those used in rehabilitation, induce
muscular fatigue, and how this should inform the design
of FES-based motor rehabilitation systems. We explored the
effects of FES-induced and voluntary motion on perceived
and muscular fatigue, performance, and effort during a
continuous target-tracking task.
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Fig. 3: Evolution of performance metrics across trials for each condition:
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over all participants and the shaded areas represents the data from the first
to third quartile of the metric. The first three trials are excluded as they
were used as familiarisation trials.

A. Subjective, mechanical and electrical responses after
condition

We did not observe significant changes in mechanical re-
sponses following each training block involving FES-induced
and/or voluntary wrist motion aimed at tracking a continu-
ously moving target, as was indicated by consistent MVC
torque output across all conditions (Fig. 2 A, B). Similarly, no
significant changes were detected in the electrical response,
as assessed by the M-wave response to maximum stimula-
tion and the constant FES-induced torque across conditions
(Fig. 2 C, D). Since fatigue is typically characterised by a
reduction in maximal power or force output [29], the absence
of changes in MVC before and after each condition suggests
that fatigue did not develop over time in this study. The
M-wave parameters measured under maximum comfortable
stimulation after each condition also remained stable, indi-
cating that the muscle’s electrical response was unaffected
by the tracking task conditions. Even when separating the
M-wave phases to compute these parameters—which has
been found to be more suitable for fatigue estimation during
tasks involving changes in muscle architecture—we did
not find any changes across conditions [12], [21]. These
findings contradict our initial hypothesis that the Volition-
FES condition would result in greater fatigue compared to
the Volition condition.

Indeed, previous research has shown that fatigue tends
to be greater in conditions involving electrical stimulation,

potentially due to the unnatural recruitment patterns and the
early recruitment of fast and fatigable muscle fibres under
FES [3]. However, despite the task being designed to sim-
ulate an FES-assisted rehabilitation scenario, and involving
continuous stimulation for 25 trials of 30 seconds each, it
did not induce noticeable muscular fatigue. This may be
attributed to the task not being sufficiently challenging or
tiring for participants. The mean questionnaire ratings indeed
suggest that the task was not physically demanding, with
ratings consistently lower than or equal to 6/10 across con-
ditions. Literature on fatiguing protocols typically involves
more intense conditions, such as 1-5 minutes of MVC or 1-3
minutes of tetanic stimulations [12]. This may also be related
to the electrode configuration used for stimulation in this
experiment, which may not have been optimal for extracting
parameters from the M-wave, as a monopolar (belly-tendon)
configuration is typically recommended. In this study, we
used the FES electrode placement recommended by our
clinical collaborators and employed in our clinical studies
[23]. This choice may have made the recordings more
susceptible to crosstalk and positional shifts, particularly
since the wrist flexor and extensor muscles of interest are
relatively small [12]. On the other hand, the aim of this
study was to explore whether FES-assisted motor training,
relevant for post-stroke rehabilitation, induces fatigue, and
while muscle fatigue might manifest differently in stroke
patients, it was not observed in the unimpaired participants
in this scenario. The mechanical and electrical response of
stroke patients’ muscles following FES-based rehabilitation
exercise should be further investigated to confirm whether
these findings translate to the target clinical population.

B. Performance and effort across conditions

We also investigated the evolution of metrics potentially
associated with muscle fatigue over time, including track-
ing performance, cocontraction, and reciprocal activation
(Fig. 3). Tracking performance decreased over trials in both
the Volition and FES conditions (Fig. 3 A). This was also
confirmed by the increase in tracking error between the
first three and last three trials in the FES condition. This
suggests that, over time, the stimulation became less effective
at contracting the muscles to follow the target trajectory,
consistent with previous studies on FES during continuous
tasks [30]. It is also possible that the decrease in tracking
performance is related to variations in the electromechanical
delay between stimulation and motion onset [31], resulting
in a delayed motion response relative to the target. This
decrease in performance may thus be in part due to fatigue
and could be used as a marker of fatigue in a closed-loop
control system.

In contrast, the EMG metrics did not show significant
performance degradation. A decrease in cocontraction over
trials was found in the Volition-FES and FES conditions,
together with an increase in reciprocal activation in the
Volition-FES condition (Fig. 3). This decrease in cocontrac-
tion suggests learning and adaptation, where participants
reduce their muscle activation over time and learn to interact
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with FES assistance [32], [33]. The increased reciprocal acti-
vation could suggest that muscle usage became more efficient
and movement directionality more pronounced. On the other
hand, although no significant decrease in performance and
MVC was observed in the Volition-FES condition, the slight
increase in reciprocal activation could constitute an early sign
of muscle fatigue or a fatigue management mechanism [34].

When further examining the effect of condition on changes
in tracking performance and effort from the first to the last
trials, we found no significant differences across conditions.
This suggests that no single condition led to greater perfor-
mance reduction or effort alteration compared to others. This
outcome was unexpected given the differing physiological
processes underlying voluntary and FES-induced muscle
contractions [3]. Despite observing higher tracking error
and lower muscle activity in the relaxed FES condition, no
significant difference in performance or effort changes was
found across conditions. This discrepancy may be due to
the experimental task design, which did not involve long-
duration MVCs or tetanic stimulations as seen in studies
reporting fatigue [3], [12]. Overall, these results suggest that
continuous FES-assisted tasks, which could be used in post-
stroke motor rehabilitation, may be suitable and may not
induce significant muscular fatigue.

V. CONCLUSION

We investigated the impact of FES-induced and/or volun-
tary movement during a continuous target-tracking task on
perceived fatigue, performance, effort, and muscular fatigue
in unimpaired participants. Our findings revealed no signif-
icant changes in the mechanical and electrical responses of
the muscles across any of the three conditions, suggesting
that the task did not induce muscular fatigue, although we
observed a larger decline in tracking performance in the FES
condition, which may indicate that the movement resulting
from stimulation could be altered over time without necessar-
ily leading to fatigue. Together, these findings suggest that
for this type of continuous FES-assisted task, that can be
used in post-stroke rehabilitation, FES-induced fatigue may
not be a major factor to be considered.
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