
  

 

ABSTRACT 

EVERT, BRENDAN JOSEPH. Wearable Sensing Systems for Monitoring Neural Rehabilitation. 

(Under the direction of Dr. Alper Bozkurt). 

Wearable sensing systems have seen widespread development across a range of 

applications in recent years. Their continued evolution from consumer-level gadgets to full-

fledged medical devices has enabled them to offer quantified, continuous monitoring of a variety 

of health parameters, greater personalization of care, improved cost-effectiveness, and the 

possibility of home and community based treatment options. Such capabilities are of particular 

interest to the field of neural rehabilitation, where the potential advantages of wearable health 

monitoring systems lend themselves to its need for quantitative measures, continuous monitoring, 

and expanded access to care. Despite this, clinical adoption of wearables remains low. Current 

academic technologies are typically limited to prototype-level maturity with a greater focus on 

novel functionality demonstration over application suitability while commercial alternatives often 

fail to meet the practical constraints of existing clinical practice or offer too little relevance to 

justify their use. A more targeted approach appears necessary to overcome these challenges and 

bridge the gap between advanced wearable technologies and their adoption into current clinical 

practice. As such, this research aims to develop advanced wearable rehabilitation systems by 

systematically addressing the electrical, physiological, and ergonomic requirements, constraints, 

and sensing parameters specific to targeted neurological conditions, treatment protocols, and real-

world use cases to enable condition-adaptive and patient-centric neural rehabilitation solutions.  

Three distinct neural rehabilitation use cases were identified as potential areas of 

application and custom wearable sensing systems were developed for each: (1) residual limb 

socket interface pressure distribution monitoring for amputee patients suffering from poor socket 

fit or other complications, (2) simultaneous neuromuscular coordination and motor execution 



  

 

assessment for home and community based post-stroke assessment, and (3) supplemental 

metabolic, hemodynamic, and general health monitoring of rehabilitation patients to provide a 

comprehensive picture of patient health status as a complement to primary rehabilitation 

techniques. The presented systems include hardware, software, data aggregation, data analysis, 

and deployment in benchtop and human-subject proof-of-concept studies to demonstrate their 

suitability for the targeted application.  
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 INTRODUCTION  

Neural rehabilitation is a healthcare process which aims to facilitate the recovery of loss of 

function from neurological disorders or related medical conditions through the incorporation of 

neuroscience research to address nervous system dysfunction in patients [1]. Herein, this definition 

is expanded to encompass the rehabilitation of lost motor function through assessment and 

treatment of the neuromuscular and hemodynamic elements it depends on. In either case, neural 

rehabilitation is an extensive, multi-disciplinary, and often costly process requiring patients to 

reside in or make frequent visits to a place of care ï a clinic or hospital ï for treatment [2], [3], [4]. 

The process often involves a cyclic process of assessment to obtain information from the patient, 

administer treatment interventions guided by this information, and reassessment to observe 

intervention outcomes, such as in the case of post-stroke and post-spinal cord injury rehabilitation 

[5] and in the development of custom-fitted assistive devices like amputee prostheses [15]. For 

many conditions, quality of and access to neural rehabilitation services are associated with 

improved treatment outcomes [6], correlating with higher rates of independence in activities of 

daily living [7], reduced need for long-term institutionalized care [8], lower mortality [8], improved 

chances of neurological recovery [9], and an overall enhanced quality of life [10]. Improving either 

or both of these two elements, quality and access, can therefore benefit patients in need of this 

form of care. 

Alongside these needs, advances in miniaturized computing, sensing, and 

telecommunication have given rise to a rapid growth of wearable systems across a wide range of 

applications. From their origin as consumer-level fitness gadgets, wearables continue to evolve in 

the direction of medical devices, promising convenient, personalized health monitoring and 
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enhanced treatment over conventional clinical practice with a reduced dependence on in-patient 

care [11], [12]. The use of prescription-only medical wearables is already well established in 

clinical practice, as is the case with continuous glucose monitoring systems (GCMs) for diabetes 

management and electrocardiogram (ECG) patches for cardiac arrhythmia detection [11]. Such 

wearable healthcare systems are of particular interest to the neural rehabilitation field, where their 

potential advantages lend well to its need for quantitative measures [13], [14], continuous 

monitoring [15], and expanded access to care through home and community based practices [16]. 

Despite these opportunities however, wearable neural rehabilitation technologies ï and wearable 

healthcare systems in general ï continue to face numerous barriers for their widespread clinical 

adoption [11], [17]. The frequent development of wearable technology with potential relevance to 

neural rehabilitation as general use systems rather than ones tailored for specific conditions, 

treatments, or use-cases which possess their own particular requirements and constraints could 

play a role in this. Such systems often fail to operate within the practical limits imposed by clinical 

realities, with needs regarding compliance for fitting within low-clearance assistive devices [18], 

[19], ease-of-use of remote patients [16], usability in a variety of environments while meeting 

individual user needs [17], and wearability and breathability for longer-term use often going unmet 

[11], [18]. Failure to access the types of information relevance to a particular condition or treatment 

is also common. Many systems offer only a single sensing modality or set of modalities which fail 

to offer a complete picture of the conditions or treatments they may be applied to monitor [20]. 

Some fail to meet measurement capability requirements for sensing modalities they do provide 

support for [11]. These shortcomings limit the potential advantages wearable healthcare systems 

have over conventional clinical practice. 
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Despite these challenges, the development of wearable neural rehabilitation systems could 

serve as a means to achieve improvements in both quality and accessibility of care. Wearable 

systems have the potential to make new types of quantitative measurements possible during patient 

assessment or to make existing types cheaper or more convenient to employ [21], [22]. They enable 

further personalization of patient care guided by the large bodies of information generated through 

their continuous monitoring capabilities [23], can permit unconstrained movement and reduced 

behavior-altering encumbrance for patients during measurements [24], and allow clinicians to 

collect data from patients in their actual daily environments through remote monitoring [25]. 

Incorporating this form of remote monitoring into home and community based rehabilitation 

programs can also serve to improve access to care and reduce the need for frequent in-patient visits 

while offering enhanced ease-of-use for patients compared to conventional remote care methods 

[4], [16]. 

1.1 Dissertation Objective 

Mediating between the recent advances of wearable healthcare technology and the clinical 

needs of neural rehabilitation practice demands the development of application-specific wearable 

rehabilitation systems which target the requirements, constraints, and sensing parameters of 

interest of particular conditions, treatments, and use-cases. As such, this dissertation seeks to 

identify potential areas for the application of these technologies and undertake the research and 

development necessary to realize systems which satisfy their needs. This objective is divided into 

three aims, each focused on employing wearable technologies for a different rehabilitation use-

case. 
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a) Prosthetic Socket Interface Monitoring  

The shortcomings of conventional residual-limb socket interface monitoring technologies 

and the needs of existing amputee rehabilitation practice were both investigated and assessed 

against the capabilities of emerging textile-based sensing and wearable integration technology for 

a range of relevant physiological parameters. A novel textile-based pressure sensor system 

integrated into an existing layer of the socket interface was developed, characterized, and used in 

a proof-of-concept case study involving a single amputee subject to demonstrate its feasibility for 

non-intrusive, wearable, long-term monitoring of the prosthetic socket environment by 

prosthetists. The researchôs contributions include hardware, firmware, and software design and 

development, design and operating principle of a garment-integrated, capacitive pressure sensing 

network, and validation of these elements across both able-bodied and amputee subject proof-of-

concept studies. 

b) Home and Community Based Stroke Rehabilitation 

Modern neuromuscular coordination and motor execution assessment technologies were 

explored to determine their potential for enhancing the quality and accessibility of stroke 

rehabilitation care through their use in a combined, wearable assessment platform. Their 

underlying instrumentation concepts and design considerations, and clinical assessment 

applications were investigated and compared against the current landscape of commercial and 

academic ecosystems. A fully wearable stroke assessment platform incorporating novel 

conformable surface electromyography electrodes, novel strain sensors, and motion sensing was 

then designed based on these factors with the aim of assessing characteristics and correlations 

between neuromuscular coordination and joint angle change of the upper limb as a quantified 

assessment tool for post-stroke neural rehabilitation treatment. The researchôs contributions 
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include hardware, firmware, and software design and development, wearable integration, and the 

validation of the platformôs underlying measurement capabilities for stroke rehabilitation through 

its use on a healthy subject as a proof-of-concept demonstration. 

c) Supplemental Health Monitoring for Treatment Evaluation and Assessment 

Two multi-modal wearable biochemical sensing platforms were evaluated in benchtop and 

human subject case studies to demonstrate their capabilities for non-invasive correlated detection 

of sweat-based metabolites, optical tissue oxygenation, and tertiary physiological measures for 

general healthcare monitoring such as heart rate, skin temperature, and activity level. Potential 

uses of such systems for supplemental health monitoring devices alongside primary rehabilitation 

procedures as a way to provide a more comprehensive picture of patient status were explored based 

on these outcomes. The researchôs contributions include the development of two different multi-

modal wearable health monitoring platforms, validation of their non-invasive sensing capabilities 

through benchtop and human case studies, and an exploration of potential avenues for their future 

use in rehabilitation assessment applications. 

1.2 Dissertation Structure 

Each chapter focuses on one of these three overall aims. Chapter 2 begins with a summary 

of the challenges faced by amputees, the importance of prostheses for their rehabilitation, and the 

limitations of current conventional manufacturing and maintenance processes. This is followed by 

a brief history of socket interface monitoring technology, an examination of the modern tools 

available today, and the translational barriers they still face. Solutions to these barriers are sought 

through a review of state-of-the-art textile-based wearable health monitoring technology. The 

design, development, and in-vivo evaluation of an integrated, textile-based capacitive pressure 

sensor system is then presented with the goal of overcoming many of these barriers. 
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Chapter 3 provides information on neurological disorders, their impacts, and the primacy 

of stroke as the leading cause of death and disability among them. Both conventional and emerging 

rehabilitation practices are discussed along with current limitations which wearable rehabilitation 

systems may serve as solutions, with particular attention given to the need for home and 

community based care to improve access to care in many regions of the world. Surface 

electromyography, strain, and motion sensing are identified as three of the most relevant sensing 

modalities for monitoring stroke rehabilitation and their relevance, instrumentation techniques, 

applications to stroke rehabilitation, and state of current technology is reviewed in detail. A 

wearable stroke rehabilitation assessment platform which combines all three sensing modalities 

into a conveniently worn armband form-factor is then presented, including its design, integration 

of novel and commercial sensors, and validation of its core functionality through several healthy-

subject experimental procedures. 

Finally, Chapter 4 discusses the potential to provide improved supplemental health 

monitoring of rehabilitation patients by combining wearable health monitoring technologyôs vast 

range of sensing capabilities into wearable, multi-modal platforms which can accompany the 

primary rehabilitation approaches of clinicians. Two of such systems are introduced and described 

in detail. Potential rehabilitation applications for the sensing modalities possessed by the two 

systems are then explored to establish possible paths forward for future research. 
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 TEXTILE -INTEGRATED  PRESSURE SENSING FOR MINIMAL 

ENCUMBRANCE RESIDUAL  LIMB SOCKET INTERFA CE MONITORING  

2.1 Amputees and Prosthetic Sockets 

Amputation is a major cause of disability worldwide, often originating from diabetic foot 

ulcers, peripheral vascular disease, osteosarcoma, or trauma [26], [27], which severely impairs 

human mobility and function and imposes enormous health economic burdens globally [28]. In 

2017, 57.7 million people were estimated to be living with limb amputation from traumatic causes 

alone [29], while solely within the US, 150,000 major lower limb amputations are conducted each 

year due to peripheral vascular disease or diabetes [30]. In addition to lifelong healthcare costs in 

excess of US$500,000 per patient [31], lower limb amputees face reduced mobility, decreased 

physical activity, pain, anxiety, depression, challenges with employment, and overall reduced 

quality of life compared to the general population [32], [33]. 

Consistent prosthesis use among amputees has been shown to contribute to reduced 

secondary health issues and an enhanced degree of functional independence, with increased use 

associated with higher employment levels, decreased phantom limb pain, lower incidence of 

negative psychiatric symptoms, and an overall increase in quality of life [34]. Despite this, fewer 

than 50% of amputees wear their prosthesis regularly [34]. Design of the prosthetic socket, the 

component which serves as the site of attachment between the prosthesis and the amputeeôs 

residual limb [35], is one of the most influential factors for this. Poorly-fitted sockets can lead 

patients to suffer moderate to severe discomfort from their use, with frequently reported issues 

including dermatologic problems such as pressure ulcers, blisters, cysts, skin irritation, and 

dermatitis along with more severe, deep tissue injuries common with the use of higher load, lower-
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limb prostheses as a result of physiologically inappropriate force distribution, shear stresses, and 

soft tissue deformation [35]. These adverse conditions not only demand their own treatment which 

can restrict prosthesis use in the short-term, but often push amputees to abandon their prosthesis 

entirely over the long-term [19]. 

Poor socket fitôs corresponding tissue damage is a consequence of the biomechanical 

conditions imparted on the residual limb by a prosthetic socket [35] and therefore emerges from 

the nature of prostheses and their conventional production processes. Understanding both is 

essential. Prosthesis systems can be broken down into three core components: the residual limb, 

the prosthetic limb, and the socket which joins them [36]. The site of attachment forms the residual 

limb socket interface (RLSI) where the soft tissue of the residual limb serves as the interface 

between bone and the rigid materials of the prosthesis [35]. Due to the unique geometry of every 

amputeeôs residual limb, each socket must be designed individually ï a labor-intensive process 

dependent on iterative adjustments made by a prosthetist until a design is achieved that satisfies 

an individual patientôs particular needs [36]. The lack of quantifiable measurements during this 

process leads prosthetic socket fitting to be more of an art than a science in many cases [37]. 

Numerous decisions during the process are made on the basis of the prosthetistôs personal 

experience rather than objective data [38]. Very few studies report the use of any detailed 

measurement parameters of socket fit and those that do could rarely identify standardized, 

validated, or quantitative methods [39]. Instead, the process heavily relies on clinical observations 

from the prosthetist supplemented by subjective feedback from the patient [39], a method further 

complicated by the prevalence of compromised sensory capabilities in amputee patients due to 

amputation-associated nerve damage [35]. Modern socket interface designs often incorporate 

additional layers beyond the core three components to improve socket fit. These include a gel liner 
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to better attach to and cushion the residual limb and optional textile layers to redistribute heat, 

wick moisture, or temporarily improve socket fit with additive layers to account for volume 

changes in the residual limb [19]. 

Numerous challenges faced by amputees during the daily use of their prostheses and which 

originate from its production processes could be better managed with tools designed to monitor 

the socket environment with objective measures. The list of potential phenomena of interest here 

is extensive. Wetness and temperature monitoring device could be used to assess the quality of the 

socket interfaceôs heat conduction and moisture permeability, an important factor in subject 

comfort and health as many amputees suffer from thermal discomfort during their regular activities 

that can lead to an increased sweat rate which worsens discomfort, skin breakdown, and risk of 

acute infection [34]. Infections of this kind are a common and expected occurrence for amputees 

[40], and their early detection is crucial for reducing the risk of complications [41]. The use of pH 

sensing tools within a RLSI monitoring system could provide a means to detect the sudden change 

of pH associated with the presence of infection as well as assess the state and progress of wound 

healing in the case of certain forms of soft tissue breakdown [42], [43]. Biopotential sensor systems 

could also be employed to capture electromyography signals from the surface of the residual limb 

for active prosthesis control or clinical assessment such as the evaluation of amputee gait through 

muscle activation patterns [44]. 

However, the most significant of these RLSI monitoring tools with respect to improving 

socket fit is, by far, the inclusion of pressure sensing elements to provide quantified insight into 

the spatial pressure distribution of the socket environment. The ability to accurately, quickly, and 

easily quantify the mechanical stresses present within the prosthetic socket interface would be an 

indispensable tool for the prosthetic fitting process as it would allow prosthetists to locate regions 
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of high and low pressure across the interface, correlate these pressures with pressure tolerant and 

sensitive regions across the residual limb, and decide on intervention strategies based on these 

objective, quantified measurements rather than, or at least alongside, their own personal experience 

or the potentially limited subjective feedback of amputee patients [37]. The need for such a system 

has led the pursuit of quantified RLSI pressure distribution assessment technology to be an active 

area of research from as early as the 1960s [45]. This is the subject of the present chapter, which 

provides a brief review of contemporary technology and obstacles, an exploration of a promising 

new avenue for furthering its development, and a novel demonstration of this potential through 

both simulated and real amputee studies for achieving accurate, reliable, and accessible RLSI 

pressure monitoring. 

2.2 Modern Socket Interface Monitoringôs Translational Barriers 

A vast range of research systems and commercial products for monitoring the force and 

pressure distribution of the RLSI have emerged over the fieldôs half century of activity. The first 

of these was the externally-mounted strain gauge, small patches of silicone or metal that exhibit a 

change in electrical resistance in response to applied force. The devices are simple, accurate, and 

sensitive to both normal and shear forces across the RLSI, but possess significant drawbacks which 

have confined their use almost entirely to research settings. Their need to be placed at isolated sites 

of interest results in low spatial resolution, while their physical bulk and weight when applied to 

prostheses risks distorting the stress profiles they aim to measure, generating stress concentrations 

at their edges, particularly at curved areas of the residual limb, due to their stiff backing. Worst of 

all, their use requires special modifications to an existing socket or the production of a new socket 

for their installation as strain gauges must be externally mounted on the socket wall through drilled 

holes [45]. Along with further distortion of the typical pressure distribution across the RLSI, the 
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modification process itself is costly, laborious, and largely unfeasible for a commercially available 

system [35]. These limitations have impeded use of this technique in clinical settings despite 

certain advantages in accuracy, low hysteresis, and their ability to capture both normal and shear 

forces compared to other approaches [35], [45]. Piezoresistive sensors, or force sensing resistors, 

have largely superseded the use of strain gauges for RLSI monitoring in both research and clinical 

spheres in large part due to their thin construction, small spatial profile, flexibility, sensitivity, 

simple construction, and relative ease of use [45]. These characteristics help to overcome many of 

the limitations which hindered the adoption of strain gauges, chiefly the need for costly socket 

modification for external mounting, by instead permitting the insertion of sensors directly inside 

the prosthetic socket [35]. This, in addition to their low monetary cost, has made the technology 

an attractive option for both clinicians and researchers. They are not without issues of their own 

however. Piezoresistive sensing solutions have been shown to suffer hysteresis, drift error, and 

sensitivities to shear forces, temperature, curvature, and loading rate [35]. Though the sensors 

themselves are limited by their sensing areaôs small, single-point nature, pressure sensing mats or 

sheets have been produced by arranging multiple piezoresistive sensors in array layouts to 

overcome this [45]. Capacitive sensors have found use in RLSI monitoring applications as well, 

sporting many of the same desirable characteristics of piezoresistive sensors including a thin, 

flexible construction which can be inserted directly inside the socket interface to avoid any socket 

modifications [35], [45]. While their operation requires the use of more sophisticated electronics, 

they have been found to offer higher sensitivity, lower temperature dependence, lower power 

consumption, improved frequency response, larger dynamic range, and, in some architectures, the 

ability to measure both normal and shear forces, an important capability that piezoresistive devices 

often lack [35], [45], [46]. Susceptibility to crosstalk, electromagnetic interference, and humidity 
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are its most significant limitations, which may demand still further complex electronics to filter 

out undesired signal components in multi-sensor arrangements [46]. Beyond these, newer 

technologies such as fiber optic, fluid-filled, and E-skin sensors have also emerged with potential 

application for RLSI monitoring in recent years but currently remain largely experimental in nature 

[35]. 

Several commercial products employing these fundamental sensing technologies have 

been developed and are available for prosthetic socket applications. Most of them are 

piezoresistive in nature, often arrays of FSRs to produce pressure sensing mats, with by far the 

most popular product being the Tekscan F-Socket system (Tekscan, Boston, MA, U.S.A.) which 

boasts 96 sensing points formed into sixteen rows and six columns, each capable of measuring 

pressures between 0-517 kPa [45], [47]. The system is able to be used without any need to modify 

an existing socket design due to its sufficiently thin profile [45] and has been designed for ease of 

use in clinical and socket fabrication settings, providing real-time visualization of pressures, 

automatic report generation, and manufacturer-provided software for calibration, data collection, 

and analysis [35]. It has been the subject of research from as early as 1993 [48], with investigations 

into its validity and reliability for clinical settings beginning not long after [49]. Other popular 

products include the Rincoe Socket Fitting System (RG Rincoe and Associates, Golden, CO, 

U.S.A.) which comes equipped with 60 sensing points distributed through six 0.36mm thick strips 

containing ten FSRs each [45], the TACTILUS tactile pressure sensor system (Sensor Products 

Inc., Madison, NJ, U.S.A.), Flexiforce A201 (Tekscan, Boston, MA, U.S.A.), Loadpad mobile 

FSR (Novel gmbh, Munich, Germany), and the INSIGHT system (Adapttech Inc., Birmingham, 

United Kingdom), all of which utilize flexible FSR arrays or printed circuits thin enough to be 

inserted inside the socket interface [35]. Alongside these is also the Pliance system (Novel gmbh, 
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Munich, Germany), distinguished as one of the few popular commercial products utilizing a 

capacitive-type sensor architecture, containing of 96 sensing points mounted on a silicon substrate 

[18] and offering higher sensitivity and lower temperature dependence than most piezoresistive-

type devices as a result of its capacitive design [45]. All across the field of commercial products, 

however, most possess inherent limitations with respect to their accuracy, hysteresis, sensor drift, 

or environmental sensitivity which risks altering the accuracy of their results, even if this can be 

accounted for by calibration in some cases. Newer sensing techniques, those largely still 

constrained to experimental stages of development, have demonstrated better performance in these 

areas due to inherent properties of their transduction methods and design, but much of the current 

literature investigating these approaches fail to report these metrics, making it difficult to draw 

reliable comparisons between them [35]. Furthermore, an important, and perhaps overlooked, 

consideration is that the vast majority of these sensors, both their commercial and often their 

experimental research forms, are introduced as discrete, external layers which are inserted into the 

socket environment in direct contact with the patient. This may cause discomfort for the patient 

during loading or otherwise induce changes in the mechanics of the prosthesis, potentially altering 

the interfaceôs typical pressure distribution and risk sensor wrinkling due to the interfaceôs highly 

dynamic nature [35]. All of these can lead to questions over the captured dataôs validity [19]. 

A list of requirements and constraints for suitable RLSI monitoring systems can be 

extracted from the specific nature of the socket interface environment, clinical considerations of 

its production and maintenance processes, and the limitations and concerns of available research 

and commercial monitoring systems that are expressed in current literature. 

This list consists of five points, in which a suitable RLSI monitoring system: 

1. Must not alter the RLSIôs typical pressure distribution due to its inclusion 
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2. Must not modify mechanical and weight characteristics in a way that would affect or 

obstruct typical patient movement dynamics 

3. Must be usable with typically available sockets / require no modification to existing sockets 

4. Must be accurate, reliable, and insensitive to temperature, humidity, and other 

environmental factors present within the RLSI 

5. Must be easy to use, durable, wearable/comfortable, and relatively low-power to facilitate 

adoption into clinical applications 

While a number of these points have been addressed by the development of modern RLSI 

monitoring technology, such as commercial products no longer needing to modify existing sockets 

and the calibration of commercial systems and development of new experimental techniques to 

improve performance and mitigate environmental sensitivity, others continue to go unaddressed. 

Even the most popular RLSI monitoring tools remain somewhat spatially limited and fall short of 

the flexibility, breathability, and comfort desired for longer-term use and retain the potential for 

compromised data validity due to unexpected wrinkling or folding within the socket environment 

[18], [19]. Alongside existing efforts to improve RLSI monitoringôs technical performance and 

capabilities, attention must also be given to these practical concerns, our listôs first, fourth, and 

fifth items, if widespread clinical adoption of these techniques is to be achieved. 

2.3 Textile-Based Wearable Health Sensing 

One promising avenue for further advancing the field of RLSI monitoring devices beyond 

the limitations of existing commercial and experimental research devices is the employment of 

textile-based sensor systems. The thinness, flexibility, and inherent comfort of textile structures 

minimizes the alteration of pressure distribution, mechanical, and weight characteristics of the 

prosthesis and socket environment [18] while also enabling high conformity to the flexible, curved 
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surface of the human bodyôs surface [50], making them uniquely equipped to meet the 

requirements of the application field. Research into textile-based sensor systems have already 

demonstrated their ability to detect a variety of phenomena including pressure, wetness, 

temperature, strain, and biopotentials [51], all of which are notable for their particular relevance 

to RLSI monitoring applications [34], [52]. The extension of this type of sensing platform into the 

field of RLSI monitoring could combine the unique collection of advantages offered by textile-

based systems with the same sensing capabilities already achieved by conventional approaches. 

Textile-based sensor systems, also called e-textiles or smart textiles, can be broken down 

into three core components: the sensor itself, which transduces a parameter of interest into a 

measurable electrical signal, a processing unit, which samples, converts, and transmits the 

electrical signal while providing any power or control operations required by the system, and an 

interconnect, which serves to bridge the interface between the textile-based material of the sensor 

and the conventionally metal-based material of the processing unit [53]. While conventional textile 

materials are insulating, modifications to their electrical properties, chiefly their conductivity, can 

be made to use them as active sensing and interconnection elements [51]. This can occur at several 

different stages of textile production, with a vast array of different materials and processes 

available depending on which hierarchical level this functionalization is to be performed at [54]. 

These hierarchical levels, the structural form of conventional textile products, include the fiber-

level, yarn-level, fabric-level, and textile product-level. Numerous processes exist for integrating 

conductive materials across them, with embroidery, knitting, weaving, spinning, braiding, coating, 

printing, and plating being some of the most popular techniques [53]. Many different conductive 

materials, each being appropriate for different collections of integration techniques, are available 

for textile functionalization. These can be broadly categorized into non-textile metallic filament 
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wires, including silver, stainless steel, nickel, aluminum, and copper wires, conductive inks, such 

as reactive silver, graphene, and carbon nanotube based inks, carbon-based conductive polymers, 

which include graphene, carbon nanotube, carbon black, graphene oxide, and reduced graphene 

oxide, intrinsically conductive polymers, such as polypyrrole (PPy), polyaniline (PANI), and 

Poly(3,4-ethylene dioxythiophene):poly(styrene sulfonate (PEDOT:PSS) [54], and conductive 

polymer composites, or extrinsically conductive polymers, that combine both conductive and 

insulating materials to produce materials such as PEDOT:PSS-polydimethylsiloxane, PPy-silver 

nanocomposites, PANI-copper, graphene-PPy, and PEDOT:PSS-CNT-G [53], [55]. 

Each type of conductive material integrated into e-textiles has its own advantages and use-

cases. Metallic wires can be integrated by physically inserting the conductive material into textile 

yarns, fabrics, and products and offer high conductivity at the expense of negatively affecting 

weight, flexibility, and corrosion-resistance characteristics of the substrate material [51], [54]. 

Conductive inks can be applied during the spinning process of textile fibers and yarns themselves, 

coated or dyed onto fibers, yarns, or fabrics, or printed directly onto the completed fabric or textile 

product. Screen printing, inkjet printing, and transfer printing are among the most popular 

techniques that utilize traditional, cost-effective conventional textile processes to produce highly 

flexible and conformal sensors and interconnects [53]. Carbon-based conductive polymers are 

relatively inexpensive, corrosion-resistant materials which can be integrated through similar 

spinning, coating, dyeing, and printing processes to produce fibers, yarns, or fabrics that have 

demonstrated high electrical conductivity, flexibility, and machine washability. Intrinsically 

conductive polymers can be utilized in melt spinning, wet spinning, and electrospinning processes 

to produce fibers and yarns made entirely out of these materials. They offer good cost-efficiency, 

electrical conductivity, flexibility, and durability despite some undesired mechanical properties 
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such as poor mechanical strength and brittleness [53]. Extrinsically conductive polymers attempt 

to balance these advantages with improved mechanical characteristics by blending insulating 

polymer matrices, thermoplastics, or thermosetting plastics with conductive fillers to produce 

materials which can be used much in the same way as intrinsically conductive polymers [53], [55]. 

Regardless of how they are manufactured, conductive fibers, yarns, fabrics, or directly 

functionalized textile products have been proposed for monitoring the inner socket environment 

by forming a range of different sensor modalities. Pressure, wetness, temperature, strain, and 

biopotential sensing are, as already stated, particularly relevant to RLSI monitoring applications, 

and these sensing modalities have seen considerable attention and success in research 

environments. Textile-based pressure sensors can serve as an illustrative example of how other 

modalities function within the socket interface. Their most utilized transduction mechanisms are 

piezoresistive, capacitive, piezoelectric, and triboelectric techniques [50]. Piezoresistive-type 

sensors are generally arranged as two flexible electrodes with a piezoresistive layer between them 

that deforms under the application of an external pressure stimulus, resulting in a change in the 

resistance of the device. These have been constructed from layered functionalized and 

conventional fabrics, woven conductive yarns, coated fibers, and similar methods to offer a simple 

device structure with high detection sensitivity, fast response time, large detection range, and low 

power consumption [50], [51]. Capacitive-type sensors adopt a similar structure, with an elastic 

dielectric layer placed between two parallel plate electrodes which deforms in response to pressure 

and produces a measurable change in capacitance. These parallel plate electrodes can take the form 

of various conductive textile materials including compliant fabrics and individual yarns or fibers. 

The dielectric layer may include foams, fabrics, spacers, or soft polymers [50], [51]. Compared to 

piezoresistive sensors, textile capacitive-type retain their general advantages of good linearity and 
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low-pressure detection limits and disadvantages of relatively lower sensitivity and need for more 

complex circuitry to operate [45]. Although less common than piezoresistive and capacitive type 

pressure sensors, piezoelectric and triboelectric type sensors are notable in that they do not require 

external energy supplies for their operation, making them desirable for low-power or self-powered 

sensing applications. Piezoelectric-type sensors operate by using materials which undergo 

polarization in response to the application of pressure, generating positive and negative electric 

charges that are detectable as changes in voltage or current across the device. These are highly 

sensitive sensors with fast response times but their use has so far been limited in textile-based 

application research. They still remain largely limited to integration into non-woven materials such 

as silicone, rubber, or PDMS substrates [50]. Triboelectric-type sensors utilize the phenomenon of 

charge generation on the surface of certain materials during frictional contact with others. This 

generated charge can then be driven through a measurement circuit to deduce the mechanical 

stimuli which caused it. Use of this principle has given rise to textile-based triboelectric 

nanogenerators, being either fabric-based or fiber-based, which in addition to harvesting energy 

from various human movements, can be used to assess those movements based on the 

corresponding electrical signal they generate [50], [56]. 

Other textile-based sensing mechanisms utilize many of the same impedance-based 

principles for transducing various physical phenomena. Wetness detection, for instance, may be 

accomplished through a similar arrangement as capacitive pressure sensors, using exposed 

conductive yarns or porous insulating materials from which impedance change can be measured 

in response to the presence of ionic fluid between conductive yarn crossover points [51]. 

Temperature sensing is also possible, employing the thermoresistive properties of certain 

carbonaceous polymer composites to allow for the detection of resistance chance in response to 
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temperature variation by fibers, yarns, and fabrics [51], [57]. Strain sensing can be achieved 

through yarns and fibers that incorporate conductive, piezoresistive polymers which exhibit a 

change in impedance in response to in-plane strains along the length of the conductor, while 

biopotential monitoring, such as electrocardiography or electromyography, can be performed by 

integrating conformable electrodes into textile substrates using conductive fibers, yarn, or fabric 

[51]. 

The advantages of textile-based wearable systems in flexibility, comfort, and overall 

wearability make them a desirable platform for a variety of healthcare applications and have 

instigated the emergence of a wide body of research leveraging these strengths for wearable health 

monitoring systems [58]. A brief overview of several examples from the past five years, from 2019 

to 2024, helps to illustrate current trends and opportunities across the field. Tian et al, for instance, 

developed a set of flexible, pillow-shaped, piezoresistive pressure sensors composed of 

polypropylene fibers encapsulated within opposite layers of silver-coated fabric and knitted 

spandex fabric which were used to monitor respiratory rate and sleeping position with 3.504kPa-1 

sensitivity and detectable output signal frequency from 0.7 to 2 Hz [59]. Amitrano et al presented 

a sock sensor system featuring a commercial sports sock integrated with piezoresistive fabric-

based pressure sensors at three distinct locations of the foot: under the heel, under the first 

metatarsal bone, and under the fifth metatarsal bone. These pressure sensors were combined with 

an on-board gyroscope to assess the collection of spatio-temporal gait and static postural 

parameters, including gait cycle time and center of pressure estimations, with a comfort rating 

scale assessment across three subjects indicating that the flexible system provided high wearability 

and comfort to its users [60]. Zhang et al demonstrated several potential applications of a knittable, 

fiber-shaped, capacitive-type pressure sensor composed of a multi-wire copper core enclosed in 
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PVDF/Zn2+ and ZIF-8 layers, a layer of twisted silver fiber, and an additional outer PVDF layer 

which demonstrated 0.05kPa-1 and 0.04kPa-1 sensitivities at 0ï2 kPa and 2ï8 kPa pressure ranges 

respectively and exhibited negligible stability deterioration after 10,000 cycles of continuous 8kPa 

loading and unloading. The pressure sensors were integrated into several structures for proof-of-

concept demonstrations including a wearable glove to measure bending angle at finger joints, a 

knitted garment mimicking a rotator cuff brace to monitor shoulder joint motion during rotator 

cuff injury rehabilitation, the inner surface of a face mask to monitor respiratory status, and a carpet 

to assess daily body weight changes [61]. Jang et al produced a wearable, textile-based sensor 

capable of monitoring the hydration levels of dehydrated or hydrated porcine skin and at various 

sites of the human body through electrical impedance measurements. The sensors were produced 

by heat-pressing thermoplastic polyurethane film over a cotton textile substrate and screen printing 

Ag paste. An encapsulant formed two rectangular electrodes with both ends exposed; and an Ag-

based adhesive was applied to one side of the exposed electrode section to be used as the sensing 

area. During repeated measurements at various sites of the human body, the sensor demonstrated 

more reliable results and fewer standard deviations than a commercial hydration sensor used for 

comparison. The textile-based structure of the sensor provided stable conformal contact to the skin 

with minimal pressure application and showed little degradation in sensing capability after 1,000 

bend-cycle flexibility and durability tests [62]. Maity et al spray-coated commercially available 

cotton fabric with multi-walled carbon nanotubes to produce a flexible textile piezoresistive sensor 

capable of measuring both human body motion and environmental humidity. The body motion 

was detected through transducing applied strain into resistance change and was placed at various 

locations across a subjectôs body, including the forehead, neck, abdomen, wrist, elbow, and knee, 

in order to identify particular states, movements, or expression at each site. Some examples include 
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facial expression at the forehead and cheeks, bending movements at the shoulders, elbows, knees, 

and wrists, vocal vibration at the neck, and respiration at the abdomen. Its humidity sensing 

capabilities was similarly assessed by measuring the dynamic change in resistance at different 

relative humidity, demonstrating and operating range of 19% -- 93%, high repeatability, high 

reversibility, quick response and recovery times, and a 30-day lifetime [63]. Etana et al reported 

the performance of a textile bandage sleeve with embroidered surface electromyography electrodes 

composed of conductive hybrid thread able to capture electromyography signals from various 

anatomical sites of interest. This was achieved at a level of precision and performance comparable 

to the conventional Ag/AgCl gelled electrodes used in clinical environments while providing 

improved flexibility, comfort, convenience, reusability, and washability [64]. Arquilla et al utilized 

a similar approach, sewing silver-coated thread in a zig-zag pattern into an inextensible fabric to 

produce electrocardiogram electrodes. This was capable of being integrated directly into garments 

for daily use that demonstrated promising durability against stretching, bending, and washing [65]. 

Jose et al fabricated a textile-based potentiometric graphene/PANI pH sensor through a 

combination of screen printing and spray-coating onto a polyester woven fabric substrate. This 

allowed for ease of manufacturing and material availability requirements of desirable textile-based 

sensors with its relatively simple production method. The wearable device offered a 

physiologically relevant operation range of 4 to 9.5 pH, 45mVpH-1 sensitivity, and good 

repeatability [42]. Agcayazi et al presented an easily tunable, multi-modal textile-based sensor 

produced through embroidery of commercially available silver-plated polyamide and stainless 

steel sewing yarns with cotton knit, polyethylene-terephthalate (PET) knit, and elastomeric melt-

blown textile dielectrics. The system was capable of sensing capacitive pressure, humidity, and 

wetness which were demonstrated as a pressure sensitive mat and wearable human-machine 
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interface applications [66]. From these and countless other examples, a clear picture may be drawn 

here: textile-sensor systems continue to develop into accurate and reliable tools for healthcare 

monitoring with, at minimum, comparable performance to conventional technologies while 

leveraging the inherent desirable properties of textiles to expand into further areas of application 

or enhance those that already exist. 

One particular strength of textile-based sensors stands apart from the others with respect to 

their use in RLSI monitoring however, and that strength is their potential for direct integration into 

existing textile structures to functionalize components of systems with sensing capabilities. This 

has been demonstrated by similar examples in general healthcare application sensors such as the 

integration of textile connections and sensor patches into a commercially available sock for gait 

pressure distribution [60], embroidering and printing of piezoelectric fibers and PEDOT:PSS onto 

a wearable glove for physical rehabilitation motion sensing [67], and transfer printing of 

wristwatch circuitry onto a textile wristband [68]. All of these feature durable, flexible, and non-

obstructive wearable form factors based on already used garments or products without introducing 

any additional encumbrance to their wearers. Similar integration methods could be employed to 

functionalize the existing textile layers present within the prosthetic socket interface such as the 

liner-liner and spacer socks or produce independent sensor components with sufficient compliance 

and flexibility to avoid pressure distribution, mechanical, or weight characteristic alteration despite 

their insertion into the socket interface as an external layer. Either approach would eliminate the 

need for custom socket modification as the resulting sensors could be used with existing prosthetic 

devices [45]. Furthermore, potential susceptibility of the sensor to temperature and humidity within 

the socket interface may also be calibrated for by incorporating dedicated temperature and 

humidity textile sensors to compensate for these [51]. Alongside their use of use, durability, and 
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wearability, the potential for low-power [69] and even self-powered [70] textile-based sensor 

systems have been demonstrated by devices targeting other healthcare applications which could 

find use in fulfilling the needs of long-term RLSI monitoring in clinical environments. The 

potential for both enhancing the capabilities of already existing RLSI monitoring as well as the 

opening up of space for new functionality for greater reliability and convenience approaches 

through the use of textile-based sensor systems cannot be understated, and one of the next great 

steps to achieve this begins with their integration into existing socket environment structures. 

2.4 Integrated Textile-Based Capacitive Pressure Sensor System 

The targeted application of textile-based sensor systems to RLSI monitoring remains a 

largely unexplored are of research despite their promising characteristics. A small collection of 

literature demonstrating their feasibility for the task does exist however. A large share of this 

focuses on prosthesis control rather than strictly RLSI monitoring applications, but the suitability 

of textile-based sensors is frequently on display even in these works. An example of this is given 

by Jiang et al, who proposed a wearable elastic band with PPy-coated nonwoven fabric sheets 

sewn on to serve as surface electromyography electrodes for myoelectric control of a prosthetic 

hand by an amputee. The study demonstrated comparable performance to conventional Ag/AgCl 

gel electrodes, improved wearability, high flexibility, and size adjustment to fit specific amputees 

while being worn within the subjectôs socket [71]. Similar success has been found through 

conductive yarn embroidery [72] and textile fabric screen-printing [73] methods. 

A 2021 publication by Tabor et al remains as one of the few, if not the only, substantial 

work which employs fully textile-based woven sensors for the explicit purpose of monitoring 

pressure distribution within the prosthetic socket environment. The work presents a system 

consisting of four discrete, capacitive-type sensor array patches, each formed through 
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perpendicularly sewn seamlines of conductive and insulating yarns on a melt-blown fabric 

dielectric. A 3 Ĭ 3 sensing grid of overlapping pressure sensing ñtexelsò was created and 

encapsulated within a conductive copper-nickel coated polyester fabric to provide shielding from 

environmental electromagnetic interference. Testing across a plaster artificial limb, able-bodied 

subject, and amputee subject demonstrated this approachôs ability to accurately monitor pressure 

distribution at anatomical sites of interest, the patella tendon and popliteal depression, during body 

weight shifting and walking studies [74]. The solution proposed in this work provided a wearable 

form factor amendable to further integration into prosthetic components but fell short of advancing 

beyond the insertable, external layer approach of conventional monitoring tools.  

The present work, with that of Tabor et al serving as its basis, aims to extend this 

development nearer to its full potential. Outlined below is the design of a textile-based sensor 

system for monitoring pressure distribution within the RLSI utilizing a functionalized layer of the 

socket environment. The system is composed of an expanded, continuous 5 × 6 network of 

capacitive sensors formed by overlapping sewn yarns on a wearable prosthetic sock with data 

collection performed by a custom, low-power, light-weight electronic system attached to the textile 

sensing network and directly secured to the garment. Two preliminary experiments are reported: 

a benchtop evaluation of the systemôs operating principles and performance, and a subsequent 

evaluation with an able-bodied human subject using a bent-knee adapter to mimic the RLSI 

environment. Following this is a proof-of-concept study with a unilateral transtibial amputee. The 

system successfully captured pressure distribution changes within the RLSI during similar weight 

shifting and walking trials without any significant encumbrance of the subject, suggesting the 

approach may serve as a promising method for pressure distribution monitoring within the RLSI. 
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2.4.1 Materials & Methods 

2.4.1.A System Overview and Operation 

The sensing system consists of two core components: a textile sensor array integrated into 

a prosthetic sock and a printed circuit board (PCB) used for capacitance to digital conversion 

(CDC) and data transmission. When worn, the sensing array is positioned to lie across the anterior 

region of the residual limb within the prosthetic socket, offering a spatial map of thirty individual 

capacitive pressure sensors distributed across its area, while the systemôs rigid PCB and 

connections are placed outside of and above the socket to minimize potential user discomfort. A 

secondary device, such as a laptop or phone, may connect to the sensing system through a custom 

data aggregator interface via either Bluetooth Low Energy (BLE) or a wired USB connection to 

manage system control and data collection. The system offers minimal encumbrance and high 

flexibility due to its functionalization of the already existing sock layer of the socket interface 

along with low power consumption enabling up to 10.5 hours of data collection using a 4g, 150 

Figure 2.1 ï Overview of the textile-based sensor system. (a) Diagram of a lower-limb prosthesis and core layers of 

the RLSI. (b) The anterior region of the residual limb targeted by the systemôs sensing area. (c) Illustrated example of 

system operation and output with a measured prosthetic socket under load from some dynamic movement such as 

body weight-shifting or walking. (d) Complete textile-based sensor system worn by a unilateral transtibial amputee 

subject over the liner layer shown outside (left) and inside (right) the socket. 
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mAh lithium polymer (Li-Po) battery. Combined, the system weighs a total of 48 g (52 g with the 

inclusion of a battery). 

2.4.1.B Sensor Array 

The systemôs sensor array is composed of an overlapping, perpendicularly arranged grid 

of conductive, insulating yarns which is hand sewn into a commercially available 3 ply prosthetic 

sock to form a 5 × 6 network of capacitive sensing pixels at the yarn crossover points. The response 

of these individual pixels can be modeled as a parallel plate capacitor with conductive yarns 

serving as electrodes and the prosthetic sock fabric serving as dielectric. Its capacitance, C, is 

defined as ὅ  ‐‭ , using vacuum permittivity, Ů0, dielectric constant of the fabric, Ůr, the area 

of its overlapping conductive electrodes, A, and the distance between conductive electrodes, d. As 

pressure application reduces this distance between electrodes, the sensed response is taken as the 

change of capacitance, ȹC, between its resting baseline, C0, and its capacitance under application 

of pressure, CP, or Ўὅ  ὅ ὅ. 

The 3 ply prosthetic sock (CB3HMSH2, SPS) used as textile dielectric for the system has 

a thickness of 1.5 ± 0.05 mm and is comprised of 98% Coolmax fibers and 2% Lycra. It was 

selected as an exact match for the socks used by this studyôs amputee subject so as to most closely 

mimic the functionalization of an already existing layer of the socket interface. The conductive 

thread used as sewn electrodes is a commercially available yarn (SewIY) with a diameter of 0.1 ± 

0.05 mm, electrical resistance of 0.0153 Ý/cm, and an insulating coating to prevent electrical 

shorts. 

Each conductive yarn terminates within the socket and extends upwards beyond the active 

sensing grid region and outside the socket interface to connect to the systemôs rigid PCB at a site 
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which would not negatively impact user comfort or encumbrance. An additional grounding yarn 

was also sewn between column and row yarns in order to minimize capacitive crosstalk. 

2.4.1.C Data Acquisition System 

Data acquisition is performed by the systemôs rigid PCB, which further handles overall 

system control, USB and/or BLE data transmission, power management/battery charging, and the 

sensor scan sequence. This scan sequence involves sequentially sampling the capacitance between 

each of the systemôs five columns and a single active row, advancing to the next active row in the 

series, and repeating this process until all columns have been sampled between all rows. Scan data 

is then transmitted via either BLE or USB to an external device such as a laptop or phone running 

a custom data aggregation program. 

Figure 2.2 ï System electronics and sensor architecture, operating principle, and integration. (a) Schematic of textile-

based sensor array, illustrating the fabric dielectric and two types of sewn threads (column and row) electrodes used 

to create parallel plate capacitors at their overlap points. (b) Schematic of sewn column, row, and ground yarn layout 

denoted by blue, red, and black lines, respectively (left), and picture showing the same layout integrated into the 

sensor systemôs commercial prosthetic sock (right). (c) Block diagram of the custom data collection electronics and 

external device connection options, with sensor row yarn connections listed as R1-R5 and columns as C1-C5. (d) 

Numbered arrangement of capacitive pressure sensing pixels listed in order of scan sequence. (e) Combined sensor-

functionalized prosthetic sock and data collection PCB system (left), physical layout of pressure sensing pixels 

matching the prior described orientation and order (center), and the component breakdown and thread-to-PCB sites 

of the data collection PCB (right). 
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Several components play a role in these operations. The system is equipped with a System-

on-Chip (SoC, CC2642 from Texas Instruments (TI)) for device control and data transmission, a 

UART-to-USB bridge controller (CP2102N from Silicon Labs) to handle USB power input, 

connection between the system and external data aggregator device, and outgoing UART 

communication from the systemôs SoC, a charge management controller (MCP73831 from 

Microchip) for Li-Po battery charging, a programmable capacitance-to-digital converter (CDC, 

AD7142 from Analog Devices), and two digitally-controllable analog switches (ADG788 from 

Analog Devices). The aforementioned scan sequence is managed in combination by the two 

ADG788s, which, based on digital input control from the systemôs SoC, connect the current active 

row yarn to a 250kHz square wave excitation signal and inactive row yarns to the systemôs ground 

plane, and the AD7142, which supplies this excitation signal to the analog switches, conducts 

sampling of the five connected column yarns against the selected active row, and handles sample 

data transmission to the systemôs SoC over SPI. 

Figure 2.3 ï Screenshot of the custom data aggregation program developed for the system. Measurements are 

transmitted by the systemôs data collection PCB over BLE or USB connections to an external device running the 

program which provides data recording and real-time data visualization as both transient time-series and spatial 

heatmap plots to assess device operation during use. 
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The systemôs scan rate is determined by two factors: the time required to (1) conduct 

column sampling across all of the sensorôs rows, i.e. perform the scan sequence itself, and (2) 

receive, package, and transmit the data over the systemôs BLE or USB connection to the external 

data aggregator device. The former is limited by the AD7142ôs internal conversion time, requiring 

1.536ms for each column measurement across a row multiplied by the number columns, ὲ , and 

the number of rows, ὲ , to measure across, or Ὕ ρȢυσφάί ὲ ὲ . For a 5 × 6 

array, this comes to approximately 46ms or 22Hz. The overhead required for receiving, packaging, 

and transmitting this scan data can impede the typical speed if this duration is longer than the scan 

rate however, particularly in the case of UART-to-USB transmission. The possibility of this 

occurring is mitigated by making use of the CC2642ôs Sensor Controller CPU. This secondary 

CPU is tasked with configuring, controlling, and receiving data from the systemôs AD7142 and 

ADG788 devices at a steady, unimpeded rate and triggering interrupts within the CC2642 to accept 

data transfer when a scan sequence is complete, thus enabling the primary CC2642 CPU to 

exclusively handle data output transmission and other operational tasks of shorter durations while 

the sensor scan sequence proceeds at its optimal rate. 

Table 2.1 ï System Scan rate (Hz) at different sensor network dimensions. Dimensions range from as low as a single 

cross over point (1 × 1) to 12 columns and 8 rows. The presented system balances size and scan rate using a 5 × 6 

array 
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Although the 5 × 6 sensing grid used in the present work strikes a balance between spatial 

coverage and the scan rate necessary for assessing pressure distribution at distinct stages of gait 

cycle, the dimensions of the grid can be easily adjusted to suit the particular requirements and 

objectives of a given sensing application within certain bounds based on its three related variables, 

Ὕ  (or Ὢ ), ὲ , and ὲ  (see Table 2.1).  

Connection between the sensorôs conductive yarns and the systemôs rigid PCB was 

achieved using exposed through-hole contact sites which the yarns could be affixed to with either 

Z-axis tape (9703, 3M Ltd, USA) for a somewhat temporary, though still robust, electrical 

connection or by direct soldering of the yarns for a stronger, permanent connection. For the 

experiments presented within this study, the direct soldering approach was employed on account 

of its greater durability. 

As mentioned prior, data collection was performed by using a secondary device and a 

custom data aggregation program. This program was created using Python and Qt5 to receive 

incoming data over BLE or USB connections, apply data timestamps, and enable real-time 

visualization through both transient and spatial (heatmap) plots of the sensing gridôs measured 

capacitance. A USB connection was used for the experiments presented within this study to ensure 

data collection reliability. Additional wired connections used during experiments include a trigger 

signal for synchronization with external data collection systems and a grounding surface electrode 

to reduce capacitive interference from the body of experimental subjects. 

2.4.2 Experimental Procedure & Results 

2.4.2.A System Benchtop Validation 

Initial evaluation of the sensor system was conducted in a tightly controlled benchtop 

environment to ensure its expected behavior in response to various weights and spatial 



  

31 

distributions of pressure application. A 15 × 30 × 12 cm3 expanded PVC sheet was inserted into 

the sensor-integrated prosthetic sock to create a level plane for pressure to be applied onto the 

systemôs sensing region. 100g, 50g, and 20g, weights were then applied to individual pixels across 

different columns and rows diagonally from the upper-left corner to the bottom-right, with the 

final row using the pixel of its third column due to the gridôs shorter horizontal layout. Clearly 

Figure 2.4 ï Benchtop demonstration and validation results. (a) Physical layout and labeling of row (R1-R6) and 

column (C1-C5) yarn lines. (b) Variation in pixel response under 100g, 50g, and 20g weight application. (c) æC (fF) 

scale for subsequently presented heatmaps. (d) Response of the sensor arrayôs corner pixels to the application of a 

100g weight. Sensor response to the application of a 100g weight using a (e) square and (f) triangle shaped object. 
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distinguishable responses between the three different weights were exhibited by each pixel (Figure 

2.4b). The variations of response between each pixel is expected and can be attributed to variations 

in sewing pattern, yarn dimension, and yarn tension in the fabric. Application of the same 100g 

weight onto the sensing gridôs corner pixels are shown in the subsequent heatmaps of Figure 

2.4Figure 2.4 ï Benchtop demonstration and validation results. (a) Physical layout and labeling 

of row (R1-R6) and column (C1-C5) yarn lines. (b) Variation in pixel response under 100g, 50g, 

and 20g weight application. (c) æC (fF) scale for subsequently presented heatmaps. (d) Response 

of the sensor arrayôs corner pixels to the application of a 100g weight. Sensor response to the 

application of a 100g weight using a (e) square and (f) triangle shaped object., which demonstrates 

the slight coinciding response of pixels along the same row and column yarns of the loaded pixel, 

an expected phenomenon due to the mechanical coupling between pixels shared across the same 

yarns. Figure 2.4e-f shows the sensing gridôs response to different spatial distributions of the 100g 

weight using two different FDM printed PLA shapes, a square (Figure 2.4e) and a triangle (Figure 

2.4f). As before, some surrounding pixels exhibit coinciding responses to the applied weight. 

Experimental results demonstrate the ability of the sensing system to detect pressure application 

both on an individual pixel magnitude basis for distinguishing between different pressure levels 

and a multi-pixel grid basis for identifying its spatial distribution. 

2.4.2.B Able-Bodied Subject (Bent-Knee Adapter) 

Subsequent evaluation was conducted through the use of a custom-made bent-knee adapter, 

as shown in Figure 2.5. This bent-knee adapter serves as an intermediate assessment stage between 

controlled benchtop validation of system functionality by providing a practical simulation of the 

interface between soft human tissue and rigid material of the prosthetic socket environment. The 

use of a healthy able-bodied participant for this simulated environment poses fewer risks and 
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burdens to amputee subjects while still permitting assessment of the systemôs durability for in-

vivo testing. 

A modified version of the textile sensor was created using a polyester compression leg 

sleeve (SE6145, Skylety) with a thickness of 0.4 ± 0.05 mm as its dielectric in place of the 3-ply 

prosthetic sock. This change allowed the system to be worn by the able-bodied subject with the 

active sensing region centered over the knee-cap. The sleeve was worn directly over the subjectôs 

leg and placed in the bent-knee adapter as shown in Figure 2.5a. 

Figure 2.5 ï Able-bodied testing of the system using a bent-knee adapter to simulate the prosthetic socket 

environment. (a) Modified version of the sensor system using a commercially available compression sleeve for able-

bodied compatibility worn by an able-bodied subject both outside (left, center) and inside the bent-knee adapter (right). 

(b) Weight shifting experiment stances and corresponding spatial heatmap results. (c) Time-series plot of a 

representative pixel (#18) and vertical GRF during weight shifting cycles. (d) Walking experiment gait stages and 

their corresponding spatial heatmap results. (e) Average response of a representative pixel (#18) and vertical GRF 

over 10 gait cycles during walking. (f) Response of all sensor pixels (fF, black) and vertical GRF (N, orange) during 

weight shifting and (g) walking. 
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Two experiments were performed with the able-bodied subject and textile sensor system: 

(1) a weight-shifting experiment where the participant was asked to stand on a split-belt treadmill 

(1000Hz, Bertec Corp., USA) and shift their weight between three stances (on sensor, off sensor, 

neutral) and (2) a dynamic walking experiment where the participant walked on the split-belt 

treadmill for 60 seconds. During both experiments, the corresponding vertical ground reaction 

force (GRF) and capacitance change (æC) were measured by the split-belt treadmill and sensor 

system respectively. Weight-shifting trials were used to determine if the sensing system was 

capable of withstanding and detecting spatially distinct force changes induced by body weight 

shifting. Walking trials were used to assess similar sensor system characteristics under transient 

activities and to ensure its durability to withstand dynamic and repetitive force cycling activities. 

Synchronization between measurement systems was achieved by routing a trigger signal output 

from the split-belt treadmill to the sensor system. A grounding surface electrode (2560, 3M 

Company, USA) was attached to the subjectôs skin near the hip to reduce capacitive interference 

from the body. 

Weight shifting experimental results are presented in Figure 2.5b-c. The spatial capacitance 

response of the 30 pixel network under the three different loading states are presented as heatmaps 

(Figure 2.5b) and demonstrate clearly identifiable response patterns associated with each of those 

states. The magnitude of response for each pixel appears consistent with its physical location 

within the socket and on the limb as well, with pixels above the knee-cap, and therefore parallel 

with the vertical wall of the bent-knee adapter and the direction of force application, exhibiting 

comparatively lower magnitude responses than those below and on the knee-cap area itself, which 

exhibit moderate and high magnitude responses respectively. The plot of vertical GRF measured 

from the split-belt treadmill overlaid with the transient response of a pixel representative of the 
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high magnitude response region (pixel #18) shown in Figure 2.5c illustrates the sensorôs ability to 

rapidly track changes in body weight shifting of the subject. Sensor transient response across the 

entire network of pixels compared with treadmill vertical GRF is presented in Figure 2.5f. 

Walking trial experimental results are presented in Figure 2.5d-e. In Figure 2.5d, similar 

heatmaps of the 30 pixel network as for weight-shifting loading states are presented for notable 

gait cycle sub-phases: maximal weight acceptance (MWA), mid-stance (MS), and toe-off (TO). 

These also demonstrated clearly identifiable patterns for each sub-phase and were largely 

consistent with the physical location of pixels within the socket and on the limb as before. To 

compare sensor response across gait cycles, capacitive response of a representative pixel (pixel 

#18) and treadmill vertical GRF data was segmented into ten individual gait cycles, starting from 

each heel strike and ending at the next, and averaged across these cycles to produce Figure 2.5e. 

Sensor response generally followed the same pattern of vertical GRF and exhibited little variation 

between gait cycles overall. Sensor transient response across the entire network of pixels compared 

with treadmill vertical GRF is presented in Figure 2.5g. 

In addition to exhibiting suitable sensor performance for measuring dynamic force change 

and distribution in the bent-knee adapter during body weight shifting and walking, able-bodied 

experimental results also show that the sensor system is robust enough to withstand the physical 

demands of its sensing environment. Throughout multiple cycles of dynamic loading, the sensor 

system continued to function, providing consistent, meaningful data demonstrating clearly shared 

patterns with associated vertical GRF measurements. 

2.4.2.C Amputee Subject Testing 

Final evaluation of the full sensor-integrated prosthetic sock system was conducted on a 

participant with unilateral transtibial amputation to assess if the sensor could reliably provide 
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quantifiable data of pressure distribution within the socket environment and withstand the physical 

demands of the environment under different types of dynamic loading conditions. 

The recruited amputee subject used their own total surface bearing silicon suction socket 

and prosthetic device for these experiments. The sensor-integrated sock was worn over the 

prosthetic liner such that the sensing grid area covered the anterior region of the residual limb 

while positioning the systemôs rigid PCB sufficiently above and outside the socket to avoid any 

potential discomfort (Figure 2.6a). Split-belt vertical GRF recording synchronization and 

grounding surface electrode were configured in the same manner as in the prior able-bodied 

Figure 2.6 ï System testing on a unilateral transtibial amputee. (a) Complete functionalized prosthetic sock sensing 

system worn by the subject outside (left) and inside the prosthetic socket (center, right). (b) Weight shifting experiment 

stances and corresponding spatial heatmap results. (c) Time-series plot of a representative pixel (#23) and vertical 

GRF during weight shifting cycles. (d) Walking experiment gait stages and their corresponding spatial heatmap 

results. (e) Average response of a representative pixel (#27) and vertical GRF over 10 gait cycles during walking. (f) 

Response of all sensor pixels (fF, black) and vertical GRF (N, orange) during weight shifting and (g) walking. 
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experimental procedure. The subject reported that the sensor system caused no additional 

discomfort during the experiments. 

As with prior able-bodied experiments, the subject was asked to complete both weight-

shifting and walking experiments while standing on a split-belt treadmill measuring vertical GRF. 

For the first of these, the subject was asked to shift their body weight between three different 

loaded states (on sensor, off sensor, neutral), and for the second, the subject was asked to walk at 

a comfortable pace for 60 seconds. Both types of experiments served to demonstrate the same 

points as they did in prior able-bodied experiments. 

Results of the weight shifting experiment are presented in Figure 2.6b-c. As before, the 

spatial heatmap plots of each loading state in Figure 2.6b feature distinctly identifiable patterns 

between one another while the transient overlaid plot of vertical GRF and representative pixel 

capacitance (pixel #23) in Figure 2.6c demonstrates the sensorôs ability to rapidly track dynamic 

changes force applied by shifting body weight. Compared with prior able-bodied experimental 

results, the sensor system exhibited notably reduced magnitude of response across all pixels and 

less distinction of a high-load region. We speculate this may be due to the more consistent and 

distributed load of pressure throughout the well-fitting total surface bearing silicon suction socket 

used by the subject compared to that of the bent-knee adapter socket used in able-bodied 

experiments. Sensor transient response across the entire network of pixels compared with treadmill 

vertical GRF is presented in Figure 2.6f.  

Walking experimental results are shown in Figure 2.6d-e. Spatial heatmap plots for MWA, 

MS, and TO gait sub-phases are presented in Figure 2.6d, showing particular distinction between 

loaded (MWA, MS) and unloaded (TO) sub-phases. The averaged response of vertical GRF and 

representative pixel capacitance response (pixel #27) over ten individual gait cycles are presented 
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in Figure 2.6e. Due to differences between whole-limb force captured by vertical GRF data and 

the internal socket pressure distribution at specific pixel locations, exact matching between the two 

signals is not expected beyond correlated loaded and unloaded states. Further analysis is required 

for determining the source of these differences which we reserve for a future study. Sensor 

response across the entire network of pixels compared with treadmill vertical GRF, as presented 

in Figure 2.6g, also shows clear differences between measurement sites, indicating a pressure 

distribution across its area. 

Similar to prior able-bodied testing, the successful operation of the sensor-integrated sock 

system in an amputee subjectôs daily socket use case throughout multiple trials helps to 

demonstrate its sufficient durability to survive physical demands of this highly dynamic 

environment. Furthermore, the worn system contributed negligible encumbrance to the subject 

compared with the use of a typical sock, allowing extensive testing of the system with little to no 

apparent change in subject comfort due to its inclusion. 

2.4.3 Conclusions & Future Work 

Results from both the two preliminary validation experiments and the unilateral transtibial 

amputee study performed with the system lend support to functionalized textile socket interface 

layers as a promising method for overcoming multiple challenges and limitations common to 

modern RLSI monitoring technology. Many of the practical shortcomings which characterize the 

wide range of commercially available RLSI monitoring tools, namely their limited flexibility and 

breathability, uncertain accuracy due to possible pressure profile modification and possibility of 

sensor wrinkling, comparatively high power consumption, bulkiness, and general lack of comfort, 

could be resolved by leveraging the inherent comfort, flexibility, breathability, and compliance of 

textile-based systems. The presented system offers up to 10.5 hours of continuous data collection 
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due to its low power design, minimal encumbrance of its user, and the capability to monitor up to 

30 individual pressure detection sites across the residual limb with a >20 Hz scan rate. Its operating 

principle, spatial sensing capability, comfortable wearability, and sufficient robustness to survive 

the RLSI environment were all demonstrated by the two preliminary experiments and amputee 

study outlined above. 

While this work serves as yet another piece of evidence for textile-based RLSI monitoring 

systems as an avenue worthy of investigation, the field demands still further work to bring about 

its full potential. With respect to the present system, additional efforts are needed to expand its 

spatial sensing capabilities to capture larger regions of inter across the residual limb, increase its 

scan rate to capture higher frequency gait dynamics, calibrate its capacitance-to-pressure 

relationship to offer immediately actionable information to prosthetists, and investigate large-scale 

production methods to minimize inter-pixel response variations stemming from differences in yarn 

stitching pattern, dimension, or tension. Still greater work is needed by the field in general however 

as, despite the major benefits to RLSI monitoring that textile-based sensor systems offer, so few 

efforts have been undertaken to turn this opportunity into a reality. To realize them, further 

attention must be given to the convergence of wearable textile sensing technology and prosthetic 

socket interface assessment overall. Major challenges here include production scale-up for real 

world application, understanding and addressing the specific needs of patients and prosthetists to 

support technology transition from the sphere of research into clinical practice, and performing 

clinical studies with this new technology to provide sufficient evidence for its adoption into 

modern clinical practice.
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 COMBINED  SURFACE ELECTROMYOGRAPHY, STRA IN, AND 

MOTION SENSING FOR W EARABLE STROKE REHABILITATION  

3.1 Neurological Disorders and Rehabilitation 

Neurological disorders are the diseases of the peripheral and central nervous systems, 

which include any disorder of the spinal cord, brain, cranial nerves, peripheral nerves, automatic 

nervous system, muscles, or neuromuscular junction [75]. Many of these conditions result in few 

direct deaths yet cause significant ill -health and disability among their survivors. Their worldwide 

impact is enormous, constituting 6.3% of the global burden of disease (GBD) measured in 

disability-adjusted life years (DALYs) according to a 2006 estimate by the World Health 

Organization (WHO) [76] and 7.1% when combined with the related category of cerebrovascular 

diseases based on the WHOôs 2010 GBD study [77]. Genetic defects, congenital abnormalities, 

lifestyle, and environmental factors such as infections, malnutrition, brain damage, spinal cord 

injury, and nerve injury are all potential causes for a range of different neurological disorders [75]. 

Some of the most notable examples include Alzheimerôs disease [78], migraine [79], epilepsy [80], 

Parkinsonôs disease [81], multiple sclerosis [82], and spinal cord injury [83]. 

Cerebrovascular disease is by far the largest neurologic contributor to death and disability 

throughout the world, accounting for an estimated 4.1% of total global DALYs in 2010 [77]. Its 

most common manifestation is Stroke [84], which is a group of disorders involving the sudden 

interruption of blood flow to the brain and the subsequent death of brain cells due to the restriction 

of oxygen and nutrients [85]. The extent of cell death depends on the length of blood deprivation. 

Cells in some areas of the brain die within a few minutes while others may survive for up to 30 

minutes or longer. Approximately 80% of cases are ischemic, where blood flow to the brain is 
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restricted due to a blocked artery or blood clot, and 20% hemorrhagic, where blood vessel rupture 

causes bleeding in or around the brain and interferes with regular blood flow [86]. Despite most 

stroke patients surviving the initial injury, motor impairment ï a loss or limitation of function in 

muscle control, movement, or mobility ï affects control of face, arm, and leg movement on one 

side of the body both acutely and chronically in approximately 80% and 40% of cases respectively 

[87], [88]. This condition is known as hemiplegia and is the most widely recognized impairment 

caused by stroke [5]. The disorder presents an immense health burden globally, and remains the 

second-leading cause of death and third-leading cause of combined death and disability with over 

12.2 million new stroke occurring each year, six and a half million people dying from stroke 

annually, and over 143 million years of healthy life lost each year as a result of stroke-related death 

and disability [89]. The bulk of this burden, 86% of deaths and 89% of DALYs, is borne by lower 

income and lower-middle income countries where resources for acute stroke treatment and care 

are extremely limited, contributing to poverty and serving as a barrier to economic development 

[77], [89]. Globally, the cost of stroke is estimated to exceed US$891 billion, or 1.12% of the 

global GDP [89], with approximately 34% of total global healthcare expenditure being spent on 

stroke care and an average healthcare cost of stroke per person estimated at US$140,048 in the 

United States alone [90]. 

The high prevalence of post-stroke disability leads rehabilitation practices to become 

equally as essential as improved prevention and acute care methods. Most patients will need some 

form of rehabilitation after stroke, and there is strong evidence that access to and quality of 

rehabilitation care is associated with improved patient outcomes [6], with dedicated care for 

patients provided by multidisciplinary stroke units leading to higher rates of independence with 

activities of daily living (ADL), reduced need for long-term institutional care, lower mortality, and 
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improved changes of neurological recovery [91]. Limiting the impact of stroke related brain 

damage on daily life is the primary purpose of stroke rehabilitation, which focuses on the 

preservation and improvement of range of motion, muscle strength, bowl and bladder function, 

and functional and cognitive abilities in stroke survivors [6], [92]. It employs a cyclical process of 

assessment, goal setting, intervention, and reassessment phases, where patient needs are identified 

and quantified, realistic and attainable goals for improvement are outlined, assistance or training 

is provided to achieve defined goals, and progress is compared against previously defined goals 

[5]. Successful stroke rehabilitation techniques incorporate at least one of the underlying 

mechanisms of brain recovery, adaption, regeneration, or neuroplasticity, and strong evidence 

points to the greater effectiveness of task-oriented training over general, non-specific movement 

therapy. [5], [93]. Targeting task-specific and context-specific goals relevant to patient needs 

which are practiced in a patientôs real environment is therefore critical for achieving optimal 

rehabilitation results [5]. Despite this, conventional assessment of stroke patient motor function, a 

precondition for effective goal setting in the cyclical rehabilitation process, continues to be limited 

to standard tests performed in controlled clinical environments that accurately represent the 

individual free-living behavior in a patientôs own environment [94]. Access to rehabilitation 

services is not always available in many regions either. A diverse set of professionals are required 

for comprehensive stroke rehabilitation, including specialist doctors, nurses, physiotherapists, 

occupational therapists, speech and language therapists, neuropsychologists, and social workers, 

who provide a range of services including inpatient, home, and community rehabilitation alongside 

education on management and safety [91], [95]. The availability of these specialists can be 

incredibly limited in some areas. Per one million inhabitants in high-income countries, there are 

900 physiotherapists, 400 occupational therapists, and 300 speech and language therapists, while 
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in most lower income African countries, there are 25, less than 15, and effectively zero of these 

same specialists. This places immense restrictions on the range and extent of care available in these 

countries. Lower income and lower-middle income countries score worse in the quantity and 

quality of nearly all rehabilitation services, including in-patient rehabilitation, home assessment, 

community rehabilitation, education, early hospital discharge programs, and rehabilitation 

protocols compared to their high income counterparts. They receive a mere 25% of the 

recommended spectrum and quantity of care, with lack of availability appearing most pronounced 

in Latin America and the Caribbean, South Asia, and sub-Saharan Africa regions [95].  

Various technologies have emerged over the last few decades to improve post-stroke 

rehabilitation efficacy and accessibility [96], [97], [98], [99]. Robotic-assisted rehabilitation 

techniques, for example, have demonstrated improved upper limb function, strength, and activities 

of daily living in post-stroke patients [100] and have had positive effects on gait rehabilitation 

outcomes [101]. Virtual reality and interactive video game therapies show some evidence of 

slightly improving functional ability and daily activity management when employed alongside 

conventional techniques, with the added benefit of allowing everyday activities which cannot be 

physically replicated in a hospital setting to be practiced virtually [102]. And brain-computer 

interfaces used to provide feedback on patient movement intention present promising evidence as 

an intervention technique for upper-limb rehabilitation [103]. Potential rehabilitation 

improvements alone do not necessarily lead to widespread adoption of these technologies however. 

Practicality and cost-effectiveness remain important considerations as well [103], [104], especially 

in the context of improving care in regions with insufficient financial resources, where expensive 

technologies such as these may simply not be affordable options [105]. 
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Leveraging wearable healthcare technology in conjunction with home and community 

based rehabilitation techniques may pose as a more practical solution. Telerehabilitation is already 

considered a viable alternative for patients lacking access to conventional services, with studies 

demonstrating its effectiveness in improving falls efficacy, quality of life, and reducing depression 

and caregiver stress [105]. For example, home-administered strength and balance training has been 

shown to improve functional walking ability in post-stroke patients, and, in some cases, home-

based exercise protocols have been found to be as effective as more expensive in-patient methods 

[105]. Shifting from in-patient rehabilitation to home and community based methods such as these 

could be used to improve cost-effectiveness, expand accessibility to care, and help address 

shortages of rehabilitation specialists  [99], [106], particularly in rural areas [105]. Incorporating 

wearable technology may further advance the potential for these techniques. Despite their limited 

use in clinical environments, current wearable rehabilitation systems are able to provide clear 

assessments of patient status [107], and have demonstrated improved patient outcomes compared 

to conventional therapy in some cases [108]. Their use could help extend the reach of specialists 

through remote monitoring [109] and enable cost-effective techniques such as unsupervised 

training which depend on the type of reliable, continuous monitoring that wearable systems can 

provide [110], [111]. Furthermore, even in the case of high income countries where more 

expensive techniques are available, introducing wearable rehabilitation systems could can enable 

clinicians to assess the impact of care in the site most representative of their patientsô daily lives: 

home and community settings [112]. 

Realizing the potential for wearable rehabilitation systems entirely depends on their ability 

to accurately monitor clinically-relevant information through reliable, minimally obtrusive 

collection of physiological data [112]. Therefore, understanding the types of physiological data 
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these systems collect, how they are sensed, and what clinically-relevant information can be 

extracted from them is of immense importance. The present chapter aims to accomplish just that, 

and deals with three sensing modalities relevant to stroke rehabilitation monitoring: surface 

electromyography, strain, and motion sensing. Summaries of each of their potential applications, 

fundamental principles, and current state of wearable technologies will be provided before 

presenting a novel wearable platform that combines all three together for the purpose of home and 

community based stroke rehabilitation assessment. 

3.2 Relevant Sensing Modalities for Monitoring Stroke Rehabilitation 

A variety of physiological data must be evaluated to assess impairment and function in 

post-stroke patients. These can be broadly categorized into kinematic, kinetic, and neuromuscular 

measures. Kinematic and kinetic measures correspond to motion and force capabilities, 

respectively, and have been the traditional focus of therapists trained to evaluate them through 

observation. Neuromuscular measures correspond to the neural electrical signals originating from 

brain and muscle activation which may undergo changes due to conditions and injuries of the brain 

such as stroke. Combining biomechanical (i.e. kinematic and kinetic) and neuromuscular 

evaluation enables a more comprehensive patient assessment than what can be provided from one 

category alone. Rather than just the characteristics of output motor execution, a combined 

approach permits assessment of the complete movement planning, neuromuscular coordination, 

and motor execution sequence. This information can be used to better personalize care for an 

individual and provides greater insight into changes brought on by their condition at the 

physiological level [113]. 

Common metrics for biomechanical evaluation include joint and end-point speed, efficacy, 

efficiency, accuracy, smoothness, functional range of motion, and movement coordination 
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kinematics [113], [114]. These forms of assessment are overwhelmingly performed with motion 

sensing through inertial measurement units (IMUs) and accelerometer devices in the sphere of 

wearable rehabilitation systems [115], [116]. Despite their popularity, these devices are not without 

issues (see Motion Sensing below), and so employing additional evaluation methods alongside 

them may help to provide more reliable assessment. Strain sensors are a suitable candidate for this. 

While less prevalent than their IMU and accelerometer counterparts, they have received extensive 

research attention in recent years due to their potential to continuously monitor body motions that 

range in scale from subtle deformations induced by physiological signals like pulse and respiration 

[116] to large joint movements of the limbs and upper trunk [117], including kinematic parameters 

with direct relevance to rehabilitation assessment [118]. 

Neuromuscular measurements are of two types: electroencephalography (EEG), measuring 

cortical activity of the brain, and electromyography (EMG), measuring electrical activity of 

muscles. Both methods provide information on the underlying sequence of movement planning 

and coordination and have found use in both clinical diagnosis and rehabilitation settings [113], 

[119]. Electromyography in particular provides a vast array of metrics for assessing the status of 

patients, including muscle coordination and activation intervals, muscle fatigue estimations, 

spasticity characterization, and identification of neuromuscular innervation zones [120], [121]. 

Non-invasive, surface electromyography (sEMG) has seen increased attention as a tool for 

telerehabilitation and remote monitoring in part due to these capabilities in recent years [122]. 

Each of these three sensing modalities, surface electromyography, strain, and motion 

sensing, are explored in further detail below. This includes their physiological origin, 

instrumentation techniques, and methods of application. 
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3.2.1 Surface Electromyography 

3.2.1.A Physiological Origin 

The function of muscles is tied to that of bones and connective tissue ï the former providing 

support for body posture and movement and the latter serving to organize and link together 

components of the body. Muscles are arranged in a hierarchical organization of smaller 

components grouped together by connective tissue and fixed to the bodyôs bones by tendons. These 

tendons create a pulley-like connection between muscle and bone that a muscleôs actions work 

upon. This action takes the form of muscles shortening the resting lengths of their fibers and is the 

actuating element behind motor execution. The significance of this role is clearly represented by 

the scale of muscle tissue relative to the human body, accounting for 70-85% of gross bodily 

weight and being the largest consumer of its energy [123]. 

Muscles themselves are composed of fascicles. These are bundles of individual muscle 

fibers bound together and held in parallel arrangement with one another. Each fiber is a cluster of 

myofibrils, tiny hair-like strands of myosin and actin filaments woven bands. These bands take on 

a specific, repeating pattern called a sarcomere which are ordered in the sequence of actin, an 

overlap of actin and myosin, myosin, another overlap of actin and myosin, and actin again. The 

actin filament is a thin fiber with two negatively charged molecules spiraling one another while 

the myosin filament is a thicker fiber bearing globular heads each attached with a negatively 

charged ATP molecule. In a resting state, the actin filament is repelled by the negatively charged 

myosin filament, but when a muscle fiber is stimulated, positively-charged calcium ions are 

allowed through the pores of the myofibrils into the location of the actin and myosin filaments 

which then bond with the actin filaments. This draws the negative myosin filament towards the 

actin filament. However, the myosin filamentôs globular heads obstructs a direct approach, which 
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leads the heads to bend, flatten out, and produce a ratcheting effect that draws the filaments 

laterally past one another. The force of this bending causes the ATP molecule of the myosinôs 

globular head to be released, producing energy which frees the calcium ion from the actin fiber 

and separating the two filaments from each other once again. A replacement ATP molecule is then 

delivered to the myosin filamentôs globular head to allow the process to be repeated. This 

ratcheting effect is the underlying actuation mechanism of muscles. Single stimulations of the 

process result in a twitch, and successive stimulations result in progressive shortening of a muscle 

fiber. This shortening works upon the connective tissues and bones attached to a muscle to produce 

movement of the body [123]. 

The stimulation that initiates this process is delivered by the bodyôs nervous system. Lower 

motor neurons residing in the anterior grey column of the spinal cord are associated with a distinct 

collection of muscle fibers with which they exchange incoming sensory and outgoing stimulatory 

signals. This combination of muscle fibers and their corresponding lower motor neuron constitutes 

the smallest neuromuscular organization block: the motor unit. To initiate motor execution, lower 

motor neurons generate an action potential which propagates along the neuronôs branching axon 

to the muscle fiberôs motor end plate, the neuromuscular junction. This is the site of attachment 

between the neuronôs axon and a muscle fiber. Upon reaching the junction, the action potential 

triggers the release of acetylcholine (ACh) across the synapse which binds to receptors on the 

muscle fiber cell membrane. A second signal is then generated by this binding which propagates 

throughout the fiber to stimulate the opening of pores that allow calcium ions to flood into the 

space housing the fiberôs actin and myosin filaments and cause the muscle fiber to contract [123]. 

This second signal is the motor unit action potential and is the fundamental phenomenon 

in which electromyography aims to monitor. 
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A motor unit action potentialôs depolarization propagates outwards in both directions from 

the motor end plate of origin and travels throughout the length of the muscle fiber. This can be 

modeled on a single muscle fiber by two pairs of two current dipoles mirrored across the motor 

end plate. In each pair, the first dipole represents the depolarizing head of the action potential while 

the second dipole represents the repolarization of its tail. Together, these two dipoles form a tripole. 

One tripole travels to the left of the motor end plate and one tripole travels to the right as a function 

of time. The changing potential different across the cell membrane of the muscle fiber represented 

by these tripoles generates an electric field in the volume surrounding the muscle fiber. This results 

in a measurable voltage distribution [124]. 

The voltage distribution projected across the surface of the skin by the induced electric 

field can be measured through skin-mounted electrodes. Doing so allows the motor unit action 

Figure 3.1 ï Approximate representation of a single muscle fiberôs action potential. (a) Transmembrane current flow 

with indicated polarity and current direction. (b) Spatial profile of current flow in and out of the membrane and its 

approximate tripole representation. (c) A linear set of electrodes and amplifiers for measuring the voltage distribution 

from the surface of the skin. (d) Color coded distribution of voltage across the surface of the skin [124]. 
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potentials over a group of motor units to be monitored by way of measuring the voltage 

distributions they produce. The measurement acquired from this approach is an electromyogram. 

It contains the combined effect of each muscle fiberôs action potential spatially and temporally 

summed together, where motor units located closer to the skinôs surface contribute substantially 

more to the measurement than those farther away [123]. The resulting signal has a magnitude in 

the microvolts range, an active frequency band between 0ð500 Hz [123], [125], [126], and a high-

end spatial frequency of approximately 70-90 cycles/m with occasional peaks above 100 cycles/m 

[124], [127], [128].  

3.2.1.B Instrumentation Techniques 

Measuring the electric potential present at the surface of the skin requires the use of a 

specialized instrument called an electromyograph [123]. In its simplest form, a surface 

electromyograph is composed of three central components: a set of three electrodes, a differential 

amplifier, and a collection of filters. Two of the three electrodes are placed over the muscle of 

interest and aligned in the direction of its fibers. These active electrodes serve as the differential 

amplifierôs inputs. A third electrode is placed away from the target muscle over a region with little 

to no sEMG activity to serve as a reference. The difference in electric potential between the two 

active electrodes is taken by the differential amplifier and passed through a collection of filters to 

remove any undesired signal contaminants [125]. The filtered output is a raw sEMG signal which 

may be further processed as needed for the given application [123]. Considerations for each of 

these central components are discussed below. 

Surface Electrodes 

Surface electrodes can be distinguished based on their materials, size, and layout. 

Materially, they can be categorized as either wet or dry, with wet electrodes possessing a layer of 
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conductive gel, hydrogel, or electrolyte-soaked sponge and dry electrodes lacking one. The 

electrolyteôs inclusion helps to reduce the impedance of the electrode-skin interface [126]. In the 

case of dry electrodes, the skin will eventually produce sweat in response to the presence of a 

foreign object which can serve as its own electrolytic medium [123]. Keeping the electrode-skin 

interface impedance low is essential. Too high or too imbalanced impedances can compromise the 

common-mode rejection performance of the sEMG instrumentôs differential amplifier, leading to 

susceptibility to outside interference [123]. The impedance of this interface may be modeled as a 

non-linear RC circuit with frequency and current dependent components, but attempting to 

quantify impedance in this way has several caveats. Along with its dependence on time, the exact 

impedance value varies due to the electrodeôs material, chemical composition of electrolytic gel, 

electrode size, surface structure, and skin treatment. Longer recording sessions also introduce 

drying of electrolytic gel and changing skin properties as additional factors, and both of these may 

lead to significant variations in the electrode-skin interfaceôs impedance [126]. Furthermore, the 

material composition of an electrodeôs metal and electrolyte poses its own complications. The two 

different types of charge carriers leads the metal-electrolyte interface to be intrinsically noisy, and 

there electrode itself therefore has its own noise level to be considered [126]. Gelled Ag-AgCl 

electrodes are currently the recommended and most widely used electrode of choice due to their 

high stability and low noise interface compared to other metallic electrodes [124], [126]. 

Electrode size is another factor. The high conductivity of an electrodeôs material and 

electrolyte causes all points below its surface to an equipotential, meaning the electric potential 

detected by an electrode is the approximate average of the potential distribution which would have 

been present at the surface covered by the electrode were it not to be applied. So while larger 

electrodes reduce the impedance of the electrode-skin interface, they also introduce a low-pass 
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spatial filtering effect which reduces noise as a function of the electrodeôs size. This noise 

reduction comes at the cost of attenuating signal components with spatial frequencies laying 

beyond that of the effective spatial low-pass filterôs cut-off frequency [127], [128], and because 

the underlying physiological phenomenon that sEMG aims to capture is the spatial and temporal 

propagation of motor unit action potentials, the sEMG signal therefore has its own spatial 

frequency characteristics which must be accounted when determining electrode size [124]. Failure 

to do so can result in undesired influence on a recorded sEMGôs spatial and temporal features 

[124], [125], [126]. The shortest wavelength contributing to the sEMG signal from motor units 

closest to the skinôs surface is about 10 mm [128], corresponding to a high-end spatial frequency 

in the range of 70ï90 cycles/m with occasional peaks above 100 cycles/m [124], [127]. Deeper 

muscles contribute signals of a longer wavelength and are thus not a deciding factor on this 

estimation [128]. Because of this, surface electrodes with diameters between 3ï5 mm are 

acceptable while those above this range modify the shape and spectral features of signal 

contributions from the most superficial motor units [127], [128]. This may differ for non-circular 

electrodes however, as asymmetry in electrode shape can change the length of path the motor unit 

action potential travels under the electrode such as in the case of a rectangular electrode, where a 

path between corners is longer than through its sides, leading to a lower spatial cut-off frequency 

[127]. The impulse response and transfer function of the low-pass spatial filtering effect of circular 

and rectangular electrodes are shown mathematically in Table 3.1. 

Electrode layout over the muscle of interest further affects spatial sampling characteristics, 

particularly the distance between each electrode. This distance is called the interelectrode distance 

(IED) and determines an electrode configurationôs spatial sampling frequency. In order to avoid 

loss of information due to spatial aliasing, this sampling frequency must be above the Nyquist rate 
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ï twice the highest spatial frequency of interest in the sEMG signal. Put another way, the 

interelectrode distance must be smaller than half the shortest wavelength contributing to the sEMG 

signal. As this shortest wavelength is approximately 10 mm (or 100 cycles/m), the interelectrode 

distance should therefore be less than 5 mm (or 200 cycles/m) under ideal conditions [127]. In 

reality, several factors permit slight leniency in this maximum value such as the low-pass filtering 

effect of bodily tissue and that the wavelengths contributing to the surface potential distribution is 

muscle and subject dependent. Values up to 8ï10 mm are therefore acceptable in practice with 

only minor alterations to the observed signal [128].  

Table 3.1 ï Impulse response (hE) and transfer function (HE) equations for the effective spatial low-pass filter 

introduced by the electric potential averaging effect of an electrode as a function of its size. They represent a circular 

electrode with radius r and a rectangular electrode with sides a and b, both with frequency components fx and fy in the 

x and y directions respectively. J1 is the Bessel function of first kind and first order [127].  
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Differential Amplifiers  

An sEMG instrumentôs differential amplifier serves to amplify the signal present at the 

electrodes and provide common mode rejection to eliminate signal interference shared between 

them [123]. The amplifier takes two inputs, an inverting and a non-inverting input, and produces 

an output which is proportional to the difference between them [129]. This can be represented 

mathematically, where ὠ  and ὠ  are the non-inverting and inverting inputs, respectively, ὃ  is 

the amplifierôs differential gain, and ὠ  is the amplified output signal [129]: 
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ὠ ὃ ὠ ὠ  

Given an sEMG measurement where two electrodes are placed on the skinôs surface 

parallel to the length of a muscle, the measured voltage distribution changes as the motor unit 

action potential travels along the muscle fibers outward from the neuromuscular junction to the 

end of the muscleôs length. The propagating change in electric potential therefore reaches each 

electrode at different times, and so the energy detected at each electrode is unique from one another 

at any given point in time. The signals from these two electrodes are then taken as inputs by the 

differential amplifier and their amplified difference is passed on into the output. The energy 

common between the two of them is eliminated in this process. This property of differential 

amplifiers is called common mode rejection and serves as an effective means to eliminate unwanted 

signal interference shared between input electrodes [123]. The gain for both of the amplifierôs 

Figure 3.2 ï Spatial low-pass filtering effect of a rectangular surface electrode. (a) Impulse response of a square 

electrode; (b) transfer function of a square electrode for a = 5 mm; (c) Section of the transfer function in the planes fx 

= 0 or fy = 0; (d) Section of the transfer function in the planes fx = fy (45° with respect to the reference vertical planes). 

The spatial filterôs cut-off frequencies are indicated by dashed lines [127]. 
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inputs are ideally always equal to one another, but in reality, this is not always the case. Difference 

between them mean that identical inverting and non-inverting input signals may not always result 

in an output exactly equal to zero. A more accurate representation of a differential amplifierôs 

input, taking ὃ as its common-mode gain, is given by [129]: 

ὠ ὃ ὠ ὠ ὃ
ὠ ὠ

ς
 

The relationship between a differential amplifierôs differential-mode and common-mode 

games is expressed as its common mode rejection ratio (CMRR) which is measured in decibels 

and represented mathematically as [123]: 

ὅὓὙὙ ςπÌÏÇ
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Maintaining the desirable properties of an amplifier requires its differential-mode 

amplification to be high and its common-mode amplification to be low, corresponding to as high 

Figure 3.3 ï Spatial low-pass filtering effect of a circular surface electrode. (a) Impulse response of a circular 

electrode; (b) transfer function of a circular electrode for d = 10 mm. (c) Section of the transfer function in any direction 

passing the origin. See caption of Figure 3.2 [127]. 
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a common mode rejection ratio as possible. In an ideal amplifier, this value is infinite. Typical 

values of commercially available differential amplifiers range between 90ï140 dB [123]. A value 

in the range of 100ï120 dB is necessary in order to limit the interference of parasitic capacitive 

coupling to 60 Hz powerlines to a negligible level [126]. High-quality amplifiers typically have an 

adjustable gain between the ranges of 100-10,000 (V/V) which helps maximize the signal-to-noise 

ratio of its sEMG recordings [130]. 

Furthermore, a sEMG instrumentôs differential amplifier must have very high input 

impedance. Accurate voltage measurement devices require significantly higher input impedances 

than the impedance at the electrode-skin interface, with the general rule suggesting input 

impedance be at least 10 the times the interface impedance for any kind of measurement and at 

least 100 times the interface impedance for high precision measurements [123], [130]. The 

electrode-skin interface impedance is often less than 50kÝ when using typical gel electrodes, 

requiring an input impedance of at least 10MÝ, but potentially at or above the 1MÝ level when 

using dry electrodes, requiring an input impedance in excess of 1GÝ for high precision 

measurements [130]. Failure to use an amplifier with sufficiently high input impedance can 

compromise its common mode rejection capabilities, increasing the instruments susceptibility to 

signal contaminants [123]. 

Filtering  

The sEMG signal is susceptible to numerous contaminants beyond those that can be 

mitigated by diligent amplifier and electrode design. These can affect the amplitude, temporal, and 

frequency features of the recording necessary for deriving information needed for their clinical 

application. Three broad categories of contaminants exist: noise, interference, and artifacts. Noise, 

more specifically instrumentation noise, refers to signal contamination arising from the sEMG 
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instrument itself, including thermal and quantization noise. Interference is the contribution of any 

unwanted signals into the sEMG recording; the most common example being parasitic capacitive 

coupling to 60 Hz powerlines. Artifacts are contaminants that arise from issues with the sEMG 

measurement on the skinôs surface including poor electrode contact, stretching, motion, or changes 

in impedance. Movement often makes artifacts worse, either intermittently or throughout the 

recordingôs duration [125]. 

Mitigation, or even outright elimination, of these contaminants is possible through the use 

of analog or digital filters. Contaminants lying outside the range of typical sEMG signalôs 

frequency spectrum can be eliminated with a band-pass filter, while those lying within the 

frequency spectrum can be eliminated with a band-stop, or notch, filter. The cut-off frequency of 

these filters should be set at the point where the contaminant signal contributionôs amplitude 

surpasses that of the sEMG signal itself. As the sEMG signalôs frequency spectrum is contained 

within the 0ï500 Hz range [125], [131], an instrument may include a band-pass filter with a high 

frequency cut-off around 400ï500 Hz [131]. Selection of a low frequency cut-off is more 

complicated due to the overlapping spectrum of contaminant and sEMG signals at this range. Most 

recommendations fall between 5ï20 Hz [131]. The most dramatic reduction in contaminant signal 

contribution occurs at a cut-off of 10 Hz, but sufficient elimination of all components may not 

occur until 20 Hz. Lower reduction continues up to 30 Hz, but beyond 30ï40 Hz, distortion of the 

sEMG signal itself begins to occur [131]. The International Society of Electrophysiology and 

Kinesiologyôs Standards for Reporting EMG Data suggests a filter bandwidth of at least 10ï400 

Hz and a minimum sampling rate of 800 Hz to accommodate this range [132]. 

Several contaminants lie within the sEMG signalôs active 10ï500 Hz range and will remain 

after band-pass filtering however. 60 Hz powerline interference is the most common example of  
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Table 3.2 ï Summary of common EMG contaminants and methods for their prevention and mitigation. Original 

table modified from [125]. 

Name Description Effect on the EMG Signal Prevention and Mitigation 

    

Instrumentation Noise and Distortion 

Thermal and Flicker 

Noise 

Low amplitude random fluctuations in 

EMG measurements due to noise from 

electrical components of the acquisition 
system (amplifiers, filters). 

Manifests as white noise (thermal 

noise) and/or low frequency noise 

with a roll-off of 1/f (flicker noise). 

High quality acquisition 

system, filtering. 

Amplifier Saturation Amplifier operates outside of linear 

range. 

Nonlinear amplitude distortion due 

to reduced gain for higher 
amplitude amplifier inputs. 

Appropriate gain settings. 

Analog to Digital 

(ADC) Signal 

Clipping 

EMG signal amplitude falls outside of 

the range of the ADC. 

Signal clipped at maximum or 

minimum values of ADC. High-

frequency components introduced 

due to discontinuities. 

Appropriate gain settings. 

Quantization Noise ADC conversion from analog to discrete 

signal results in loss of information as 
values are rounded to discrete values. 

Random round-off errors which 

manifests as white noise 

Use full range of ADC. 

Using high resolution 
ADC. 

 

Interference 

Power-line 

interference 

Capacitive coupling between the EMG 

acquisition equipment and power mains. 

Sinusoidal signal with main 

frequencies at 50 Hz in Europe and 
60 Hz in North America, and their 

higher order harmonics. 

High common-mode 

rejection ratio. Notch or 
comb filtering. 

Electrocardiogram 
(ECG) interference 

ECG signal interference, particularly 
when EMG is measured in proximity to 

the heart (i.e., neck, back, chest, 

abdomen, esophagus, and diaphragm). 

Additive ECG signal spikes, added 
power to recorded data in 10-20 

Hz range. 

High-pass filtering, spike 
clipping, adaptive filtering, 

template subtraction. 

Crosstalk EMG recordings from nearby muscles 
contaminate the EMG recording of the 

muscle of interest. 

EMG activity from non-target 
muscles. 

Good electrode placement, 
smaller electrode surface 

area, smaller inter-

electrode distance, spatial 
filters, adaptive filters, 

blind source separation. 

    

Artifact and other Measurement Effects 

Measurement artifact Poor electrode contact due to electrode 

lift, skin-stretching, cable motion, or 

impedance changes at the electrode-skin 
interface 

Reduced amplitude or loss of signal. 

Low frequency modulation of 

common mode interference due to 
varying impedance electrode 

mismatch, varying capacitive 

coupling, etc. 

Ensure appropriate 

electrode contact, discard 

contaminated components, 
filtering. 

Baseline wander Signal baseline slow changes over time 

due to electrochemical fluctuations at the 

electrode-skin inteferace 

Slow drift in the baseline, yields a 

low bandwidth artifact (general <1 

Hz). 

High-pass filtering. 

Motion artifact Disruption of the half-cell potential at the 
electrode-gel interface, and skin 

deformation that results in a change to the 

skin potential. 

Motion artifacts are highly variable, 
primarily observed at frequencies 

<20 Hz. 

High-pass filtering. 

Poor electrode 

placement 

Electrodes placed near innervation 

zones/tendinous regions record non-

propagating components, electrode type, 
size, and inter-electrode distance also 

influence signal quality. 

Reduced EMG amplitude, increased 

influence of measured noise, 

temporal distortions in time-domain 
due to non-propogating components. 

Specific placement 

recommendations for major 

muscles provided by 
SENIAM. 
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this. Eliminating these signal components can be accomplished with a band-stop or notch filter 

which has a very narrow, very steep slope in its frequency response to eliminate contaminants at a 

particular frequency with minimum elimination of neighboring sEMG signal components. In the 

case of powerline interference, a band-stop filter would reject frequencies between 59ï61 Hz to 

eliminate its 60 Hz contribution [123]. Such an approach should be avoided whenever possible 

however as the sEMG signal has significant contributions in this frequency range which are 

desirable to include in the final recording [130]. 

Detection Methods 

The arrangement of electrodes in relation to the inputs of a sEMG instrument is its detection 

method or electrode configuration [128]. There are several methods. The simplest is monopolar 

detection, where one active surface electrode over the muscle of interest is used as the amplifierôs 

non-inverting input and a distant reference electrode is used as both the amplifierôs inverting input 

and reference. This configuration most directly captures the electric potential map generated over 

the skin by a muscleôs activity. All other detection methods are different analog or numerical 

combinations of these monopolar potentials. The two active electrode pair arrangement discussed 

earlier is the bipolar or single differential detection method. The equivalent of this analog 

arrangement can be determined numerically by taking the difference of two equivalent monopolar 

measurements. The main difference between detection methods is their spatial selectivity [128], a 

characteristics important in the ability to separate the recorded sEMG signal into its individual 

sources [126]. 

Spatial selectivity is related to detection volume, or the space in which a source a given 

distance away is able to contribute signal components above the noise level [124]. A reduction in 

detection volume results in an increase in spatial selectivity [128], which in turn leads to a 
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reduction in crosstalk, or the detection of signal components originating from one source but being 

observed at another [124]. This concept is best described by imagining individual positive point 

source charges located some distance below the skinôs surface. These point sources generate 

electric fields which produce a voltage distribution due to its diffusion within the conductive 

volume of the skin. The result is a voltage distribution projected across the skinôs surface with the 

largest magnitude present directly above the point source and decreasing magnitudes extending 

outwards from there. A point source farther from the surface of the skin generates a similar 

distribution which is smaller in magnitude but more spatially extended. The presence of multiple 

point sources in close proximity to one another may therefore produce overlapping voltage 

distributions on the skinôs surface. Motor unit action potentials share this dynamic. The surface 

representation of induced voltage distributions which originate from different muscles may overlap 

Figure 3.4 ï Overlapping distribution of surface intensities as a result of point sources some distance away. (a) Two-

dimensional distribution of intensity generated by a single positive point source charge at depth h below the surface. 

(b) Partially overlapping distribution of intensities generated by two point sources. (c) Profile of surface intensities 

along line L. Crosstalk and overlapping surface intensities were discussed in relation to point light sources in [128]. 



  

61 

to produce a blurring effect. This is the phenomenon of crosstalk, and it can be caused by both 

muscle fibers in close horizontal proximity and by the spatially-extended voltage distribution 

originating from muscle fibers located deeper below the skin [128]. As a result, a single differential 

detection method can be used to improve the spatial selection of the motor units closer to the skinôs 

surface by introducing its own spatial filtering effect, where the amplifierôs non-inverting and 

inverting inputs apply positive and negative weighting to the two recording electrodes as a means 

to partially eliminate the signal contributions of deeper muscles shared between them. The result 

is a reduction in crosstalk from deeper muscles compared to equivalent monopolar detection 

methods [133].  

Crosstalk can also stem from the end-of-fiber effect. This is a non-propagating signal 

components caused by the extinction of a motor unit action potentialôs tripole at the end of each 

Figure 3.5 ï Representation of the end-of-fiber effect. (a) Tripole extinction representation. The first current pole 

stops at the end of the fiber; as the second current pole continues to propagate, the dipole formed between them 

narrows until it is eliminated. The final dipole between the remaining current pole and the third current pole then 

narrows and is eliminated as well. (b) A linear electrode array placed over a simulated motor unit. (c) Simulated results 

of (b) with monopolar detection. (d) Experimental results of (b) with monopolar detection [124]. 
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muscle fiber. For a single muscle fiber, this can be represented as a sequence of discrete events: 

(1) the action potentialôs first current pole stops at the end of the fiber, (2) as the second current 

pole continues to propagate, the dipole formed between them narrows until it is eliminated, and 

(3) the final dipole between the remaining current pole and the third current pole then narrows and 

is eliminated as well. This phenomenon can cause distortions of the sEMG signal, but its impact 

is mitigated by single differential detection methods instead of monopolar ones [124]. 

Sensing Arrangements 

While the two active electrode pair configuration is useful for establishing the fundamental 

instrumentation concepts of sEMG acquisition, the arrangement provides a limited amount of 

Figure 3.6 ï Three different electrode configurations and their results when monitoring a simulated motor unit action 

potential as arbitrary units (a.u.).  Electrodes are arranged as a linear array with 16 points. Arrangements are (a) 

monopolar, (b) single differential (SD), (c) double differential (DD), Distortion present at the edges of the electrode 

array are due to the end-of-fiber effect, a phenomenon discussed later on in this work. Both SD and DD methods 

somewhat mitigate this distortion [124]. 



  

63 

information in practice [127]. Introducing additional electrodes to the sEMG instrument enables a 

far greater quantity of information to be collected. An increasingly common example of this is the 

linear electrode array, an approach which can capture a spatial map of instantaneous electric 

potentials on the skinôs surface along [124]. These linear electrodes are able to detect signatures 

of multiple motor unit action potentials, estimate their length and their conduction velocities, and 

identify the site of their innervation zones [128], the region where most motor end plates are 

grouped near the middle of a motor unit [124].  

Linear electrode arrays can still only monitor along the length of a muscle however, a single 

spatial axis. Two-dimensional electrode grids can be used to capture even more spatial 

information. They can provide insight into the propagation of action potentials in their transversal 

direction, enable better discrimination between motor unit signatures for their decomposition into 

Figure 3.7 ï Schematic diagram of a linear electrode detecting two propagating motor unit action potentials. 16 

electrodes produce 15 measurement channels as a result of their arrangement relative to the instrumentôs amplifiers 

[128]. 
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individual motor unit action potentials, and capture the localized behavior and territory size of 

active motor units in space [128]. These two-dimension grids are defined by their number of rows 

and columns of electrodes, their electrodesô individual size, and their interelectrode distance. These 

definitions can then be used to calculate a gridôs sampling area and spatial sampling frequency 

[134]. sEMG acquisition with the use of grids with sufficiently high spatial density may be referred 

to as high-density surface EMG (HD-sEMG) [135]. The data captured by such an instrument takes 

the form of a two-dimensional analog signal of the instantaneous spatial voltage distribution across 

the skinôs surface sampled in both time and space. Visually, this can be expressed as a sequence 

of maps containing the voltage distribution divided up into a collection of pixels which, in a 

monopolar detection scheme, are each representations of a single electrode. Further processing of 

this map, such as calculating the root mean value (RMS) of each pixel over specific time intervals, 

Figure 3.8 ï sEMG detection performed with a two-dimensional electrode grid. (a) Schematic representation of an 

electrode grid with 8 rows and 8 columns. Each electrode can be taken with respect to a shared reference point to 

achieve a monopolar detection scheme or as the difference between two adjacent electrodes to achieve a bipolar or 

single differential detection method. (b) Time sampling of each channel for monopolar and (c) single differential 

detection. (d) Spatial representation of the sEMG signal as the root mean square value (RMS) of each channel over 

specific time intervals to produce a series of image maps [124]. 
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can produce frames which depict specific signal features of interest [124]. The exact method of 

analysis employed will depend on the information desired for the particular application in question.  

3.2.2 Motion Sensing 

Although sEMG provides substantial insight into the nature of muscle activation and 

coordination during motor execution, it offers little information about body movement itself. Some 

form of motor sensing must be combined with sEMG functionality in order to assess the full scope 

of motor execution. sEMG is often found as but one component of multi-component movement 

assessment systems for this reason [136]. A vast range of sensing technologies exist for this 

purpose and hold varying degrees of adoption within the field of wearable health monitoring 

systems. Two particularly relevant options are inertial measurement units and strain sensors.  

3.2.2.A Relevance 

Inertial measurement units (IMUs) and accelerometers are by far the most popular sensing 

technology in the wearable health monitoring systems field [116], [137]. They typically appear as 

several sensor nodes distributed across different locations of the body to capture kinematic 

parameters such as orientation, position, and velocity to assess body posture, joint range of motion, 

and other relevant metrics [116]. Placements above and below joints, including those of the neck, 

fingers, elbow, shoulder, hip, knee, and ankle are common [138]. These devices are small, cost-

effective, and non-invasive tools with a demonstrated capacity to provide accurate and portable 

motion tracking [138]. They are frequently combined with sEMG sensing in wearable platforms 

to provide a holistic assessment of movement dysfunction [139]. 
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3.2.2.B Sensing Properties and Considerations 

An IMU is an assembly of multiple sub-components. This includes three orthogonal 

gyroscopes and three orthogonal accelerometers mutually aligned with each other to form a single 

sensing unit capable of measuring its own movement using the principle of inertia. Each 

accelerometer measures linear acceleration and each gyroscope measures angular velocity about 

one axis. By combining three of each, IMUs are able to measure both three-dimensional linear 

acceleration and angular velocity with respect to the electronic sensing system they are embedded 

within [140]. A magnetometer may also be included [138] for the correction of measurement errors 

[140]. 

Despite their popularity, IMUs are not without issue. Numerical integration of IMU data is 

used to determine mechanical quantities of interest. Angular displacement, for instance, is 

estimated from numerical integration of angular velocity data from an IMUôs gyroscopes. Linear 

velocity and linear displacement are similarly estimated from the first and second numerical 

integration of linear acceleration data from an IMUôs accelerometers. Any error present in these 

initial measurements, no matter how small, will accumulate in this process of integration. Over 

time, this leads to drift [140]. Acceleration due to gravity must also be eliminated before these 

numerical integrations can be performed. Doing so requires knowledge of the deviceôs orientation 

in space. An estimation of this orientation can be achieved through the numerical integration of a 

gyroscopeôs angular velocity data, but here too, drift can lead to inaccuracies. To mitigate this, 

orientation estimates can be periodically reset whenever a known kinematic state is detected by 

the system to correct this drift, such as when a static state is detected. Magnetometers can also help 

by resetting drift estimates about the vertical axis using the local magnetic North as an absolute 
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reference. Naturally, this latter option is subject to interference by nearby ferromagnetic objects, 

but, barring that, the result is an obtainable, full 3D orientation of the device in space [140]. 

Motion artifacts and potential misalignment between IMU and anatomic axes are additional 

concerns specific to human movement assessment. Rigidly fixing the IMU to the body segment of 

interest can help minimize the chance of large motion artifacts, while those due to soft tissue 

movement or external vibrations may be further mitigated through signal filtering. Manual 

alignment of the IMU axes with the anatomical axes of target body segments provides limited 

accuracy, but errors may be correctable in post-processing using gravity alignment [140]. 

3.2.3 Strain Sensing 

3.2.3.A Relevance 

Strain sensing is less prevalent than IMUs in wearable healthcare systems but have received 

notable research attention for their application to human movement monitoring. The technology is 

versatile enough to be applied across large joint movements to just the subtle deformations of pulse 

or respiration [141]. Sensors are often applied at the knees, ankles, elbows, and hands for 

movement assessment of joints [141] and the shoulders and upper trunk for posture deviation 

assessment [116]. Wearable textiles with integrated strain sensors have been used for monitoring 

kinematic parameters relevant to motor execution assessment and demonstrate a potential avenue 

for improving the convenience and accessibility of remote rehabilitation techniques [142]. 

3.2.3.B Sensing Properties and Considerations 

Strain sensors can be classified based on their transduction method. Five methods are 

common: resistive, capacitive, optical, piezoelectric, and triboelectric. Piezoelectric and 

triboelectric sensors have limited relevance to wearable rehabilitation systems because of their 



  

68 

high operating frequencies and inability to capture static strain due to fast charge transfer. Resistive 

and capacitive strain sensors have been the subject of extensive study demonstrating their 

usefulness for this application however, offering a relatively simple readout, high stretchability, 

and acceptable dynamic performance [141]. Optical strain sensors have shown similar suitability 

due to their resistance to environmental factors and minimized sensitivity to electromagnetic 

interference [141]. 

Resistance-type strain sensors monitor change in electrical resistance of a conductive 

material as a result of geometric deformation, the intrinsic resistive response of materials 

themselves, and disconnection mechanisms [CITE 83]. As materials are stretched, their cross-

sectional area changes due to contraction in the transverse direction of stretching based on the 

materialôs Poisson ratio, the negative ratio of transverse strain to axial strain. In the case of a 

conductor, this change in geometric properties leads to a change in its electrical properties. Its 

resistance can be geometrically defined [141]: 

Ὑ ”
ὒ

ὃ
 

Where ὒ is the length of the conductor is, ὃ is the cross-sectional area of the conductor, 

and ” is the electrical resistivity of the conducting material. Resistance of a conductor therefore 

increases alongside increasing length and decreasing cross-sectional area, allowing it to serve as a 

measure of the applied mechanical strain that deformations of these geometric properties stem 

from [141], [143]. Change in resistance can also stem from the mechanical deformation of a 

semiconductor inducing a change in its bandgap interatomic spacing or mechanical deformation 

which causes the propagation of microcracks and reduction of conductive overlap areas [141]. 
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Capacitive and optical strain sensors are mostly limited to the use of geometric deformation 

as their principle sensing mechanism [141]. Given a strain sensor arranged as a parallel-plate 

capacitor, its capacitance can be defined as [143]: 

ὅ ‐‐
ρ ‐ὰύ

Ὠ
 

Where ὰ, ύ , and Ὠ are the capacitorôs initial length, width, and dielectric layer thickness 

respectively, ‐ and  ‐ are dielectric constant of vacuum and relative permittivity of the dielectric 

media respectively, and ‐ is the strain affecting the capacitor. Taking the strain sensorôs initial 

capacitance as ὅ ‐‐ ὰύȾὨ , this relationship can also be expressed as ὅ ρ ‐ὅ. 

This linear function of applied strain holds until the linear relationship between different axes via 

the Poissonôs ratio becomes invalid at some limited amount of strain [143]. 

On the other hand, optical strain sensors rely on the attenuation of light transmission when 

stretchable optical waveguides are geometrically deformed. The absorbance of a waveguide, 

derived from the Beer-Lambert Law, can be represented as ὃ Ὡὧὒ, where ὃ is the absorbance, 

Ὡ is the absorptivity of the optical material, ὧ is the concentration of chemical species in the 

medium attenuating light, and ὒ is the length of the waveguide. When stretched to strain ‐, its 

absorbance can be defined as [141]: 

ὃ
ὥ

ρπ
ὃ  

Where ὥ is the output power loss and ὃ is the baseline absorbance. This power loss can 

then be expressed as ὥ ρπὩὧὒ‐, assuming Ὡ and ὧ remain constant during stretching, to reveal 

a linear relationship between output power loss and applied strain [141]. 

Strain sensor design and performance can be assessed by seven metrics: stretchability, 

sensitivity, linearity, hysteresis, response time, recovery time, and dynamic durability. 
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Stretchability reflects the maximum strain under which the sensor maintains its physical integrity 

and response stability. Sensitivity quantifies the ratio of relative change in output signal to applied 

strain and is defined as the sensorôs gauge factor (GF). Linearity is quantified by the coefficient of 

determination (R2) obtained via linear regression. Hysteresis is the dependency of the sensorôs 

current state on its history. Response time and recovery time are the amount of time required for 

the sensors to reach and return, respectively, to a steady-state response, and dynamic durability is 

the endurance of the sensor to long-term stretching-releasing cycles [141], [143]. 

3.3 Modern Electromyography and Motion Sensing Applications & Technology 

3.3.1.A Applications to Rehabilitation 

The usefulness of sEMG monitoring emerges from its ability to observe the organizational 

control of muscles during motion. Its suitability to distinguish between physiological and 

pathological activation patterns through the detection of agonist and antagonist co-activation was 

demonstrated early on in the techniqueôs history, and its clinical relevance to neuromuscular 

coordination has only grown alongside its development [144]. It has found common use in clinical 

gait analysis for both functional diagnosis and monitoring therapeutic outcomes for example [144]. 

Even the conventional, single differential sEMG instrument provides reliable information on the 

general and temporal activation of muscles and muscle groups in nearly all clinically relevant 

situations including dynamic movement, isometric contraction, in patients with severe movement 

disorders, and in both adults and children [144]. Advanced sEMG techniques such as two-

dimensional electrode grids offer even more insight into muscle force, motor unit recruitment and 

de-recruitment strategies, muscle length, innervation zone locations, muscle fatigue, and more 

[144]. This information can find immediate relevance in monitoring pathological alterations of 

primitive motor unit activation synergies, estimations of muscle force contributions of several 
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muscles to teach or modify activation patterns, quantitatively assessing muscle fatigue via changes 

in muscle fiber conduction velocity and frequency spectrum shifts, evaluating muscle spasticity 

and over activity, location innervation zones for proper placement of electrodes [144] and injection 

of botulinum toxin for treating muscle spasticity [145], detecting truck compensatory movements 

that may limit rehabilitation training effectiveness [146], identifying causes of acquired 

deformities to drive treatment selection, and serving as a control signal for prosthetic and assistive 

devices [144]. The development of portable research and commercial sEMG sensing platforms 

have also drawn attention for their possible use in tele-rehabilitation practice and potential to make 

the current in-patient uses of sEMG available to home and community environments [122]. 

IMUs and strain sensors are both used in wearable rehabilitation systems to monitor body 

movement kinematics [142]. Continuously collected data from the two modalities can provide 

objective, quantified information regarding the orientation, position, velocity, body posture, and 

joint angle of subjects [116], [141], all of which are essential elements for the assessment of 

common mobility tests, identification of pathological movement, characterization of disease stage, 

fall management, activity recognition, and certain treatment augmentations such as biofeedback-

based motor training [139]. IMU-based systems specifically have demonstrated high reliability 

and low measurement error for more timed up and go (TUG) clinical test measures, the ability to 

identify kinematic gait variable differences between stroke and control groups, and level of truck 

control during static activities [139]. They have also shown comparable treatment outcomes in 

patient balance, mobility, strength, and range of motion when used for biofeedback-based 

treatment as those seen with therapist-only cueing [139]. Strain sensing has shown suitability for 

similar assessments, including monitoring hand motion, joint movement, and the identification of 

compensatory movements [147]. Wearable rehabilitation systems can leverage these capabilities 
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an offer a unique route to extend in-patient training opportunities and improve existing training 

quality for patients through independent learning and remote home exercises which utilize data-

driven assessment and feedback in place of costly in-person monitoring by therapists [116]. 

Combining sEMG, motion sensing, and strain sensing together offers far greater potential 

use however. Such systems provide a much more complete picture of human motor function, with 

kinematic parameters monitored by IMUs and/or strain sensors and the organization control of 

muscle groups by sEMG instruments [136]. Under this combined approach, the specific 

applications of each sensing modality may still be performed while also enabling improvements 

in the applications shared between them. For example, the characterization of motor abnormalities 

in a set of performed functional motor tasks from data collected by a wearable system equipped 

with both IMUs and sEMG instruments demonstrated superior performance through their 

combined use than when one or the other was used alone [148]. A system incorporating sEMG, 

strain sensors, and IMUs demonstrated a further advantage, where the placement of multiple 

sensors enabled the detection of compensatory movements during exercises which may have 

otherwise gone undetected should only one or two of the sensing modalities been employed [149]. 

3.3.1.B State-of-the-Art Technologies 

Table 3.3 and Table 3.4 provide surveys of select research publications and commercial 

devices which incorporate wearable sEMG sensing. Present within the selected wearable sEMG 

research devices was the recurring trend to overlook many of the spatial sampling considerations 

relevant to the accurate monitoring of muscle activity. Two publications [150], [151] failed to 

specify the IED used despite providing the dimensions of electrodes, one [152] failed to specify 

the dimensions of the electrodes used despite providing the IED used, three used electrodes with 

dimensions either too large [151] or nearly too large [150], [153]to detect the wavelengths of all 
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motor units near the surface of the skin, and two [153], [154] utilized IEDs above the recommended 

8-10mm limit to avoid spatial aliasing. While the exact spatial requirements of sEMG 

measurements varies between subjects, muscles of interest, and physiological information to be 

acquired [128], design considerations regarding these factors were rarely discussed in the 

literature. Furthermore, other than assessment of general motor function, few clinically-relevant 

rehabilitation measures were specifically targeted in either research or commercial devices. 

Table 3.5 and Table 3.6 provide similar surveys of select research publications and 

commercial devices which incorporate IMU and strain sensing technologies alone, in conjunction 

with one another, and in conjunction with sEMG capabilities. Across both academic and 

commercial ecosystems, IMUs [24], [155], [156], [157] saw significantly more use than strain 

sensors [24], [157], [158] and no research or commercial system surveyed contained strain and 

sEMG without also including IMUs [24], [157]. When present, resistance-type strain sensors [24], 

[157], [158] were more popular than capacitive-type sensors [159]. No optical-type strain sensors 

were present in any of the systems surveyed. In one of the two systems containing all three sensing 

techniques [24], the sensitivity of strain sensors was leveraged to detect compensatory shoulder 

abduction motion not captured by its accompanying IMU, demonstrating a potential application 

of this under-utilized technology. 

3.4 Wearable sEMG and Motion Sensing Stroke Assessment System 

Although wearable healthcare technology presents great opportunity to improve home and 

community based rehabilitation practices, this potential has largely gone unrealized. Clinical 

adoption of these technologies remains low. Few comprehensive wearable rehabilitation systems 

exist in either academic or commercial ecosystems which go beyond general sensor functionality 

to specifically target rehabilitation assessment applications, and those that do often possess 
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significant drawbacks. Much of the technology currently available for remote care falls short of 

the patient ease of use required for its widespread adoption, often being very costly or requiring 

caregiver assistance for their setup [160]. Others employ rigid form-factors, offer only a single 

sensing modality, cannot be easily reused, or overlook rigorous design of essential sensing 

parameters. Many of these barriers can be overcome through the development of convenient, 

wearable rehabilitation platforms which specifically target and demonstrate the ability to monitor 

clinically-relevant assessment parameters through comprehensive sensing approaches. Once 

developed, these systems could serve a crucial role in further clinical studies and help bridge the 

current gap between technical and clinical research [120]. 

Such a system is outlined below. Its design incorporates sEMG, joint angle strain, and 3-

axis acceleration sensing in conjunction with small, light-weight electronics to create a convenient 

and reusable armband form-factor for the specific purpose of monitoring clinically-relevant stroke 

rehabilitation assessment parameters. Recommended sensing design parameters are strictly 

adhered to in order to enable more advanced sensing, such as HDsEMG monitoring, in future 

system iterations. 

3.4.1 Platform Design & Implementation 

The NeuroRehab platform is composed of three primary components: a novel silver 

nanowire (AgNW) sEMG dry electrode patch and strain sensor, a set of custom printed circuit 

boards (PCBs) serving as the systemôs core electronics, and a textile armband structure which all 

other components are incorporated into. The platform is controlled wirelessly by a custom 

Bluetooth Low Energy (BLE) interface which connects to the device, initiates recording sessions, 

and received transmitted sensor data. The textile armband structure and use of dry electrodes 

allows the platform to be easily setup and reused with minimal preparation time. A 4g, 150 mAh 
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lithium polymer (Li-Po) battery provides up to 7.5 hours of continuous data collection and may be 

recharged using the platformôs wireless charging capabilities. The combined system weighs 112g 

ï 22g for the system electronics, 4g for the battery, and 86g for the armband structure and sensors. 

3.4.1.A sEMG Electrode Patch & Strain Sensor 

The NeuroRehab platform integrates support for novel AgNW sensor designs provided by 

Dr. Yong Zhuôs Nanomechanics and Nanoengineering Laboratory [181], [182]. These include a  

Table 3.3 ï Survey of select academic wearable sEMG systems with applications relevant to neural rehabilitation. 

Reference Detection Method Channels Application/Purpose Methods and Results 

Tam et al, 

2020 [150] 
HD-sEMG; 

Monopolar 
32 

Prosthetic control; 
hand gesture 

classification 

¶ Wearable armband electrode array for 

determining hand gestures via muscle activation 

represented as 2D pixel maps 

¶ 48 dry electrodes (d å 8mm, A = 50.27mm2, 

circular) on PCB pads integrated with flexible 

fabric or vinyl; IED not specified 

¶ RHD2132 AFE for acquisition; Wi-Fi 

transmission 

Cerone et al, 

2019 [151] 

Linear Array and HD-

sEMG; 

Monopolar 

32 

Distributed sensing; 

system 

miniaturization 

¶ Modular sensor unit-electrode patch combination 

usable in multi-device monitoring of different 

sites of interest 

¶ Up to 32 dry electrodes organized as either linear 

arrays or HD-sEMG grids per site (dimensions 

not specified); IED = 5mm or 10mm depending 
on experiment performed 

¶ Demonstrated reliable performance in multiple 

exercises: leg extension, gait, lifting, cycling, and 

jumping 

¶ RHD2132 AFE for acquisition; Wi-Fi 

transmission 

Gong et al, 

2023 [154] 
Bipolar Pair; 

Single Differential 
1 

Muscle strength and 

fatigue monitoring 

¶ Stretchable sEMG epidermal patch and wearable 

FPCB acquisition circuit for monitoring of muscle 

strength and fatigue on the forearm with respect to 

hand dynamometer recordings 

¶ 3 dry Au-mesh electrodes (10x5mm, rectangular) 

for one single differential measurement. IED = 

20mm 

¶ Acquisition performed with discrete components; 

Bluetooth transmission 

Ergeneci et al, 

2018 [153] 
Not specified; 

Single Differential 
8 

Data acquisition 

system; 
Noise cancellation 

¶ Wearable two-stage sEMG acquisition system 

with adaptive contraction detection and powerline 

noise rejection 

¶ 16 dry gold-plated copper electrodes (d Ò 10mm, 

circular); IED = 20mm 

¶ Acquisition performed with multiplexed discrete 

components; Wi-Fi transmission. 

Tedesco et al, 

2022 [151] 
Bipolar Pairs; 

Single Differential 
6 

Remote knee 
rehabilitation 

¶ Multi -sensor wearable garment system for the 

real-time assessment of physical rehabilitation 

exercises 

¶ 12 dry nylon silver-coated woven fabric 

electrodes (40x40mm; rectangular); IED not 
specified 

¶ Acquisition performed with custom circuit (not 

specified); Bluetooth transmission. 
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Table 3.4 ï Survey of select commercial wearable sEMG systems with potential applications for neural 

rehabilitation 

Device Company Cost Detection Method Channels Features 

Shimmer3 

EMG Unit  

[161] 
Shimmer $738 Monopolar 2 

¶ Acquisition unit only; wrist and waist straps 

¶ 65x32x12mm size, gain Ò 12 V/V, ODR Ò 8000 

SPS 

¶ 3 electrode connection ports: 2 active monopolar, 

1 shared reference 

¶ Bluetooth transmission 

Trigno EMG 

Sensors 

[162] 
Delsys 

Not 
specified 

Various 
Various; 

1, 2, and 4 

¶ A collection of EMG acquisition systems for 

applications including gait (1-ch) [163], motor unit 

detection (4-ch) [164], finger (1-ch) [165], 
Hand/forearm (2-ch) [166], face (4-ch) [167], and 

customizable snap lead connections (1-ch) [168]. 
All require an additional system for data 

acquisition 

¶ Dry electrodes (various sizes); IED = 10mm (5mm 

for motor unit detection) 

¶ BLE transmission 

DataLITE 

Wireless EMG 

[169] 
Biometrics 

Not 

specified 

Not Specified; 
Presumed 

Single Differential 

Various; 
2, 4, 8, and 

16 

¶ A collection of wireless EMG acquisition systems 

with options for 2, 4, 8, and 16 channels 

¶ Dry electrodes (d = 10mm, circular); IED = 20mm 

[170] 

¶ Wireless transmission method not specified 

MyoWare 2.0 

Muscle Sensor 

[171] 
MyoWare $39.95 Single Differential 1 

¶ An analog front end device intended for use with 

an expanded data acquisition system for recording 

raw, rectified, and  amplitude envelope signals 

¶ 3 electrode connections: 2 bipolar electrode pair, 1 

reference 

¶ Intended for use of up to six devices connected to 

Arduino systems [172]. 

armband 

[173] 
MindRove $679.00 

Not specified; 

Presumed Monopolar 
8 

¶ Wearable 8-channel sEMG armband system 

¶ 10 dry stainless steel electrodes: 8 active 

monopolar, 1 bias, 1 reference. Dimensions and 

IED unspecified. Limited to 500 Hz sampling rate 

[174] 

¶ Wi-Fi transmission 

FreeEMG 

[175] 
BTS 

Engineering 

Not 

specified 

Not specified; 
Presumed 

Single Differential 

Various; 

Ò20 

¶ Portable EMG system for use with up to 20 

wireless probes equipped with two electrodes each 

¶ Electrode type, size, and IED not specified 

¶ IEEE802.15.4 data transmission 
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Table 3.5 ï Survey of select research wearable systems utilizing various motion sensing techniques for neural 

rehabilitation 

Reference Sensor(s) Application Methods and Results 

Michaud et al, 

2016 [158] 
3 resistive strain 

sensors 
Hand motion tracking 

¶ Epidermal strain sensors arranged over the hand to 

monitor finger flexion and joint angles during fine 
motor tasks 

¶ 50µm thick. Ů Ó 50%. Axial GF = 1.2; Transversal 

GF = 0.05. Sensitivity < 0.2/MPa; Ó 5 Ý/deg 

¶ Demonstrated fast and stable response with 

minimal impediment to natural finger movement. 
More than 10ƺ accuracy when compared to a 

commercial vision based tracking system 

Alhwoaimel et al, 

2020 [155] 
3 IMUs Trunk impairment assessment 

¶ Three commercial IMU devices were placed on 

the sacral spinal level S1, L1 and on the sternum. 

Data was transmitted wirelessly 

¶ Monitored range of motion of affected and 

unaffected sides of healthy and chronic-stroke 

participants during upper and lower trunk 
rotations. Compared symmetry 

¶ Demonstrated feasibility of instrumented trunk 

assessment using IMUs with moderate validity 

Pan et al, 

2021 [156] 
7 sEMG bipolar 

pairs, 4 IMUs 
Upper limb motor assessment 

¶ Bipolar electrode pairs placed over muscles of the 

shoulder, upper arm, and forearm; Four IMUs 
attached to the waist, upper arm, forearm, and 

hand 

¶ sEMG filtered with 20-50 Hz band-pass range. 

Rectified and integrated over 20ms intervals to 

extract an sEMG envelope 

¶ Evaluated features: max shoulder joint angle, 

upper arm peak speed, upper arm average speed, 

torso balance degree, and similarity of muscle 
synergy 

¶ Demonstrated significant differences between 

stroke and control group assessment and a 

relatively high Spearman correlation coefficients 

with the FM scale. Consistency between the 
features and clinical FM scale. 

Little et al, 

2021 [157] 

4 sEMG bipolar 

pairs, 2 IMUs, 1 
stretch (resistive 

strain) sensor 

Elbow motion trajectory prediction 

¶ Four bipolar electrode pairs placed over Biceps 

Brachii, Triceps Brachii, Anterior Deltoid, and 
Pectoralis Major. Two IMUs placed on the dorsal 

sides of forearm and upper arm. Stretch (strain) 

sensor wrapped around upper arm. 

¶ Sampled at 167Hz; sEMG full-wave rectification 

and low-pass 30Hz filtering; IMU low-pass 2Hz 
filtering, differentiated and re-filtered twice. 

Strain low-pass 4Hz filtering 

¶ Demonstrated successful extraction and use of 

kinematic and physiological signal features 

collected during elbow flexion movements. 

Lorussi et al, 

2016 [24] 

1 sEMG 
electrode array, 

17 IMUs, 8 

resistive strain 
sensors 

Stroke patient daily life conditions 
assessment 

¶ One textile electrode array on shoulder abductor 

(10mm square; IED = 20mm) detection method 

not specified; 17 IMUs distributed across feet, 
upper and lower legs, upper and lower arms, 

chest, back, hand; strain sensors on knees, back, 

shoulder, and fingers 

¶ sEMG full-wave rectification, band-pass 10-

300Hz filtering, taken as envelope; IMUs sampled 
at max 120Hz; strain sensor sampling frequency 

not specified 

¶ Demonstrated unobtrusive wearable system 

capable of kinematic and physiological signal 

monitoring and detection of compensatory 
movements 
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Table 3.6 ï Survey of select commercial wearable motion sensing systems with potential applications for neural 

rehabilitation 

Device Company Cost Sensor(s) Features 

Stretch Sensor 

[159] 
LEAP 

Technology 

Not 

specified 
Stretch (strain) sensor 

¶ Stretch sensor with or without sensor electronics 

module; designed to be embedded into elastic and 
deformable materials for movement monitoring 

¶ 1000Hz update frequency; 80mm (80%) maximum 

linear stretch; 0-5V linear output signal; <0.2W 
power consumption 

¶ Capacitive sensing mechanism 

Variable Resistor 

Sensor Fabric 

[176] 
Eeonyx $24.95/sheet Stretch (strain) sensor 

¶ 33x30cm fabric with bidirectional variable 

resistance; described as perfect for stretch or strain 

sensors; no built-in data acquisition system 

¶ Nylon and spandex fabric with conductive coating; 

20kÝ/in2; No appreciable change in resistivity after 
30 washes 

MVN AWINDA  

[177] 
Movella 

Not 
specified 

($3,575 for 

research kit 

[178]) 

IMU 

¶ Wearable setup containing 17 wireless IMU 

sensors distributed across the body and held with 
straps 

¶ Designed for dynamic motion capture; Requires 

additional purchase of processing software 

Ultium Motion 

[179] 
Noraxon 

Not 

specified 
IMU 

¶ Wearable setup containing 16 wireless IMU 

sensors distributable across the body and held with 
either straps or adhesives; ODR Ò 400Hz 

¶ Designed for collection of kinematic measurements 

for all types of motion; Requires additional 

purchase of processing software 

Ultium EMG 

[180] 
Noraxon 

Not 
specified 

sEMG, IMU 

¶ Wearable setup containing eight sensors with 

bipolar pair connectors and IMU; sEMG ODR Ò 

4000Hz, IMU ODR Ò 400Hz; sEMG 24-bit 

resolution, CMRR < -100dB, Zin > 100MÝ, 
5/10/20Hz and 500/1000/1500Hz software 

selectable filter bandwidth settings 

¶ Requires additional purchase of processing 

software 
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sEMG dry electrode patch and a strain sensor. Two variants of the electrode patches were designed: 

an agonist-antagonist pair monitoring version where eight single-differential electrode pair 

channels were distributed evenly across the biceps and triceps, and a 4x4 HDsEMG grid patch 

version which can be used in either single-differential or monopolar detection schemes over a 

single muscle of interest. Both versions employed 4mm-diameter circular electrodes with 10mm 

IED between channel electrodes. All conductive elements besides the electrode contacts were 

encapsulated with PDMS. Small PDMS spacers are applied to the back of each electrode site to 

improve skin contact with the skin. Channel outputs were routed through a commercial, 16-pin 

FFC using conductive z-axis tape adhesive to produce a reliable, standardized connector output. 

The strain sensor utilized a crack propagation architecture to create a reliable resistive-type sensor 

which was then adhered to and covered by dual layers of kinesiology tape for its integration to the 

larger armband form-factor. 

3.4.1.B System Electronics 

The NeuroRehab platformôs system electronics are divided into three separate central, 

sEMG, and strain/motion modules used to retrieve and wirelessly transmit sensor front-end data 

over BLE to a custom software interface running on a secondary mobile or laptop device. Each of 

its two sensor front-end modules possess FFC connectors for interfacing with the platformôs 

custom AgNW sensors. Additional support is offered for commercial sensor alternatives through 

a collection of FFC-to-snap connector adapter modules. Connection between modules is 

accomplished by flexible JST cable assemblies. The combined set of electronics have been 

iteratively designed to bring its weight and size down to a minimum as a means to maximize its 

wearability and convenience. Expressed in total area of all system modules, the electronics have 

gone from 9,190mm2 at its largest, to 7,987mm2, 3,612mm2, 1,574mm2, and now 1,264mm2 at its 
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smallest. The combined weight of all system modules is a mere 8g (17g with the inclusion of its 

battery and inter-module cable assembly). A minimized flexible system variant was also designed 

with a total area of 890mm2 by replacing inter-module cable assembly ports with thin, flexible 

trace connections. The platform operates at an internally regulated 3.3V with an approximate 8mA 

Figure 3.9 ï System electronics and wearable integration of the NeuroRehab platform. The electronics are divided 

into central, sEMG, and strain/motion sub-modules which interface with the platformôs sensors and transmit sample 

data to an external software aggregator over Bluetooth. Sensors and electronics are integrated onto an armband form-

factor to produce a reusable, wearable system. Platform performance was validated with a benchmarking system 

incorporating both commercial brass rivets for sEMG electrodes over the biceps and triceps and novel AgNW strain 

sensor over the elbow. 
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current draw during data collection, allowing for over 18 hours of recording on a single charge. 

Wireless charging functionality is also provided by the system for further user convenience. 

Central Module 

Overall system control is coordinated by its central module. This module handles 

configuration and data retrieval from the systemôs sensor front-end modules, performs all power 

and charging management, manages wireless BLE communication with external software, and 

performs data pre-processing and compression to optimize data throughput. Its BLE-enabled 

system-on-chip (CC2642, TI) plays most significant role in the moduleôs operation, managing its 

BLE stack, digital communication with other components, and handling all data pre-processing 

and compression. Power management is performed by the systemôs 3.3V linear regulator 

(ADP160, AD) which provides power to all other platform components, including the 2.5V buck 

(TPS62205, TI) and -2.5V charge pump (MAX889TESA, Maxim) converters required for sEMG 

module operation. A Qi v1.2-compliant wireless power receiver and battery charging circuit 

(BQ51050B, TI) is also present to manage inductive battery charging for the platform. 

sEMG Module 

The platformôs sEMG electrode patch interfaces with the system through its dedicated 

sEMG module. The module employs a biopotential measurement ADC front-end circuit 

(ADS1299, TI) capable of simultaneously monitoring up to 8 monopolar or single-differential 

EMG channels at programmable sampling frequencies up to 16 kHz and PGA gains up to 24 V/V 

with a typical CMRR of -120dB. This is configured to 1 kHz sampling frequency and 24 V/V PGA 

gain by the platformôs central module. Multiple ADS1299s may also be chained together to 

increase the total channel count by multiples of 8, limited only by the time required for data 

retrieval to occur between samples. Two variants of the sEMG module were designed based on 
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this feature. The first version features a single ADS1299 device to support up to 8 sEMG channels 

with a 16-pin FFC connector to interface with the platformôs custom electrode patch and a 5-pin 

FFC connector to interface with ground and reference electrodes. The second version features two 

ADS1299 devices in a cascaded connection arrangement and the internal clock of the first device 

shared with the second to support up to 16 sEMG channels. An additional 16-pin FFC connector 

is included on the second version to interface either a second electrode patch or a secondary 

connector of an expanded electrode patch. In either case, control of the ADS1299(s) is managed 

by the CC2642 of the platformôs central module, which configures the device(s) over SPI, receives 

an interrupt signals when sample data is ready, and reads back data over SPI. The central module 

also provides the ADS1299ôs 3.3V digital voltage, and 2.5 and -2.5 analog voltage inputs. Optional 

expansion modules were also designed to allow alternative electrodes to connect to the sEMG 

module through its FFC connectors for both development and commercial benchmark 

comparisons. 

Strain/Motion Module  

Both strain and accelerometer motion monitoring is performed by its own respective 

module. The platformôs strain sensor interfaces with the module through a 5-pin FFC connector. 

Change in the strain sensorôs resistance is monitored by a resistive divider circuit with an ADC 

readout (ADS1114, TI). The front-end circuitry can be configured between a low (0ɋ ï 1kɋ) or 

high (500ɋ ï 12kɋ) operating range depending on the output range of the strain sensor by 

changing a single on-board reference resistor during PCB population. Space for an additional 

resistor in the divider circuit is also provided should any offset be needed. Support for capacitive-

type strain sensors is also provided in an alternate version of the module through a capacitance-to-

digital converter device (AD7241, AD). Additional motion sensing is performed by the moduleôs 
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3-axis accelerometer (ADXL362). The front-end components of the two sensing modalities are 

both configured and read by the CC2642 of the platformôs central module. Both modalitiesô 

sampling frequencies are set to 100 Hz and controlled by the ADXL362ôs data ready interrupt 

signal to the central moduleôs CC2642. 

System Firmware 

Task scheduling and power consumption of the platformôs system electronics were 

optimized through its use of the CC2642ôs internal sensor controller CPU to manage sensor front-

end configuration, management, and data retrieval independent of its main processor. This sensor 

controller CPU activates based on data ready interrupt signals from the ADS1299 and ADXL362 

to execute a set of code associated with each. This code repeatedly triggers to read available data 

from the respective front-end device until a given number of samples has been acquired, at which 

point a software interrupt is issued in the CC2642ôs primary processor. This interrupt then initiates 

sample data hand-off between the two processors. For sEMG sensing, an interrupt occurs after 7 

samples when using the 8-channel module and 3 samples when using the 16-channel module. For 

accelerometer sensing, an interrupt occurs after only a single sample. In addition to data hand-off, 

the accelerometerôs associated interrupt also triggers a strain sensor sample to be recorded by the 

CC2642ôs primary processor. To avoid the possibility of data loss, the hand-off process employs 

a dual buffer system, where one buffer is designated for active use by the sensor controller front-

end task while a second is designated as inactive and ready for reading by the primary processor. 

The sensor controller task then alternates between buffers once its currently active buffer becomes 

full and is offered to the primary processor for hand-off. The previously inactive buffer is then 

brought back into use and overwritten. 
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Wireless Transmission Scheme 

Wireless connectivity is managed by the CC2642ôs BLE stack and configured with a 

modified version of its SimpleProfile GATT profile. The profile provides access to four service 

characteristics: system configuration, strain data, accelerometer data, and sEMG data. The system 

configuration characteristic is a 10 byte read/write service used to configure and issue commands 

to the system electronics through the external software interface. The strain, accelerometer, and 

sEMG data characteristics are 182 byte notify services used to transmit sampled sensor data to the 

external software interface when their output buffers are full. The device is configured to support 

a max PDU of 251 bytes, a connection interval of 18.75ms, and a parameter update delay after 

connection of 1000ms. 

The high sampling rate of multiple sEMG channels leads to a significant amount of data 

needing to be transmitted to the external software interface over BLE. Increasing the quantity of 

sEMG channels that can be simultaneously sampled by the platform therefore requires 

optimization of its potential data throughput. In addition to careful design of the deviceôs BLE 

configuration and GATT profile, a delta zig-zag compression scheme was employed to minimize 

the amount of data needed to be transmitted and increase the platformôs effective data throughput. 

This is a two-stage process. First, each sensor sample is taken as the difference between it and the 

previous sample to reduce the number of bits required to represent its value. Second, zig-zag 

encoding is employed to minimize the number of bytes required to represent the resulting delta 

value. This is a form of variable length encoding capable of distinguishing between positive and 

negative values which is used by and outlined by Googleôs Protocol Buffers format [183]. For each 

sensing modality, the platformôs firmware receives sample data from the sensor controller taskôs 

buffer once available, calculates the delta between each sample and the prior one, encodes it, stores 
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it within its output buffer, and checks if the buffer has space left for another set of samples from 

the sensor controller task. If enough space is available, the process repeats. If enough space is not 

available, the output buffer is passed to the CC2642ôs BLE stack handling and output through the 

appropriate sensing modality characteristic as a notification to the external software interface. To 

avoid potential offset error due to missed sample deltas in the case of lost packets, the first sample 

of each output buffer is stored as its full value ï or more properly, taken as the delta from a zero 

value. 

3.4.1.C Wireless Interface and Data Processing Software 

The NeuroRehab platform uses a collection of software to support the operation of its 

system electronics and to process the data it collects. The first of these is the NeuroRehab Software 

Interface, a tool which runs on an external device such as a phone or laptop and manages operation 

of the platformôs system electronics. The software is written with Python and uses a Qt5 GUI 

created with Qt Designer. It utilizes Bleak, Pyside2, and pyqtgraph libraries for BLE connectivity, 

Qt5 interface management, and real-time data plotting respectively. The interface is design such 

that its user can scan for, connect to, and disconnect from any active NeuroRehab platform device, 

configure the number of channels expected from each of its three sensing modalities, monitor 

packet count and loss, and observe incoming data with several real-time plots to assess device 

performance and detect any unexpected behavior. At the time of connection, the interface 

subscribes to the deviceôs BLE notification data characteristics, creates a comma-separated values 

(CSV) file for each of the platformôs three sensing modalities using a combination of date, time, 

and modality for the filesô names, and writes a start command to the deviceôs system configuration 

characteristic to initiate sampling. As data is transmitted from the device, the incoming 

notifications trigger callback functions in the interface which read the data, decode and reconstruct 
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the sample from its encoded delta value, and stores the resulting sample ADC code in the 

appropriate CSV file. 

A suite of MATLAB data processing scripts are available for further processing these 

stored ADC code samples into usable signals and features. These include converting ADC codes 

into physical units, filtering, amplitude estimation, power spectrum analysis, and mean and median 

spectral frequency calculation. 

Sample Conversion & Data Filtering  

Conversion of recorded ADC values to physical units requires multiplying the ADC value 

by what each increment, or count, of the lowest-significant bit (LSB) in its value corresponds to. 

For sEMG data, these samples are stored as signed 24-bit ADC codes. The physical value of its 

LSB can be calculated as: 
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In the deviceôs typical configuration, the sEMG front-end uses an internal 4.5V reference 

generator and sets each channelôs gain to 24 V/V. The calculation therefore comes to: 
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Calculation of the measured voltage for each sample is therefore performed by multiplying 

the stored code by 22.352nV/LSB. The signed 16-bit ADC codes of the platformôs strain sensing 

data are converted similarly, using the 15.625µV/LSB value associated with the ADS1114ôs 

±0.512V full-scale range. This voltage is then used to calculate the resistance of the strain sensor 

via the resistive divider circuit: 
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Where Ὑ  and ὠ  are the resistance of and voltage across the strain sensor, 

respectively, ὠ  is the dividerôs 3.3V voltage reference, and Ὑ is the configuration resistance 

that sets the circuitôs operating range. This can be either 5.9kÝ for the low range or 75kÝ for the 

high range.  

The platformôs accelerometer data is stored as signed 12-bit ADC codes for each of its 

three axes per sample. The sampleôs physical unit is calculated by multiplying each code by the 

1mg/LSB value associated with its ±2g operating range. 

The platformôs strain and accelerometer modalities can use their convert values directly. 

Further filtering and processing is required for its sEMG data however. The bandpass and 

bandstop functions from MATLABôs Signal Processing Toolbox are used to accomplish this. The 

bandpass filter is configured with a 15Hzï300Hz bandwidth to isolate the measurement to only 

the most active portion of the sEMG frequency spectrum while the bandstop filter can be 

configured around 60 ± 2 Hz powerline interference and any of its harmonics when present in the 

recorded data. The bandstop capability was unused for all system validation experiments as it risks 

also eliminating portions of the sEMG signal itself. 

Amplitude Estimation 

Amplitude of the sEMG system refers to its voltage variation as a function of time [184]. 

This is most often represented by its rectified envelope and is commonly calculated as its mean 

absolute value (MAV) or root mean square (RMS) [185]. The platformôs data processing scripts 

perform this using MATLABôs movmean function to calculate the local mean of the signalôs 

absolute value over a sliding window of 100ms overlapping epochs. This can be represented 

mathematically for each epoch: 
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Where ‘ is the mean over the epoch, ὔ is the number of samples in the epoch, and ώ is the 

voltage of the sEMG sample. 

Frequency Analysis 

Further analysis of the sEMG signal is possible in the frequency domain [186]. The 

platformôs data processing scripts allow for the generation of power spectral density plots to extract 

any of their relevant features. This is accomplished through MATLABôs Signal Processing 

Toolboxôs FFT functionalities and recommended power spectral density estimation procedure 

[187]. The resulting power spectrums are available in both absolute and relative formats, with the 

latter scaled between 0 and 1 based on the respective sEMG channelôs maximum power density 

value. Additional functionality is provided to calculated the median and mean frequency of the 

power spectral density over 300ms epochs. 

3.4.1.D Benchmarking Systems 

Alongside the integration and development of the platformôs novel AgNW sensors, two 

alternative systems were produced for the purpose of validating the underlying functionality of the 

system electronics, exploring possible wearable form-factors, and generating gold-standard data 

using commercial sensing products to use as a performance benchmark with future AgNW sensor 

comparisons. 

The first of these systems aimed to validate the systemôs performance with commercial gel 

electrodes of comparable size to the AgNW electrode patchôs dimensions. For this, 3M Red Dot 

2560 electrodes were cut down to 4mm x 4mm squares and attached to laser-cut kinesiology tape 

strips which left the metal contact exposed with an IED of 10mm. Two strips of four single-
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differential electrode channels were fabricated in this method. These electrode strips were then 

adhered over the biceps of a subjectôs left arm. The platformôs AgNW strain sensor was similarly 

attached to a kinesiology tape substrate and adhered over the subjectôs left elbow. The system 

electronics were attached to the kinesiology tape strips with Velcro or otherwise adhered with 

additional tape where needed. The sEMG module interfaced with the 3M electrodes through an 

FFC-to-snap connect adapter module circuit. 

The second system (Figure 3.9) aimed to assess the performance of the system with dry 

electrodes and explore options for a completely reusable wearable armband form-factor. Low-cost, 

4mm diameter brass rivets (H2024031001, Honigo) were used as dry electrodes for the system. 

These rivets were integrated into adjustable textile armband (HS050, GenetGo) such that four 

single-differential channels were located over the biceps and four single-differential channels were 

located over the triceps of a subject with an IED of 10mm. Insulated conductive thread (SewIY) 

was then sewn between electrodes and their respective inputs in a straight-stitch pattern to form 

interconnects. One end of these interconnects were soldered to their associated electrodeôs exposed 

prong on the outward-facing side of the armband, and the other end was soldered to the 

corresponding pad of the adapter module. The platformôs AgNW strain sensor is attached to this 

armband with Velcro and routed over the subjectôs elbow to a second (B0B77X8Y9Y, HiRui Tech) 

worn on the forearm also attached with Velcro. The location of the strain sensor itself on its 

kinesiology tape substrate was placed just before the elbow itself to mitigate physical shifting of 

the sensor that gave rise to a baseline shift in prior experiments. The system electronics are then 

attached to the outside of the armband with Velcro at sites which do not obstruct typical patient 

movement. 
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3.4.2 Platform Validation Procedures & Results 

The NeuroRehab platform has undergone four major stages of system validation to assess 

its performance and suitability for wearable stroke rehabilitation assessment. These include testing 

isolated AgNW sEMG electrode patch performance, 16-channel multi-muscle sEMG capabilities, 

the commercial benchmarking system, and the textile armband benchmarking system. 

3.4.2.A Isolated AgNW sEMG Electrode Patch 

The platformôs custom AgNW HDsEMG electrode patch design was tested with its system 

electronics using a variety of wearable form-factors to evaluate the underlying functionality of the 

systemôs electronics and supporting software, assess the performance of the AgNW electrode patch 

design, and explore wearable design options for more thorough integration efforts. All experiments 

were performed by placing the AgNW electrode patch over a healthy subjectôs biceps and 

recording sEMG activity during simultaneous coactivation of the subjectôs biceps and triceps. The 

skin of the electrode site was treated by rubbing with isopropyl alcohol soaked Kimwipes 

(Kimberly-Clark, U.S.A.). A 3M Red Dot 2560 gel-electrode was attached to the subjectôs elbow 

and used as a reference for the system electronics. Subject coactivations were performed 3-5 times 

per recording session. Each coactivation was held for 5-10 seconds followed by 5-10 seconds of 

rest. The wearable form-factors tested were an adjustable armband which the electrode patch from 

heat-pressed onto, a knitted compression sleeve, an adjustable arm strap, and a strip of kinesiology 

tape. Results from each of the form-factors tested are presented in Figure 3.10. 

3.4.2.B 16-Channel Multi -Muscle sEMG Capabilities 

The sEMG moduleôs second variant is designed to support up to 16 single-differential 

sEMG channels. To verify this capability and determine if it could enable simultaneous monitoring 

of several muscle groups, the 16-channel sEMG module variant was combined with FFC-to-snap 
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connector adapter modules to connect to 32 3M Red Dot 2560 adhesive gel electrodes arranged as 

16 single-differential channels and distributed over several muscle groups of a subjectôs left arm. 

The muscle groups targeted were the flexor carpi radialis (Ch. 1-2), biceps (Ch. 3-4, 9-11), triceps 

(Ch. 5-8), lateral deltoid (Ch. 12-14), and anterior Deltoid (15-16). An additional electrode was 

attached to the subjectôs elbow to serve as the systemôs reference. The skin at each electrode site 

was treated with isopropyl alcohol. The subject then performed four sets of experiments using 15lb 

dumbbells, each as its own recording session, while all 16 channels were monitored. These 

exercises included biceps curls to target the biceps (primary) and flexor carpi radialis (secondary), 

overhead triceps extensions to target the triceps (primary) and anterior deltoid (secondary), 

shoulder press to target the anterior and lateral deltoids, and lateral raises to target the lateral 

deltoid. Results captured from each muscle groupôs best representative channel for each exercise 

are presented in Figure 3.11. 

3.4.2.C Commercial Benchmarking System 

The first of the NeuroRehab platformôs two benchmarking systems aimed to demonstrate 

the first combined use of the platformôs three different sensing modalities as well as to provide a 

gold-standard point of comparison for its sEMG sensing capabilities by employing commercial 

gel-electrodes cut down to an equivalent size and arranged in an equivalent layout as the AgNW 

HDsEMG electrode patch. The benchmarking system was attached to a subjectôs left biceps with 

an additional 3M Red Dot 2460 gel electrode attach to the left elbow after treating the skin of both 

regions with isopropyl alcohol. The subject then sat at a Model E Indoor Rower Support exercise 

machine (Concept 2, Inc., U.S.A.) which was used to perform a series of biceps curls with. The 

subject held the machineôs handle in front of them with both hands in a supinated grip and both 

elbows braced against their knees. The subject then curled their arms with the machine providing 
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resistance until the handle was brought up to their chin then release to extend their arms and return 

the handle to its initial position. Two protocols were recorded under these conditions. The first had 

the subject perform 3 curls and hold the initial and final positions of each for 10 seconds. The 

second had the subject repeatedly perform curls at a comfortable pace for 100 seconds. Each 

protocol was performed as its own recording session and all three of the platformôs sensing 

modalities were recorded through each. The results of both protocols are presented in Figure 3.12. 

3.4.2.D Textile Armband Benchmarking System 

The second of the NeuroRehab platformôs two benchmarking systems aimed to better 

integrate all sensing components into a single wearable form-factor, improve the convenience and 

reusability of that form-factor, establish a gold-standard point of comparison to system 

performance with dry electrodes by employing commercially-available brass rivet electrodes of 

the equivalent size and arranged in an equivalent layout as the AgNW agonist-antagonist pair 

electrode patch, and acquire experimental data that better demonstrates the suitability of the 

platform for supporting stroke rehabilitation assessment. The benchmarking system was attached 

to a subjectôs left arm such that 4 single-differential channels were placed over the triceps and 4 

single-differential channels were placed over the biceps. An additional 3M Red Dot 2460 gel 

electrode was placed on the subjectôs wrist to act as the systemôs reference. The skin at each 

electrode site was treated with isopropyl alcohol before their application. Two experiments were 

then conducted using a 15lb dumbbell.  

The first experimentôs goal was to determine if the system could simultaneously monitor 

basic neuromuscular coordination of the two muscles and its resulting motor execution during 

biceps curls and overhead triceps extensions exercises. To accomplish this, the subject was asked 

to perform 3 biceps curls in one recording session and overhead triceps extensions in another 
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recording session. Each movement was held in its initial and final position for 10 seconds as all 

three of the platformôs sensing modalities were recorded. The results from both exercises are 

presented in Figure 3.13. 

Figure 3.10 ï Results from the platformôs AgNW dry electrodes in its HDsEMG arrangement tested over a variety of 

wearable form-factors. All tested were performed by measuring 8 channels of sEMG data from the biceps during 

biceps/triceps coactivation. Differences in signal-to-noise ratio between different form-factors and different channels 

within the same form-factor are primarily driven by the relative magnitude of 60 Hz powerline interference, a signal 

contaminant associated with poor or unequal electrode-skin interface contact of channel electrodes. 
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The second experimentôs goal was to determine if the system could detect the presence and 

progression of muscular fatigue through changes in both neuromuscular coordination and resulting 

motor execution. To accomplish this, the subject was asked to repeatedly perform biceps curls at 

a comfortable pace until they could no longer perform the motion and failed to complete their final 

attempt before bringing the weight to the final position of the motion. This protocol was performed 

Figure 3.11 ï Multiple muscles monitored by the platformôs 16-channel variant. Commercial gel electrodes were 

applied to the subjectôs flexor carpi radialis (W), biceps (B), triceps (T), lateral deltoid (LD), and anterior deltoid (AD) 

who then performed four exercises with 15lb dumbbells. The most representative channel associated with each muscle 

is shown for each exercise.  
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in a single session while all three of the platformôs sensing modalities were recorded. The median 

frequency of each sEMG channel was then calculated in overlapping 300ms epochs. The results 

from this process are presented in Figure 3.14. 

3.4.3 Experimental Outcomes & Discussion 

A number of points about the NeuroRehab platform can be drawn from the results of its 

various validation experiments.  

First, the isolated testing of its custom AgNW HDsEMG electrode patches resulted in the 

successful detection of sEMG signals across all 8 of the platformôs active channels over four 

different types of wearable form-factors. This demonstrated that the system electronicsô design 

and underlying sEMG instrumentation was both functional and capable of supporting the operation 

of specialized and rigorously designed custom electrode architectures. The platform was also able 

to provide these capabilities wirelessly, without compromising its small and light-weight 

electronics design, and while being amendable to a variety of different wearable form-factor 

approaches.  

Second, the 16-channel multi-muscle experiment resulted in the simultaneous acquisition 

of sEMG signals from five different muscles of interest during the execution of four different 

exercise protocols. The sEMG signalôs magnitude and activation pattern showed clear association 

between each monitored muscle and the exercises which targeted their primary and secondary use. 

This demonstrates the platformôs ability to discern between the distinct activity of multiple muscles 

under different conditions simultaneously. Furthermore, the procedure validated the platformôs 

ability to monitor up to 16 single-differential electrodes with its sEMG module, its ability to 

interface with both custom and commercial electrode options, and its ability to support distributed 

multi-muscle monitoring regimes in addition to high density single-muscle arrangements. 
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Third, the commercial benchmarking system experiments produced two data sets 

combining simultaneous monitoring of all three of the platformôs sensing modalities with a clear 

qualitative relationship between each modality. This demonstrates the platformôs ability to capture 

data regarding both neuromuscular coordination and its resulting motor execution from a subject 

performing dynamic exercise movements. The first three-curls data set illustrates the qualitative 

patterns shared between the three different sensing modalities most clearly and performing its 

Figure 3.12 ï Combined sEMG, strain, and motion sensing with the commercial benchmarking system. Commercial 

gel electrodes trimmed to 4mm × 4mm squares were applied over the subjectôs biceps and an AgNW strain sensor 

was applied over the subjectôs elbow. The subject performed three sets of biceps curls (left) followed by 60s of 

continuous biceps curls (right) using a rowing machine. Data from all three sensing modalities was measured 

simultaneously. 



  

97 

experimental procedure helped to ensure that the commercial benchmarking systemôs wearable 

form-factor did not significantly obstruct typical subject movement. The second continuous-

curling data set illustrates these two factors as well, but also demonstrates the reliable behavior of 

all three sensing modalities over an extended duration of continuous movement. In the second data 

set, only the platformôs strain sensing modality presented a slight shift in its baseline over extended 

use, a problem resolved in the subsequent stage of validation. 

Fourth, the textile armband benchmarking system experiments produced three data sets, 

two of which performing simultaneous monitoring of all three sensing modalities across the 

Figure 3.13 ï Joint neuromuscular coordination and motor execution monitoring with the textile armband 

benchmarking system.  sEMG electrodes were positioned over the subjectôs biceps and triceps and an AgNW strain 

sensor was placed over the subjectôs elbow. The subject performed two exercises with a 15lb dumbbell to elicit activity 

from biceps (top) and triceps (bottom). 



  

98 

agonist-antagonist muscle pair of the biceps and triceps during controlled exercises which targeted 

one muscle or the other, and the third performing the same sensing during the repetition of a biceps 

curling exercise until the point of exercise failure. The first two data sets showed clear a qualitative 

relationship between the platformôs three sensing modalities, a significant reduction in strain 

sensor baseline shift, and selective sEMG activity over muscles meant to be targeted by each 

exercise protocol. These results demonstrate the platformôs ability to perform sEMG sensing of 

similar quality to the prior commercial benchmarking system using dry electrodes instead of gel 

Figure 3.14 ï Fatigue detection with the textile armband benchmarking system. The subject continuously performed 

biceps curls at a comfortable pace until they failed to complete the movement. Transient sEMG, strain, and motion 

throughout the exercise are presented (top) along with the median frequency of each sEMG channel over time 

(bottom). A decline in the median frequency of channels located over the biceps can be seen as the exercise continued 

and the speed of elbow strain change slowed. 
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electrodes, and its ability to discern distinct activity patterns between an agonist-antagonist muscle 

pair. In addition to these factors over many more repetitions of the same biceps curling exercise, 

the third experiment also showed a progressive decrease in the biceps-associated sEMG channelsô 

median frequency from the 40ï50 Hz range to 30ï40 Hz range. This decreasing pattern is 

consistent with indicators of muscle fatigue described in literature [188] and demonstrates that the 

platform is capable of providing muscle fatigue detection through its acquisition during dynamic 

exercise protocols. Furthermore, the results of all three data sets collected with the textile armband 

benchmarking system demonstrate the suitability of the platformôs wearable form-factor to be used 

without significantly obstructing typical subject movement. 

Taken together, these results indicate that the platform is capable of monitoring basic 

neuromuscular coordination, monitoring either multiple muscles at once or single muscles with 

greater spatial density, monitoring both neuromuscular coordination and motor execution 

simultaneously, assessing both time and frequency domain features of the sEMG signal, being 

easily applied and reused, and being used in protocols requiring dynamic body movement without 

obstructing its user. All of these attributes lend themselves to stroke rehabilitation assessment 

applications. The platformôs suitability to assess neuromuscular coordination and motor execution 

has already been shown through its validation procedure, as has its suitability to assess muscle 

fatigue indicators. This underlying functionality supports its potential use in other areas too, such 

as spasticity assessment through stretch-reflex evaluations which could be enhanced by the 

platform by quantifying the angular velocity of elbow bending that triggers sEMG activity in 

patients [189] or in the detection of undesired trunk compensation during rehabilitation exercises 

through multi-site sEMG and motion detection [24]. The platform could be applicable to both pre- 

and post-intervention assessment to assist in initial diagnosis and goal setting or observation of 
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treatment outcomes, and due to its light-weight, reusable, and easily applied nature, it could find 

further application as a tool for home and community based rehabilitation and remote monitoring. 

3.4.4 Conclusions & Future Work 

This work introduced a neuromuscular coordination and motor execution monitoring 

platform designed for wearable stroke rehabilitation assessment. The platform possess combined 

sEMG, strain, and 3-axis acceleration sensing capabilities using a small, light-weight, and 

wireless-enabled electronics system. Support for both novel AgNW and commercial sensor 

options are provided by the platform, which integrates both into a reusable armband form-factor 

that can be easily applied to subjects without posing any significant obstruction of their typical 

movement patterns. The platform is specifically designed for monitoring clinically-relevant stroke 

rehabilitation parameters and stands apart from related devices reported in literature due to its 

wearable and reusable form-factor, comprehensive neuromuscular coordination and motor 

execution monitoring approach, and strict adherence to sEMG sensing parameter guidelines. It 

serves as a next step in bringing the combination of wearable technology and neural rehabilitation 

closer to clinical relevance and adoption. 

Validation of the platform on a human subject demonstrated its capabilities to monitor 

basic neuromuscular coordination, monitor both distributed multiple muscles and single muscle 

arrangements, monitor neuromuscular coordination and motor execution simultaneously, and 

assess both time and frequency domain sEMG features. It presented reliable performance across 

all sensing modalities over repeated exercise protocols while being integrated into an easily applied 

and reused wearable form-factor that did not obstruct typical subject movement patterns. This 

preliminary validation highlights the potential for the platformôs use in stroke rehabilitation 

assessment, demonstrating its suitability for comprehensive neuromuscular coordination and 
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motor execution assessment and muscle fatigue indicator assessment. Furthermore, the underlying 

capabilities demonstrated by the platform suggests it has potential for spasticity and trunk 

compensation assessments as well, and encourage further investigation into the deviceôs suitability 

for other applications related to pre- and post-intervention assessment and home and community 

based rehabilitation practice through remote monitoring. 

Future research efforts will focus on improving and integrating the platformôs novel AgNW 

electrode patch designs and validation of their performance through similar experimental 

procedures. Additional work will be performed to increase the number of sEMG channels the 

platformôs electronics can simultaneously sample in order to offer either improved spatial density 

or distribution to additional muscles of interest. Investigation into scalable manufacturing options 

for the platform will also be conducted to improve the platformôs cost-effectiveness for clinicians. 

Finally, the platform will be used in studies with post-stroke patients to determine its ability to 

assess rehabilitation parameters under conventional clinical procedures. 
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 MULTI -MODAL B IOCHEMICAL & OPTICAL  SENSING FOR 

CORRELATED BIOMARKER  MONITORING  

4.1 Supplemental Health Monitoring for Wearable Rehabilitation  

The current landscape of wearable health monitoring technology offers a vast range of 

sensing capabilities. These options extend well beyond those with immediate conventional 

assessment analogs, such as is the case with neuromuscular coordination and motor execution 

monitoring for conventional stroke rehabilitation assessment or residual limb socket interface 

pressure distribution monitoring for conventional prosthesis manufacturing and assessment. Many, 

such as heart rate or temperature monitoring, offer comparatively isolated insights into various 

aspects of patient health status, but when combined alongside each other in a single system, could 

be used to provide a comprehensive assessment of overall patient health status. Certain sensing 

modalities can even offer information regarding the psychological status of rehabilitation patients 

[190]. The inclusion of supplemental general-physiological sensing capabilities may also reveal 

correlated dynamics between them and the primary sensing modalities of rehabilitation monitoring 

platforms. Potential examples of this include observing the interrelated function of the bodyôs 

neuromuscular and hemodynamic systems through primary sEMG and supplemental near-infrared 

spectroscopy (NIRS) sensing [191], dual monitoring of neuromuscular and biochemical indicators 

of fatigue via primary sEMG and supplemental electrochemical lactate sensing [188], [192], or 

combined pressure distribution, infection risk, and wound monitoring within the residual limb 

socket interface of prostheses through primary pressure sensing and supplemental pH and skin 

temperature sensing [42], [43]. In these and many other cases, general physiological monitoring 
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wearables may have a role to play in supporting primary rehabilitation assessment platforms, 

particularly those with non-invasive biochemical and optical sensing capabilities. 

Many of the supplemental health monitoring capabilities mentioned above have already 

demonstrated their effectiveness in isolation. This includes their potential for remote monitoring 

[193], [194], [195], personalized care [23], and improved treatment efficacy in general health 

monitoring and related fields [196]. However, many of the conventional systems employed use 

invasive methods [197], [198], are limited to a single or a small range of sensing modalities [20], 

or target biomarkers with limited relevance to rehabilitation and treatment evaluation applications. 

While these technologies may be able to enhance existing and emerging rehabilitation efforts, 

doing so will require these barriers to be overcome. Providing supplemental health monitoring for 

wearable rehabilitation will therefore require devices which offer a wide enough range of multi-

modal sensing capabilities to find relevance in a number of monitoring applications, employ non-

invasive methods to accomplish this sensing, and be integrated into convenient, wearable form-

factors that to not obstruct the use of other devices or conventional rehabilitation procedures. 

Two platforms with potential relevance to neural rehabilitation as supplemental monitoring 

devices and amendable wearable form-factors were investigated to demonstrate the capabilities 

such devices offer. The first of these is a multi-modal electrochemical and optical sensing platform 

which supports sweat-based lactate and pH sensing alongside optical local tissue oxygenation and 

heart rate, skin temperature, and motion sensing in a light-weight, wireless wristband form-factor. 

The second is an ultra-low power electrochemical sensing system which employs extended gate 

field-effect transistors (EGFET) to achieve sweat-based detection of neuropeptide Y (NPY), a 

biomarker for stress [199]. The design, experiments, and performance outcomes of these systems 



  

104 

are presented below and are followed by a discussion of potential rehabilitation applications for 

these devices and those similar to them. 

4.2 Multi -modal Electrochemical and Biophotonic Wearable Platform 

The following study was done in collaboration with Dr. Michael Danieleôs BioInterface 

Lab which provided the platformôs custom lactate/pH sensors and experimental support.  

4.2.1 Introduction  

Recent advancements in wearable technologies have facilitated the development of 

reliable, user-friendly systems for continuous monitoring of clinically relevant physiological 

parameters. These systems will  enable healthcare professionals to remotely monitor patients, 

personalize care, enhance treatment efficacy, and improve overall health and wellness by detecting 

deviations from expected or baseline states, both in the short and long term [23], [200], [201], 

[202], [203], [204]. A variety of commercial wearables with wireless connectivity are available for 

monitoring both medical patients and consumersô health and lifestyle, enabling continuous 

monitoring in typical daily environments without the need for tethering or interference [197], 

[204]. However, with the exception of the continuous glucose monitors [197], [198], these 

commercial wearables are often limited to motion, temperature, biophotonic, and biopotential 

sensing, and are mostly targeted towards the assessment of physical exercise or cardiac function 

monitoring, such as Fitbit and Apple Watch. 

On the contrary, the scientific literature has reported significant advancements in wearable 

biosensors since the seminal work by Gao et al. [205], yet to be translated into clinical practice or 

consumer use, with numerous designs proposed for continuous monitoring of various biomarkers, 

including glucose, lactate, and cortisol [206], [207], [208], [209], [210], [211], [212]. These 

wearables sometimes leverage minimally invasive technologies such as transdermal probes, 
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microneedles [213], [214], or subdermal implants [215], [216] to provide real-time insights into an 

individualôs biochemical status. Yet, many non-invasive wearable sensor options exploit the easy 

access to sweat, tears, or saliva [217], and offer the potential for similar benefits in continuous 

physiological monitoring without the need to breach the skin barrier. For example, eccrine sweat, 

secreted through the pores of the skin, is an easily accessible fluid that contains numerous 

physiologically relevant analytes, making it an attractive target for non-invasive monitoring [218], 

[219], [220]. It has been shown that synchronized assessment of combined sensing modalities may 

offer a more comprehensive picture of both the usersô health status and the accuracy of the sensors 

during use [217], [218], [219], [220], [221].  

Thus, a multimodal wearable system that integrates both biophotonic and biochemical 

sensing could provide deeper insights into correlated physiological dynamics, such as the 

relationship between sweat biomarkers and cardiovascular activity during physical exertion. One 

exemplary relationship is that between lactate and oxygen debt [222], [223], [224]. Under normal 

aerobic conditions, glucose is converted to pyruvate, which is then used to generate adenosine 

triphosphate (ATP) via oxidative phosphorylation. However, when oxygen is limited, anaerobic 

glycolysis is activated, reducing pyruvate to lactate to regenerate nicotinamide adenine 

dinucleotide (NAD+) and sustain ATP production [225]. Lactate thus serves as a key link between 

aerobic and anaerobic metabolic pathways and is commonly observed to accumulate during 

muscle fatigue, low oxygen availability, injury, and illness [226], [227], [228], [229].  Monitoring 

the onset or progressions of anaerobic metabolism has been a popular demonstrator for wearable 

systems; moreover, it has shed new light on fundamental physiological mechanism at play in the 

transport of oxygen and lactate through different compartments, e.g. blood, tissue, and sweat [206], 

[226], [230], [231], [232], [233]. Monitoring of systemic lactate levels have also been identified as 
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a potential biomarker in chronic disease, such as heart failure [234] and metabolic syndrome [235], 

[236], [237].  

Non-invasive lactate measurement can be achieved through sweat monitoring [238], while 

local tissue oxygenation can be assessed using near-infrared spectroscopy (NIRS) [239], [240]. A 

recent system was reported that integrates all photonic lactate sensing and tissue oxygenation 

monitoring [241]. However, platforms combining an electrochemical sensing interface could offer 

expanded sensing capabilities. While miniaturized lactate and near-infrared spectroscopy (NIRS) 

wearable devices have been demonstrated, they have typically been developed separately, without 

integration, and lack wireless data acquisition electronics [242], [243], [244], [245]. The 

Figure 4.1 ï (A) Lactate generated from anaerobic metabolism of glycogen and glucose in tissue is shuttled through 

tissue, blood, and sweat compartments as both an energy source and signaling molecules, of which the process may 

be monitored by measures of sweat lactate and tissue oxygenation. (B) A modular wearable electrochemical platform 

(MWEP) for multi-modal physiological monitoring was developed. (C) Photograph of the MWEP worn on the forearm 

and (inset) underside of the MWEP showing the biophotonic sensors facing the skin. Multimodal monitoring of related 

physiological dynamics during physical activity were demonstrated, including (D) electrochemical lactate and pH 

sensing and (E) optical local optical tissue oxygenation. 
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combination of these functionalities within a single wearable sensing platform could enhance 

research and clinical monitoring of related physiological dynamics by offering greater ease-of-use 

and user convenience at a potentially lower cost and smaller form factor than existing 

commercially available or research-grade systems. 

In this work, we present a unique and modular wearable electrochemical platform (MWEP) 

designed to enable real-time, multi-modal sensing for sweat analysis applications and allow for 

rapid system modification and reconfigurability. Support for non-invasive lactate, pH, local tissue 

oxygenation, heart rate, skin temperature, and motion sensing are provided through a set of 

modules which combine to form a single wearable device. These modules can be individually 

duty-cycled to reduce power consumption and removed to decrease spatial footprint and power 

consumption by sacrificing functionality. The MWEPs lactate and pH sensing capabilities were 

characterized in vitro. This was followed by a proof-of-concept demonstration of the MWEPs 

ability to concurrently record the physiological dynamics between sweat lactate and local tissue 

oxygenation in a high-intensity exercise study involving six subjects.  

4.2.2 System Design & Implementation 

4.2.2.A System Electronics 

The MWEP is a low-power system capable of electrochemical, biophotonic, and motion 

activity monitoring in a convenient, wrist-worn form factor. Its modular design allows users to add 

or remove functionalities to meet the specific requirements of their application. These include: (1) 

the main module, which comes equipped with amperometric, potentiometric, and motion 

monitoring capabilities and manages general system control, data processing, and wireless 
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transmission; (2) the lactate & pH sensor, which interfaces with the main moduleôs electrochemical 

sensing instruments via a 5-pin flat flexible cable (FFC) connector; and (3) the biophotonics 

module, itself divided into a biophotonic sensor, capable of performing NIRS and 

photoplethysmography (PPG) monitoring, and an expansion module, which contains both a 

temperature sensor and the connectors required for interfacing between the biophotonic sensor and 

main module electronics. The MWEP is paired with a 150mAh battery and secured with a 3D 

printed enclosure. The combination of main module, battery, housing, and desired combination of 

Figure 4.2 ï (A) Block diagram of the MWEP's Main Module and Optical Module. Pictures and relevant component 

labels of (B) main module top-side, (C) optical expansion module, and (D) optical module biophotonic sensor. 
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sensing modules are integrated onto an adjustable wrist-strap to achieve a flexible, wearable form 

factor. The system provides an approximate battery life of over 72 h when the biophotonics module 

is deactivated, and over 5 h of continuous operation without any duty cycling. 

Main Module 

The MWEPôs main module is a miniature electronic circuit system responsible for general 

system control, data management and transmission, amperometric and potentiometric sampling of 

connected electrochemical sensors, motion tracking, and power management. It comes equipped 

with a system-on-chip / Bluetooth Low Energy controller (SoC/BLE, BLE113, Silicone Labs) for 

digital control (I2C) of on-board sensor front-ends and external modules connected via an 8-pin 

expansion header. Two-way BLE communication with an external data aggregator device is 

enabled by the BLE113, which manages both incoming configuration commands and outgoing 

sensor data. A 2Mb flash memory chip (M24M02, STMicroelectronics) is present to provide 

additional storage capacity while a 3-axis inertial measurement unit (IMU, KXTJ3, Kionix) is 

included to measure 3-axis motion data. Electrochemical sensing functionality consists of an 

amperometric analog front end circuit (AFE, LMP91000, Texas Instruments (TI)) for 

potentiostatic measurements, containing biasing circuitry and a transimpedance amplifier to apply 

a bias voltage and measure current flow through each electrochemical cell, and an integrated pH 

buffer (LMP91200, TI) for potentiometric measurements, which provides a common mode voltage 

for the reference electrode (RE) and a low-bias buffer input for the ion-selective electrode (ISE). 

The common mode voltages of the amperometric AFE and pH buffer circuits are set to 50% of the 

reference generated by a 2.5 voltage reference generator (LM4040, TI). The electrochemical 

sensor itself can be connected to the module via a 5-pin FFC connector (FH12-5S-1SH(55), 

Molex). Outputs from the amperometric AFE and pH buffer are connected to a 4-channel, 16-bit 
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analog-to-digital converter (ADC, ADS1115, TI) for digitization and are subsequently read by the 

moduleôs BLE113, which compiles current, voltage, and motion data to transmit to a data 

aggregator via BLE protocol. The system is powered by a 150mAh 3.7V lithium polymer battery 

which is regulated by a linear dropout regulator (LDO). This can be enabled and disabled via a 

magnetic switch (RR122, Coto Inc.) such that the device is powered on unless near a magnetic 

field greater than 7 mT to ensure that the system is reliably powered on during use but can be 

easily disabled or reset with a small magnet without need for physical access to a button or switch. 

The moduleôs chronoamperometry and open circuit potential (OCP) measurements were duty-

cycled with 60s of on-time and 120s of sleep-time to improve power efficiency. 

Optical Module 

The MWEPôs optical module was designed to enable a biophotonic configuration which 

adds continuous wave (CW) NIRS and temperature sensing functionalities. It is composed of a 

biophotonic sensor for performing NIRS and PPG measurements and an expansion module 

offering temperature sensing and the required connectors to interface between the biophotonic 

sensor and main module. The expansion moduleôs temperature sensing is achieved through a 

voltage divider circuit intended to operate with a 10kɋ flexible negative temperature coefficient 

(NTC) thermistor (B3950, Adafruit), the output of which is connected directly to an analog input 

pin of the main moduleôs SoC and read with an on-board 12-bit ADC. Main module to expansion 

module and expansion module to biophotonic sensor connections are enabled via an 8-pin 

expansion header and an 8-pin FFC (FH12-8S-1SH(55), Molex) connector, respectively. The 

biophotonic sensor itself is a custom flexible device containing a photodiode with 3 integrated 

light emitting diode (LED) drivers (SI1143, TI) and two near infrared LEDs (770nm and 860nm). 

The source-detector spacing of the sensor is 1.5 cm. Integrated detector and emitter control from 
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the SI1143 allows for short (25.6µs) LED pulse times due to the precise synchronization available 

in an integrated package. The modular design of the MWEP allows for easy replacement of the 

biophotonic sensor with different characteristics, such as different wavelengths of source-detector 

distances. In a single read cycle, the first wavelength is pulsed and read, followed by the second 

wavelength, followed by an ambient light measurement. This is sampled at 100 Hz. Data is then 

read by the main moduleôs SoC device via I2C. To improve user comfort and reduce ingress of 

sweat into the electronics in the armband form factor, a custom 3D printed mold was designed 

such that the biophotonic sensor can be encapsulated in silicone (OOMOO 25, Smooth-On). 

Medical grade clear epoxy (M-31CL, Loctite) was then poured into the optical windows to ensure 

that a clear biophotonic signal could still be obtained.  

4.2.2.B Lactate & pH Sensor 

A custom flexible lactate and pH sensor was designed and fabricated. To increase 

throughput, the sensor electrodes were designed using an open source printed circuit board (PCB) 

software (KiCad, Lausanne, Switzerland) and ordered as flexible PCBs (ALLPCB, Hangzhou, 

China). Each sensor consists of five electrodes on polyimide substrates: three for lactate, working 

(WE), counter (CE), reference (REF) and two for pH, working (pHWE) and reference (pHREF). 

The WE was functionalized (Figure 4.5a) for lactate by screen printing a layer of Prussian Blue 

(PB) doped carbon paste, drop casting a solution of  the enzyme lactate oxidase (LOx) with 

graphene, and then drop casting a solution of Nafion. The PB facilitates electron transfer between 

the enzyme reaction and the sensor, while the graphene increases the electrochemically active 

surface area to increase sensitivity. This combination or ones similar have been well reported in 

the literature [201], [246], [247], [248]. The pHWE was functionalized for pH by screen printing a 

layer of carbon paste followed by electrodeposition of the pH sensitive polymer poly-aniline 
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(Figure 4.5b) through cyclic voltammetry. Polyaniline as a pH sensor is well-supported in literature 

due to ease of application and stability along with being able to sense acidic and basic shifts in 

sweat [200], [248], [249], [250]. 

4.2.2.C Data Processing 

Electrochemical Data Processing 

The MWEPôs amperometric analog front end circuit contains a biasing circuit to apply a 

known potential difference across the attached electrochemical cell and a transimpedance amplifier 

which measures the current across this cell by generating an output voltage proportional to it. This 

output voltage is sampled by the MWEPôs on-board ADC and then read digitally by its SoC/BLE 

controller. A functional block diagram of this arrangement is demonstrated in Figure 4.3. Further 

information regarding fundamental potentiostat circuit operation employed by the system is 

available in literature [251]. 

Current flow through the electrochemical cell measured by the front-end circuit can be 

calculated using the sampled output voltage. Taking Icell as the current through the electrochemical 

cell, RTIA as the resistance used in the transimpedance amplifier circuit, and VREF as the front-endôs 

zero-level reference voltage, the generated output voltage, Vout, can be expressed as: 

ὠ ὠ Ὅ ϽὙ  

Rearranging this equation allows Icell to be solved for as follows: 

Ὅ
ὠ ὠ

Ὑ
 

Both VREF and RTIA are digitally configurable within the LMP91000 over I2C. To allow for 

positive and negative current detection, VREF is set statically at 1.25V, with the cell bias voltage, 

VBIAS, being set at -0.1V with respect to this. RTIA is adjustable from 2.75kɋ to 350kɋ as needed 
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by a given sensing application, with the selected value determining the front-endôs current 

sensitivity and operating range. All high intensity exercise trials of the present study were 

performed with RTIA set to 350kɋ.  

Additional calibration of the front-end was conducted to account for any potential error in 

the expected RTIA value. This was performed by applying a known input current across the WE and 

shorted CE/RE pins of the MWEPôs sensor interface using a Source/Measure Unit (B2901A, 

Keysight Technologies Inc.). The input current was incremented from -5µA to 5µA in 250nA steps 

while recording the front-endôs output voltage. Converted current values were calculated from the 

output voltage at each step using the method and parameters outlined above. A secondary 

conversion equation was derived by fitting a perfect linear trendline (R² = 1) to the output voltage 

versus input current relationship within the front-endôs operating range (0.01Vï2.0V), and it is 

defined as: 

ὠ ρȢςυςυωψρςϽὍ  

Measured current values were then recalculated using this equation, and the resulting data 

set was taken as a calibrated conversion to compare with the converted current previously 

calculated using ideal parameters. This comparison is presented in Figure 4.4Figure 4.4 ï 

Calibration results of the MWEPôs electrochemical front-end. The input current was applied across 

Figure 4.3 ï Functional block diagram of the MWEPôs amperometric analog front end circuit arrangement. The 

LMP91000 measures current flow through the electrochemical cell and generates a proportional output voltage. This 

voltage is converted to a digital code by the ADS1115 ADC and read by the BLE113 central SoC/BLE controller. A 

digital communication bus enables LMP91000 configuration by the BLE113. 
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the WE and shorted RE/CE pins using a Source/Measure Unit while recording the front-endôs 

output voltage. This voltage (Blue) was then converted into a current value using ideal system 

parameters (Red) and parameters from a fitted trendline of the output voltage compared to the 

input current (Green). The parameters of this latter method have been used to calculate the currents 

presented throughout the study., which shows the ideal parameter current conversion exhibiting 

reduced accuracy compared to the calibrated data set. As all other parameters are shared between 

the two equations, this reduced accuracy may be explained by a non-ideal RTIA resistance within 

the LMP91000. The calibration equation suggests this resistance to be approximately 260kɋ rather 

than the expected 350kɋ, and so all subsequent current conversion calculations have been 

performed using this experimentally determined value instead. 

NIRS Data Processing 

The relative concentration of blood chromophores in tissue can be related to the attenuation 

of emitted light through the modified Beer Lambert Law (mbLL) [240], [252], [253], [254]. Taking 

Iout as the detected light, I in as the incident light, and ODɚ as the optical density (or the observed 

attenuation in intensity of light) for wavelength ɚ, this can be expressed as follows: 

Ὅ ὍϽρπ   

Both absorption (Aɚ) and scattering (Sɚ) of light at wavelength ɚ contribute to this 

attenuation. ODɚ can therefore be expressed as: 

ὕὈ ÌÏÇ
Ὅ

Ὅ
ὃ Ὓ  

As Oxygenated (HbO2) and deoxygenated (Hb) hemoglobin are the major absorbers of 

light within the near-infrared (NIRS) region, the total absorption of light at wavelength ɚ can be 

approximated as: 

ὃ ‐ ȟὅ ὒ ‐ ȟὅ ὒ  
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Where Ůi,ɚ is the extinction coefficient of blood chromophore i for wavelength ɚ, Ci is the 

concentration of blood chromophore i, and Lɚ is the pathlength of light through tissue for 

wavelength ɚ. This path length is equal to the product of the source-to-detector distance (d) and a 

differential pathlength factor (DPFɚ): 

ὒ ὨϽὈὖὊ  

The DPFɚ is a scaling factor which indicates how many times farther than d detected light 

has traveled through tissue due to the scattering. Although this value can be calculated using known 

scattering and absorption coefficients, a general equation relating the DPFɚ with age (A) and 

wavelength (ɚ) is also available in literature [252] and can be used as an approximation: 

ὈὖὊὃ ςςσȢσ πȢπυφςτὃȢ υȢχςσρπ‗ πȢππρςτυ‗ πȢωπςυ‗  

Assuming scatter and the absorption from other chromophores as remaining constant, the 

relative change in ODɚ, taken as the difference between its initial (ODɚ,0) and later (ODɚ,t) value, 

can be related to the relative change in Hb and HbO2 concentrations as follows: 

ɝὕὈ ὕὈȟ ὕὈȟ ‐ ȟϽЎὅ ϽὨϽὈὖὊ ‐ ȟϽЎὅ ϽὨϽὈὖὊ  

Using two wavelengths of light generates two of these equations, allowing the two 

unknown concentrations to be solved for. Rearranging the equations to accomplish this yields the 

following: 

Ўὅ

Ўὅ
ὨϽ

‐ ȟ ‐ ȟ

‐ ȟ ‐ ȟ

ὈὖὊ π

π ὈὖὊ

ЎὕὈ

ɝὕὈ
 

This equation then allows for the relative concentrations of Hb and HbO2 to be estimated 

using the corresponding extinction coefficients available in literature [255], [256], the calculated 

DPFɚ for each wavelength, and æODɚ for each wavelength. Furthermore, æODɚ can be related 



  

116 

directly to an established baseline of detected light (Iout,0) and a given measurement of detected 

light taken afterwards (Iout,t) through the use of Equation (4) and Equation (9): 

ɝὕὈ ὕὈȟ ὕὈȟ ÌÏÇ
Ὅ ȟ

Ὅȟ
ÌÏÇ

Ὅ ȟ

Ὅȟ
ÌÏÇ

Ὅ ȟ

Ὅȟ
Ͻ
Ὅȟ
Ὅ ȟ

 

As the intensity of the incident light for each wavelength is not being varied over time, it 

remains the same between both the baseline and sample states, cancelling the terms out, and 

reducing the equation to only the detected light of the baseline and sample states for a given 

wavelength. Assuming a linear relationship between the photons received at the detector and the 

voltage observed by the systemôs ADC, the equation can be further rewritten in terms of the ADCôs 

arbitrary unit output for each state: 

ɝὕὈ ÌÏÇ
Ὅ ȟ

Ὅ ȟ
ÌÏÇ

ὃὈὅ

ὃὈὅ
 

As the MWEPôs optical module comes equipped with two LEDs of wavelengths ɚ1=770nm 

and ɚ2=860nm, the extinction coefficients of relevant chromophores were taken from literature as 

ŮHbO2,770nm=650 cm-1/M, ŮHbO2,860nm=1092 cm-1/M, ŮHb,770nm=1311.88 cm-1/M, and ŮHb,860nm=694.32 

cm-1/M [255], [256]. The DPFɚ was calculated using the approximation in literature for both 

Figure 4.4 ï Calibration results of the MWEPôs electrochemical front-end. The input current was applied across the 

WE and shorted RE/CE pins using a Source/Measure Unit while recording the front-endôs output voltage. This voltage 

(Blue) was then converted into a current value using ideal system parameters (Red) and parameters from a fitted 

trendline of the output voltage compared to the input current (Green). The parameters of this latter method have been 

used to calculate the currents presented throughout the study. 
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wavelengths using the age of each subject, and the source-to-detector distance was taken as 

d=1.5cm based on the systemôs design. Additionally, due to the approximations of these 

coefficients and parameters taken from literature, the calculated change in chromophore 

concentration is described in arbitrary units (A.U.) instead of µM. 

All of these calculations were performed using a custom MATLAB script. Recorded data 

was preprocessed by checking the transmitted packet counter to determine missing packets and 

recalculating measurement time based on a 100 Hz sampling rate. The missing data was 

interpolated to 100 Hz using 1D interpolation and low pass filtered at 0.5 Hz. Hemoglobin 

concentrations were then calculated as described above, with total hemoglobin being calculated as 

the sum of oxygenated and deoxygenated hemoglobin concentrations. 

PPG Data Processing 

A 4th order type II Chebyshev filter (fc = [0.5, 3.0]) was used to filter the raw 860nm 

wavelength signal. Peaks were then identified with a minimum 0.01 amplitude prominence and 

minimum 250ms delay between peaks. The times between these peaks were taken as individual 

heart rate samples which were then further processed using a moving mean with a window size of 

35 samples. All processing was performed using a custom MATLAB script which utilized the 

same preprocessing stage described above. 

4.2.3 Experimental Procedure 

4.2.3.A System Characterization and Validation 

Electrochemical Validation 

The platformôs lactate/pH sensors were characterized using both a benchtop potentiostat 

(Gamry 600+) and the MWEP. In both cases, the lactate sensors were placed into solutions of 

increasing L-lactate concentration in 0.1 M KCl in 1xPBS (0, 0.1, 0.25, 0.5, 1, 2, 4, 10 mM) and 
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chronoamperometry measurements (-0.1V for 1 min) were conducted after the sensors were in 

each solution for 1 min and 5 min. The pH sensors were similarly connected to either device and 

placed into different pH buffer solutions (pH = 4, 6, 7, 8, 10) and allowed to equilibrate for 1 min 

before the OCP was measured for 2 min in each solution. 

Biophotonic Validation 

A cuff occlusion protocol was performed to evaluate the NIRS capabilities of the MWEP. 

The MWEP was attached to the subjectôs forearm and a manual blood pressure cuff was attached 

over the bicep. After a rest period of 5 min, the cuff was inflated to 80 mmHg for a full occlusion. 

After 2 min, the cuff pressure was released. After another 3 min of rest, the cuff was inflated to 

280 mmHg for 1 min, followed by a final 3 min rest period. Biophotonic NIRS data measured by 

the MWEP was transmitted to an iPad and processed using a custom MATLAB script. 

Validation of the MWEPôs PPG capabilities was performed using a modified version of 

the studyôs high intensity cycling protocol (see below). In this case, the MWEP was worn by a 

single subject without the electrochemical sensors. A commercial PPG fingertip sensor and ECG 

sensor (BioNomadix ECG/PPG by BioPac Systems, Inc., Goleta, CA) was then included to serve 

as a gold standard of comparison for heart rate. The raw data from all devices were taken and 

processed with the same heart rate detection procedure as the MWEP PPG data. 

4.2.3.B High Intensity Exercise Testing Procedure 

To evaluate sweat lactate, pH, and tissue oxygenation change over the course of exercise, 

a proof-of-concept study was conducted in a high intensity exercise cycling protocol on a bicycle 

ergometer (Life Fitness) under nor-mal ambient indoor conditions (n=6). This preclinical human 

study was approved by the University of Carolina at Chapel Hill Institutional Review Board (IRB) 

under protocol number 19-3065. The MWEP was attached to the subjectôs forearm in the strap 
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configuration and connected via Bluetooth to the iPad data aggregator. In the trial protocol, the 

subject spends 5 min at rest for CW NIRS base-line data collection, followed by 5 min of warm-

up (50-60 Watts (W)) at 60 revolutions per minute (RPM)), 5 min at 100W and 75 RPM, 15 min 

at 100-150W and 75 RPM, and 5 min at 200W and 75 RPM. Exercise is then terminated and the 

subject rests for 10 min. As a gold standard of comparison, blood lactate was measured with a 

handheld blood lactate meter (Lactate Plus REF 40828, Nova Medical) after the first 5 min rest, 

after the 100W and 75 RPM stage, after the 100-150W and 75 RPM stage, and after the final 10 

min rest.  

4.2.4 Results & Discussion 

4.2.4.A System Characterization & Validation 

Miniaturization, ergonomics, human factors, and reliability are further system level 

challenges, necessitating the development of wireless, low-power flexible/conformable, and low-

cost systems capable of seam-less integration with electrochemical sensors and sample collection 

mechanisms [218], [219], [220], [257]. In our design, we aimed to reduce the overall size and 

weight of the MWEP to be worn on the forearm, but it may be suitable for other locations, as there 

may be value in simultaneous or comparative monitoring of sweat sensors at different locations on 

the body [258]. 

The packaged main module has dimensions 28.7 × 34.4 × 12.3 mm3 and a weight of 10g. 

Average power consumption of the MWEPôs main module is 4.3 mW, with 2.6 mW consumed by 

the BLE SoC, 0.57 mW consumed by power regulator efficiency loss, 0.033 mW consumed by 

the amperometric AFE, 0.17 mW consumed by the pH buffer, 0.031 mW consumed by the battery 

gauge, and 0.50 mW consumed by the ADC. This gives approximately 130 h of battery life when 

powered by the on-board 150mAh battery (Figure 4.6a). 
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The optical moduleôs expansion module has dimensions of 15.0 Ĭ 13.7 Ĭ 6.4 mm and a 

weight of 1g while its flexible biophotonic sensor has dimensions of 36.0 × 12.9 × 2.1 mm and a 

weight of 1g. In its biophotonic configuration, the MWEPôs average power consumption is much 

higher due to the greater quantity of data being transmitted over Bluetooth. The average power 

consumption of the MWEP in its biophotonic configuration was 36 mW, with 22 mW consumed 

by the BLE SoC, 9.6 mW consumed by the optical front end, 4.1 mW consumed by power regular 

quiescent current and efficiency loss, 0.33 mW consumed by the reference voltage, 0.033 mW 

consumed by the amperometric AFE, 0.17 mW consumed by the pH buffer, 0.031 mW consumed 

by the battery gauge, 0.00007 mW consumed by the temperature sensor, and 0.50 mW consumed 

by the ADC. This gives approximately 15 h of battery life when powered by the 150 mAh battery 

of the main module (Figure 4.6b). 

These initial assessments lay the foundations of reconfigurable system parameter 

adjustments for an optimized operation of the electronics. It should be noted that further 

miniaturization and power reduction may be achievable in the future, as new commercial 

integrated circuits are continually being introduced to the market. Additionally, designing 

application-specific integrated circuits (ASICs) for this purpose is a viable option, although it 

comes with trade-offs in terms of financial cost and development time.  
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Electrochemical Validation 

Preliminary validation of lactate and pH sensing with the MWEP was conducted in 

solution. Increasing current magnitude was observed with increasing lactate concentration by the 

Figure 4.5 ï (A) Lactate sensor functionalization. The flexible PCB pads were coated with a carbon paste containing 

Prussian blue as an electron mediator. A LOx solution was applied, allowed to dry, and sealed with a diffusion 

membrane. (B) pH sensor functionalization*: The pH sensor features a carbon paste coating with polyaniline 

electrodeposited onto it. (C) Average chronoamperometry response of lactate sensors (n = 3), as measured using a 

benchtop potentiostat (Gamry 600+) after exposure to varying lactate concentrations for 5 min. An expected 

response was observed where higher lactate concentrations corresponded to increased current magnitude. (D) 

Average chronoamperometry response of lactate sensors (n = 3), measured with the MWEP in lactate solutions after 

5 min showed a similar trend to that observed with the benchtop potentiostat. (E) pH Open circuit potential response 

measured with the Gamry 600+ of pH sensors (n = 4) in standard pH buffers. 
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amperometric channel of the MWEP (Figure 4.5). When measured after 60 s the lactate sensors 

exhibited a sensitivity of 0.34 µA/mM from 0-1 mM (R2 = 0.97). At higher lactate concentrations 

(1-10 mM), sensitivity was greatly reduced -0.0094 (µA/mM) (R2 = 0.87). Sensitivity was 

calculated at 60s, as measurements made prior to this point (15 s and 30 s) showed higher 

variability across all concentrations. For the potentiometric channel, linearity in pH sensor voltage 

for the pH benchtop tests exhibited a sensitivity was -35.2 mV/pH at 60s (R2 = 0.96).  

While the reported lactate sensor exhibited the best sensitivity below 2 mM, this was 

acceptable for demonstration purposes because the most critical lactate levels for physiological 

insights are typically marked at two thresholds, i.e. (1) aerobic and (2) anaerobic.  The aerobic 

threshold occurs at lower exercise intensities, with sweat lactate levels around 2ï3 mM, marking 

the shift from primarily aerobic metabolism to a mix of aerobic and anaerobic systems. The 

anaerobic threshold (LT2), on the other hand, occurs at higher intensities, where lactate 

accumulates more rapidly, typically at 4 mM or higher in sweat. This threshold reflects sustained 

anaerobic effort and the body's reduced ability to clear lactate efficiently. Additionally, other 

sensor designs have been reported with higher dynamic ranges [259], [260], [261], which can be 

swapped into the MWEP platform. Thus, at this stage, the sensor's limitations are acceptable, as it 

still captures physiologically relevant lactate changes while simplifying design for demonstrations.  

Similarly, it is worth noting that the footprint and power budgets of laboratory potentiostats 

enable advanced signal conditioning components such as precision low-noise amplifiers and 

extensive filtering to minimize baseline drift and environmental noise. In contrast, the design of 

the MWEP prioritized miniaturization and low power consumption, which necessitated trade-offs.  

While both systems are capable of capturing an accurate sensor response, these inherent design 

differences led to slight variations in measured currents as can be seen in Figure 4.5c and d. 
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Biophotonic Validation 

Figure 4.6b shows the raw biophotonic data over the course of the cuff occlusion trial, with 

attenuation increasing during occlusion as evidenced by the decrease in optical signal. Preliminary 

analysis of the NIRS data for a single subject during cuff occlusion showed that HbO2 and Hb both 

rose during the venous occlusion (80 mmHg), reflecting the increase of blood volume and pressure 

expected from blocked venous outflow but unimpeded arterial inflow [262]. Figure 4.6b also 

Figure 4.6 ï MWEP validation results. (A) Power consumption breakdown of the MWEP operating with only its main 

module and with the optical module included. (B) Biophotonic cuff occlusion validation results showing raw 

photodiode output for both 770nm and 860nm wavelength channels and calculated CW NIRS relative hemoglobin 

and tissue oxygenation change. (C) PPG heart rate validation results showing MWEP heart rate versus gold standard 

PPG and electrocardiogram (ECG) heart rate during a high intensity exercise procedure. Increasing intensity phases 

are denoted by shaded regions.  














































