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A MODULAR SOLUTION TO A UNIQUE DESIGN REQUEST FOR A SHOULDER
DISSARTICULATION PROSTHESIS: A CASE STUDY

Heather Daley, CP, Wendy Hill, OT, Dan Dafonseca, RTP
Atlantic Clinic for Upper Limb Prosthetics, Institute of Biomedical Engineering, UNB

ABSTRACT

This case study details the development of a customized myoelectric prosthesis for a patient with a modified
shoulder disarticulation level amputation, focusing on the integration of a novel detachable arm feature to enhance
user comfort and functionality. By employing additive manufacturing technology and innovative design strategies, a
prosthetic solution was crafted to meet the specific needs of the patient, including prolonged wear and ease of use with
the most notable quick-disconnect mechanisms. The resulting prosthesis not only fulfilled the patient's request for a
modular, lightweight arm but also significantly improved his quality of life by allowing for greater flexibility,
versatility, and adaptability in daily activities. This work demonstrates the potential for tailored prosthetic solutions
to address complex challenges, highlighting the importance of patient-catered design choices in the field of prosthetics.

INTRODUCTION

Shoulder disarticulation level amputations, constituting only 3% of all traumatic amputations, present distinct
challenges in terms of prosthesis fitting and functionality [1]. Unlike more common amputations such as transradial
or transhumeral, the limited availability of control sites at the proximal level poses a unique obstacle for achieving
optimal functionality in prostheses for shoulder disarticulation amputees. Brachial plexus injuries further complicate
matters, as they restrict the use of distal muscles as potential control sites for the prosthesis [2].

Functional prostheses at this level tend to be heavy, bulky, and require control options to operate multiple joints
including shoulder, elbow, wrist, and hand motion. Body-powered prostheses for this proximal type of amputation are
generally not accepted by patients because of the complexity of cable control for multiple joints and the limited
functional grasp given the amount of effort required to activate a terminal device[3]. Body movements required for
this level include scapular protraction, retraction, elevation, and rotation which can be particularly challenging or
impossible, especially after a brachial plexus injury.

In response to these challenges, powered prostheses emerge as a viable solution for shoulder disarticulation
amputees, offering increased functional gripping power with reduced effort from the body [4], [5]. The use of powered
prostheses becomes crucial in addressing the limitations associated with body-powered alternatives, providing a more
user-friendly and efficient option. This case study outlines a unique design of a powered prosthesis with modular arm
sections to meet the functional needs of the patient. The modular design allows for customization and adaptability,
addressing the unique complexities associated with this level of amputation and enhancing the overall usability and
functionality of the device.

MEDICAL AND PROSTHETIC HISTORY

TC experienced a workplace accident in 1988 when his arm got caught in an industrial bread mixer which resulted
in a brachial plexus stretch injury and spasmodic torticollis. After extensive rehab and several surgeries to improve
range of motion and hand function, he eventually elected to have his arm amputated at a modified shoulder
disarticulation level four years after his original injury. Before his amputation, he experienced significant chronic pain,
weakened muscles in the neck and shoulder area, and a non-functional and insensate arm. Due to the high-riding
scapula, a major muscle release procedure including trapezius and levator scapulae muscles was performed in
conjunction with amputation. The humeral head remained intact. The surgical outcome successfully improved TC's
shoulder and neck positioning, enhancing his overall posture. Nevertheless, he continued to experience pain,
weakness, and a diminished range of motion in his neck post-surgery.
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Following the injury, TC sought care at a different prosthetic clinic for several years. It was at this clinic that he
acquired his initial powered prosthesis, which featured a linear transducer for hand open/close control. In an effort to
alleviate the burden of the heavy arm while keeping his socket on, TC requested the detachability of the humeral
section of the prosthesis. Unfortunately, the clinic expressed skepticism about its feasibility due to the incorporated
electronics. Subsequently, TC returned home and took matters into his own hands. He ingeniously incorporated a
seatbelt buckle into the shoulder joint and wired an auxiliary 4 jack to the linear transducer cable, allowing for easy
detachment (Fig. 1). This inventive solution not only addressed his desire for a detachable humeral section but also
showcased TC's resourcefulness in enhancing the functionality and comfort of his powered prosthesis.

Figure 1: TC's initial adapted powered prosthesis featuring an integrated seatbelt buckle in the shoulder joint and an auxiliary
Y jack for convenient detachment of the humeral section. This inventive modification was implemented by TC at home to alleviate
weight and relieve pain while keeping his socket on.

In 2009 TC received his second powered prosthesis from our clinic with an improved socket design and
upgrades to the electronic connections. He returned to our clinic in 2022 requesting a new prosthesis. His previous
arm was no longer fitting properly, and the electronics had failed. During our consultation we discussed socket design,
materials, terminal devices, and control strategies. TC emphasized his priorities for the design, which included a
lightweight structure, a shortened forearm, and a removable arm segment. Our decision to accommodate this request
was driven by two primary factors. Firstly, recognizing TC's strong preference for a removable arm, we anticipated
that he might attempt self-modifications if not provided with this feature. Secondly, we recognized the intrinsic value
of this modification for enhancing his ability to engage in functional activities with reduced pain. Thus, our aim was
not only to meet TC's immediate needs but also to contribute to his long-term comfort and functionality.

In order to accomplish this, we needed an easy-to-use locking mechanism that incorporated an electronic
pass through, while being able to don and doff without visual feedback due to the limited range of motion in his neck,
so that the arm could be removed and reconnected in one swift motion without adding any extra steps for reconnecting
electronics.

PROSTHETIC TREATMENT

A lightweight hybrid silicone socket was fabricated with pre-preg carbon-fiber for strength and flexibility. We
also incorporated a wide custom silicone axilla strap to distribute the forces and improve comfort. After trials and
demos of various components, we decided an Ottobock Ergoarm Hybrid Plus, ETD2, and TASKA hand would best
meet his functional needs, with a linear transducer for single site control using chest expansion for excursion. With
the use of magnetic Fidlocks, including a boa style Fidlock for the linear transducer cable, this also made donning and
doffing far easier than traditional Velcro or buckles.

Designs were drafted for a humeral component that bisected the Axis shoulder joint and the Ottobock elbow joint
as the detachable location. This also had to contain the electronic passthrough and lock mechanism all in one unit,
while components such as batteries and other heavy parts had to be housed in the detachable portion of the arm. The
manufacturing method of choice became 3D printing with the lightest and strongest material available to us at the
time, a carbon fiber reinforced Nylon 12 filament (PA12 CF). After several iterations, Fuse Deposition Modeling
(FDM) printed PA12 CF worked well as it consequently had a coarse surface finish which bonded well to the carbon
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fiber lamination done over the printed parts. A carbon-fiber lamination was necessary to ensure appropriate levels of
strength.

This 3D printed design involved non-variable conditions: Locking quick disconnect, anti-rotation, electronic pass
through, as well as swift and easy one-handed operation for attachment/detachment. The lock integrated in the design
was a smooth pin Icelock 651, and the electronic junction was a spring-loaded pin style connection. Numerous
iterations of the modular system were tested with multiple diagnostic fitting stages until a final device was produced
(Fig 2).

& Humeral top half

Icelock cap ‘

Humeral
bottom half

Figure 2: Design process for humeral disconnect. A) CAD drawings B) trial on test socket with components in place

During one of the socket trials, TC mentioned that a second shortened arm segment without an elbow would be
useful for some of his applications when using power tools at shoulder level. He also mentioned there were times,
especially for doing yard work, that he required a secure grasp with a quick release for tools such as a snow blower,
lawnmower and weed trimmer. This conversation led to the design of two additional arm segments (one powered and
one passive) that could be used interchangeably with his prosthesis. The final device is shown in Figure 3 below.

Figure 3: Final Prosthesis with three interchangeable arm segments
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OUTCOME

The result of this fitting was the creation of a prosthetic device that fulfilled all the patient's criteria: lightweight,
flexible, comfortable, and functional. The interchangeable arm segments, designed to address diverse needs, provided
significant value. Now, he can maintain his socket for extended periods, thanks to the convenience of the quick-
disconnecting arms. Embracing the versatility of his three modular fitting arms, he seamlessly incorporates them into
various activities. However, a challenge emerged after several months of use related to the smooth pin lock. The
continuous exposure to high vibration power tools led to a gradual loosening of the smooth pin lock, almost resulting
in an electronic connection loss. To rectify this issue, the smooth pin Icelock was replaced with the same format
ratcheting style Icelock 621.

Through the application of additive manufacturing and an open mind, this project successfully addressed the
unique challenges presented by the patient's needs, emphasizing modularity, comfort, and function. The process
involved numerous trial fittings and design iterations, particularly in refining the locking mechanism. The final
prosthesis significantly improved the patient's quality of life.

X - !

Figure 4: Training with prosthesis A) using power tools as he would at home and B) doing meal prep. *Written consent was
obtained for the use of the photos in this paper.

This case demonstrates the potential of tailored, iterative development processes in advancing prosthetic function
and patient satisfaction. The success of this device reinforces the value of continuous improvement and patient
involvement in developing prosthetics that not only meet but exceed user expectations.
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BARRIERS AND FACILITATORS TO ADOPTING A CLINICIAN DASHBOARD
SUPPORTING UPPER LIMB MYOELECTRIC-CONTROLLED PROSTHESES

Miriam R. Rafferty,!? Paulo Aco,! Kristi L. Turner,® Laura A. Miller,? Blair A. Lock,*
Zachary A. Wright*

IStrength-+Endurance Lab, Shirley Ryan AbilityLab, Chicago, IL, USA, *Departments of Physical Medicine and
Rehabilitation and Medical Social Sciences, Northwestern University Feinberg School of Medicine, Chicago, IL,
USA; 3Center for Bionic Medicine, Shirley Ryan AbilityLab, Chicago, IL, USA; *Coapt, LLC, Chicago, IL, USA

ABSTRACT

Integrating the use of myoelectric-controlled upper limb prostheses into daily life can be complex. A dashboard
reporting data and insights on real-world prosthetic use and performance could improve information available for
clinicians to inform care, as well as communication among end-users (prosthesis wearers) and their clinical care
providers. The purpose of this project is to blend implementation science and user-centered design methodology to
inform the development and refinement of a dashboard that improves efficiency and supports clinical decision-making
related to prosthesis training and clinical support. We used a mixed methods approach with a stakeholder advisory
panel, semi-structured interviews, and surveys from occupational therapists, prosthetists, end-users, and other
technology stakeholders. Interviews reveal clinician and end-user concern related to design, adaptability of the
platform to meet the needs, capability, and opportunity of the clinicians, as well as to address motivation of end-users.
The dashboard may improve communication but also could create work infrastructure challenges that make the
dashboard have a relative disadvantage over other forms of communication. Surveys suggest good usability,
acceptability, appropriateness, and feasibility. However, occupational therapists, the primary target population, have
the lowest perceived usability and feasibility scores at the current point of dashboard design and conceptualization. In
summary, mixed methods data from clinicians and prosthesis wearers provides valuable information that can drive
improved development of a dashboard.

INTRODUCTION

Upper limb loss/absence is a significant cause of disability that limits the ability to perform routine daily activities.
While prosthetic devices can help restore function of the lost limb, learning to fully incorporate the prosthesis into
daily life is a substantial hurdle for many wearers [1]. There are many barriers experienced by people with limb
loss/absence, as well as the clinicians (occupational therapists and prosthetists) who help them train to use new
prostheses effectively. Improving the quality of prosthesis training is crucial for wearers to achieve optimal function
and long-term use.

Unfortunately, insufficient tools exist to inform clinicians about daily prosthesis use and performance outside the
clinic. This lack of information makes it difficult for clinicians to make informed decisions to be able to administer
effective treatments to improve real-world performance. Consequently, clinicians are “flying blind” once wearers
leave the clinic. A clinician-facing dashboard (i.e., a web-based software application) that provides them access to
objective, real-world measures and actionable data insights and suggestions could support their intuition and facilitate
their decision-making to improve clinical efficiency, and ultimately, rehabilitation outcomes.

Myoelectric-controlled prostheses add technical and clinical complexity [2], which can be a barrier to
rehabilitation technology uptake [3]. Many technology developers are comfortable with technology including sensors
and software, but prosthesis wearers and clinicians may be less comfortable with these technological advancements.
Creating systems, such as a clinician dashboard, that could improve the comfort and competence of clinical and
community end-users is essential for the sustained success and uptake of myoelectric controlled devices.

This mixed method study uses implementation science and user-centered design methodology to better understand
and address barriers to myoelectric-controlled upper limb prostheses, as well as to develop a clinician dashboard for
occupational therapists treating individuals with upper limb loss. First, we engaged a multidisciplinary advisory board
to enable partnership between the industry sponsor, clinical and community advisors. Second, we conducted
qualitative interviews with occupational therapists, prosthetists, upper limb myoelectric prosthesis wearers, and other



MEC24

technology stakeholders. Third, we administered a survey to better understand features that would be valued by
interview participants, as well as key pre-implementation metrics of usability, feasibility, acceptability, and
appropriateness of the dashboard prototype . Our overall hypothesis is that acceptability and future uptake of the
dashboard will be enhanced by our application of these user-centered methods.

METHODS

Mixed Methods Design and Multidisciplinary Advisory Board

A convergent parallel mixed methods approach is used including insight from a multidisciplinary advisory board,
interviews, and surveys. The advisory board includes five industry representatives, two upper limb myoelectric control
wearers, as well as one occupational therapist and one prosthetist on the research team. Key advisory board roles are
to provide input on recruitment, interview guides, and data interpretation to ensure that the data is integrated through
the lens of practical user experience (clinician and community member). As the results are shared with the advisory
board, the co-investigators (MR, ZW) lead collaborative discussions to triangulate data using a convergent parallel
approach. Forthcoming think-aloud sessions will guide dashboard refinements.

Interviews

Qualitative research methods include interviewing occupational therapists, prosthetists, upper limb myoelectric
control wearers, and other technology stakeholders. Other technology stakeholders could be individuals that work for
industry in research and development, sales, or health policy. The goal was at least 12 clinicians and 12 other end-
users (prosthesis wearers), as 12 has been shown to be sufficient to reach saturation of themes [4]. Participants are
interviewed by someone trained in semi-structured interview techniques who has the same background (e.g.
occupational therapist (KT), prosthetist (LM), a non-clinician interviews lay/end-user participants (PA)). Informed
consent was obtained from each participant under the guidelines and approval of Northwestern University IRB (ID#:
STU00219595) prior to study participation.

Semi-structured interviews take 20-40 minutes. They include an initial series of questions about themselves
(demographics), their relevant experiences with prostheses, as well as barriers and facilitators to prosthetics
rehabilitation. Then all participants watch an approximately 7-minute-long video describing the purpose of the
Clinician Dashboard with some visuals suggesting at features that may be included in the Dashboard. Then participants
answer another series of semi-structured questions about how they could use the Dashboard, as well as features they
would want to see. Probes are used to ask for clarification and additional information when needed.

Interviews are conducted over Zoom. They are audio recorded, transcribed professionally, de-identified, and
uploaded into qualitative analysis software (Dedoose, 9.2.005, Los Angeles, CA, USA). Transcripts are coded using
a combination of deductive and inductive codes. Coders first use directed content analysis [5] to assign codes related
to barriers and facilitators of future implementation based on the constructs defined in the Consolidated Framework
for Implementation Research version 2.0 (CFIR), thereby maximizing generalizability for future studies [6]. Each
coder (MR, PA, KT, LM) brings unique experience based on their research and clinical backgrounds to share during
coding discussions. Each transcript is coded by two raters, blind to the other’s codes. Codes are then compared. An
additional coder assists with developing consensus as needed when there are discrepancies between coders.

Surveys

Surveys were sent to each interview participants following completion of the interview. Surveys include items
selected from previously validated surveys of usability, feasibility, acceptability, and appropriateness. Open ended
questions are available but not required to be completed soliciting additional feedback or information. Usability is
measured using the System Usability Scale (SUS) [7]. Research indicate that scores over 68% indicates good usability
[8]. Participants also complete the Feasibility of Intervention Measure (FIM), Acceptability of Intervention Measure
(AIM), and Intervention Appropriateness Measure (IAM) [9]. During survey pretesting with the Advisory Board,
surveys were modified to reduce the number of questions and overall study burden. The usability survey was modified
to include 6 of 10 questions (scored 0-4). Two of four possible questions were asked about acceptability and feasibility,
and only one of four questions on appropriateness was asked (scored 1-5). Survey data is described with sum or means
scores based on the convention for that survey, using descriptive statistics.

10
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RESULTS
Multidisciplinary Advisory Board

The advisory board has met 7 times an average of 4 = 1 weeks apart. Key insights added by the advisory board
include the importance of gaining insight from other non-clinician technology stakeholders, recruitment input, and
advice on interpretation of suggestions for clinician dashboard design and features.

Interviews and Surveys

At approximately 80% of our recruitment goal, 29 interviews have been completed, including 18 clinicians and
11 non-clinicians (8 individuals with upper limb loss). Table 1 describes the participant demographics and experience
within their role and myoelectric control use. 100% of current participants are white and nonhispanic.

Table 1: Participant characteristics

Occupational . _ Technology
Therapist Prosthetist End-User Stakeholder
Number of participants 9 9 8 3
Age (years * std) 47.6 +12.17 46.5+16.8 43.8+12.6 42.3+8.6
Male, n (%) 0 (0%) 8 (89%) 4 (50%) 1 (33%)
Female, n (%) 9 (100%) 1 (11%) 4 (50%) 2 (67%)
Experience (# ofyear_s as a clinician or with upper- 2341123 26.0+74 157+ 133
limb loss)
Congenital limb loss, n (%) 2 (25%)
Traumatic/Acquired, n (%) 6 (75%)
Duration of time trgmlng people with upper extremity N3+71 233182
limb-loss (years)
Duration of time wqumg with pattern recognition 62433 06434 44433 33424
myoelectric prostheses (years)

Barriers and facilitators related to novel technologies were coded to CFIR. Related to the dashboard itself, simple
design, adaptability for different patients, and providing relative advantage over other means of data sharing and
communication were key considerations. Interviewees commented on the needs, capabilities, and opportunities of the
occupational therapists who would be using the dashboard. In contrast, the needs of the end-users were less commonly
discussed. Instead, end-user motivators, capability, and opportunity were considered important related to potential
barriers to the adoption. Related to organizations that would be adopting the Dashboard (inner setting and processes),
interviews indicated the importance of considering communication, engaging users, as well as work infrastructure.
Outside of a single organization (outer setting), the dashboard was perceived as potentially facilitating partnerships
and connections. However, financing myoelectric controlled devices, health policy and legal ramifications were
perceived to be barriers. Clinicians suggested improvements to adaptability and data presentation, while end-users
suggested a variety of games and forums to increase communication and connection.

The survey results are described in Table 2. All acceptability and appropriateness values were greater than 80%
of the possible score, indicating good pre-implementation potential. However, occupational therapists provided
relatively lower scores for usability and feasibility. For this clinician dashboard target population, the average usability
score of 40.0 of 60 represents 66.7% of the total possible available score, which is currently below the 68% usability
target set by the developers of the System Usability Scale.

Table 2: Pre-implementation scores for the Clinician Dashboard

Construct Usability Acceptability Feasibility Appropriateness
(Score Type, Range) (sum, 0-60) (average, 1-5) (average, 1-5) (average, 1-5)
Occupational Therapists (n=9) 40.0£5.0 44+0.6 39+0.5 44+05
Prosthetists (n=9) 44.7+8.0 4205 4206 42+04
End-Users (n=8) 459=+17.1 44+£0.6 46+04 41+04
Tech Stakeholders (n=3) 458 +8.2 50+0 50£0 50=£0
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DISCUSSION

This work emphasizes the importance of clinical and end-user engagement in the research and development
process for novel technologies. We use an innovative approach to combine implementation research methodology and
user-centered design. The data highlights the use of pre-implementation outcomes such as usability, feasibility,
acceptability, and adoption. Achieving high scores in these domains is thought to facilitate future adoption of
technology.

First, our qualitative pre-implementation data corroborate prior research on uptake of novel technologies. Our
past research indicates that ease of use, time to set up, and relative advantage are some of the most important barriers
[3]. Similarly, we heard in our interviews that simple design was valued and clinicians expressed concern related to
the relative advantage of information in the dashboard compared to their current clinical techniques and workflows
[3]. The importance of adapting the dashboard to different clinical needs and patient motivators, such as
communication preferences, are novel.

Limitations of this research thus far includes the lack of heterogeneity of participants. High proportions of white
prosthesis wearers may be indicative of barriers to technology access and cost-related barriers for myoelectric control
in underrepresented populations. Additionally, high proportions of end-users with traumatic limb loss may reflect
greater prosthesis coverage of myoelectric controlled devices by workers compensation insurance. We are actively
recruiting additional interview participants in underrepresented groups.

The interviews and surveys with key stakeholders are the first stage of this research which are being conducted
in parallel with development of a dashboard prototype. Occupational therapists who participate in the interviews will
be invited back to participate in think-aloud sessions. Think-aloud sessions are a key component of user-centered
design that allow the participant to interact with a prototype of the new tool [10]. In these sessions, participants are
typically asked to “think-aloud” everything that comes to mind as they navigate through the dashboard prototype and
to complete a series of tasks simulating how they might use the dashboard in the real-world. Participants will be asked
open-ended questions to reflect on their experience and provide feedback. We plan to complete 3-4 think-aloud
sessions between iterative rounds of dashboard refinement and will gather usability, feasibility, acceptability, and
appropriateness measures with a goal of reaching 68% usability. The final stage of this work will be real-world
implementation where clinicians will use the dashboard in a clinical setting with new myoelectric prosthesis wearers.
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Background

Severe brachial plexus injury(BPI) from trauma is an uncommon but devastating injury suffered
predominantly by young working-age men involving motor cycles or cars (1,2). The literature on
this topic contains many references to other causes of brachial plexus injury, including obstetric
and radiation in particular, but | wish to concentrate on the trauma induced variety of severe BPI
(i.e. pan-plexus). The Prince of Wales Hospital Rehabilitation Dept, is recognised for its expertise
in upper limb amputee management and prosthetic fitting and training, and we have become a
referral centre for BPI cases all of whom are treated by the Specialist BPI Reconstructive Surgical
Unit in my State of New South Wales (Australia). While Rehabilitation, by its nature, involves an
holistic multidisciplinary approach to the wide variety of problems resulting from such a
devastating injury, it became clear that our expertise in providing prehension might add significant
value to the functional outcomes sought by our Surgical colleagues.

According to 2 large reported series from Brazil and the USA, in those requiring surgical
reconstruction, half have panplexus injuries, 30-40% have upper plexus injuries, and a small
minority have lower plexus injuries (1,2). Our experience at POWH concurs with these reports.

A myriad of surgical techniques are used to attempt to restore function to the arm -
decompression and repair, nerve transfers, free functional muscle transfers, tendon transfers, joint
arthrodesis, rotation osteotomy, and more recently, targeted muscle reinnervation (3). The
literature is not clear on which technique is superior in any particular case, and the variability of
approaches reported makes this hardly surprising. What is clear is that the surgery should only be
carried out be experts and the situation in NSW is precisely that.

Rehabilitation is multidisciplinary, person-centred and goal oriented. It seeks to optimise function
- physical, functional, psycho-social and vocational. In doing so it seeks to optimise quality of life
in persons who have suffered disability from injury (or illness). In treating a patient with BPI this
may include: to maintain joint range of motion, protect the flail limb from secondary injury, address
pain management, provide psychological support, teach personal care independence, and
provide vocational support to return to their existing employment or retrain.

In the early years of my career at another teaching hospital | received occasional referrals of such
patients, usually from their General Practitioners, often many years after their original injury and
treatment. Typically | found them seeking help with intractable neuropathic pain, carrying a flail
upper limb supported via a variety of methods including nothing, hand in pocket, collar and cuff,
or triangular sling. Invariably they had severe gleno-humeral subluxation. They had often
undergone surgical repair years earlier but seemed to have no understanding of what that had
been intended to achieve, and whether it had been successful or not. They had rarely returned to
work, and often asked if | could help them to obtain an amputation believing (or at least hoping) it
might help their pain. Of course, the surgical options are complex, often requiring multiple
procedures, and the recovery times e.g. after nerve transfers, can be much longer than patients
anticipate, leading to a loss of engagement, and uncertainty about achievable outcomes. |
observed that what rehabilitation had occurred, was generally predominantly physiotherapy
delivered by Specialty Hand physiotherapists. The patients seemed not to understand that there
was generally no expectation that hand function could be recovered.

Restoring prehension
In the past prehension was addressed through body powered(BP) or externally powered(EP)
orthoses or combined gleno-humeral arthrodesis and transhumeral amputation (THA) and BP or
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EP prostheses. Many examples are readily found in old textbooks often from Specialty centres in
the UK like Roehampton and Stanmore. My 1980s training had taught me that 1. None of these
orthoses were used, 2. That THA might be performed for a flail arm which was suffering from
repeated trauma but it should never be contemplated early and to beware of the patient believing
it would help their pain, and 3. THA prostheses fitted after THA were rarely used as function was
so poor. In Australia these approaches have largely fallen out of favour.

Our recent experience confirms that The RNSH BPI surgical unit in Sydney has a reliable
expectation of providing a stable shoulder with limited abduction/flexion and good biceps
function following nerve and or tendon transfers +/- humeral rotation osteotomy. They explicitly
state that they have no ability to restore intrinsic hand function though some finger function via
tendon transfers or muscle grafts combined with wrist fusion can restore some grasp. What
patients lack is fine prehension. | was inspired by Aszman’s innovative work combining TMR and
Trans Radial Amputation(TRA).

Current approach to restoring prehension

We have since developed an approach which, following surgical reconstruction, involves a patient
centred choice between TRA and prosthetic fitting, or exoskeleton, both of which can be
activated by auxiliary switching technology if necessary, in the absence of sEMG signals in the
arm. | will present examples of each from cases which we have treated at The Prince of Wales
Hospital in Sydney Australia.

Exoskeleton

The exoskeleton is the option for those who do not want amputation. This is the majority of our
cohort and tends to be the younger aged. Preserving passive hand function is important in this
group. The rigid exoskeleton fitted (Myopro) required a patient who could tolerate a bulky heavy
unit suspended from a shoulder saddle resting on their wasted shoulder girdle. The hand module
demanded a flexible wrist and hand, with a fully preserved thumb web space or the risk of trauma
was significant. The exoskeleton utilised the reinnervated biceps sEMG signal to provide
enhanced elbow flexion power. The hand close/open relied upon a single site switching approach
using sEMG e.g. rhomboids, or a linear transducer or alternative. The decision was based on a
team discussion between patient, Occupational Therapist and Orthotist/Prosthetist, and testing of
various options for the most reliable. Fitting was difficult and successful positioning of the
electrode could only be achieved by an assistant. The patient could successfully open and close
the hand reliably but usage in functional tasks was not achieved.

Trans Radial Amputation (TRA) and prosthetic fitting

In those willing to undergo TRA, a prosthetic socket was fitted and initially supported by
attachment to the Wilmer BPI orthosis. A myoelectric TD was added and single site activation via
a linear transducer attached to a chest strap was reliably demonstrated. Over time, as the biceps
became stronger, the Wilmer support was removed. Reliable holding of an object in the Prosthetic
TD supports functional task performance but weak shoulder flexion limits the range of tasks.

Decision pathway

Financial options known

Pt preferences re amputation understood.

Pt beliefs about pain relief recognised and cautioned.

Psychological evaluation (esp re amputation)

Precluding injuries excluded e.g. severe TBI, skeletal injuries (harness tolerance and motion)
Surgical plan for G-H stability & EIbow Flexion reinnervation agreed and/or underway.
Shoulder and elbow function achieved.

TRA amputation undertaken and prosthesis fitted OR exoskeleton trialled.

ONoOG RGN

Future plans

1. A more suitable exoskeleton is needed. The soft orthotic glove type exoskeleton appeals as a
better alternative, although none of the existing commercially available models have proved to
be suitable for the needs of this patient group.

2. Alternative activation systems are needed. The limited SEMG signals available suggests that
linear transducers will be relied upon despite their own limitations. BCI technology may
ultimately solve this problem.
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EXPLORING THE PERSPECTIVES OF DIFFERENT PROFESSIONS ON TASK-BASED
UPPER-LIMB PROSTHESIS ASSESSMENT TECHNIQUES

Joshua R. Siegell], and Jonathon S. Schofield!*!
[HIDepartment of Mechanical and Aerospace Engineering, University of California, Davis, Davis, CA,
United States

ABSTRACT

Upper limb prostheses can significantly enhance independence and functionality for individuals with limb differences,
offering them renewed independence, functionality, and quality of life. Task-based evaluation measures, which involve patients
directly manipulating objects with their prosthesis, are crucial for accurately assessing performance. However, these measures
must meet the needs of various stakeholders, including researchers, clinicians, and insurers, who rely on this data for patient
care and technological advancements. Yet, the specific demands of these groups can vary widely and remain underexplored,
creating a gap in developing universally applicable evaluation methods. Our study aims to investigate these differences by
conducting an online survey targeting a broad spectrum of professionals, including physical and occupational therapists,
certified prosthetists/orthotists, medical practitioners, and academic researchers. This approach aims to gather a comprehensive
understanding of current evaluation practices and identify areas in need of refinement, ultimately contributing to enhanced
precision in prosthetic evaluations and improved patient outcomes.

INTRODUCTION

Task-based metrics, which involve the patient directly manipulating test objects with their prosthesis, offer a myriad
of benefits as they provide an immediate assessment of a patient’s real-time performance operating their device. Some of these
benefits include: the potential to help inform clinical decision making including the selection of appropriate prosthetic solutions
for individual patients; enabling precise monitoring of patient progress either as indications of care effectiveness or the need
for adjustments; and helping provide an evidence base for decision making in the contexts of insurance coverage and public
health systems, collectively helping foster transparency among stakeholders including patients, clinicians, researchers, and
regulatory bodies. Additionally, standardized task-based evaluations allow for consistent comparisons across different
prosthetic technologies, contributing to innovation by minimizing variability from diverse and often disparate evaluation
methodologies. Finally, when paired with patient self-reported data, task-based assessments can also help mitigate common
biases, such as response fatigue, social desirability, and central tendency biases, offering an additional objective and
supplementary perspective on patient functionality [1], [2], [3]. Collectively, task-based evaluation tools are foundational to
progress in upper-limb prosthetics, ensuring advancements are both significant and quantifiable.

Despite their clear importance, there is a notable research gap in this area. While mechatronic technology for upper-
limb prosthetics has seen significant advancements, we have found in our recent literature review that only 25 task-based
evaluation measures have been reported in literature, and crucially, validated since 1948 [4]. This disparity between the rapid
rate of technological advancement and the blunted evolution of standardized measures to assess their performance emphasizes
the growing need for more universally accepted and consistently updated assessment frameworks. The challenge of addressing
this issue is compounded by the differing priorities of professionals across clinical environments and research laboratories.
Clinical settings, which are often under time constraints, may prefer more rapid tests for their efficiency in assessing patient
outcomes. However, this may come at the expense of the depth of data collected. On the other hand, research settings may opt
for more comprehensive tests which, despite their thoroughness, face challenges in wider spread adoption due to their extensive
setups, accessibility of testing materials, significant costs, and more complex protocols.

Our goal was to gather insights on current task-based evaluation methods in the context of the unique needs and
expectations across the diversity of practitioners that may interact with individuals prescribed upper limb prostheses. We
employed an online survey and contacted a wide array of individuals across the professional spectrum, including physical and
occupational therapists, prosthetists, medical practitioners, and academic researchers.

METHODS

Survey Design
Our online survey was strategically designed to gather data on professionals’ experiences, preferences, and practices
related to upper-limb prostheses and task-based functional measures. Our study was approved by the University of California,
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Davis Institutional Review Board. Recruitment was performed though email via our team’s professional networks. Once
participants agreed to take part in the study, they were provided with a link to an anonymous survey hosted on Qualtrics. This
began with an introduction outlining the study's objectives, confidentiality assurances, detailed instructions, and contact
information for any follow-up questions. Consent to proceed led participants through a questionnaire that require no more than
15 minutes to complete. The survey incorporated a variety of question types, including multiple-choice, checkboxes, and
questions that allowed respondents to order their preferences. This design facilitated the easy and efficient capture of detailed
responses across a range of topics. The questionnaire was structured to progress through a series of questions aimed at
anonymously characterizing each participant's profession, experience, training, and exposure to individuals with upper-limb
prostheses. Following this initial characterization, the survey focused on identifying which validated task-based measures
participants were aware of and actively used in their practice. Finally, participants were asked to prioritize a list of factors they
deem most important in a task-based measure for upper-limb prosthetic assessment.

Data Analysis

We employed binning and response counts as our primary analytical methods. Data collected from the survey were
first separated (binned) by profession, allowing for a detailed analysis of the perspectives of different professional. Response
counts were utilized to quantify the prevalence of specific views and practices among the participants, providing a
straightforward method to identify the most used task-based measures and the factors considered most important in upper-limb
prosthetic measures.

RESULTS

In this paper, we present data from N=30 participants, whose professional backgrounds are outlined in Table 1. The
distribution of participants by profession was as follows: 5 physical/occupational therapists (PT/OTs), 4 certified
prosthetist/orthotists (CPOs), 14 medical doctors (MD/DOs), and 7 who are primarily researchers (PRs). Additionally, we
documented the median duration of practice in their respective fields by having them select from a list of time ranges: PT/OTs
and CPOs professionals had a median range of experience between 10 to 15 years of experience; MD/DOs participants reported
a median range of 12.5 to 17.5 years; and for those primarily involved in research (PRs), the median experience ranged from
15 to 20 years. The survey also required participants to select from a list highlighting the frequency range they interact with
upper limb prosthesis users, the median rate of patient interactions revealed a spectrum of engagement frequencies: PT/OTs
and PRs typically interacted with patients once every 2 to 5 months; CPOs reported at least one patient interaction per week;
and MD/DOs professionals engage with patients at least once per month.

Table 1: Respondent Background

Profession Respondents | Median Time Practicing Median Patient Interaction Rate
Physical/Occupational therapist 5 10 — 15 years Once every 2-5 months
Certified Prosthetist/Orthotist 4 10 — 15 years At least once per week
Medical Doctor 14 12.5-17.5 years At least once per month
Primarily Researcher 7 15 — 20 years Once every 2-5 months

Table 2 highlights the results from a survey question that prompted participants to select task-based measures, from a
list of 25 (identified in [4]), that they were familiar with and would likely use with patients in their professional practice. The
Box and Block Test (BBT) was identified as the most favored test across all professions for patient use. This finding is
particularly significant considering the test's brevity and limited scope in assessing functional capabilities. Despite these
constraints, the Box and Block Test is valued for its comprehensive validation with numerous patient populations, endorsement
through peer review, straightforward administration, affordability, and ease of learning. Conversely, more involved evaluations
such as the Southampton Hand Assessment Procedure (SHAP), Activities Measure for Upper-Limb Amputees (AM-ULA),
and Gaze and Movement Assessment (GaMA) were primarily chosen for research purposes. It is important to note that a
significant portion of the MD/DOs reported a lack of familiarity with many of the tests listed. Several doctors indicated in their
responses that they would prefer to delegate the responsibility of administering these tests to PT/OTs.
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Table 2: Perspectives on Currently Available Tests

Physical/Occupational

1: Box and Block Test (BBT) — 71.43%

2*: Action Research Arm Test (ARAT) — 50.00%

therapist 2*: Jebsen Hand Function Test (JHFT) — 50.00%
2*: Nine-Hole Peg Test — 50.00%
I 1: Box and Block Test (BBT) — 50.00%
r - -
Prostheﬁistglgrth G 2*: Assessment of Capacity for Myoelectric Control (ACMC) — 33.33%

2*: University of New Brunswick Test of Prosthetic Function (UNBT) — 33.33%

Medical Doctor

1*: Box and Block Test (BBT) —21.42%
1*: Jebsen Hand Function Test (JHFT) — 21.42%
1*: Nine-Hole Peg Test (NHPT) — 21.42%

2*: Purdue Pegboard Test (PPT) — 14.29%
2*: Unilateral Below Elbow Test (UBET) — 14.29%

Primarily Researcher

1*: Southampton Hand Assessment Procedure (SHAP) — 44.44%
1*: Box and Block Test (BBT) — 44.44%

2*: Activities Measure for Upper-Limb Amputees (AM-ULA) — 42.86%
2*: Gaze and Movement Assessment (GaMA) — 42.86%

Table 3 shows the results when participants selected from a list of maximum time ranges they felt was acceptable to
administer a task-based measure in their practice. Additionally, Table 3 highlights the top three criteria they viewed as important
when selecting a task-based measure, underscoring a universal preference for validated and peer-reviewed tools. Clinical
practitioners report a significantly shorter maximum testing time compared to their research-focused peers, highlighting a
prioritization of efficiency in clinical settings. This emphasis on time efficiency is reflected in the ranking of the total
administration time as a key factor for its selection among clinical professionals. Despite these differences, there's a unanimous
agreement on the importance of using tests that effectively monitor patient progress, illustrating a common objective to employ
assessments that are both practical and beneficial for patient care across diverse professional landscapes.

Profession

Table 3: Desired Characteristics for Evaluation Methods

Median Max

Time for Test

Ranking of Most Important Factors

Physical/ 1: The test has been validated and peer-reviewed
: Between 10-20 = . -

Occupational minutes 2: Efficacy of monitoring patient progress

therapist 3: Total administration time

. 1: The test has been validated and peer-reviewed

Certified X T
S Betwgen 15-25 2: Total administration time

Orthotist minutes 3: Comprehensive analysis of multi-grasp dexterity and impact of varying control

systems

Medical Doctor

Between 5-10
minutes

1: The test has been validated and peer-reviewed

2: Total administration time

3: Efficacy of monitoring patient progress

Primarily
Researcher

Between 30-60
minutes

1: The test has been validated and peer-reviewed
2: Efficacy of monitoring patient progress

3: Comprehensive analysis of multi-grasp dexterity and impact of varying control
systems
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DISCUSSION

Our study unveiled insightful findings regarding the prevailing views on task-based evaluation methods for upper-
limb prosthetics. We observed notable variations in how frequently different professional groups engage with patients equipped
with upper-limb prosthetics. It is essential to mention that these interactions ranged from weeks to months, highlighting a
considerable variance among professionals. However, a potential limitation of our study was the methodology used to contact
respondents—email outreach within our network of researchers and clinicians specializing in upper-limb absence care. This
approach might have led to an overestimation of interaction frequency, as it may not accurately represent the engagement levels
of the average practitioner. Despite this limitation, the importance of addressing the prosthetic needs and managing patient
expectations cannot be overstated, especially considering the challenges posed by the advancing technology in upper-limb
prosthetics. These challenges are compounded by the mobility requirements of the upper-limb and the vital role that hands and
arms play in our daily activities. Our findings also shed light on the "upper extremity dilemma [5]," where prosthetics are
becoming more technologically advanced and specialized. However, the relatively infrequent encounters with upper-limb
prosthetic users make it difficult for many clinicians to expand their knowledge and expertise [6]. This gap necessitates a high
level of specialized care for a group of patients seen less frequently by practitioners, leading to potential challenges in meeting
their specific needs [7]. To bridge this gap, validated task-based measures and a more universally applicable analysis framework
could play a crucial role. Such tools would provide practitioners with objective data, facilitating more informed decision-
making and ultimately enhancing care for patients using upper-limb prosthetics.

Our results revealed many intriguing insights about current perspectives on available task-based evaluation methods
used for upper-limb prostheses. Categorizing the data from 30 participants by profession revealed distinct preferences in testing
goals and methods. Although all groups emphasized the necessity of validated and peer-reviewed tests, notable differences
emerged: clinical settings prioritize quick evaluations next, with the box and block test— likely favoured for its sub-5-minute
completion time—ranking high among physical and occupational therapists, prosthetists/orthotists, and medical doctors [4].
Notably, the maximum time reported for testing report in these clinical groups was significantly shorter than that for research-
focused professions. Furthermore, professionals across these fields consistently rank the total time required to administer a test
as one of the top three criteria for determining its effectiveness. In contrast, research environments valued the comprehensive
analysis which likely explains the preference for the more intensive Southampton Hand Assessment Procedure, though the box
and block test does remain in use for this group. Nevertheless, professionals unanimously agree on the importance of tests that
effectively monitor patient progress. These findings highlight the shared and unique priorities across professions, underscoring
the need for a balanced approach in developing and selecting upper-limb prosthetic evaluation methods to accommaodate the
quick assessment preferences of clinical practitioners and the detailed analytical needs of researchers.
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RETHINKING THE SHOULDER DISARTICULATION PROSTHESIS:
LET’S STOP THINKING OUTSIDE THE BOX AND MAKE THE BOX BIGGER

Christopher Fink, CPO; Timothy Bump, CPO; Debra Latour, OTD, OTR/L
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ABSTRACT

In this article, authors explore how reducing the amount of technology and modifying the traditional shoulder
disarticulation prosthesis design can lead to an improvement in task completion, device satisfaction, and reduced prosthetic
abandonment. While new devices demonstrate potential for improved function, appearance, and control, there is a lack of
translation of these advancements to actual daily functional improvements for the upper limb population. Prosthetic
abandonment continues to be extremely high in the upper limb population even with improvements in the latest technology.

Persons with shoulder disarticulation/ interscapular thoracic occupy less than 0.1% of the total population. With such a
small population of potential users, many prosthetists default to caring for these individuals in a very traditional manner as they
lack the experience to do so differently. Traditionally, shoulder disarticulation prostheses have consisted of a prosthetic
shoulder, elbow, wrist, and terminal device. While these devices may be successful for some users, they are heavy and require
an extensive amount of positioning before operating the terminal device. In a typical shoulder level prosthesis, there are six
degrees of freedom to control and position prior to terminal device actuation. With current technology these degrees of freedom
are typically sequentially controlled and may be positioned multiple times prior to attempting to operate the terminal device.
The cognitive burden of positioning these movements and the time to do so are routine complaints of users. While offering
access to function once correctly positioned, achieving the correct position is time consuming and fatiguing. The increased
complexity and degrees of freedom for control in more proximal level users requires more cognitive load and could explain the
higher level of abandonment with higher levels of limb difference.

To combat this, the practitioners explored a novel design to reduce the complexity of operating the shoulder level external
powered prosthesis and combat the common issues of function, comfort, and weight. The novel prosthesis was designed around
the criteria of access to function at multiple levels (seated at a table and standing at a counter) and be able to complete bimanual
activities of daily living (ADLSs) such as meal preparation, household chores, stabilizing paper to write with the contralateral
limb, and eating with a knife and fork.

INTRODUCTION

The authors of this paper explore how reducing the amount of technology and modifying the traditional shoulder
disarticulation prosthesis design can lead to an improvement in task completion, device satisfaction, and reduced prosthetic
abandonment. Society continues to be enamoured with technology. From the latest smart phone or watch to self-driving cars,
we have become people that love technology for the sake of innovation. This infatuation is not independent from the field of
prosthetics. Innovations are developed daily, with a substantial amount of that technology concentrated to the upper limb. While
new devices demonstrate potential for improved function, appearance, and control, there is a lack of translation of these
advancements to actual daily functional improvements for the upper limb population.

Persons with upper limb absence (ULA) continue to derive a small percentage of the overall limb-different community.
There are an estimated 2.2 million persons living with limb difference, with 185,000 persons with new loss each year [1,2].
Partial hand difference makes up a large majority of the upper limb population (92%) followed by trans radial/ wrist
disarticulation, and trans humeral/ elbow disarticulation. Persons with shoulder disarticulation/ interscapular thoracic occupy
less than 0.1% of the total population [1,2,3]. With such a small population of potential users, many prosthetists default to
caring for these individuals in a very traditional manner as they lack the experience to do so differently. Many work under the
pretext that a prosthesis needs to replace the anatomical limb in a mimicking manner such as a hand for a hand, an elbow for
and elbow, etc. Development in technology has been driven around making the prosthesis more human-like. While this may
be appropriate in some instances, it may not be the best course of action in all circumstances. For instance, many machines and
robots have been developed to replace humans in manufacturing jobs that do not operate under this pretext.
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Prosthetic abandonment continues to be extremely high in the upper limb population even with improvements in the latest
technology [4]. More proximal amputation levels also show higher levels of abandonment [4]. Reasons included weight,
temperature, sweating, durability, and aesthetics with a consensus of comfort and function being the leading factors [4,5,6].
The prosthetist is responsible to create well-fitting sockets, but prosthetic comfort can be influenced by factors such as weight
or control mechanism. Function is extremely multifaceted and includes the tasks that are meaningful to the user, technology
design and selection, control mechanisms, occupational therapy/ training, and socket fit/ comfort. Additionally, the increased
cognitive load associated with using an upper limb prosthesis may lead to greater abandonment [7]. The increased complexity
and degrees of freedom (DOF) for control in more proximal level users requires even more cognitive load and could explain
the higher level of abandonment with higher levels of limb difference.

Traditionally, shoulder disarticulation prostheses have consisted of a prosthetic shoulder, elbow, wrist, and terminal device.
For individuals requiring active elbow motion and grasp, body powered prostheses are less preferred compared to external
powered prostheses due to the lack of excursion available at this level of limb loss [8]. A typical external powered shoulder
level prosthesis (Fig. 1) consists of a locking shoulder joint (mechanical or electric) to control shoulder flexion and extension
with a friction ab/adduction setting to allow positioning of the shoulder in abduction; an external powered elbow joint that
allows for flexion and extension of the elbow joint; a mechanical friction turntable on top of the elbow joint to mimic humeral
rotation; an electric wrist rotator to supinate/ pronate the terminal device; and an external powered terminal device that could
be in the form of a hook, simple prehension hand, or multi-articulating hand. Many terminal devices also have the option for
changing the wrist flexion position as well.

While these devices may be successful for some users, they are heavy and require an extensive amount of positioning
before operating the terminal device. In a typical shoulder level prosthesis, there are 6 DOF to control and position prior to
terminal device actuation. With current technology these DOF are typically sequentially controlled and may be positioned
multiple times prior to attempting to operate the terminal device. The cognitive burden of positioning these 6 DOF as well as
the time to do so are routine complaints of users. While offering access to function once correctly positioned, achieving the
correct position is time consuming and fatiguing. To combat this, the practitioners explored a novel design to reduce the
complexity of operating the shoulder level external powered prosthesis and combat the common issues of function, comfort,
and weight. Participants gave written consent to use of their images.

Figure 1: Example of a traditional Figure 2: Novel shoulder disarticulation style prosthesis in its Figure 3: Novel shoulder disarticulation
external powered shoulder shortest position to function while seated at a table prosthesis in its extended position to work
disarticulation style prosthesis at a countertop height while standing

The novel prosthesis was designed around the criteria of access to function at multiple levels (seated at a table and standing
at a counter) and be able to complete bimanual activities of daily living (ADLSs) such as meal preparation, household chores,
stabilizing paper to write with the contralateral limb, and eating with a knife and fork. The device needed to be lighter weight,
easier to operate and more functional than the typical shoulder level prosthesis. The novel prosthesis (Fig. 2 and Fig. 3)
consisted of a universal friction shoulder joint to control elbow flexion/ extension, ab/ adduction, and humeral rotation; a
telescoping “elbow joint” to provide a short operating position and long operating position; a standard electronic quick
disconnect wrist unit to allow for passive wrist rotation; and an external powered multi-articulating hand.
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CASE STUDY 1

Case study 1 (CS1) is a 28-year-old male who presents with acquired shoulder disarticulation of the right dominant upper
limb due to a work-related accident. He demonstrates limited movement and has extensive scarring at the residuum and
dorsal/lateral trunk and volar clavicular areas. Sensation is described as hypersensitive in the right anterior axilla. He
experiences phantom and residual limb but denies pain in the left sound upper limb. Since January 2023, CS-1 has been using
an externally powered device that includes a body powered locking shoulder joint, powered elbow joint, a powered wrist rotator,
ETD2 with wrist flexion and FLAG, waterproof collar, and waterproof sleeve, 2 site touch pad control, electric switch, and
chest straps for suspension harnessing. He received OT for prosthetic training and was able to use the device for some ADLSs
but continued to experience some limitations. Prior to his accident, CS-1 led an active life, working full time in construction at
an asphalt company. He lived in the family home with his parents and siblings, contributing to home and property maintenance,
and enjoyed diverse activities in his free time, including sports, working out, camping, fishing, and hunting. He also played
musical instruments such as piano, trumpet and drums. He hoped that prosthetic technology would enable him to return to these
activities. CS-1 expressed interest in trialling the idea of the novel prosthesis using the telescoping feature that could offer
access to tasks at diverse heights more efficiently.

In October 2023, CS-1 was fitted with the novel prosthesis. He noted that the adjustable length feature of the forearm/
humeral section was at a perfect length for tasks while seated at a table and extended an appropriate length to work at a
countertop while standing. He was able to change the arm length quickly and was happy with the added and improved features
of the new prosthesis. His control continues to be excellent and ability to use the prosthesis. Initial measures show improved
his perception of disability, work, and recreation scores (QuickDASH) and prosthetic satisfaction (McGann Feedback Form).
CS-1 continues to be monitored for ADLSs via performance measures, however he has demonstrated improvements in ability to
complete many bimanual tasks such as cutting food, preparing meals, and carrying heavy objects.

CASE STUDY 2

Case study 2 (CS-2) presents as a 42-year-old male with a right shoulder disarticulation amputation with full root avulsion
that occurred in 2013 from a traumatic motorcycle injury. He continues to experience pain, anxiety, PTSD, and depression. CS-
2 was initially fitted in 2015 with a passive activity-specific prosthesis, and then with an externally powered prosthesis in 2017.
He has since lost the passive device during relocation and the externally powered device no longer fits due to weight gain. CS-
2 complains of limited function with his device because of the weight complexity to operate the components.

In October 2023, prosthetists discussed the novel prosthesis with a telescoping locking elbow instead of a flexing/extending
elbow. CS-2 was interested and discussed the potential for control using touch pads at the right shoulder. Following trials with
a developing prototype, a device with single-site, posterior motion to open/close; elbow with 2 telescoping positions, and an i-
limb quantum with power grip was delivered to CS-2 in January 2024. He was able to operate the device and to initiate bimanual
tasks such as zip up a jacket, manipulate a knife and fork to cut food, and manage a wallet and mobile phone. CS-2 stated, “It
has been a long time since | had this much hope to accomplish tasks.”

Initial measures show improved his perception of disability, work, and recreation scores (QuickDASH) and prosthetic
satisfaction (McGann Feedback Form). CS-2 continues to be monitored for ADLs via performance measures, however he has
demonstrated improvements in ability to complete many bimanual tasks such as cutting food, preparing meals, and carrying
heavy objects.

DISCUSSION

These case studies demonstrate that the novel prosthesis has several advantages over the traditional prosthesis including
decreased overall weight, decreased weight perceived by the user, improved function to complete tasks at table (seated) and
counter (standing) heights, and increased wear time. Additionally, the users were able to correctly position the TD faster and
more efficiently compared to the traditional prosthesis. Once the user adjusted the telescoping “elbow joint” at the proper
length, the TD was positioned by moving the universal shoulder joint and rotating the wrist unit. This resulted in a total of 3
actions before operating the TD in the novel prosthesis (positioning the telescoping elbow joint, the universal shoulder joint,
and the wrist rotator) compared to five actions required to actuate the traditional prosthesis (positioning the shoulder for flex/
extension, abduction, humeral rotation, elbow flexion, and wrist rotation).

Users of this device were able to complete tasks they could not perform or struggled to perform with the traditional
prosthesis. Seated at a table the novel prosthesis outperformed the traditional prosthesis because the angle and position of the
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prostheses allowed the user to interact with items on the table. With a traditional prosthesis the subjects were unable or struggled
to use the prosthesis to grasp objects from the tabletop, hold a water bottle or cup and cut with a fork and knife. The novel
prosthesis, however, easily permitted access to complete these tasks. The lack of a traditional elbow joint allows the TD on the
novel prosthesis to access objects on the tabletop in a more intuitive, efficient, and easier strategy to control motion.

Currently there is no knowledge of any other prosthesis that has been designed with the characteristics of the novel
prosthesis. While both subjects found value in the novel prosthesis, one of the subjects continues to use his traditional prosthesis
on occasion because both prostheses serve purposes to his daily life. This action coincides with the findings that no one
prosthesis can replace the human arm/hand and that multiple devices are required to achieve the vast array of functions of the
human arm. Further examination of this prosthesis design is required to further determine its merits for the wider shoulder level
prosthetic community. Future design considerations will include other tasks beyond household chores, eating, meal preparation
and writing.
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ABSTRACT

Children with Unilateral Congenital Below-Elbow Deficiencies (born without a hand, UCBED) have a high rate
of prosthetic abandonment, pointing to unresolved challenges that may be distinct from those faced by adults with
limb loss. There is limited knowledge of the motor control these children have over their affected muscles, a highly
relevant question for effective dextrous prosthetic control. Our research aims to measure the extent of volitional muscle
activation that exists in the residuum when children attempt moving their missing hand, with the goal of creating
highly functional pediatric-specific prosthetic devices. In this work, we recruited 28 pediatric UCBED patients across
four Shriners Hospital locations. We measured muscle activity using ultrasound imaging and surface
electromyography while children attempted 10 missing-hand movements, then used machine learning to analyze the
patterns of the affected and unaffected sides. Our algorithms predicted hand movements from residual muscle activity
at over 80% accuracy in most cases, and well above chance in all participants. This indicates inherent muscular control
which may be leveraged to develop more functional prosthetic devices tailored towards pediatric UCBED patients.

INTRODUCTION

Approximately 1 in 500 live births will present with an upper limb deficiency, the most common reason for limb
absence in children [1]. Children born with a unilateral, congenital, below-elbow deficiency (UCBED) are typically
amenable to a prosthesis, but prosthetic abandonment rates for pediatric users reach as high as 45%, compared to
approximately 25% for adults with limb loss [2], indicating these devices are not providing the necessary functionality
or improved quality of life that the users require [3]. Although there have been significant advancements in dextrous
prosthesis development and availability for adults and children, with this increased dexterity comes the need for more
sophisticated control systems to pilot the newly available movements. Toward this goal, advanced machine learning-
based control systems such as myoelectric pattern recognition approaches have demonstrated significant promise for
adult prosthesis users, but have seen limited to no adoption among children born with their limb deficiency [4].

Encouragingly, we have shown in small cohorts of children with UCBED (N= 6-9) that they retain a degree of
control over their affected muscles, despite having never actuated a hand before [5-6]. These studies were performed
using surface electromyography (SEMG) and the emerging technique of sonomyography (ultrasound imaging)
respectively to capture muscle activity. We found that it is possible to decode intended movements of the missing
hand from the patterned behavior of the affected muscles using either measurement modality. These results indicate
that, like adults with acquired limb absence, these children have a significant potential to benefit from advanced
prosthetic control systems.

In the current work, we present our findings from a cohort of N=28 children with UCBED whose data was
collected from 4 Shriners Children’s Hospital locations across the United States. Participants were asked to attempt
simultaneously moving their intact and missing hands into a variety of positions while EMG and ultrasound imaging
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recorded the corresponding forearm muscle activity. We hypothesized that, like our prior work, each participant would
produce distinct patterns of muscle activity that were unique to each intended hand movement. We further
hypothesized that classification accuracies of these patterns would be similar, albeit slightly reduced, when comparing
the affected to the unaffected sides. This work provides a deeper understanding of the motor capabilities of children
with UCBED and points to the potential for these children to benefit from advanced prosthesis control systems.

METHODS

Study Design: We recruited N=28 pediatric participants (ages 5-20 years old, 16 males and 12 females) with
UCBED from 4 Shriners Children’s Hospital locations (Northern California, Portland, Greenville, Chicago).
Exclusion criteria include those with sensorimotor, cognitive, or developmental differences aside from the absence of
an upper limb. All research protocols were approved by the Shriners Hospitals for Children Western Institutional
Review Board (WIRB). Participants or their legal guardians provided written, informed consent (and assent as
necessary) prior to the study.

A - B We employed ultrasound imaging and SEMG to capture
~ the simultaneous muscle activity of participants affected and

'& B unaffected limbs while they attempted different missing-hand

PP 1P movements (Figure 1). Our methodology then used machine
g O learning (ML) algorithms to analyze the consistency of the
recorded muscle activity, based either on patterns of electrical

= = activity across SEMG electrodes or the spatiotemporal motion
-y o< patterns of the muscles. Therefore, participants performed two

TP WE repetitions of the same experimental paradigm, once while

wearing ultrasound sensors, and once while wearing SEMG

sensors. Here, they were asked to perform ten different grasp

and wrist motions from among the most commonly used grasps

in daily living (index flexion (IF), key pinch (KP), pulp pinch

. S —— n (PP), index point (IP), cylindrical wrap (CW), cylindrical wrap

Figure 1: A) Hand grasp configurations used in the ist rotate (CR). trinod pinch (TP ist extensi WE

experimental procedures B) SEMG sensor placement example Wr!s ro a_e (CR), tripo p_InC ( . ), wrist ex ensmn_ ( ),

C) Ultrasound sensor placement example wrist flexion (WF), and wrist rotation (WR)) [7]. Participants

were prompted to begin in a relaxed state, then maintain the

designated position for 3 seconds before returning to a relaxed state. Five to 10 trials worth of data were collected for
each hand movement dependent on the child’s attention span and reports of mental or physical fatigue.

Ultrasound setup: Following our previously established protocol [6], a clinical ultrasound imaging system
(Terason uSmart 3200T, Terason, Tetratech Corporation, Pasadena) with a linear array transducer (16HL7 transducer,
Terason, Tetratech Corporation, Pasadena) was used to capture tissue deformation in the participants’ affected and
unaffected forearms. The transducers were positioned on the anterior side of each arm, below the elbow, at a location
that maximized observed tissue deformation when participants contracted and relaxed their muscles. Image data was
sent to a laptop computer through a video capture card (DVI2USB 3.0, Epiphan Systems, Incorporated, Ottawa, CA)
at 30 frames per second, and processed in MATLAB (MathWorks, Inc., Natick). Here, the image frames were down-
sampled from the raw size of 1048x1048 pixels to 128x128 pixels. The first frame and last five frames of the trial
were taken to represent the beginning and final state of the muscles respectively. We calculated the Pearson correlation
coefficient between each image frame to the initial muscle state, and used a K-nearest neighbor algorithm to classify
the end muscle states of the movement patterns. Leave-one-out cross-validation was used to calculate the classification
accuracy and assess the performance of the classifier.

SEMG setup: Consistent with our prior work [5], a 16-channel Delsys Trigno surface EMG System (Delsys Inc.,
Natick) was used to capture affected and unaffected forearm electrical activity. Seven wireless Trigno Mini Sensors
were placed on each limb, equally spaced around the circumference of the forearm muscle bulk. SEMG data was
sampled at 2000Hz, bandpass filtered at 20-450 Hz, and passed to a National Instruments USB 6210 data acquisition
system (National Instruments Corp., Austin), which sampled the data at 6000 Hz and stored it in MATLAB. To
examine the accuracy to which hand movements could be classified, we used 60-40 cross-validation analysis with a
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Linear Discriminant Analysis classifier that was trained on five SEMG features (correlation coefficient, multi-channel
energy ratio, log detector, Hjorth mobility parameter, and integrated absolute value).

RESULTS

All N=28 participants produced ultrasound imaging and SEMG muscle activity data that was classifiable well
above chance (10%). In Figure 2, we present results from two participants (age 11 and age 8) demonstrating the
spectrum of the highest-performing through lowest-performing classification accuracies found in our SEMG data.
Participant 3’s sSEMG data was classified
with 88.3% +£10.0% accuracy and
Participant 2’s data was classified with
56.5% +8.7% accuracy, demonstrating the
potential variability across children with
UCBED. However, the classification
accuracies of the ultrasound data for these
same two participants were much higher at
98.7% +24% and 96.4% +4.6%,
respectively.

Participant 3 (age 11) Participant 2 (age 8)

sEMG

In Figure 3, we use a polar plot to compare
accuracies of affected and unaffected limbs
for each grasp within the same two
participants. Prediction accuracies for the
affected limbs were either comparable or
slightly diminished compared to the
unaffected side, a phenomenon observed
across all participants. The average
e . classification accuracies for all 28
Figure 2: Confusion matrices for SEMG (top) and ultrasound (bottom) classifiers for participants were 80.80% +10.32% (SEMG,
the affected limbs of two study participants affected), 92.76% +4.79% (SEMG,
unaffected), 88.27% +19.25% (ultrasound,
affected), and 97.26% +4.20% (ultrasound, unaffected). Thus, generally, across participants, classification accuracies
for the ultrasound data exceed those of the SEMG data. Across our cohort, we observed that classifying muscle activity
from the unaffected side resulted in higher classification accuracies; however, even the values for the affected side
were far above chance, with the lowest results coming from participant 2’s sSEMG data at an average 56.5% * 8.7%
accuracy, and the best performance seen in the ultrasound data with accuracies nearing 100%.

DISCUSSION AND FUTURE DIRECTIONS

Ultrasound

The design of effective dextrous prosthetic control systems requires a clear understanding of the motor capabilities
of the user and the ability of the user to elicit clear, consistent patterns of muscle activation that can be reliably
decoded. The results from the study indicate that children with UCBED have a robust level of motor control over their
residual muscles, and that using multiple measurement modalities paired with machine learning, we can decode motor
intent from the resulting muscle activity. Here, we found that all N=28 participants were able to elicit consistent
patterns of muscle activity that were classifiable well above chance and, in many cases, achieving accuracy values
consistent with adult myoelectric pattern recognition literature [8]. Though we must recognize the need for diligence
in adapting adult-based techniques to serve the unique conditions a child with UCBED may present, this work
emphasizes that children possess innate potential to effectively use ML-based control systems.

It should be noted that most participants had no prior training or experience with myoelectric prosthetics, and all
participants did not have any prior experience with motor imagery to practice envisioning and moving their missing
hand. Like any motor skill, we suggest moving a missing hand requires learning and training to reach high levels of
proficiency. We believe there are exciting possibilities in this population of children to not only amplify their
functional abilities with advanced control systems, but also to study human motor learning and development in a truly
unique model. For example, most participants’ affected muscles did produce consistent and unique patterns of muscle
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activation with each attempted missing
hand movement. This occurred across all
ages of participants which spanned 5-20
years old. Our findings suggest that
aspects of hand motor representations are
retained despite the child never developing
a hand. Further work to understand how
affected muscle activity correlates to
activity in higher control centers can
provide a much deeper understanding of
motor development and build up the
foundations for effective control of Birde
advanced prostheses in this population.

Participant 3 (age 11) Participant 2 (age 8)

sEMG

Point Pinch

Power

Pronated Power Index Flexion Index Flexi

The higher performance seen in the
ultrasound data compared to the SEMG is
interesting to note. Here, each s
measurement modality captures different MRS SIS T Wi
muscular phenomenon: muscular Figure 3: Polar plots for SEMG (top) and ultrasound (bottom) classifiers for both
displacement across the depths of the limbs of two study participants
residuum or electrical activation measured at the surface of the skin. We believe there is a strong likelihood that SEMG
and ultrasound are identifying distinct yet complementary information in the muscles. Examining fusion techniques
or identifying use cases and conditions most amenable to each modality in future work would prove powerful insight
to maximizing the classification performance of control systems for children with UCBED. The work presented here
is a subset of a large multi-center research effort collecting data from children with UCBED across the United States.
Here, the goal is to examine how patient-specific factors such as age, gender, limb characteristics, and prosthetic use
may influence their abilities to control affected muscles and the control techniques that may be most amenable to serve
patients given these factors. Together this work begins to build the foundations to better understand the muscle motor
capabilities of children with UCBED, as well as put down the necessary groundwork that must first be in place to
effectively adapt dextrous control techniques for this population.
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ABSTRACT

Myoelectric prosthesis control has seen significant advancements, with pattern recognition (PR) standing out as
one of the key innovations. However, achieving a consistent level of control using PR demands extensive training. In
this work, we present a case study to explore an augmented reality (AR) system for myoelectric control training. An
individual with a transradial amputation underwent nine training sessions using an AR system over a month, and we
assessed his progress by analyzing metrics collected during functional tasks. Throughout the training sessions,
performance consistently improved, as indicated by completion rates and average task completion times. This
improvement was accompanied by a reported decrease in mental workload, as measured by the PROS-TLX. These
results suggest that training using AR systems has the potential to enhance myoelectric prosthesis control.

INTRODUCTION

Upper limb loss can significantly impact an individual’s life and often lead to decreased life satisfaction [1].
Choosing the appropriate type of prosthesis and receiving adequate training is crucial. Advances within the field have
resulted in the development of prostheses with higher degrees of motion [2]. Novel control strategies, such as pattern
recognition (PR), have been introduced to provide access to these advanced devices. PR-based control is expected to
lead to more intuitive operation of advanced prostheses compared to direct myoelectric control [3]. Training to use
these control strategies involves both pre-prosthetic and prosthetic training. Pre-prosthetic training is done before the
prosthesis fitting; it includes signals, physical strength, range of motion, and visualization training [4]. Studies suggest
that users who commence myoelectric prosthesis training before prosthesis fitting have better rehabilitation outcomes
[5]. Therefore, pre-prosthetic training is an essential component of the overall training process. However, there are
some challenges with the current pre-prosthetic training methods, including the absence of feedback about their
progress, poor motivation, and lack of training modules that directly relate to prosthesis use. These challenges can
lead to prosthesis abandonment due to dissatisfaction with prosthetic control and function [4].

One of the current solutions explored is game-based training, which can increase patient motivation and provide
feedback on progress through levels and scores. Other approaches expand the game-based training by integrating
immersive platforms, which can further enrich motivation and feedback [6]. These tools enable patients to use a virtual
arm instead of just visualizing their hand movements. Augmented reality (AR) training is an emerging rehabilitation
technology that combines virtual objects with a real-world view. It involves displaying a virtual prosthesis controlled
by electromyograph (EMG) signals and virtual objects manipulated by this prosthesis, all combined with the physical
environment of the user. This training method has advantages over virtual reality training because the incorporation
of real-world cues leads to a more accurate depth perception and reduced risk of virtual reality sickness [5]. Recent
research has developed various AR systems for pre-prosthetic training [5,6]. However, the specific aspects of
improvement and the optimal number of sessions required remain unclear. This case study aims to monitor and
evaluate the effects of AR training on individuals with upper limb loss. The study uses AR prosthesis training with
the newly developed Myoelectric Augmented Reality Training and Assessment (MARTA) system. The progress will
be evaluated through the MARTA training sessions, and the training effects will be assessed using a pre-test and post-
test protocol.
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METHODS

Participant: The participant was a 56-year-old male with a right transradial amputation (1991; trauma). He had a
corrected to normal vision and experienced phantom limb sensation with limited control. He had experience with a
one-degree-of-freedom direct myoelectric control prosthesis. The participant attended the Bionic Limbs for Improved
Natural Control (BLINC) lab for the training and testing sessions. Study protocols were approved by the University
of Alberta Health Research Ethics Board (PRO00103131), and the participant provided written informed consent. The
participant’s measurements were recorded during the first visit, including his height of 187.96 cm, intact hand
circumference of 23.88 cm, residual limb length of 23 cm, and circumference of 7 cm.

Equipment: The MARTA system (4,
required the participant to perform tasks
in which virtual entities were rendered in
the real-world environment through the
Hololens (Microsoft, USA), a binocular
head-mounted display. This device
rendered virtual objects and a two-
degrees-of-freedom prosthesis in real-
time at 60 Hz, where the virtual prosthesis
was overlayed on the participant’s

B)

residual limb (Figure 1). Three VIVIE Figure 1: Experimental setup illustrating A) The participant wearing
trackers (HTC Corporation, Taiwan) were the equipment. B) The Augmented Reality task as observed from the
used as a reference to map the virtual task participant’s viewpoint.

objects in the AR environment to real-

world locations. An additional VIVE tracker was placed on the participant’s residual limb to allow real-time tracking
of the virtual prosthesis. The virtual prosthesis hand movements were controlled by the participant using an EMG PR
system (Infinite Biomedical Technologies, USA). For the real-time control of this prosthesis, the participant was fit
with a Myo armband (Thalmic Labs, Canada) on their residual limb, 6 cm from the lateral epicondyle, which captured
the signals from the arm and then sent them to the EMG PR system to command this virtual prosthesis.

AR tasks: The MARTA system consisted of three tasks: Dog Puzzle, Cup Transfer task, and Pasta Box task. The
Dog Puzzle involved organizing and orienting cone-shaped objects into a 3-D dog shape. There were five levels in
this task, with each level increasing the puzzle height for increased difficulty. Both the Cup Transfer task and the Pasta
Box task were modelled in MARTA from the standardized tasks of the Gaze and Movement Assessment (GaMA)
protocol [7]. In the Cup Transfer task, the participant was asked to move two cups over a barrier with specific grasps
and then bring them back to their starting position using the same grasps. In the Pasta Box task, the participant moved
a pasta box from a side table and placed it on a lower shelf in front of them, then to a higher shelf in front of them,
and then back to its starting position. The Cup Transfer and Pasta Box tasks each had two levels of difficulty.

Training procedure: The MARTA system was used to train the participant, and training effects were assessed
using a pre-test and post-test experimental design. Between the assessments, the participant completed nine training
sessions over a period of three weeks, practicing the Dog Puzzle and the Pasta Box task. Weight was added throughout
these sessions to improve the transferability of the training [5]. In session one, the socket weight was 379 g; in session
four, we increased the weight to 521 g, and then to 671 g in session eight. Each training session was capped at two
and a half hours, including the breaks and technical setup. For each session, the AR training tasks involved up to five
trials of the Dog Puzzle, where each trial comprised a different level. Additionally, there were up to ten trials of each
level of the Pasta Box task, where at least ten trials of level one were completed in any of the sessions before
proceeding to level two. Each training session involved recording the placement of the Myo armband on the
participant's residual limb to ensure consistency across sessions. The session started with PR calibration, where four
different movements (open, close, pronation, supination) were recorded twice. After that, the recorded classifications
were reviewed with the participant to confirm that he could successfully activate the classes. If not, the calibration
was repeated. The participant then performed the Target Achievement Control (TAC) test to assess his control and
evaluate how quickly and accurately he could achieve a specific movement. After completing this test, the participant
watched demonstrational videos explaining the task, and then started the AR task. The participant wore the AR headset
and practiced using the system for a maximum of ten minutes to get familiar with the AR environment, after which
he proceeded with the training. After training, the participant filled out the Prosthesis Task Load Index (PROS-TLX)
[8], a self-report measure designed to measure the physical and mental workload often experienced during tasks.
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Assessment procedure and outcome measures: There were two assessment sessions, the baseline and the post-
training. Each assessment session was capped at three hours, including breaks and technical setup time. The AR
evaluations included up to 20 trials of the Cup Transfer task and ten trials of the Pasta Box task. The setup used for
these sessions was similar to the training sessions, with the same calibration process. The TAC test and the two testing
tasks (Cup Transfer and Pasta Box tasks) were performed after calibration, followed by the PROS-TLX at the end of
each session. The study's primary outcome measures included the number of attempted and successful trials and the
completion time of the successful trials for all tasks. For the Dog Puzzle, the number of object drops and attempted
grips (how many times the hand completely closed) were also recorded. The results were compared across the sessions,
and the averages and medians were calculated for different outcome measures.

RESULTS

Training progress: On average, the participant’s
active training time was one hour and 20 minutes. In the
first training session, the participant had a 20%
completion rate for the Dog Puzzle then his performance
ramped up until he achieved a 100% completion rate by
the fourth training session. The average trial completion
time for the Dog Puzzle decreased from 7 minutes (one
trial) in session one to 4 + 1 minutes in session five, then
to 3.60 + 1.14 minutes in session eight. The participant
started with a median of 51 grips and four drops in
session two. The goal for the number of drops is zero and
is ten for the number of attempted grips, as there are ten
puzzle pieces in the Dog Puzzle. The participant's
performance improved until it reached its peak at session
five, with a median of 22 grips and zero drops. However, -
there was a decline in his performance during session six (g
due to an unusual time gap between the fifth and sixth -

(A) Successful Level 1 Unsuccessful Level 1
Successful Level 2 Unsuccessful Level 2

Number of Trials

Session5 Session& Session7 Session8 Session 9

training sessions. For the Pasta Box task, the participant 2]
was unable to complete any trials in the first four training
sessions due to the session time limit. He started with one 41
successful trial of level one in session five, and then the € ®

R . E
number of completed trials and successful trials e
gradually increased (Figure 2A). By session eight, the £ & {
participant had completed ten trials at level one, out of )
which eight were successful, and moved on to level two
in this session and the following session. However, the ¢ ] i
participant's performance decreased in the last training 11
session, with fewer completed and successful trials. This = Session 5 Session € Session7 Session8 Session 9
decrease in performance is also reflected in the average Figure 2: Outcomes of the Pasta Box task; the
trial Completion time, which increased from 1.28 + 0.21 participant began progressing to the task starting from
minutes at session eight to 3.39 + 2.69 minutes at session the fifth training session. A) Breakdown of the
nine (Figure 2B). The PROS-TLX score started at 47.99  nymber of trial successes across different levels over
in the first training session. It decreased until it reached the training duration. B) The dark colour represents
the lowest point of 35.99 in session eight, demonstrating the mean time taken per session. The error bars
less load. The h|ghest score was in the last training represent the standard deviation.

session, where it reached 64.86.

Pre- versus Post-training: For the Cup Transfer task, the participant’s completion rate increased from 0% at the
baseline to 80% at the post-training session. The average trial completion time was 1.40 + 0.30 minutes during the
post-training session. For the Pasta Box task, the performance improved as well, where the completion rate increased
from 0% at the baseline to 70% at the post-training session. The average trial completion time was 1.69 + 0.32 minutes
for the post-training session. The PROS-TLX score was 56.32 at the baseline assessment, decreasing to 40.25 at the
post-training assessment.
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DISCUSSION

This work investigated the impact of the MARTA system on myoelectric PR control within the AR environment
through metrics collected during functional virtual tasks. The results of our case study indicated that AR training
positively influenced both control and motor learning aspects. Specifically, improvements were observed across the
training sessions in the completion rates and times for both tasks, in addition to the number of grips and drops for the
Dog Puzzle. Moreover, performance during the post-training assessment session was highly improved compared to
the baseline assessment. The participant also reported a motivational and positive user experience with the system,
this could be due to several factors, including the novelty of AR technology.

The participant demonstrated rapid progress during the training. As a result, in session five, we decided to increase
the challenge of the Dog Puzzle by adjusting its height to keep the participant engaged and help continue his skill
development. The results show that the performance achieved a peak twice during the training, in the fifth and eighth
sessions. However, there was a decrease in performance between these sessions, followed by a gradual increase. We
noticed a gap of four days between sessions five and six, which may have disrupted the continuity of skill acquisition,
leading to fluctuations in performance during the following sessions. The PROS-TLX score of the final training
session aligned with the performance outcomes, providing valuable insights into the participant's training experience.

The main limitation of this study was the prolonged technical setup time, which may have affected the participant's
engagement and experience. Another limitation was the potential difficulty in perceiving objects correctly in the AR
environment, which influenced the controller utilization. For instance, issues with visual perception in AR can lead to
unintentional actions, such as air gripping instead of grasping the object or dropping the object through the table
instead of placing it on the table, which happened during the first few training sessions. This could affect the study's
results, as the number of grips in the Dog Puzzle won't be solely determined by the controller but also by the AR
perception. These preliminary results are part of an ongoing study in which the number of participants and outcome
metrics are expanded to explore more aspects as well as examine skill transferability to physical prosthesis function.

CONCLUSION

This preliminary data has shown that AR is promising for improving the control features important to myoelectric
prosthetic training. The results demonstrated that the training was influential, as there was an improvement in
performance at the end of the training. Additionally, the PROS-TLX revealed a notable reduction in mental workload
throughout the training sessions, indicating a positive user experience. The study serves as a basis for the use of AR
in pre-prosthetic training. A more extensive study with more participants and outcome measures is underway to allow
for the exploration of the transferability to real-world prosthesis usage in the target population.
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ABSTRACT

Background: It would be beneficial for people with an upper limb amputation to be able to start prosthesis training
at an early stage during their rehabilitation process. Virtual reality can be used to provide early access to training.
The current paper evaluates the differences in effectiveness of training using virtual reality and training using a
prosthesis simulator.

Method: Twenty able-bodied participants were included and randomly divided into two groups, the VR (virtual
reality) and the SIM (prosthesis simulator) group. Both groups completed a pre-test / post-test design with five
training sessions in between. The effectiveness of the training was measured during the pre-test and post-test by
using 3 standardized tests, the Box and Blocks test, the Southampton Hand Assessment Procedure (SHAP) and
the Cylinder test.

Results: Both groups improved from pre-test to post-test and almost no statistical differences between groups were
found. Only in a bimanual task from the SHAP the SIM group significantly outperformed the VR group.

Conclusion: No distinct differences between both groups were found in the majority of the tests, which shows that
virtual reality training does not differ in effectiveness from prosthesis simulator training. However, virtual reality
training is novel which is why motivational aspects and patient training should be explored in future research.

INTRODUCTION

Prosthesis training would preferably start at an early stage during rehabilitation to practice functional skills and to
experience actual prosthesis use. Incorporating a virtual reality environment in rehabilitation practice can offer
such an early training. A virtual environment where people with a recent amputation experience what it is like to
use a prosthesis in daily tasks could prepare them for when they receive their personal device. Such an environment
can also have variable difficulty settings to ensure motivation for training. Furthermore, in virtual reality individual
feedback can be given to the user to assist during training. However, the question needs to be asked whether virtual
reality and real life training provide different experiences and might be different in their effectiveness. The research
question in the current paper is what the difference in the improvement of functional prosthesis control is between
training in a virtual reality environment and training with a prosthesis simulator.

METHOD

Design

A pre-test post-test design with two experimental groups, the Virtual Reality (VR) group and the Simulator (SIM)
group, was used. Before the start of the experiment, participants provided written informed consent. Participants
were randomly assigned to one of the two groups before the start of the experiment. Each group trained for five
training sessions on consecutive days between the pre-test and post-test. The pre-test and post-test were identical
and included three tests which measured how skilled participants were in using the upper limb prosthesis simulator
(Figure 1A), which resembled actual prosthesis use. The simulator consisted of a brace with an elbow joint which
was connected to the upper arm and forearm using Velcro straps. The prosthesis, a Bebionic hand (Ottobock
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Figure 1. A: The prosthesis simulator controlled by the MyoPlus system which uses pattern recognition control. B: The cuff comprising the
Ottobock MyoPlus system used to control the virtual prosthesis in the virtual reality environment

Healthcare Products GmbH, Austria), was attached underneath the brace of the forearm. The hand was controlled
using the MyoPlus system (Ottobock Healthcare Products GmbH, Austria), which operates using pattern
recognition. The virtual prosthesis was controlled using the same control scheme as the real prosthesis using the
MyoPlus system from Ottobock (Figure 1B).

The tests included in the pre-test and post-test were the Box and Blocks test [1], the Jar Lid task and the Zipper
task from the SHAP [2] and the Cylinder test [3], [4].

Training protocol

The VR group trained for five sessions within the virtual immersive environment, which was designed to be game-
like. The setting of the game was that the user plays as a barista in a Mediterranean coffee shop. Participants had
to complete a waitress’s orders by choosing the correct cup and the correct button on the machine using the virtual
prosthesis (Figure 2). They then needed to move the cup to the tray while trying not to spill any liquid. After an
order was completed, the participants received a reward based on their performance in the form of coins.
Dependent on the type of cup, the gasping force could deform or break the cup when too much force was applied.
The game provided the user with relevant feedback on the amount of force they applied when a cup was grasped.
This force feedback was provided in the form of a horizontal bar with a slider which indicated the amount of force
applied by the prosthesis (Figure 2B).

The SIM group also trained for five training sessions performing a task similar to the VR group except using the
prosthesis simulator in a real world setting, mimicking the virtual environment. A training set-up was built closely
resembling the outlay of the VR coffee shop. Participants had to use the prosthesis simulator to grasp the correct
cups following an order, move them under a coffee machine and move them to a tray.

Statistical analysis

For the Box and Blocks test a repeated measures ANOVA was conducted with Group as between-subjects factor
and Test Moment as within-subjects factor. This was done after testing for normality with a Kolmogorov-Smirnoff
test. For the Jar Lid and Zipper task of the SHAP we only analysed the post-test scores because many participants
were unable to complete the task in the pre-test. After the missing values and outliers were removed the total
number of included participants for the Jar Lid task was 17 (9 in SIM, 8 in VR) and for the Zipper 13 (7 in SIM,
6 in VR). With this limited number of participants the decision was made to test non-parametrically which was
done with a Mann-Whitney U test. For the Cylinder test the normalized aperture was analysed using a linear mixed
effect model with Group, Cylinder size and Test moment as fixed effects and individual participants as random
effect. Interaction effects were also tested in this model.
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Figure 2. The virtual environment. A: The virtual prosthesis grabs a compressible cup (other cups can be seen on the right).
Each cup had different properties, from left to right these were: the white cups were compressible, the transparent cups had
glass cup properties and broke when grasped too hard, the brown cups were rigid and the black cups were small. B: The cup
is placed underneath the coffee machine. The different coffee options are depicted on the right side of the machine by
different buttons. The horizontal bar above the cup provides feedback on the grasping force. The colors of the bar indicate
different ways the hand is interacting with the cup: white when the cup is not grasped, green when the cup is grasped and red
if the cup is compressed or crushed.

RESULTS

A total of 20 participants were included, 8 males and 12 females with a mean age of 21.2 £1.9 years. Ten
participants were assigned to the VR group, 4 males and 6 females and ten participants were assigned to the SIM
group, 4 males and 6 females.

For the Box and Blocks test a significant main effect of Test Moment was found, F(1, 17) = 10.66, p = .005. No
significant effect for group or interaction effect was found. See figure 3A for the mean scores and standard error
of the mean (SEM). Regarding the Jar Lid and Zipper tasks of the SHAP, a significant difference between groups
was found for the Jar Lid task. The simulator group outperformed the VR group, z = -2.5, p = 0.01 (see figure 3B).
The analysis on the aperture in the Cylinder test revealed a significant fixed effect of Test moment (x%(1) = 6.82,
p =.009) and of Cylinder size (x3(2) = 126, p <.001), see figure 3C and 3D respectively.

DISCUSSION AND CONCLUSION

The main finding of this study is that the improvement of participants in the VR group was not different from the
improvement of the participants in the SIM group in most tests. Therefore, it seems like both training methods are
both effective in improving functional prosthesis control.

This is a relevant finding due to the fact that the VR group had to transfer the skills they learned in a virtual
environment to actual use with a prosthesis simulator. Additionally, the VR group improved functionality at a
similar rate with the SIM group, who trained with the prosthesis simulator and had thus an advantage.

The only test in the current study that does not support the equivalence claim between VR and SIM, is the result
of the Jar Lid task of the SHAP where the SIM group outperformed the VR group in the post-test. Further research
is necessary to explain this deviating finding.

One point that should be made is that VR training presents a number of advantages compared to the SIM group
that are not analyzed in the current paper. Factors such as motivation, effects of individualized feedback and less
fatigue due to the missing weight of the simulator could have a major impact on training effectiveness.
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Figure 3. A) The scores Box and Blocks test for the Pre-Test and the Post-Test. The mean and SEM are presented. B) The
completion time for the Jar Lid task from the SHAP for the VR group and the SIM group. The mean time and SEM are
presented C) The normalized aperture of the Cylinder test for the Pre-Test and the Post-Test. The mean and SEM of the
normalized aperture are presented. D) The normalized aperture of each individual cylinder size, Small, Medium and Large.
The mean and SEM of the normalized aperture are presented.

To conclude, there seem to be no major differences between training in a virtual reality environment and training
with an actual prosthesis simulator based on our results. That is why our conclusion is that there is no difference
in improvement on effectivity between virtual reality and prosthesis simulator training. However, the current
study used able-bodied individuals which is why future research should expand on the current design by
including patients and also explore the motivational aspects of training with VR.
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ABSTRACT

Myoelectric control methods have undergone rapid evolution since the pre-1960s era. However, a longstanding
challenge has been the variability of myoelectric signals across individuals, which impedes the development of
universally applicable myoelectric control models. Researchers and companies in the field have been active in
exploring various aspects such as different control strategies, pattern recognition methods, signal processing, and
decoding. For instance, Meta recently reported a common model for a database of 6700 able-bodied participants.
Development of such datasets with people with limb difference, in the higher education sector is unrealistic. But what
we believe could be helpful is a scheme to guide researchers in addressing different stages of the process, with the aim
of collectively developing a general-purpose, pre-trained, and generalisable myoelectric model. In this paper, we
propose a 3-stage neural network training paradigm. Experiments were conducted with able-bodied participants to
demonstrate the significance and necessity of each stage in the proposed scheme. Work is in progress to further
enhance and verify the method. We aim to share this approach at MEC to receive feedback and invite collaborations
for standardising data collection and pulling together our resources.

INTRODUCTION

The increasing popularity of technology-enabled human-machine interfacing research and commercialisation has
been significantly strengthened by the emergence of a wide array of wearables [1]. This surge is primarily driven by
the demand for devices that prioritise intuitiveness, efficiency, portability, and wearability, thus placing myoelectric
signals at the forefront of attention. Notably, the advancement of methods for myoelectric control has accelerated
rapidly, particularly with the advent of deep learning techniques and the remarkable growth in computational power.
Various deep learning architectures such as convolutional neural networks [2], recurrent neural networks [3], and deep
belief networks [4] have been applied extensively in both discrete movement classification and continuous regression
tasks with varying success.

While many studies have demonstrated outstanding performance in movement estimation, their direct application
in practical settings remains challenging. This difficulty arises primarily from end-to-end training methodologies,
which often results in overfitting. Additionally, factors such as privacy concerns, substantial individual differences
among users, and the inherent complexity of human movement further contribute to these challenges. Furthermore,
the opaque nature of neural networks poses additional hurdles, as it complicates efforts to calibrate or adapt models
when accommodating new users who may not share similar data distributions with the original training set. These
limitations curtail the applicability and scalability of neural networks in real-world contexts, highlighting the need for
further refinement and innovative approaches in addressing these constraints.

This paper introduces a novel 3-stage neural network training scheme, with blocked referred to as Pretraining,
Localisation, and Self-calibration. Each stage employs the simplest method to provide a clear and comprehensive
explanation while demonstrating the viability of the proposed protocol. Through a series of multi-stage experiments
conducted over a 2-day period with 28 participants, the need for each stage is demonstrated, thus validating the
efficacy of the proposed approach.

We intend to present this approach at MEC with the objective of soliciting feedback and fostering collaborations
aimed at standardising data collection practices and pooling our resources.
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METHOD

Pretraining

As extensively utilised in deep learning methodologies, pretraining [5] serves as an efficient means to extract and
organise prior knowledge from existing data. This approach facilitates the development of robust models and therefore
is an integral component of the increasingly prevalent transfer learning paradigms. As previously mentioned, the
scarcity of training data in myoelectric control scenarios underscores the critical importance of carefully selecting
neural network structures for the pre-training stage of the proposed paradigm.

The Temporal Convolutional Network (TCN) structure [6] has proven to be effective in processing time-sequence
data, as demonstrated in various applications such as action segmentation [6] and network traffic prediction [7]. In
this paper, we employ a single shallow TCN structured as depicted in Figure 1. The utilisation of dilated and causal
convolutions within the TCN significantly expands the receptive field of the network. This modification directs the
network's focus towards information preceding the current time step, contrasting with the typical convolutional neural
network approach, which tends to distribute attention across the entire input. These characteristics align well with the
requirements of processing and classifying myoelectric signals. For further details, please refer to [6].

Feature
Extractor *
1

\

1
1
1
1

x4 >

Batch Normalisation

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

>
>
\ K / ‘
N - ’ \ ‘

Localisation

While the pretrained model demonstrates robust convergence on the pretraining dataset, the significant individual
diversity poses challenges, occasionally resulting in complete failures when the myoelectric signal distribution from
a new user diverges from the pretraining dataset. However, the limited size of the data collected from the new subject
prohibits the establishment of a fair distribution or comprehensive representation within the model. Consequently,
achieving proper calibration at this stage is impractical. Instead, a localisation approach will be implemented, which
involves using a minimal amount of data to adapt the pretrained model to the new user. While one trial per movement
of data may not provide sufficient information for precise adjustment of the pretrained model to the new user,
experimental results demonstrate its efficacy in reducing total failures.

To localise the pretrained model, we employ fine-tuning [8]. We relax the weights for each layer of the TCN
network and utilise the Adam optimizer [9] to decrease the gradient, which is calculated based on cross-entropy loss
[10]. This approach is facilitated by the availability of one trial of data and its corresponding label, both of which are
recorded during data collection from the new subject.

Self-calibration

Following the localisation process, the neural network begins to adapt to the distribution of the new subject's data.
However, the second challenge mentioned earlier persists: the continuously evolving patterns over time within a user.
This leads us to the third stage: self-calibration. Unlike the previous two stages, self-calibration utilises unlabelled
myoelectric data. Its objective is to ensure the model remains adaptable to the ongoing changes in the distribution of
myoelectric signals from the user. To achieve this, we propose a clustering-based semi-supervised learning approach,
illustrated in Figure 2.
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Figure 2: Schematic diagram for the proposed clustering-based pseudo labelling method

The TCN model, as described above, consists of two components: the feature extractor (FE) and the classifier.
The feature extraction stage extracts high-level features from the input and passes them to the classifier. During the
self-calibration process, the FE remains frozen, and its output is subjected to t-distributed Stochastic Neighbour
Embedding (t-SNE) [11] for unsupervised non-linear dimensionality reduction. Subsequently, the low-dimensional
embedding undergoes clustering via K-means. Although initial labels are generated, they may not align perfectly with
the pre-set values. Therefore, the output of the classifier, representing predictions from the localised model, is utilised
to reassign labels through comparison. Specifically, the majority label from the classifier for each sample cluster in
the K-means output is reassigned to match the classifier’s prediction. This process ensures uniform labelling, with the
final step involving the combination of the new labels and input data to retrain the localised model. It is important to
note that this self-calibration process occurs each time a certain number of samples is obtained for each label, thereby
ensuring the continuous adaptability of the model to users.

Experiment design

All participants signed an informed consent form approved by

the local ethics committee at the University of Edinburgh (reference _,| Pretrained

number: 2019/89177), in accordance with the Declaration of Model

Helsinki. The experiment comprised six movements: power, lateral, p—— 10
tripod, pointer, open, and rest. A total of 28 participants aged Localised > Testing
between 21 and 43 years, including 13 males and 15 females, were Model Blocks
recruited. Upon informed consent, first, each participant performed /I/

one trial per movement, during which 15-channel Delsys electrodes Self-calibrated R

were placed around the forearm near the elbow to collect data. Model "

Following this data collection phase, participants completed 10
blocks of tests consisting of five randomly ordered trials for each
movement. During each trial, participants were instructed to mimic a gesture displayed on a computer screen for 2
seconds, with data and labels recorded during the latter 1-second interval to account for reaction time. No feedback
was provided to participants to prevent bias in user behaviour. The test of the proposed scheme is illustrated in Figure
3, with each part involving the model from the preceding section. All tests were conducted using the last two trials of
each block to ensure fair comparison. Furthermore, all three examinations were conducted as leave-one-out tests,
wherein the same process was repeated 28 times, with each subject serving as the test subject while pretraining was
conducted on the remaining subjects.

Figure 3: 3 Testing protocol

Feature extraction and processing

We extracted time-domain (waveform length, log variance, zero crossing, slope sign changes, and skewness) and
frequency-domain (mean frequency, peak frequency, and variance of central frequency) features. The feature set was
validated during the pretraining phase as the most reliable, yielding optimal performance. Additionally, data
augmentation was performed by calculating averages between neighbouring channels to create virtual channels in
between. Empirical analysis showed that this augmentation improved model performance by two percentage points.

RESULTS

The evaluation of model performance involved comparing the accuracy of the model outputs to the ground truth
labels. As depicted in Figure 4(a), across all 10 blocks, the localised model consistently outperformed the pretrained
model in terms of accuracy, and the self-calibrated model exhibited superior performance compared to the localised
model. Although both the pretrained and localised models experienced a decline in performance during the second
block, the localised model ultimately demonstrated better performance than the pretrained model, as illustrated in
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Figure 4(b). Notably, the performance of the pretrained model became significantly more unstable during the last three
blocks, possibly due to users forgetting the correct gesture movements. In contrast, the self-calibrated model's
performance remained stable throughout all 10 blocks, beginning with a satisfactory accuracy of 79% and consistently
maintaining an accuracy above 80% for most of the duration.

Block Test Result on 10 Blocks Average Test Result on 10 Blocks
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Figure 4: (a) The test accuracy results on each block (b) The average test accuracy results on 10 blocks

DISCUSSION

The proposed training method offers a versatile approach that can be applied to any modern neural network
architecture. Through three stages [pretraining, localisation, and self-calibration], it extracts information from existing
datasets, personalises the network for new users, and continuously updates the model to accommodate changing
myoelectric behavior. The methods chosen for each stage are intentionally simple and straightforward to facilitate
clear communication of ideas and concepts. It is undeniable that machine learning based methods will increasingly
dominate conventional approaches in myoelectric control. However, the way we train the neural networks in this field
is equally important. The protocol outlined in this paper represents a starting point for segmenting the myoelectric
signal processing pipeline and moving away from end-to-end training. In future research, we plan to explore transfer
learning, aiming to apply it with a modest amount of data to fully leverage information from existing databases.
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ABSTRACT

Existing myoelectric controllers operate in a sequential fashion and use a state machine architecture to select grip
postures. Direct control interfaces that seek to map individual muscles with joints in a prosthesis can provide a greater
ability to perform individuated movements but require users to selectively activate their muscles to prevent unintended
motion from natural muscle co-activations. Musculoskeletal modeling offers a possibility to estimate joint motion
from muscle co-activation patterns themselves but require significant computational resources to run in real time. A
major source of delay in a myoelectric system that reduces the amount of time available for advanced signal decoding
schemes such as a musculoskeletal model is the low-pass filtering of rectified EMG signals. To minimize these delays,
we explore the low-pass filtering properties of skeletal muscle using a simplified excitation-contraction dynamics
model, applying a thresholded EMG signal and the rectified EMG profile itself as model inputs. Our results indicate
that passing these signals through a biomechanical model of muscle can produce a usable myoelectric control signal
while introducing a physiologically appropriate amount of delay between EMG onset and muscle force estimation.

INTRODUCTION

Approximately 541,000 individuals live with an upper limb deficiency in the United States [1]. Myoelectric
control options for these individuals typically include two-site myo (the standard of care), pattern recognition, and
postural control [2-4]. These systems operate in a sequential open-close fashion as users can switch between grip
postures but are unable to modify their motions in real-time or combine postures simultaneously. The state machine
architecture used by these controllers also reduces the capability of multi-articulated prosthetic hands to simple
grasping mechanisms. Direct control schemes seek to achieve simultaneous joint motion using targeted EMG
electrode placement to provide a greater number of control sites. Cipriani et al. [5] demonstrated the ability of intact
individuals to produce individuated and simultaneous thumb, index, and middle finger motions through a direct control
interface using intramuscular EMG measured from the extrinsic finger flexors. However, mapping joint motion to
EMG activity produced by individual muscle compartments required users to selectively activate their targeted
muscles and avoid producing natural muscle co-activations that play an important role in producing dexterous motions.
Musculoskeletal simulation provides an appealing option to estimate joint motion produced by muscle co-activations
that ultimately result in complex and intuitive limb motion.

Using a musculoskeletal model as a signal decoding interface requires significant computational overhead to run
in real-time [6]. A real-time myoelectric control system must acquire, process, and decode EMG data at a rate faster
a human operator can perceive. Users can largely tolerate controller update rates of 100ms before complaining of
sluggish performance [7]. The low-pass filtering (or enveloping) of EMG activity can introduce delays between the
onset of muscle contraction and prehensor motion ranging between 50-250ms [8]. Larger filtering time constants
reduce the overall system bandwidth along with the proportion of the controller update rate available for more
sophisticated signal decoding schemes. Childress et al. [9] developed a highly responsive control signal by
thresholding the EMG amplitude profile and pulse modulating a motor within a myoelectric prehensor to leverage its
inherent dynamics for low-pass filtering. Skeletal muscle performs a similar role in the body by producing a force
response from pulsed motor unit action potentials that closely follows a minimum-jerk smoothness profile [10]. In
this work, we apply a thresholded (or myopulse) EMG signal in addition to the rectified EMG amplitude profile as
inputs to a physiological model of muscle excitation-contraction dynamics to demonstrate its ability to produce a
smooth output response while introducing a physiologically appropriate delay between EMG onset and muscle
contraction.

42



MEC24

METHODS

Muscle Excitation-Contraction Dynamics

A simplified model of muscle excitation dynamics based on the model in Krylow et al. [10] consisted of two
coupled first-order ODEs to estimate the active state of the muscle, defined as the rate at which calcium-bound
troponin exposes actin binding sites for cross-bridge formation [11]. The amount of free calcium r(t) in Egn. 1 is
proportional to pulsed input x(t) and offset by the reabsorption of free calcium. The proportion of bound calcium
y(t) in Eqgn. 2 provides the active state of the muscle, bounded between 0 and 1. The coefficients C; = 100, C, =
107, C; =99, and C, = 94 were determined by fitting Eqns. 1 and 2 to match muscle activation and deactivation
time constants of 10ms and 40ms recommended for human muscle [12].

7(t) = Cx(t) — Cor(t) (€))
. _(C r(t) — C3y(b), yt) <1 2
o =" Yo

The active state estimated by Eqn. 2 drove a simplified two-element model [10], illustrated in Figure 1a, consisting
of a contractile element representing the muscle body and a series elastic element representing the tendon. The
contractile element followed Hill’s force-velocity relation [13], expressed in Eqgn. 3

Vo = bo(Pyy — Fy) 3)
CE Fy +a,

where Vg is the muscle shortening velocity, a, = 0.3 and b, = 0.04 m/s are Hill model constants, P, = 24.1 N is
the maximum isometric muscle force, F is the contractile element force, and y is the muscle active state [10].

The force developed by the series elastic tendon in Egn. 4 is equal to contractile element force F,, and can be
expressed in terms of total muscle length L,, and contractile element length L.g

Fsg = kLsg = k(Ly — Lcg) (4)
where Fgj is the force on the tendon, k = 1800 N /m is the tendon stiffness [10], and Lg is the tendon length.

Scaling the model constants a,, by, and k using an empirical isometric force-length curve from Krylow et al. [10]
introduces length-dependence to the force-velocity and tendon stiffness equations in Egns. 3 and 4. Differentiating
Eqgn. 4 yields the ordinary differential equation governing contractile element force production

dF, 6
1 k(Vag — Vee) ©

In Eqn. 6, the velocity of the muscle-tendon endpoint (V,,) is set to zero to represent an isometric force scenario.
The system of ODEs formed by Eqgns. 1-3 and 6 were solved using a fourth-order Runge-Kutta integrator.

Experimental Protocol

Eight subjects (6M/2F, all right-handed, age 28.6 + 7.6 yrs.) performed a set of steady-state isometric contraction
tasks consisting of a single isometric force trial at Maximum Voluntary Contraction (MVC) followed by a series of
sub-maximal contraction tasks in increments of 20-percent MVC. Subjects provided informed consent for their
participation and the protocol was approved by the Colorado Multiple Institutional Review Board (COMIRB).
Subjects produced isometric forces by gripping a Jamar hand dynamometer instrumented with a pressure transducer
(Honeywell, Charlotte NC) while a single differential electrode (Delsys, Natick MA) placed on the medial surface of
the forearm recorded EMG activity from the extrinsic finger flexors. Data was acquired at 2000 Hz while a custom
graphical interface developed provided visual cues of target grip force levels to participants.

Data Analysis

Surface EMG data was bandpass filtered (6th order Butterworth, 30 Hz high-pass, 480 Hz low-pass) and notch
filtered (2nd order 1IR bandstop, 60 Hz stopband frequency). After normalizing EMG data to MVC values for each
subject, the myopulse signal was computed for each isometric force trial using a threshold value of three standard
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deviations above the mean quiescent EMG amplitude. The muscle excitation-contraction dynamics model estimated
muscle force using the myopulse signal and the rectified EMG amplitude profile as separate inputs. The average
steady-state isometric forces estimated by the model were used to determine the relationship between estimated muscle
force and measured muscle contraction level.
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Figure 1: (a) Two-element Hill model from Krylow et al. [10] and force-length and force-velocity relations. (b) Normalized muscle
forces plotted against steady state MVC contraction level. (c) Time series plot of estimated muscle forces from excitation-contraction
dynamics model from rectified EMG signal. (d) Time series plot of estimated muscle forces from myopulse signal.

RESULTS

The forces estimated from the myopulse signal produced a hyperbolic relationship with muscle contraction level,
(Figure 1b), while the forces estimated from rectified EMG amplitudes produced a linear relationship with muscle
contraction level. The myopulse signal produced a smoother force response at steady-state isometric contraction levels
and reached higher force magnitudes (Figure 1c), but also produced noisier forces during the quiescent portions of the
isometric force trials. The opposite was true for the force profiles produced by the rectified EMG signal (Figure 1d)
characterized by smoother quiescent forces and noisier steady state values.

DISCUSSION

We explored the ability of a physiological model of muscle excitation-contraction dynamics to avoid introducing
large time constants associated with EMG low-pass filtering. The system of equations governing the model essentially
act a cascaded fourth-order filter that successively smooths the input signal and constrains the delays introduced at
each stage within a physiologically appropriate range. From Figure 1, the forces estimated from the quiescent
myopulse signal are noisier than those estimated from the rectified EMG signal. This result is most likely due to the
on-off nature of the myopulse signal which would cause noticeable force production depending on the time constants
used by the excitation dynamics equations. In contrast, the rectified EMG signal produced a noisier steady-state force
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profile but a smoother quiescent period. Since the rectified signal retains its amplitude information, the active state
estimated from low EMG amplitudes will also be small in magnitude. Although the magnitudes of the estimated
muscle forces vary between the myopulse and rectified EMG inputs, proper scaling and normalization will produce
sufficient output signal magnitudes to drive a myoelectric system. The selection of excitation dynamics coefficients
and tendon stiffness values influences the rise time of the muscle force profiles, as an inverse relationship exists
between the amount of delay introduced to the output signal and the degree of smoothing performed by the excitation-
contraction dynamics model.

The steep increase in output force produced by the myopulse signal at low muscle contraction levels and force
saturation at higher contraction levels may be a result of the interaction between the force-velocity curve with the
response of the myopulse signal with increasing muscle contraction. As these relationships are both hyperbolic but
inverse to each other [9, 13], it is likely that these quantities cancel at higher MV C levels while remaining either linear
or hyperbolic at lower contraction levels given a mismatch in slopes. Combining the myopulse and rectified EMG
signals may produce an improved force response across all muscle contraction levels. Multiplying the myopulse signal
with the rectified EMG signal would produce a thresholded signal that retains amplitude information. The
corresponding muscle force behavior would most likely display high sensitivity at low contraction levels from the
myopulse signal content and high linearity across contraction levels from the rectified EMG amplitudes.

CONCLUSION

We evaluated the ability of thresholded and rectified EMG data to produce a responsive myoelectric control signal
using simplified model of muscle excitation-contraction dynamics. These results further confirm the physiological
role of muscles as a biological low-pass filter and establish the ability of a muscle model to sufficiently filter rectified
EMG activity while introducing physiologically appropriate delays to the output signal. Additionally, from observing
the properties of the estimated force profiles produced using thresholded and rectified EMG signals, we believe that
combining both signals will produce a robust myoelectric control signal that displays high sensitivity at lower
contraction levels favorable to myoelectric control use while producing a linear response at higher contraction levels.
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ABSTRACT
EMG-based gesture recognition tasks have received a lot of attention in recent years, mostly focused on multi-channel EMG
sensors, leading to issues in ease of use and computational requirements of such systems. The present study leveraged the
BioPoint, a smartwatch-like device, to proceed to multi-sensor deep-learning based gesture recognition. 3 hand gestures in
3 wrist orientations were targeted by measuring the EMG, PPG and IMU waveforms on able-bodied subjects (n=10).
Preprocessing and feature extraction allowed the modalities to be used in a two-head neural network trained for the
simultaneous classification of hand gestures and wrist rotation. During evaluation, the model obtained an average classification
accuracy for hand gestures of 83.5 +12.4% and 94.3 + 9.7% for wrist position. Overall, this study showed the potential of
single-site, multi-sensor approaches for compound gesture recognition.
INTRODUCTION

Upper extremity musculoskeletal disorders, motor im-
pairments, and amputations profoundly affect millions of
individuals worldwide, leading to diverse challenges and
significant lifestyle changes [1]. Myoelectric prostheses
represent a significant advancement in upper-limb assistive
technology to address these issues. These sophisticated
robotic devices harness electromyographic (EMG) signals [ Feature extraction
from the muscles in the amputated limb to enable control. 5
Recent progress in robotics has significantly enhanced the

Synchronized multisensor acquisition

wo-head neural network

capabilities of these prostheses, particularly in achieving .

various grasp shapes [2]. This enhanced functionality owes

much to the integration of multi-channel surface EMG e

(sEMG) sensor setups, which allow for high-accuracy ientafi recognition

recognition of multiple concurrent gestures [3], [4]. How- @) (b)

ever, such advancements have primarily been confined to Fig. 1: Concept: (a) The BioPoint provides low-latency synchronized data

laboratory environments [5]. from up to 6 sensors, (b) the PPG, IMU and EMG signals are processed by
Despite their impressive performance in gesture recog-  a two-head neural network to extract wrist orientation and gesture.

nition, multichannel EMG systems face several limitations,
including increased complexity, cost and computational requirements, and tend to reduce comfort due to their size [6]. These
drawbacks can substantially affect their practicality and user experience.

Moreover, effective prosthetic control encompasses more than just the recognition of diverse grasping actions; it crucially
includes the management of wrist dynamics, integral for performing a wide range of activities of daily living [7]. Despite
its importance in reducing compensatory movements, which can be a cause for prosthesis rejection [8], the concurrent
modulation of grip and wrist motions remains a significant challenge. Studies such as those conducted by Connan et al.,
exploring the online myocontrol of combined hand and wrist actions, exemplify efforts to overcome these obstacles [9].
Nevertheless, the intricate nature of these challenges underscores the necessity for further innovation and research in signal
acquisition, processing, and control algorithms to achieve truly seamless and intuitive control of both grasp and wrist motion
simultaneously to enable users to perform a wider array of tasks effortlessly.

Consequently, this work introduces the simultaneous classification of grasp and wrist movements from a single-point,
single-channel EMG device as shown in Figure 1(a). This advancement, made possible by the integration of an inertial
measurement unit (IMU) and a photoplethysmograph (PPG) within the EMG device, leverages a multi-head deep neural
network to perform sensor fusion. The proposed approach is designed to offer a more streamlined, efficient, and user-friendly
solution, whilst providing high-level functionality and ultimately improving user experience in prosthetic control.
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METHODS

System Hardware

Figure 1(b) illustrates the collection of EMG, PPG, and IMU data conducted throughout the study using the BioPoint
[10], a compact and wireless device with the capability of simultaneously recording and streaming EMG, ECG, PPG, IMU,
BioZ/EDA, and skin temperature data. Within the context of this study, we focused on three out of the six modalities
provided by BioPoint: PPG (Blue, Green, Red, and Infrared) sampled at 50 Hz, a 6-axis IMU sampled at 100 Hz, and
EMG sampled at 2 kHz. Figure 1 presents the BioPoint device alongside examples of data captured for various gestures.
An important advantage offered by the BioPoint for this study is the synchronization of all sensors using a common clock,
eliminating the need for additional processing as all modalities are inherently aligned with each other.

Pre-processing

During the post-acquisition pre-processing phase, the raw data obtained from EMG, PPG, and IMU sensors undergo
initial standardization filtering. This filtration process involves removing the mean and adjusting signal magnitudes based on
their respective standard deviations, which are derived from the subject’s training data. This step ensures a consistent range
of values across all three modalities. Additionally, for EMG data, a 60 Hz notch filter is applied to attenuate powerline
interference, followed by a 20-450 Hz band-pass filter to eliminate motion artifacts and component noise. PPG data undergoes
further processing with a 0.66-3 Hz band-stop filter to mitigate cardiac pulse influences. Moreover, as suggested in [11], a
Principal Component Analysis (PCA) is conducted specifically on the Infrared and Red channels. These channels are targeted
due to their longer wavelengths, facilitating better penetration into the arm tissue and heightened sensitivity to changes in
arm geometry. Regarding IMU data, the approach directly utilizes the standardized signals’ 3-axis accelerometer data.

In the context of real-time human-computer interaction, latency is a crucial consideration. To optimize system usability
while minimizing input delay, selecting an appropriate window size for data processing is essential. While longer window
sizes are associated with enhanced performance in myoelectric control [12], research suggests that the optimal window size
to mitigate input latency falls within the range of 150 to 250 ms [13]. Consequently, this study adopts a 200 ms window for
classification, supplemented with a 20 ms incremental update, to effectively capture the dynamic nature of the sensor data.

Sensor Fusion Classification Algorithm

A preliminary feature selection was performed for PPG and IMU on pilot subjects to determine appropriate features
for each of the modalities. Selection was performed on a per modality basis with the criterion of individual classification
accuracy. Subsequently, maximum (MPK), wavelet energy (WENG), and mean (MEAN) features were selected for PPG,
and waveform length phasor (WLPHASOR), discrete Fourier transform representation (DTFR), wavelet energy (WENG),
and root mean square phasor (RMSPHASOR) features were selected for IMU. The EMG gesture recognition literature was
consulted and the LS4 feature set was used, composed of 1-score (LS), maximum fractal length (MFL), mean squared ratio
(MSR), and Willison’s amplitude (WAMP) [14].

The feature vectors are concatenated to form a single input vector, which is then fed into a fully connected neural
network. This network comprises three hidden layers, containing 64, 128, and 64 neurons respectively. For each layer, we
apply batch normalization, which is then followed by the Scaled Exponential Linear Unit (SELU) activation function as the
non-linearity function [15]. Additionally, we employ Alpha Dropout (with a rate of 0.5) after each activation function to
reduce overfitting and improve robustness under different input distributions, as suggested by the SELU activation’s design
principles [15].

The network utilizes a dual fully connected output layer strategy (dual heads), tailored for multitasking. One layer
focuses on predicting the three grasps, while the other is dedicated to the wrist movements. The softmax function is applied
as a the final layer of non-linearity for both heads.

AdamW [16] is employed with a learning rate of 0.01 to optimize the weights of the network. Learning rate scheduling is
used with a step size of 5 epochs and a decay factor (gamma) of 0.1, to adjust the learning rate during training. Furthermore,
to prevent overfitting and ensure generalization, we apply early stopping, using 10% of the training dataset as a validation
set and a patience parameter set to 30 epochs. Finally, the loss is calculated using cross-entropy, assigning equal importance
to both grasp and wrist movement predictions.

Data Collection

In this study, data collection involved ten able-bodied participants, including four women and six men, with ages ranging
from 21 to 59 years (Mean: 32.4, SD: 14.8 years). Four participants had no prior experience with biosignal-based collection,
and all were new to IMU and PPG data collection methods. The data acquisition protocol received approval from the ethics
committee for sectorial research in readaptation and social integration of the CIUSSS de la Capitale-Nationale (project
2023-2639). Ethical compliance was ensured through obtaining informed consent from all participants.
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Each participant was instructed to execute 3 hand gestures (Neutral grasp (NG), Open hand (OH) and Power grip (PG))
in sequence for three wrist positions: supination (Su), neutral wrist (NW), and pronation (Pr) as shown in Figure 2. Each
gesture was recorded for six repetitions lasting 5 seconds each. Only the isometric portions of the contraction were utilized
to train the classifier.

~ Wrist positions Hand gestures
Supinatio'h"(Su) Neutral wrist (NW) ) Pronation (Pr) Neutralgrasp (NG) Openhand (OH) Power grip (PG)

Fig. 2: Gesture set collected during the experiment composed of three hand gestures taken in each of the three wrist positions. The figure illustrates the
positioning of the BioPoint sensor on the participant’s forearm, located between the brachioradialis and flexor carpi radialis, distal to the elbow joint.

RESULTS AND DISCUSSION

Figure 3 showcases an example of how raw signals from EMG, IMU and PPG differ when comparing different wrist
positions and different hand gestures. Neutral grasp, which is used during transitions, has the lowest EMG activity and
generally keeps the IMU and PPG signals stable. Open hand causes a slight rise in EMG activity, which is explained by
the activation of extensor muscles located on the opposite side of the sensor placement. However, IMU signals have high
frequency oscillations similar to the ones obtained with the power grip which have the highest EMG activity due to the
recruitement of flexor muscles located right under the sensor. To differentiate between wrist positions, EMG visually seems to
play a much smaller role compared to IMU and PPG. The DC levels of the IMU are quite different between the orientations
and the shape of the PPG signals are consistent for the same wrist position. These two sensors provide reliable metrics to

differentiate amongst the wrist rotations.
Further analysis through feature extraction and neural network training was conducted to obtain quantitative results.

The confusion matrix of figure 4(a) shows the results for combined hand grasping and wrist rotation. Both network’s heads
had to be accurate for the sample to be compiled in the good classification diagonal. One result of note is the generally
lower accuracies for the neutral grasp compared to the other active hand gestures. It could be explained by users activating

their muscles to maintain pronation or supination which are the two lowest wrist positions for this hand grasp.
Next, by isolating the hand grasps and wrist rotations, classification accuracy with an average of 83.5 4+ 12.4% was

obtained for the hand grasps and an average of 94.3 + 9.7% for the wrist positions. Figure 4(b) shows the spread of the
distribution across the 10 users. Hand grasp was harder to classify due to its reliance on EMG signals which was taken
only at a single site far away from the hand. It is to note that the variation in performance across users is significant and
the average is skewed downwards by less experienced users. On the other hand, wrist rotations had much higher accuracies
except for one outlier user as denoted by the dot under the boxplot at around 67%. Wrist orientations were easier for new
users to perform as they do not require the same level of muscular control and practice as finger gestures. Moreover, IMU

and PPG sensors were very sensitive to those rotations.
Overall, this experiment showed that separating the hand and wrist motions using multiple sensors on a single-site already

obtains great results. Therefore, performing a similar compound movement experiment using sensor fusion and multi-site
EMBG is a promising next step to hopefully enhance control of the newer generation of fully articulated prosthesis.

OH+NW OH+Su OH+Pr PG+NW PG+Su PG+Pr
Forearm
"‘—“m h G channel
—we-.,.w‘.ﬂ'.«'nwﬂ“-'“-"' ) P oY o LT T hwp. ! . .
T " N U AU A VIS IR T -,»,wﬁw_‘ﬁm -
s MW-T‘ m e e <
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= R — ~— \; : IR

Fig. 3: A sequence was performed to showcase how the EMG, IMU and PPG raw signals affected by hand and wrist motion. 6 combinations of active hand
gestures and wrist positions were performed. Transition periods were used to change wrist orientation while keeping the hand in a neutral grasp (passive).
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Fig. 4: (a) shows the confusion matrix for the grasps and wrist motions considered simultaneously as predicted by the dual-head deep neural network
utilizing sensor fusion in the proposed classification pipeline. (b) provides the box plots, showcasing the distribution of the participants’ accuracies for
both grasp (hand) and wrist motions predicted separately.

CONCLUSION

In this study, the BioPoint, a single-site multi-modal acquisition device, was used to implement a two-head neural network
for simultaneous classification of hand gestures and wrist rotations, laying the groundwork for integrating wrist dynamics into
gesture recognition systems. Following preprocessing of EMG, IMU, and PPG waveforms, features supported by literature and
experiments were extracted. The network’s performance was evaluated with common offline metrics and showed near-perfect
performance for wrist rotations and high accuracy for hand gestures. While these results are promising, further experiments
should capitalize on online classification and on evaluating the system’s effectiveness with upper-limb amputees, both of
which are crucial aspects for the practicality of myoelectric prostheses control.
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THROUGH SELF-SUPERVISED REPRESENTATION LEARNING
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ABSTRACT

In this work, we explore the potential of integrating continuous transition data into the training process for pattern recognition-
based myoelectric control. We use a set of steady-state and continuous transition performance metrics to compare the
performance of classifiers trained with continuous data versus the traditional ramp contraction approach. We further compare
the performance of the popular LDA classifier with that of a deep gated recurrent unit (GRU) classifier capable of
leveraging the temporal dynamics. We also introduce a novel self-supervised contrastive representation learning approach with
augmentations that significantly improves the offline steady-state and transition performance. This work provides compelling
early evidence of the potential for semi-supervised learning approaches to leverage temporal dynamics in continuous training
data to improve the performance of pattern recognition-based myoelectric control.

INTRODUCTION

Pattern recognition (PR) based myoelectric control has been heavily explored due to its ability to provide intuitive control
via learned patterns of surface electromyography (SEMG) signals from multiple channels [1]. Its susceptibility to various
sources of noise and confounding factors, however, has encouraged researchers to continue to improve its robustness through

various algorithmic and training approaches.
Previous works have shown that training PR classifiers with ramp data, where users increase their contraction intensity

from rest, rather than static contractions provides improved online (usability) performance [2]. This is likely because ramp
data offer a fuller representation of the motion classes through their inclusion of contraction dynamics. While these dynamics
help the classifier to learn about how to transition from no movement to each motion class, they don’t offer much help in
learning about transitions from one motion class to another. This is an important area of exploration, since studies have
indicated that errors during transition impact usability [3], [4]. It is conceivable that including examples of these ‘continuous
transitions’ in training data may further inform PR models beyond what is achieved through ramp data alone, especially
if they are able to better inform temporal models like long short-term memory networks (LSTMs) or gated recurrent units

(GRUs), which are capable of exploiting time series dynamics. The purpose of this work was to explore this possibility.
Training with data that includes continuous transitions from one motion class to another, however, presents new challenges.

Besides increased burden on users to collect more training data, supervised classifiers like the conventional LDA, LSTM, and
GRU all require labeled training data, and it is not clear how to label regions of transition, or even identify region bounds.
Until a robust EMG-based algorithm for marking transition bounds between active classes is established, a secondary source
such as a motion sensor could be used. Even when the bounds are identified, a labeling scheme must be chosen; for example,
a naive scheme could label all frames within a transition as the next motion class, hoping to drive the decision stream to the
next class quickly. Alternatively, self-supervised learning approaches could offer a possible solution, eliminating the need

for pre-established labels altogether.
Self-supervised approaches do not require labels to train the model, and instead rely on augmentations to learn the

structure of the data [5]. The model learns to maximize similarity of two augmented views of the same sample; for example,
during training, two scaled-amplitude versions of a frame would be tagged as matches so the model could be updated
accordingly. This makes them robust to perturbations and particularly interesting for learning useful information from hard-
to-label dynamic data. They construct a latent space that drives similar samples closer together, which may have the effect
of ‘clustering’ motion classes in a way that includes transition frames appropriately. Once the feature vectors from the
latent space are established, a strategy that focuses on those members of each cluster that are easily classed with their
pre-established labels (i.e. a group of steady state members) can be used to establish the motion classes of latent space

feature vectors so they can be properly classified during inference.
In this work, we explore the potential of leveraging such a semi-supervised representation learning approach to leverage

dynamics in continuous transition training data to inform PR-based myoelectric control. We show that the proposed approach
significantly improves offline steady-state and transition performance compared the traditional ramp approach using a set of
steady-state and continuous transition performance metrics [6].
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METHODS

A dataset collected from 43 able-bodied participants, fully described in [7] and approved by the UNB Research Ethics Board
(REB #2021-116), was used in this study. Briefly, each participant completed 5 ramp trials and 6 continuous transition trials,
following screen prompts of 6 motion classes: Wrist Flexion (WF), Wrist Extension (WE), Wrist Pronation (WP), Wrist
Supination (WS), Chuck Grip (CG), and Hand Open (HO), and a No Motion (NM) class. Ramp contractions always began
in the No Motion class and gradually increased in intensity to reach the steady state contraction of a motion class (about
3s). Continuous transition trials started in the No Motion class and then randomly transitioned between classes continuously,
holding the steady between each transition for about 3 s, until all transitions between each class and every other (including
No Motion) were complete. All 42 transitions were captured in a random order each trial.

All data were collected using six channels of SEMG sampled at a rate of 2kHz using Delsys Trigno ®electrodes spaced
equidistantly around the circumference of the participant’s right forearm. Each trial was segmented into overlapping frames
with a length of 162ms and an increment of 13.5ms. Then, the Low-Sampling Frequency 4 (LSF4) feature set [8] was
extracted from each frame, as this feature set has been shown to robust and generalizable. Kinematic data were also collected
with a Leap Motion Controller (LMC) infrared sensor positioned below the hand so that transitions between motion classes
could be identified through movement.

Two classifiers — a Linear Discriminant Analysis (LDA) classifier, and a deep Gated Recurrent Unit (GRU) classifier — were
evaluated across the two training conditions (ramp and continuous). Both conditions were evaluated on continuous transition
data using the following offline performance metrics: steady-state Active Error Rate (SS-AER), steady-state Total Error
Rate (SS-TER), and steady-state Instability (SS-INS), and transition: Offset Delay (Torr), Onset Delay (Ton), Transition

Duration (Z7rp), Instability (INS), Tertiary Class Error (TER), and Percent No Movement (PNM) [6].
All five trials of the ramp data were used to train the LDA classifer, which was evaluated using all six trials of the

continuous transition data. When using the GRU, one random trial was used for validation and the remaining four trials
were used for training. When training with the continuous data, a leave-one-trial-out approach was used for evaluation. For
each participant, after removing one trial for evaluation, the remaining 5 were used to train the LDA. Again, for the GRU,
one of the five trials was held out for validation, and the remaining four were used for training. This process was repeated
six times so that trained models could be evaluated on all six trials of the continuous transition data. To establish the labels
required for supervised learning of the continuous data, the frames were re-labelled according to a modified version of the
prompts. The start of each transition was identified as the first frame after a prompt change that coincided with the initiation
of movement (as identified by the LMC). All the frames after this frame were labeled as belonging to the prompted motion
class.

A conventional cross-entropy loss function was used to train the supervised GRUs described above. Additionally, a novel

self-supervised contrastive loss function called VICReg [9] was investigated to avoid the need for the LMC-dependent
re-labeling approach when using the continuous transition data. Although many augmentations have been proposed in the
literature for use in self-supervised learning [10], random feature scaling, additive white Gaussian noise, and time shifting
were used in this work. Two augmented views of the frames in the training data were generated, and these augmented views
were then used train the self-supervised GRU. Once the model was trained, the prompt-labeled latent space feature vectors
were used to determine the centroid of each motion class, so that a Nearest Centroid (NC) classifier could be applied on
the test trials during evaluation.

RESULTS

Figure 1 show box plots of the steady-state and transition metrics for each of the models. One-way ANOVA (a = 0.05)
comparing training conditions (ramp vs continuous transition) for supervised models showed significant differences in all
three steady-state metrics (p < 0.0001) regardless of the classifier. For transition metrics, four of the six metrics showed
significant differences (p < 0.02). The classifiers had significantly shorter transition duration when trained with continuous
data, but at the expense of slight but significantly longer Torr. INS also showed a significant difference, but a post-
hoc multiple comparison test with Sidék correction (o = 0.05) revealed that only GRU[R] had statistically lower values
(p < 0.0001).

One-way ANOVA (a = 0.05) comparing the classifiers trained with continuous transition data showed significant
differences in SS-INS (p < 0.0001). For transition metrics, Torr, INS, and TCE also showed significant differences.
A post-hoc multiple comparison test with Siddk correction (ov = 0.05) revealed that VICReg had statistically lower values
(p < 0.0001) for SS-INS, INS and TCE, but a statistically higher value for Torr (p < 0.0001).

Figure 2 shows an example of the decision and probability streams of nearest centroid classifiers trained using the original,
unmodified feature space, and that of the VICReg latent space. Figure 3 shows an example of the latent space learnt by
VICReg for the ramp and continuous training data compared to that of a continuous testing trial.
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Fig. 1: Comparison of the performance of the different classifiers. The top row shows steady-state metrics, whereas the bottom two rows show transition
metrics. Classifier schemes denoted as [R] were trained with Ramp data and [C] were trained with continuous data.
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DISCUSSION

Results indicate that classifiers trained with continuous data performed better than those trained with ramp data, according
to most of the offline metrics. However, we observed that LDA and GRU performed on par in all metrics except Ton. This
was surprising given that the GRU is a temporal classifier and should be better at exploiting temporal information in the
data compared to the LDA. It may be that the naive labeling strategy prevented the GRU from fully exploiting its capacity
to learn dynamics. This is supported by the fact that VICReg, which was designed to avoid the need for labelling, showed
significantly improved performance in terms of INS, SS-INS, and TCE. Regardless, to fully exploit training supervised
classifiers with continuous transition data, more work is required regarding how best to label transitions. In particular, in
a closed-set classification problem such as this, the data during transitions does not truly belong to any of the prescribed
labels. Consequently, labelling them as belonging to an ‘unknown’ class or applying label smoothing [11] may be more
appropriate. Also, requiring the use of an LMC device to mark the bounds of transition regions is undesirable and even
infeasible for persons with limb differences. Furthermore, EMG activity precedes kinematic movement [12], which was not
accounted for in this work. Consequently, a segmentation technique that works directly with the raw EMG data in real-time
would be more more desirable, though more work is required to solve this challenging problem.

Resistant to these labeling issues, the self-supervised VICReg classifier also yielded considerably better performance
across many of the metrics, particularly in instability and transition errors. The generated latent spaces shown in Figure
3 suggests that the embedding not only clusters points belonging to the same class together (even though the model had
never seen any class labels), but that it also encodes transitions into narrow corridors travelling between those clusters in a
seemingly repeatable way. The two figures with continuous data also show the better population of these transition regions.
This behavior is further evidenced by the probability decision stream when using VICReg in Figure 2, whose probability is
more consistent while in steady state and transitions directly from the previous class to the target class.

While the self supervised VICReg improves the stability of the decision stream, however, it appears to do so at the expense
of a slight increase in onset lag. If this lag isn’t perceptible to device users during online use, the improved stability and
transitions may substantially improve usability. However, if this lag is perceivable, it may cause the control to feel sluggish.
Subsequent work should continue to explore this effect and if other augmentations may overcome this trade-off. Ongoing
work is testing these models in an online Fitt’s law test and seeking to correlate the offline and online metrics.

Even with the noted benefits of using continuous transition training data, the increased burden on the users to collect these
data is a critical disadvantage. Fortunately, techniques that rely on transfer learning and domain adaptation are emerging and
may be leveraged to mitigate this issue [13]. Such techniques may be able to shift the burden of collecting most training
data away from the end user while still providing most, if not all, of the observed benefits of training with continuous data.
Further research into such strategies may be necessary to make training with continuous data practical.
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EXPLORATION OF FUZZY LOGIC AS A MEANS TO HANDLE IMPRECISE EMG
SIGNALS IN PATTERN RECOGNITION CLASSIFIERS

Stephanie A. Lorelli & Richard F. ff. Weir
University of Colorado Denver: Department of Bioengineering

ABSTRACT

Myoelectric pattern recognition systems have the potential to offer intuitive selection and nearly seamless
switching between different prosthetic hand grip patterns. This is made possible by using surface electromyogram
(SEMG) signals to decode the user’s intent each moment in time instead of the user sequentially switching between
pre-programmed patterns via a unique motion. However, despite many advances in machine learning algorithms,
myoelectric hands face numerous clinical barriers which prevent widespread user acceptance and adoption [2]. These
clinical barriers include accuracy declines from sEMG signal shifts, imprecise control, operation lag times, and daily
retraining time burdens [3,2].

Fuzzy Logic is a powerful tool which can transform ranges of numerical values into linguistic variables for
performing mathematical approximations much like how we use language to describe subsets of populations without
having exact numbers [4,5]. Therefore, since SEMG signals are notoriously noisy and have imprecise ranges, Fuzzy
Logic may offer a way to account for this inherent signal property yet still be able to decipher the overall control signal
command. This quality has the potential to address some of the clinical challenges of being able to reliably
differentiate between active contraction and rest states, even if the SEMG signal has shifted due to fatigue or untrained
arm positions which other machine learning algorithms seem to struggle with handling [3,7].

Based on promising results from Ajiboye & Weir, we seek to re-explore Fuzzy Logic as a rule-based pattern
recognition system [1]. Our preliminary data shows that a Fuzzy C-Means (FCM) system is able to maintain higher
accuracies across multiple bin sizes with averages ranging from 76-82% for the resting & momentary “OFF” data
compared to a Linear Discriminant Analysis (LDA) system with averages ranging from 53-73%. Therefore, progress
from a control perspective seems to have been made as it is easier to reliably return to a resting state before making a
desired posture again instead of waiting for the control system to determine if the desired state is actually “OFF”.
While this is intriguing, more optimization still needs to be done to have this FCM system obtain higher “ON” postural
contraction accuracies closer to the clinical standard-of-care LDA system.

INTRODUCTION

Clinical Problem

Machine Learning is a powerful tool for finding underlying patterns in large quantities of data. This has led to
impressive technologies such as facial recognition, computer vision, Al speech technology, and other forms of data
analysis in the medical research fields. Despite the best advances in machine learning, there is still a low adoption
rate for myoelectric prosthetic hand systems [2]. However, this is not due to producing low accuracy rates. In fact,
greater than 95% “ON” classification rates have been produced since the 1980s [2]. So the puzzling thing is, why do
people prefer to not use myoelectric pattern recognition hands? One answer points toward the fact that these high
accuracies achieved in a lab setting decrease significantly when the system is used in daily life with many other
external factors to account for [3]. Even training neural networks with more extensive data does not necessarily solve
these clinical problems as many would have hoped for. To date, researchers are still struggling to find a machine
learning algorithm that presents a robust solution for dealing with changing noise and EMG patterns in daily use while
minimizing the training burden on the user.

Research Rationale

Humans produce muscle contractions to perform different hand postures. When our brains are forming, we learn
how to produce repeatable muscle patterns reliably. Therefore, the same neuron connections for muscle memory are
strengthened every time we produce the same action, acting almost like a rule. However, each time the muscles
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contract to produce a posture, there will be some slight variation in the final signal due to human imprecision. In
addition, myoelectric signals fluctuate throughout the day and as a result, produce patterns that are different from
initial training data. These factors challenge pattern recognition systems as it is difficult to account for all possible
scenarios of fatigue, accumulation of sweat, and different arm positions without requiring a person to spend hours
training and recalibrating each day.

We hypothesize that FCM may offer more robustness in the face of imprecise EMG signals compared to the
standard-of-care LDA system since Fuzzy Logic offers a way to handle noisy data by not needing to calculate exact
numerical values and can accept values that are within similar rules, memberships, and ranges. This is done by
transforming hard numbers into linguistic variables which is similar to how we utilize adjectives to refer to portions
of populations without performing computations to reduce brain energy consumption [4,5]. Therefore, we are
exploring how an FCM system can classify hand postures with imprecise SEMG ranges while reliably separating those
from momentary rest states and minimizing the amount of data that is necessary to train the system.

METHODS

How Fuzzy Logic and Clustering Works

There are two parts to the FCM system. First, there is the Fuzzy Clustering where multiple centers are spread
across a feature’s data cloud to capture the whole space instead of reducing it to one point like how an LDA system
works. This is done by sharing the membership (U) of each point as a percentage based on the relative closeness to
each center. The data then pulls the centers apart through an iterative process such that each data point tries to obtain
the highest U possible [8].

a. b. Input Membership Function

ot low med um hgh

0.20

EMG1
0.34V = “medium”

Figure 1:(a.) Fuzzy Clustering membership is shared between all cluster centers based on the relative distance to each center [8].
(b.) Converting cluster center numeric values into linguistic values via a membership function. Here we have 0.34 Volts being inputted
into the membership function which is converted into “MEDIUM " via the highest degree of Degree of Membership (DOM) [8].

The second part is the Fuzzy Logic System where each center is transformed into a linguistic variable. Once the
locations of the feature centers are determined, then their numeric values are converted into linguistic variables such
as “OFF”, “LOW”, MEDIUM?”, or “HIGH” via an input membership function. Once we have converted each cluster
center into a linguistic variable, we can now create rules that describe what each SEMG channel is doing when a
certain posture is being performed. Such as, If[EMG1 is “LOW” & EMGg is “HIGH” & EMGs is “OFF”] then Posture
= “Hand Close”, to describe a Root Mean Square (RMS) feature’s center. Then we determine how well a new point
matches to the rule via a degree of membership (DOM). The highest DOM produces the final hand posture’s
classification. While Ajiboye only used RMS, we are also exploring the use of a common time-domain (TD) feature
set of RMS, zero-crossings (ZC), slope-sign-change (SSC), and wavelength (WL) paired with this approach.

Once we have a rule base of “IF/THEN” rules, we have a computationally inexpensive way to see how well each
new numeric value matches to a rule within a posture’s EMG set [1]. Ultimately, this can decrease controller delay
times and potentially decrease the amount of data required to initially train the system since all that is required is a
mean and range of data which can be produced by even one EMG contraction. In practice, multiple contractions
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would be beneficial for reproducibility purposes. Also once set up, membership functions can accommodate EMG
shifts due to already being trained on a spread of data for each posture.

“ON” vs. “OFF” Total Real-Time Controller Accuracy Testing

Sample Data
Extract .
Fs = 3004.8 Hz » M » L ¥ Classify

11 postures:
1. Open Bandpass: 4 Time Domain
2. Close 30-480 Hz Features: 2 Classifiers:
3. Flex
4. Extend Notch: 1. Root Mean 1. LDA
5. Radial Deviation 60 Hz Square 2. FCM
6. Ulnar Deviation harmonics 2. Slope Sign
7. Pronation Change
8. Supination ) 3. Zero
9. ThumbAdduct!on Crossings
10. Thumb Abduction 4. Wavelength
train/val
10s lead in/out;
8 electrodes elgl';:SS'(Pn/DH
untargeted EMG contractions

Noraxon Telemyo DAQ

Figure 2: Data Acquisition Protocol for the CU Denver Weir Biomechatronics Development Lab covered under COMIRB No: 14-0838.

The first part of creating a controller is to see if it can reliably differentiate between multiple grasp patterns. These
“ON” contractions are typically the ones reported in the literature and achieve very high accuracies within a lab setting
[2]. However, in a real-time controller the person is switching between active grasp patterns and resting patterns.
Unfortunately, the accuracies reported in literature do not include an overall accuracy comprised of how well the
controller switches between a posture and back to a brief resting pattern between contractions. Therefore, we are
researching how to report both the “ON” and “OFF” accuracies for any given controller to obtain information on how
well each system can reliably and quickly differentiate between active contraction and momentary rest states as a user
would experience the system.

We have tested, built, and acquired data (Figure 2) for two control systems and are using cluster computing to
fine tune hyperparameters and compare the Fuzzy Logic system to the clinical standard-of-care LDA system.

PRELIMINARY DATA & OBSERVATIONS
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Figure 3: LDA & FCM “ON” Data testing across different bin time sizes and numbers of contractions to train each posture. From 7
people, LDA averages range from 60-80% while FCM averages range from 43-78%. We reach a tight accuracy band after 100ms bins generally
agreeing with Ajiboye & Weir and Smith, Hargrove, Lock, & Kuiken and if “n trials is greater than four [6, 1]. However, minimal accuracy
improvements happen even if more contractions are included all the way up to 8 contractions per posture in training data. Therefore, we may be
able to reduce the training time burden on the users by requiring only 5 or 6 contractions per posture instead of 8 or more.
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Figure 4: Averages from 7 people range from 53-73% for the LDA “OFF” Data testing across different bin time sizes and numbers of
contractions to train each posture. We reach a tight accuracy band with minimal improvement after 100ms bins. For the FCM “OFF” Data
testing, averages range from 76-82%. We reach a declining accuracy after 50ms bins, however overall FCM “OFF” accuracies start out higher
than the LDA “OFF” accuracies.

This work used the computing resources at the Center for Computational Mathematics, University of Colorado
Denver, including the Alderaan cluster, supported by the National Science Foundation award OAC-2019089. The
averages for each of the “n trials” are from using 7 people’s SEMG data, each run with varying numbers of bin sizes
and numbers of contractions per posture to train the algorithms. Trendlines with explanations are plotted in Figures
3&4.

CONCLUSION

We see that the Fuzzy Logic system may offer ways to reliably control a prosthetic hand by making it easier to
differentiate between active contractions and momentary rest states. In addition, it may be possible to reduce the
obligations on the amount of data and time required by the user to train the system. For example, only needing the
user to train the system on 6 contractions per posture instead of 8 or more.

While this is useful, “ON” accuracies for the FCM across the board need to be improved by around 10% to be
comparable to the LDA “ON” accuracies. Therefore, further research will be done to continue to optimize the FCM
algorithm and test different feature combinations in hopes of providing a future controller that is intuitive, robust, and
responsive for prosthetic hand users.
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FEASIBILITY OF SPATIO-TEMPORAL LINEAR FEATURE LEARNING FOR
MYOELECTRIC CONTROL: A SMALL WINDOW SIZE APPROACH

Seyedeh Nadia Aghili and Kianoush Nazarpour
School of Informatics, University of Edinburgh, UK

ABSTRACT

Numerous research papers have delved into spatio-temporal analysis for myoelectric control, yielding meaningful
outcomes, often employing window sizes ranging from 100 to 300 milliseconds. However, the industry is interested
in achieving robust performance within smaller window sizes, more applicable to real-world scenarios. This study
introduces a novel approach, Spatio-Temporal Linear Feature Learning (STLFL), with a robust trade-off between high
performance and compact window size. Our investigation primarily focused on five classes within the state-of-the-art
DB5 dataset—rest, abduction of all fingers, pointing index, power sphere grasp, and prismatic pinch grasp.
Comparative analyses with two established methods, namely support vector machine (SVM) and convolutional neural
network (CNN), revealed that STLFL consistently outperformed, achieving an impressive average accuracy of
84.6+3.9% across 10 subjects within an 80-millisecond window in a 16-channel electromyography signal. These
results highlight the efficiency of STLFL in achieving myoelectric control within a limited timeframe, demonstrating
promising outcomes for multiclass applications in both future contexts and real-world scenarios.

INTRODUCTION

Spatio-temporal analysis is extensively utilised in recent electromyography (EMG)-based literatures due to its
capacity to leverage optimal features in both spatial and temporal domains [1-3]. This preference stems from
recognised limitations in traditional EMG feature extraction methods, which encounter challenges such as the inability
to extract inter-temporal dependencies between feature extraction windows and a limitation in capturing synergistic
and spatial muscle patterns [1]. Advanced approaches such as spatio-temporal-based techniques are thus warranted to
address these shortcomings. However, in many cases, there is a critical aspect that is often overlooked, and that
pertains to the window size.

Various studies indicate that the choice of window size significantly influences classification accuracy and control
delay in real-world scenarios [4]. Many research papers have explored window sizes ranging from 100 to 300
milliseconds, although this may lead to increased computational time [5, 6]. In contrast, recent literature [4] has shown
promising outcomes with smaller window sizes for the first time, demonstrating accelerated processing in high-
dimensionality EMG decoding systems. In light of this, we are inspired to adopt a smaller window size (below 100
milliseconds) for our spatio -temporal linear feature learning approach, focusing specifically on a 16-channel EMG
signal. The primary objective of our work is as follows:

e Presenting a new version of the spatio-temporal linear analysis in multi classes objective, yielding
promising outcomes when applied to raw state-of-the-art EMG signals.

e Adopting a small window size with the objective of reducing delay in controlling myoelectric signals
for future real-world scenarios.

METHODS

Dataset

To assess the effectiveness of our proposed method, we utilised a widely recognised EMG dataset obtained from
the Ninapro website (DB5) [7]. The dataset captures the EMG activity of ten healthy participants' hands, recorded
through 16 surface electrodes (utilizing two Thalmic Myo Armbands). Participants performed 53 distinct hand
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gestures, which included periods of rest. Each hand gesture was repeated six times, with each repetition lasting
approximately 5 seconds, followed by a 3-second rest interval. The sampling frequency of the recorded EMG signals
was set at 200 Hz. In our study, we focused on five classes: rest, abduction of all fingers, pointing index, power sphere
grasp, and prismatic pinch grasp. These classes were chosen for our primary investigation into the application of the
proposed spatio-temporal linear method in myoelectric control.

Pre-processing

Prior to initiating the classification process, we employed a 6th-order high-pass Butterworth filter with a cutoff
frequency set at 10 Hz. For extracting input, we adopted an overlapped segmentation approach with a window length
of 80 ms and a 10 ms incremental step. In our approach, we opted to utilise raw EMG data rather than extracting
predefined feature sets. This decision guided us to represent the input as overlapped windows of 2D arrays (time-by-
channel) in the format of R16*16 for our proposed method.

Spatio-Temporal Linear Feature Learning (STLFL)

The STLFL was introduced in our prior work on binary classification [8]. Here, we extended the method to
accommodate multiple classes using a one-vs-one approach and implemented it on the raw EMG signal. The primary
objective of this algorithm is to identify the most relevant spatial and temporal features from raw data. To achieve
this, the algorithm adjusts two weights associated with the spatial and temporal dimensions of the raw dataset. This
adjustment aims to enhance the between-class distribution while minimizing the within-class distribution.

The optimization process is iterative and continues until the error, defined as the minimum difference between
the weights in the current iteration and the preceding iteration, reaches a threshold of 0.0001. In our present study, the
number of final features is determined by the smaller value between the number of channels and temporal features.
Subsequently, the more informative features are inputted into Linear Discriminant Analysis for the purpose of
classification.

Convolutional Neural Network (CNN)

In our research, we employed a CNN to compare with STLFL, the parameters of which were chosen through
heuristic methods for optimal performance. The model comprises six layers: batch normalization, two convolutional
layers, another batch normalization, fully connected, and a final softmax layer for classification. ReLU is used as the
activation function throughout and the learning rate for our model is set to 0.001.

For the convolutional operation, three crucial parameters—size, number of kernels, and stride—are considered.
Our approach used a convolutional layer with 20 kernels of size [Ch x 1], where Ch is the number of channels (16),
and a stride of 1 was applied. Furthermore, we applied a second convolutional layer with 20 kernels of size [1 x 2]
and a stride of 1 subsequent to the initial convolutional layer.

RESULTS

In this research, we assessed the effectiveness of our proposed STLFL model in comparison to two other methods:
CNN, a conventional deep learning model, and support vector machine (SVM), a traditional machine learning
algorithm. We used classification accuracy as our evaluation criterion, maintaining a uniform preprocessing approach
across all methods.

For statistical validation of the accuracy values, we employed a Wilcoxon sign-rank test with Bonferroni
correction using MATLAB software, considering p-values less than 0.05 as indicative of significant differences. This
nonparametric test enabled us to assess paired data (classification accuracy of the STLFL versus the SVM and the
CNN), thereby enhancing the robustness of our research findings.

Figure 1 presents a box-plot depicting average accuracy values across all subjects for STLFL, CNN, and SVM.
Notably, STLFL and CNN exhibit a significant performance advantage over SVM, with average accuracy values of
approximately 84.6+3.9% and 78.3.30+6.0%, respectively. This visual representation underscores the superior
performance of the STLFL compared to other methods.
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Furthermore, in the comparison between STLFL and CNN, a substantial improvement of approximately 6% is
evident in favour of STLFL. Our introduced STLFL model not only outperforms CNN but also demonstrates a
statistically significant enhancement in accuracy (p-value = 0.002) when compared to the conventional CNN model.
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Figure 1: Box-plot depicts average classification accuracy values across 10 participants using different
methods including STLFL, CNN, and SVM models and represent their individual accuracy by grey point.
Significant differences are denoted with stars (* for p <0.005 and ** for p <0.001). Figures (a) and (b) display
the average confusion matrix for STLFL and CNN, respectively.

DISCUSSION

This paper introduces an innovative spatio-temporal linear feature learning approach for myoelectric control. Our
method is intentionally designed with a minimal number of parameters, ensuring its practical suitability for real-world
applications. The simplicity of our approach is particularly advantageous, especially in comparison to more intricate
analyses such as deep learning techniques.

Upon evaluating our method alongside existing methodologies, including deep learning models like CNN, we
have observed superior performance under similar conditions. These results underscore the potential effectiveness of
linear approaches in myoelectric applications, highlighting the practical advantages in real-world implementation.
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Our study also contributes significantly to the exploration of raw EMG signals in small window sizes, opening
way for further investigations in this field. However, it is recognised that specific spatio-temporal convolutional neural
networks (STCNN) [9] have achieved favourable results in real-world scenarios. By clarifying the approaches
employed in both current proposed STLFL and other relevant STCNN models, and outlining their respective
contributions, we aspire to obtain more thorough and informative results. This effort is anticipated to significantly
advance our comprehension of the dynamics inherent in myoelectric control.

Moreover, the outcomes, particularly in small window lengths (less than 100 milliseconds), reveal promising
advancements for EMG-driven systems, emphasizing enhanced system speed. Previous literature exploring small
window lengths often concentrated on high-dimensional signals across numerous channels. In contrast, our study
demonstrates these positive results using only a 16-electrode recorded EMG signal. Looking ahead, our method should
be implemented in a real-time scenario, and efforts should be directed towards to increasing performance by
developing the model.
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ABSTRACT

While the number of individuals with partial hand limb loss is ten times greater than all other upper limb
amputation categories combined, the state of available technology for this underserved patient population is
relatively poor. Even though studies report preference towards myoelectric partial hand prostheses, patient adoption
of myoelectric devices has been stunted by the limitations of the only control methodology commercially available,
direct control. To address this challenge, we suggest the novel application of the Glide myoelectric control strategy
to individuals with partial hand limb loss. In this work, we describe preliminary investigations with two individuals
with partial hand limb loss, one with standard, intrinsic musculature of the residual hand and another who has
undergone state-of-the-art surgical interventions.

INTRODUCTION

Approximately 600,000 people live with partial hand amputations in the United States, with an estimated
14,500 new cases occurring each year [1], [2]. The level of impact on the functionality of the limb after amputation
depends on which finger or fingers are affected. For example, loss of both the index and middle fingers results in
40% and 36% impairments of the hand and upper extremity respectively, and 22% impairment of the whole body
[3]. In fact, individuals with partial hand limb loss (PHLL) self-report a higher level of disability compared to
individuals with other major unilateral upper limb loss (ULL) [4]. But while the number of individuals with PHLL is
10 times greater than all other upper limb amputation categories combined, the state of available technology for this
underserved patient population is relatively poor [5]. Prosthetic solutions for partial hand amputations are considered
only after reconstructive surgical procedures have failed [6]. If prostheses are an option, individuals with PHLL
have three main options for prosthetic care: 1) passive prostheses; 2) body powered prostheses operated by flexing
the proximal joints; and 3) myoelectric prostheses operated by electronic input from the patient’s residual limb [7],
[8], [9]. While some studies report preference towards myoelectric devices [10], prosthetic selection should be based
on a patient’s individual needs and include personal preference, prosthetic experience, and functional needs [11].
Advantages of myoelectric prostheses include increased comfort, natural control, greater range of motion, reduced
compensatory movements, perceived sensory feedback, and more cosmetic acceptance [10], [12].

Despite the above potential advantages of myoelectric prostheses, the adoption of such devices is poor. The
primary reason for this is related to the control methodology. Current myoelectric systems are typically limited to
operating one degree-of-freedom (DOF) using 2 electrodes from intrinsic myoelectric signals. The only available
control strategy for partial hand myoelectric prostheses is Direct Control (DC), wherein the activity of a single
electromyography (EMGQG) electrode is correlated directly with the actuation of a single DOF. However, because DC
requires isolated control signals, the close proximity of intrinsic hand muscle sites creates significant cross-talk from
sensors and limits the number of sensors that can be used [13]. Although recent variations of DC have allowed users
to directly map “discrete” electrode functionality to individual or coupled finger motions, these strategies still
require signal isolation (some even suggesting surgical intervention). To get around this limitation, manufacturers
have created other methods of switching between grasps using mobile apps, EMG triggers, or accelerometer-based
switching features, techniques that have not been well received by individuals with PHLL.

In this work, we explore the feasibility of a directional control algorithm (i.e., Glide) as an alternative control
strategy for myoelectric partial hand prostheses. Originally designed for individuals with above-wrist amputation,
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the Glide control strategy uses the vector summation of the amplitude of EMG signals from multiple electrodes to
navigate a Glide cursor to angular positions within a circular map (i.e., the Glide domain) [14], [15], [16]. The Glide
domain can be partitioned into user-adjustable slices, each correlated with a specific motion of the user’s prosthesis.
By modulating the relative amplitude across EMG channels, users drive the Glide cursor to a desired slice of the
Glide domain, resulting in volitional prosthesis movement. In contrast to DC, the Glide algorithm allows patients to
control multiple DOFs even when individual electrodes suffer from crosstalk and co-activation. Due to the custom
partitioning of the Glide domain, the Glide algorithm can leverage synergistic co-activity to provide additional
dimensions of control. Here we explore the suitability of the Glide control strategy to individuals with PHLL

METHODS
This study was conducted in accordance with a protocol approved by the Johns Hopkins University School of

Medicine Institutional Review Board. Two individuals with PHLL were recruited by study team members to trial the
use of a commercial equivalent Glide system, driven by the residual musculature of their partial hand.

Participant 1 (P1) is a woman in her mid-30s who
underwent amputations of the middle, ring, and little
digits of her left hand due to a workplace accident.
Since her amputation, she has operated a set of passive
positional prosthetic digits (GripLock Fingers®, Naked
Prosthetics, Olympia, Washington) in her daily life;
she had no experience with myoelectric devices.

Participant 2 (P2) is a man in his early-50s who
underwent amputations of the middle, ring, and little
digits of his right hand due to a workplace accident.
During his amputation surgery, his clinical care team
performed a double Starfish transfer [17] of his second
and third dorsal interossei muscles in the hopes of
providing him with independent digital control of

myoelectric partial hand prostheses. While P2 was |8 () ® £ |o—x \@
prescribed externally powered myoelectric digits (i- %
digits® quantum, Ossur hf., Reykjavik, Iceland), he ) Q ® \®\

has not used them regularly in his daily life due to his S <
inability to generate consistent EMG patterns. D é ~ N 44;

During the feasibility study, participants were fit
with four pairs of bipolar, surface EMG electrodes
(Infinite Biomedical Technologies, Baltimore, MD),
targeted over the first, second, and third dorsal

Figure 1. Pilot evaluations of the Glide control strategy
with individuals with PHLL. (A) P1 had undergone
amputations of her middle, ring, and little digits of her left
hand and was naive to myoelectric control strategies. After

interossei muscles as well as the abductor digiti minimi
of their partial hand (Figure 1). After electrode
placement, participants were trained on the use of the
Glide system and were prompted to attempt to activate
each recorded myosite independently by flexing the
targeted, underlying intrinsic muscle. To prompt
activation, participants were shown a cue of which

an hour, she was able to achieve four separate functions
given the Glide map shown, left. (B) P2 had undergone
amputations of his middle, ring, and little digits of his right
hand as well as a double Starfish transplantation of his
interossei. P2 had abandoned daily use of his myoelectric
device due to an inability to generate consistent, distinct
EMG patterns of activity. After a single evaluation

electrode to activate (Black, Red, Blue, or Green) in a
random order with the cue being presented for 1 s
before data collection began. During data collection,
the root-mean-square (RMS) of each electrode channel was recorded for 5 s. Kernel density estimates of the
observed RMS values for each electrode were then used to define an activation profile for each prompted flexion
(Figure 2). These activation profiles were useful in determining how many individual movements participants
should aim to begin with for a specific electrode configuration. Using the observed activation profiles, a Glide map
was constructed for each participant. Over the course of the evaluation period, algorithm parameters (i.e., electrode
gains, EMG smoothing, onset delay, etc.) were tuned to balance each participant’s control stability and performance.

session, P2 was able to elicit three separate functions given
the Glide map shown below, right.
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Figure 2. Activation profiles of each participant. Each electrode subplot represents the distribution of RMS values
recorded while attempting to activate each electrode independently. (Top) P1 exhibits good separation for the Green
and Black electrodes with severe to moderate co-activity present when attempting to isolate the Blue and Red
electrodes. (Bottom) P2 exhibits similar intrinsic muscle activation profiles, albeit with greater co-activation
between the Blue and Red electrodes.

RESULTS

Attempts at individual muscle flexions revealed that both P1 and P2 were prone to co-activation of
neighbouring interossei (observed most prominently in the Blue and Red electrodes, Figure 2). In the case of P1, this
is unsurprising as they were naive to myoelectric control and therefore had difficulty isolating individual myosites.
Similarly, prior to this evaluation with the Glide control algorithm, P2 was historically unable to elicit discriminable
activity on more than two sets of electrodes (i.e., the abductor digiti minimi and all dorsal interossei), allowing only
two available functions in an agonist-antagonist pairing. The activation profiles of P2 seem to support these limited
independent control axes, with the Red and Blue electrodes exhibiting highly correlated activity.

Despite both participants being prone to interossei co-activity, after adjusting the gain of each individual
electrode to fine-tune and bias their responses, both participants were able to consistently control multiple distinct
movements via the Glide user interface. While both participants began with the simplest Glide map (an agonist-
antagonist movement pairing), both were able to achieve a more complex, functional map by the end of evaluation
(Figure 1). P1 was able to control four movements (one for each electrode): three synergistic hand grasps and one
antagonistic movement mapped to Hand Open. P2 was able to control three movements: two synergistic hand grasps
and one antagonistic movement mapped to Hand Open. Continued testing with these Glide maps over the course of
1 hr confirmed that each participant was able to reliably reproduce each assigned movement, even without the visual
feedback of the user interface.

DISCUSSION

The results from this preliminary study highlight several strengths of the Glide control strategy when applied to
individuals with PHLL. Primarily, results suggest that Glide allows individuals to independently control multiple
DOF, despite existing co-activations inherent to the intrinsic muscle activity. In contrast, DC requires completely
independent control sites free from co-activity [18], [19], [20], [21]. And while emerging surgical interventions,
such as the Starfish procedure [17], may alleviate some limitations by increasing the separation between muscle
sites, the size of the patient population who have received such interventions (< 20 [22]) is dwarfed by the total
amount of patients living with a partial hand amputation. The Glide system does not require the independence of
control sites (or surgical interventions) expected by DC.

Additionally, these results suggest that a progressive training regimen with the Glide system may help
individuals with PHLL attain greater functionality as they become accustomed to their control capabilities. Both
participants had initial difficulties eliciting independent myosite activations, despite one participant even having
undergone the aforementioned Starfish procedure. Despite these challenges, we were able to begin with a simplified
Glide map, focusing on just a pair of agonist-antagonist movements, increasing the complexity of their maps as they
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became more comfortable. This scalable nature of the Glide system contrasts with DC, wherein an additional
electrode would need to be added for each desired additional DOF.

Of course, this work is not without its limitations. For one, as a preliminary investigation, the sample size is
small; a subsequent study will require greater participant recruitment. Additionally, these investigations are
motivated by the assumption that access to more DOFs will result in greater functionality for individuals with
PHLL. And while this assumption has largely held true for individuals with other upper limb amputations, it has not
been shown in this patient population (largely due to the lack of available myoelectric control strategy options).
Follow-up studies should directly compare the effect the choice of myoelectric control strategy (i.e., DC or Glide)
has on partial hand prosthesis functionality. However, as a preliminary investigation, this work demonstrates the
feasibility of successfully applying the Glide control strategy to the partial hand myoelectric control problem.
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ABSTRACT

Screen or prosthesis guided training is typically used to train pattern recognition-based myoelectric control by providing
controlled calibration samples with known labels. When these models are used with a user-in-the-loop, however, the observed
patterns are much more variable, resulting in poor model extrapolation to these conditions and thus poor usability. Incremental
and reinforcement learning approaches can continue learning from user-in-the-loop settings, but are limited in their reliability
due to the lack of supervised labels and increased training times. In this work, we propose context informed incremental
learning (CIIL), which adapts by drawing contextual information from the control task, to solve these issues. We test our
claims across two conditions: a short training data scenario and a simulated electrode shift scenario. With only one second
of initial training data per class, CIIL achieves similar throughput as SGT in a Fitts’ law-style usability test after only two
minutes of adaptation (the same amount of time taken for SGT). In the harder electrode shift scenario, CIIL significantly
outperformed the pre-shifted SGT model after 5 minutes of adaptation, offering a promising direction for future clinical
validation of user-in-the-loop training.

INTRODUCTION

Screen guided (or prosthesis guided) training (SGT) has become the standard practice for pattern recognition-based
myoelectric control, achieving reasonable classification accuracy with acceptable effort and time invested by the user.
By directing users through a sequence of motions to collect a representative dataset of electromyography (EMG) signals
corresponding with known motion labels, models can be trained via supervised learning. An ongoing challenge, however,
is how to make this data collection more representative of the data produced while the user is actively controlling their
device, called the closed-loop/user-in-the-loop/online control setting. Solutions like collecting “ramp” contractions and known
confounding factors like variable limb position have improved the performance in the online setting [1]; however, SGT still
has meaningful shortcomings because of behavioural variability that arises from the online control setting (compensatory
motions, proportional control, and error correction) which ultimately degrades model transfer to the online setting [2].

While strategies that continue to learn with the user-in-the-loop have tried to bridge this gap and produce more rep-
resentative intent recognition models, these approaches have their own challenges. Among these strategies, unsupervised
adaptation and reinforcement learning have been successful in addressing behavioural variability. Unsupervised adaptation,
or incremental learning, continues to update the model in a weakly supervised learning process with the assumption that
the model’s prediction can be taken as a substitute for true labels. Approaches generally filter these predictions to only
reincorporate highly confident [3], or representative [4] predictions to improve the robustness of the adaptation. Nevertheless,
unsupervised incremental learning is generally not viable when the model’s output is not trustworthy, such as after electrode-
shift [5], and thus is not a reliable strategy when adaptation is arguably needed the most. Reinforcement learning leverages
an environmental reward signal that truthfully describes the appropriateness of its actions for the situation, irrespective of
classifier performance. Unfortunately, reinforcement learning is sample inefficient, which consequently increases the training
burden to an unaffordable amount (~10-30 minutes [6]) as a standalone strategy employed online. Correspondingly, the
challenge of all incremental learning and reinforcement learning approaches for incorporating user-in-the-loop behaviours is
that they fail to simultaneously address the need for guaranteed performance improvements while ensuring sample efficiency.

Our proposed approach, context informed incremental learning (CIIL), aims to achieve the positives of both approaches.
By using an environmental reward-like signal through context (similar to reinforcement learning), CIIL can reliably improve
performance.Further, by using supervised learning to update model weights, CIIL can rapidly improve performance while
minimizing the training burden on users. Across two simulated scenarios, including a short training data initialization and
an introduced electrode shift, the proposed CIIL approach is compared to unsupervised high-confidence adaptation — the
established baseline adaptation approach [3]. The results corroborate that CIIL quickly improves the model by incorporating
user-in-the-loop patterns, irrespective of starting performance, which may lead to more robust long-term models.
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Fig. 1: Diagram of closed-loop myoelectric control. In this depiction, the user tries to direct a small yellow cursor to the red goal using myoelectric control.
While the user is in-the-loop, they uses their internal model of the task and visual feedback to produce the necessary EMG to bring the cursor to the target.
Consequently, produced EMG signals can be much more variable in this scenario compared to open-loop control that does not contain feedback.

METHODS
A. Hardware, Gestures, and Data Processing
The commercial Myo Armband was used to collect EMG data at 200Hz from 8 channels. Wrist flexion/extension and hand
open/close gestures, plus a rest class, were mapped to left/right, up/down, and no movement of the cursor. To recognize the
five gestures, all EMG data were first split into windows of 200ms with 100ms increments. Next, Hudgins’ time domain
features (Mean Absolute Value, Slope Sign Changes, Zero Crossings, and Waveform Length) were extracted from each
window. All data processing was done using LibEMG, an open source Python library for myoelectric control [7]. Finally,
all features were passed through an adaptive Linear Discriminant Analysis (aLDA) classifier [8].
B. Incremental Learning Strategies
The purpose of incremental learning is to gather behaviours that arise during the closed-loop setting. In this setting, subjects
vary their contractions to move the cursor to a target position. The patterns produced are dependent on several factors,
including the user’s internal model and task-specific behaviours (Figure 1), and consequently are more variable than signals
observed during SGT. Within this study, we evaluated an established incremental learning approach, Unsupervised High

Confidence (UHC) compared to our proposed approach Context Informed Incremental Learning (CIIL).
Unsupervised High-Confidence (UHC): As proposed by Sensinger et al. [3], UHC adaptation involves updating a classifier

based on predictions whose probability are above a predefined threshold.
Context Informed Incremental Learning (CIIL): Our proposed method makes use of a novel source of information

returned from the environment: context. Context contains suitability information related to whether the actions taken at this
time step were aligned with goal-seeking behaviour or not (binary value), and can be instrumented within many scenarios,
such as the target acquisition environment shown in Figure 2. The control actions that are viable options for goal-seeking
behaviour are also returned at each time step, which realistically can be inferred even from complex environments like
prosthesis control using detection of proximal objects to curate likely classes of motion. Context is then used to inform the
selection of labels that were suitable for the environment given the task, reinforcing positive actions. For unsuitable actions,
wherein the classifier prediction disagrees with all viable options, the most viable option is used to relabel the sample for
adaptation. This promotes the prediction of more viable alternatives the next time similar EMG patterns appear, adapting
the model behaviour in this uncertain region.

C. Experimental Overview

Both experiments followed the same experimental structure, outlined as follows, with minor modifications outlined in the
individual experimental sections. Both experiments were approved by the University of New Brunswick Research Ethics
Board and are on file as REB 2022-122. Further details can be found in [9].

Class: Hand Close Prob: 90%
Suitability: Correct,

Options: Hand Close, Wrist Flexion
UHC: Discard

CIIL: Include - Hand Close

Class: Wrist Extension Prob: 100%
Suitability: Incorrect,

Options: Hand Close, Wrist Flexion
UHC: Include - Wrist Extension
CIIL: Override - Hand Close

Class: Hand Close Prob: 95%
Suitability: Correct,

Options: Hand Close, Wrist Flexion
UHC: Discard

CIIL: Include - Hand Close

Class: Wrist Flexion Prob: 90%
Suitability: Correct,

Options: Hand Close, Wrist Flexion
UHC: Discard

CIIL: Include - Wrist Flexion

Class: Wrist Flexion Prob: 60%
Suitability: Correct,

Options: Hand Close, Wrist Flexion
UHC: Discard

CIIL: Include - Wrist Flexion

Class: Wrist Flexion Prob: 100%
Suitability: Correct,

Options: Hand Close, Wrist Flexion
UHC: Include - Wrist Flexion
CIIL: Include - Wrist Flexion

Fig. 2: Diagram of how adaptation strategies filter or correct pseudo-labels from within the gamified environment. The gesture mapping to cursor movement
map is given in the top left. Crosshairs and arrows indicate cursor position at a given timestep and intent recognized. A table is given that provides information
available to the incremental learning approaches, and how the sample is ultimately used in future model updates.
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Fig. 3: (Left) Shows the SGT environment. (Middle) Shows Myo Shoot — the gameplay environment where adaptation took place. Users controlled the
black cross-hair, and the planet represented the target. (Right) Shows the adapted ISO 9241-9 Fitt’s law test. The circles represent targets, and the smaller
yellow icon represents the cursor.

1) Armband Placement: The Myo Armband was placed 2/3 up the participant’s right forearm, proximal to the elbow.

2) Initial Model Training: The initial model was trained. For experiment scenario one, one second of training data for
each class was acquired. For experiment scenario two, 5 reps of 3 seconds were recorded for each gesture using SGT
(see Figure 3, Left).

3) Initial Model Evaluation: The initial model was evaluated as per Step 5 - Online Assessment.

4) Adaptive Gameplay: Participants played the Myo-Shoot game (Figure 3, Middle), whereby real-time adaptation
occurred in ten-second batches. The goal during this game was to acquire as many targets (planets) as possible.
To successfully acquire a target, users had to hover the cross-hair within the planet’s bounds and hover on top of it
for three seconds. After successfully acquiring a planet, another was randomly re-generated at another position on
the screen. Models were updated during this phase based on the given adaptation strategy. The order of adaptation
strategies was randomized across participants.

5) Online Assessment: Using the adapted model from step 4, participants completed an ISO 0241-9 inspired Fitt’s law
test (Figure 3, Right), whereby they had to hover a cursor over a set of targets and hover within their bounds for
three seconds. Once acquired, the user was prompted to move the cursor to a different target. This continued until the
participant acquired all eight targets in the ring. During this evaluation, no adaptation occurred.

6) Offline Assessment: To enable offline testing of the adapted model with representative data, two additional three-second
repetitions of each gesture were acquired.

Experimental Scenario 1: Limited Training Data Eleven participants took part in this initial study on the use of a limited
amount of training data (1 second per class). The adaptive gameplay phase lasted for 2 minutes. A constant velocity was
employed, meaning the cursor moved at a fixed speed, regardless of contraction intensity. Finally, due to the high confidence
profile of LDA classifiers, a UHC threshold of 100% was leveraged. Even at this seemingly high threshold, approximately

50% of decisions were used to adapt the model [10].
Experimental Scenario 2: Electrode Shift In a subsequent study, 21 individuals evaluated the adaptation strategies after a

severe 45° electrode shift. After training the initial model via SGT, participants were instructed to rotate the Myo Armband
clockwise by one electrode. The adaptive gameplay phase lasted 5 minutes. Due to the decreased confidence profile of the
aL DA classifier, a lower confidence threshold of 99% was selected for UHC adaptation. Additionally, a proportional control
scheme was adopted, meaning harder contractions resulted in faster cursor speeds meaning subjects could generally achieve
higher throughput [1].

RESULTS

The results across the online assessment and offline assessment of both experiments were compiled into Table I. In the
limited training data scenario, all incremental learning approaches led to improved performance across all metrics when
compared to the model seeded with only one second of calibration data. CIIL performed comparably to a full SGT protocol
for online metrics, despite only beginning with one second of calibration data. In the same setting, UHC performed marginally
worse than CIIL, with a 12.5% relative difference in throughput. In the electrode shift scenario, the offline accuracy of the
model dropped from 87.8% to 48.3%, demonstrating the severity of the degradation introduced by the electrode shift. After
a 5 minute adaptation phase, CIIL was able to significantly outperform the UHC approach, which was unable to recover
to a usable state. CIIL also significantly outperformed the pre-shift SGT, tested before the shift was introduced, and the
unusable post-shift SGT.

DISCUSSION

In the limited training data scenario, a single second of calibration data per class was sufficient for both UHC and CIIL
adaptation to positively influence the throughput of the model. Past work has evaluated UHC under favourable conditions,
where model performance is extremely high when adaptation begins; however, this study shows that UHC can improve
performance for a distinguishable gesture set when classification accuracy begins as low as 65.7%. Regardless, CIIL was
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TABLE I: Summary of performance for the two experimental scenarios. Bold values indicate the best value of the metric across the approaches within
an experiment. Dashes denote the fact that the SGT Post-Shift model was unusable and thus no acquisitions were completed. An asterisk (*) indicates a
significant difference with CIIL determined through a Friedman test with Finner posthoc correction.

Model Accuracy (%) Active Error (%) Instability (%) Overshoots (#) Efficiency (%) Throughput (bit/s)
Experiment 1: Limited Training Data
SGT 91.3 + 8.6 6.2 + 5.7 50 £+ 38 45+ 3.7 68.5 + 6.8 0.41 + 0.06
1 Second 65.7 £ 142 * 326 &£ 123 * 19.9 £ 6.0 * 13.6 £ 19.4 42,6 + 18.8 * 0.24 £ 0.10 *
UHC 79.1 £ 12.8 182 £ 12.0 * 121 £73 * 6.1 +75 60.6 = 14.1 0.35 &+ 0.08
CIIL 853 £ 11.0 10.5 £ 8.0 8.1+62 3.6 + 39 70.1 £ 8.2 0.40 £ 0.06
Experiment 2: Electrode Shift
SGT Pre-Shift 87.8 £ 7.6 10.0 £ 6.2 78 £4.6 79 £79 61.6 + 13.6 0.50 £ 0.18 *
SGT Post-Shift | 483 4+ 155 * 61.5 + 184 * 114 £53* - - -
UHC 452 £ 17.8 * 65.1 £ 225 * 6.5 + 4.5 9.6 £ 124 * 11.6 £ 21.7 * 0.09 £ 0.18 *
CIIL 79.5 £ 172 21.0 & 20.4 73+ 43 50 £ 7.0 66.0 + 15.8 0.61 + 0.21

shown to improve throughput more than UHC in the limited training data setting, where both models were provided the
same one second calibration and two minute adaptation phase. This outcome suggests that CIIL can quickly reduce epistemic

errors through adaptation, and with a higher ceiling than UHC, even when beginning with a correctly trained model.
In the second experiment, both adaptation approaches began with an abrupt and intentional concept shift that degraded

classifier accuracy from 87.8% to 48.4%. With this lower starting accuracy, UHC was unable to recover to a usable state
post-adaptation. Further, despite filtering predictions using high confidence, UHC marginally decreased accuracy and active
error compared to the initialization; indicating the lack of reliability of current adaptation approaches to address large
concept shifts. Conversely, CIIL was shown to reliably improve performance irrespective of classifier performance and
even outperformed the pre-shift SGT model’s throughput. This outcome suggests that CIIL can reliably improve the model
regardless of initial classifier performance using context from the environment. Correspondingly, CIIL warrants future work
exploring the numerous other confounding factors that introduce concept shifts, such as limb position [11].

This study was an initial validation of CIIL, with future work needed to make the approach viable for clinical populations.

If used as a training environment, the proposed CIIL approaches are viable in their current state. However, if leveraged
during real-time use, future work on how to gather context within a prosthesis use-case, and how frequently it can be
incorporated, is required. The benefits of using CIIL would need to merit the cost of creating advanced prostheses with the
ability to perceive the environment to recognize nearby objects and grasps suitable for the situation. Once fully instrumented,
it could be possible to rely on the environmental context alone for semi-autonomous gesture elicitation, however, this would
decrease the user’s agency over their device [12]. Consequently, the proposed CIIL approach may offer a favorable tradeoff
for improved control. Ultimately, CIIL enables the incorporation of user-in-the-loop training data with context-based pseudo-
labels. The ability to integrate user behaviours, confounding factors, and changes over time based on situational context is
promising, and warrants further research.
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SPATIO-TEMPORAL CONVOLUTIONAL NETWORKS FOR

MYOELECTRIC CONTROL

Milad Jabbari and Kianoush Nazarpour
School of Informatics, University of Edinburgh, UK

ABSTRACT

Utilising both within-channel temporal and between-channel spatial dependencies of the surface
Electromyographic (SEMG) signals improves the accuracy of machine learning-based models of myoelectric control.
Here, we introduce the Spatio-Temporal Convolutional Network (STCN) to decode five hand gestures from eight
EMG signals recorded from the forearm of eight able-bodied subjects. We compared our proposed STCN model with
a combination of a conventional convolutional neural network (CNN) and a Long Short-Term Memory (LSTM) deep
learning model, as well as the Linear Discriminant Analysis (LDA). The results show that STCN model can
outperform both CNN-LSTM and LDA methods at a much lower computational complexity.

INTRODUCTION

For decades, conventional machine learning models have served as the gold-standard models in EMG -based hand
gesture classification [1]. Despite providing reliable results, they suffer from a lack of generalisation and robustness.
Furthermore, they depend extremely on the distribution and separability of the feature set. Therefore, to achieve higher
performance, they need high-quality hand-crafted and separable features. Extracting such features is not trivial and
may lead to complex computations, posing difficulties in translating the system into a real-time experience [2].

Deep learning models possess the ability to extract insightful features from raw data, thereby obviating the
necessity for manual hand-crafted feature extraction. Moreover, through hierarchical representation, non-linear
decision boundaries, and regularization techniques, they enhance the robustness of performance [3]. These inherent
advantages position such models as exceptional candidates for mapping raw EMG signals or basic low-level features
to a notably enriched informative space with maximal separability.

In EMG-based hand gesture classification system, extracting both temporal and spatial features can enhance the
performance in terms of accuracy and generalisation. For instance, in hybrid CNN-LSTMs models, CNN and LSTM
extract spatial and temporal dependencies, respectively [4-5]. However, the substantial computational cost of this
approach renders hardware implementation challenging. Recently, Temporal Convolutional Networks (TCN) have
proved effective in sequence modelling. By implementing the concept of dilation, TCNs demonstrates their superiority
in capturing temporal dependency, while maintaining significantly lower computational cost compared to other deep
learning models [6].

In this work, we introduce the Spatio-Temporal Convolutional Network (STCN) model to enable simultaneous
extraction of temporal and spatial components. We compare this network with the CNN-LSTM structure as well as
the LDA method, which serves a benchmark.

METHODS

Participants and EMG Recording

A schematic experimental setup from the experiment is shown in Figure 1. The experimental protocol was in
accordance with the ethical approval granted by the local committee at the University of Edinburgh (reference number:
2019/89177). Eight participants took part in the experiment after signing an informed consent. During the experiment,
participants performed five hand gestures including Open, Power, Pointer, Tripod, and Rest. The EMG signals were
recorded using eight OY Motion EMG electrodes at a sampling frequency of 1000 Hz. Before the start of the
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experiment, electrodes were placed on the participants’ arm and secured using an armband. During the experiment,
participants sat in front of a screen which instructed the gestures. We recorded fifteen examples for each gesture, ech
2 seconds long.

Utilised Models

In this study, to conduct spatial convolution, we aimed to use a depthwise convolution layer to extract spatial
features from the channels. Following a spatial block, a temporal block containing 4 dilated temporal convolutional
layers captured the temporal dependencies. Figure 2(A) presents the proposed STCN concept. A simplified block
diagram representation of STCN model is presented in Figure 2(B). In addition to the proposed STCN, we deployed
a hybrid CNN-LSTM model and a conventional LDA classifier to perform 5-movement classification. For both
models, spatial part consists of two 1-Dimensional CNN layer followed by a batch normalization and a dropout layer.
Utilized CNN-LSTM model benefits from an LSTM layer consists of 100 units, whereas TCN block in STCN is a
single-stack basic TCN.

Feature set and statistical analysis

We fed these three models with six features called spatio-temporal feature set (STFS), which were in line with
[7]. This feature set consists of integral square descriptor, normalised root square coefficient of first and second
differential derivatives, mean log-kernel, an estimate of mean derivative of the higher-order moments, and a measure
of spatial muscle information. To evaluate statistical significance of the obtained findings, Wilcoxon rank signed test
was employed. The Bonferroni correction method was used to adjust the p-values and re-balance the compounding
risks.

RESULTS

To assess the proposed STCN model and provide comparison with CNN-LSTM and LDA methods, we calculated
classification accuracy using:

CA = correctly classified samples
total classified samples

x 100% 1)

Furthermore, averaged confusion matrixes over all participants were calculated to demonstrate between class
variation of the performance. Figure 3(A) illustrates boxplot presentation of CA values for STCN, CNN-LSTM, and
LDA methods. The results show that using STCN can significantly outperform both CNN-LSTM and LDA with
p<0.05 and p<0.001 and average CA about 95.21+0.01%. Moreover, averaged confusion matrixes over all
participants for LDA and STCN is shown in figure 3(B) and figure 3(C), respectively. It is visible that performance
of STCN in terms of between classification variation is better than LDA.
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Figure 1: Schematic experimental setup. Participant generates the illustrated gestures including Rest, Open,
Power, Pointer, and Tripod, while is sitting on a chair and with a fixed position arm.
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Figure 3: Boxplot representing of averaged CA values over all subjects for STCN, CNN-LSTM, and LDA
and averaged confusion matrices of LDA and STCN are illustrated in A, B, and C, respectively.

DISCUSSION

This study presents a novel spatio-temporal model designed to capture both the spatial and temporal dependencies
of SEMG signals. Inspired by the convolution concept and moving the kernel in spatial and temporal directions in
separated blocks, we show that a reliable performance can be achieved. Deploying a spatial convolutional layer by
using CNNs reveals the spatial flow of information and connectivity between muscles signals. These spatially
distributed components of information can be fed into a TCN block after appropriately reshaping of timesteps and
result in higher accuracy compared to conventional ML models. Previous studies have demonstrated the excellence
of hybrid CNN-LSTM models in conducting EMG based hand gesture classification, however, in this study we show
that using dilated convolution may lead to better performance compared to cell state concept in LSTM.
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Our findings demonstrate that employing a deep learning-based model with low-level representation of SEMG

signal as feature may lead to reliable classification. An important consideration in the STCN model is the choice of
kernel shape and size. In this study we utilised 1D kernels. An alternative approach can involve switching to 2D
kernels of different size. Considering how electrodes are distributed in distal/proximal and lateral directions, selecting
the kernel type and size will also be a crucial parameter.
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TOWARD SELF-CALIBRATING PLUG-AND-PLAY MYOELECTRIC CONTROL

Xinyu Jiang, Chenfei Ma, and Kianoush Nazarpour

School of Informatics, The University of Edinburgh, Edinburgh, United Kingdom.
ABSTRACT

Myoelectric control enables users to interact with diverse devices. However, electromyographic (EMG) signals
change over time due to diverse factors, e.g., user behaviour variation, and other. These variations lead to a substantial
reduction in performance of machine learning-based myoelectric control model, which in turn necessitate frequent re-
calibration. In this paper, we report the results of our “self-calibrating” and “plug-and-play” random forest model. We
pre-train the model and then calibrate it on new participants via one-shot calibration. The model then calibrate itself
autonomously . We validated this model on 18 testing participants. Work is on-going to expand our database and study
the effectiveness of the approach with people with limb difference.

INTRODUCTION

Myoelectric control systems enable users to interact with diverse devices, e.g. exoskeleton and prosthesis [1] by
recognizing different patterns of the EMG signals. Diverse known or unknown factors, such as the behaviour variation
of users, noises, electrode shift, muscle fatigue, limb position and other physiological factors jointly lead to the
variability of EMG patterns [2], [3]. The EMG variability leads to substantially degraded performance of a model,
even within a short period of time.

Training a machine learning model that can account for the variability of EMG characteristics requires a large
amount of labelled data. Previous attempts to address the above issues by taking the best advantages of both labelled
or unlabelled data. For instance using the notion of domain adaptation, Vidovic et al. proposed a covariate shift
adaptation algorithm to adapt the basic statistical metrics of training and testing data [4]. Other studies that utilised
semi-supervised learning enabled the self-training or self-calibration of a deep neural network [5], [6]. A very recent
study applied a domain-adversarial neural network to generalise a model between multiple days [7].

However, these studies mostly performed one-time calibration of the model each time it was used or evaluated
the model performance by pooling the testing data collected in each session together to give an overall accuracy. In
practical applications, even within the same experimental session, the EMG characteristics can change [8]. This
continuous change in EMG pattern causes a major challenge for myoelectric control in real-life settings. We see this
challenge as an opportunity to capture intermediary data which serves our model to gradually track the change and
generalise to the new EMG patterns.

We developed a self-calibrating random forest (RF) common model, which can (1) be pre-trained on data from
many people and easily adapt to a new user via one-shot calibration, and (2) second, keep calibrating itself once in a
while in a statistically meaningful way. The effectiveness of our method has been validated on 18 participants.

DATA COLLECTION

All participants signed an informed consent form approved by the local ethics committee at the University of
Edinburgh (reference number: 2019/89177), in accordance with the Declaration of Helsinki. All settings and details
of data collection are the same as our previous study [9]. Here we briefly introduce the data collection experiments.

We conducted 2 experiments. In experiment 1, we recruited 20 participants (aged 22--43 years, 12 males, 8
females). Eight electrodes were placed across the circumference of the forearm. Delsys Trigno sensors with a 2000
Hz sampling rate and 10--500 Hz passband were used for data collection. Each participant performed six hand grips
(“power”, “lateral”, “tripod”, “pointer”, “open” and “rest”, the same as our previous study [9]). For each hand gesture,
10 repetitions (6s each) were performed in 10 trials. Data recorded in the first 2s reaction and transition period of each
trial were removed, with the last 4s retained. A 5s inter-trial resting period was provided.

74



MEC24

In experiment 2, we recruited new participants (aged 22--28 years, 11 males, 7 females). The experiment consisted
of two sessions, the calibration and the testing sessions. In the calibration session, participants performed only one
repetition per gesture in a 2s trial. Only signals during the latter 1 second were retained (the same for the testing
session) and used in our analyses. The testing session comprised 5 testing blocks. In each testing block, participants
performed five repetitions per gesture (30 repetitions in total), with a pseudo-randomised order. Participants had 2
seconds and 5 minutes for inter-trial and inter-block rest, respectively.

METHODS

Feature Extraction

Features in each channel were extracted via a sliding window with 200 ms length and 100 ms sliding step. The
following ten types of features were extracted: root mean square (RMS), mean absolute value (MAV), waveform
length (WL), slope sign changes (SSC), zero crossings (ZC), skewness, mean frequency (MNF), median frequency
(MDF), peak frequency (PKF), and variance of central frequency (VCF). The final length of feature vector is 80 (8
channels x 10 features).

Pre-training and Fine-tuning a RF Model

The RF model for each user was first pre-trained on data from other users. The pre-trained RF model consists of
200 decision trees. All pre-trained decision trees were then pruned using the calibration data (collected in the
calibration section) from the new user. A bottom-up pruning strategy was applied. Details on decision tree pruning
can be found in [9]. After pruning each pre-trained decision tree, we trained 200 new decision trees from scratch,
using only the calibration data from the new user. These new decision trees were appended to the pre-trained and
pruned RF model. The pre-trained and fine-tuned RF consists of 400 decision trees (200 pre-trained and pruned trees
and 200 appended trees). All other details are the same as our previous work [9].

Self-calibration

When using the model, we applied a data buffer to save the latest testing samples. The size of the data buffer was
set to 1500 windowed samples (about 500 KB for float32 precision). The data buffer was updated after each testing
block and used to self-calibrate the model. When the data buffer reached its maximum size, the oldest sample
corresponding to the gesture label (determined as pseudo-labels) with the most samples would be deleted.

To assign reliable pseudo-labels on high-dimensional EMG features, we performed t-Distributed Stochastic
Neighbor Embedding (t-SNE) [10] to map the original 80-dimensional EMG feature space into a 3-dimensional
subspace, and at the same time preserve the local distribution structure in the original space. After that, K-Means
clustering was performed on the 3-dimensional data. The initialised labels of all testing samples before clustering were
assigned as the predictions directly given by the current model.

After the pseudo-label assignment, both data in the data buffer with pseudo-labels and the calibration data (used
in the fine-tuning stage) with ground-truth labels were combined together to train new decision trees and replace the
original ones. We kept those pruned decision trees fixed and only replaced those appended decision trees. Each time
we only replaced 80 (40% of 200) randomly selected appended decision trees.

Validation

All data from the 20 participants in experiment 1 were allocated to the pre-training dataset. For data from the 18
participants in dataset 2, each participant was in turn viewed as the target testing participant, with data from the other
17 participants used as additional pre-training data. Accordingly, for each of the 18 testing participants, data from 37
participants were available for model pre-training. Given the pre-trained RF model, data collected from the testing
participant in the calibration session were used to fine-tune the RF model via pruning and appending decision trees.
Self-calibration was performed after each testing block. In addition to the above models, we further implemented
standard user-specific linear discriminant analysis (LDA) and random forest (RF) models to provide baseline
performances. The standard LDA and RF models were trained using only the data collected in the calibration session
for each target testing participant.
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RESULTS AND DISCUSSION

Results are presented in Figure 1. According to Figure 1 (a) and Figure 1 (b), the accuracy of pruned and appended
RF model achieved a higher accuracy compared with standard RF and LDA models. With self-calibration, the
accuracy of pruned and appended RF could be further improved. Specifically, as presented in Figure 1 (a), the accuracy
with self-calibration showed a slowly increased trend, demonstrating that the self-calibrating model can progressively
adapt to the data distribution in the testing process.
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Figure 1: Results of Different Models. In (a), standard error (SE) was presented as the shaded area for the
figure clarity. In (b), standard deviation (STD) was presented.

The pre-training and self-calibration steps could progressively improve the model performance compared with
the standard RF model. It does so by learning more general knowledge from much more data from other participants,
therefore the model generalise better with only a few calibration samples from each new participant. The self-
calibration step improves the model performance by estimating a more precise data distribution using more testing

data. The assigned pseudo-labels may not be 100% accurate but can still provide useful information on the overall
distribution of data belonging to each class.

In our method, the pseudo-labels were assigned by integrating manifold learning via t-SNE and clustering via K-
Means. EMG features are normally of high dimensions, distributed on a curved manifold in the feature space. The
motivation to apply manifold learning is to simply the data distribution in the high-dimensional feature space. Through
manifold learning, the curved manifold can be flattened in a low-dimensional space. The mativation for applying
clustering is to jointly consider (1) the knowledge learned by the current model (for the initialisation of pseudo-labels
before clustering) and (2) the statistical information and distribution structure of a batch of saved data. Without these
components (i.e., directly assigning pseudo-labels using the predictions of the current model), the model would be
more likely to fall into a loop to learn biased knowledge given by itself. With the joint contribution from all modules,
the final self-calibrating model achieved the highest accuracy compared with all baseline methods.

CONCLUSION
We proposed a self-calibrating RF common model. The RF common model can be first pre-trained on data from

many users and then fine-tuned using only one-repetition per gesture from a new target user. The RF common model
would then self-calibrate itself once in a while during long-term applications. Analyses on data from 18 testing
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participants demonstrate the effectiveness of our model. Our work promotes the use of a plug-and-play model in real-
world applications.
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ABSTRACT

For persons with transhumeral amputation, targeted muscle reinnervation (TMR) has unlocked the potential for inno-
vative and intuitive control of myoelectric prostheses. There are many open source datasets available for training machine
learning (ML) models for transradial and transhumeral prosthetic control. However, to the best of our knowledge, no
datasets have been gathered in different limb positions with the intent of training models specifically for persons with tran-
shumeral amputation who have undergone TMR surgery. Moreover, such a dataset is challenging to curate as TMR is still a
relatively new surgical technique and there are few people with TMR. In this work we present a novel biologically-inspired
protocol for collecting data from persons both with and without upper-limb amputations that can be used to train gener-
alized ML models for this growing population of users. Our results from a three-participant pilot study suggest that by
choosing targeted sensor placements that correspond to specific limb nerve/muscle compartment associations post-TMR
surgery, we can potentially capture control-relevant muscle activation patterns from persons without limb difference that
closely resemble expectations of anatomical prime movers. We expect this collection protocol to provide further utility in
studying the relationship between limb positions and myocontrol signals, and differences between isotonic and isometric
muscle contractions during prosthesis use, leading to a new generation of TMR-ready control solutions.

INTRODUCTION

Most commercially available motorized prostheses are controlled via electromyogram (EMG) signals from a pair of
residual agonist-antagonist muscles [1]. Conventional control strategies map the acquired EMG signal amplitude to operate
each joint of the prostheses [2]. For example, EMG signals from the contraction of the biceps brachii and triceps brachii
muscles can be mapped to operate elbow flexion and extension, respectively. However, myoelectric control with only two
signals is slow and unintuitive [3]. In contrast, targeted muscle reinnervation (TMR) is a surgical technique that reroutes
nerves that would innervate forearm and hand muscles to alternative muscle sites in the residual limb [4]. As a result,
persons with TMR and transhumeral amputations (hereafter simply termed users) can have up to five distinct muscle sites,
allowing for advanced ML solutions to control multiple joints simultaneously. TMR has been shown to improve myoelectric
prosthesis control for persons with transhumeral amputations or shoulder disarticulations [5, 6].

Machine learning (ML) models for prosthetic control can be trained to recognize patterns in the acquired signals
related to their physiologically appropriate joint action [7]. However, training a personalized ML model capable of making
accurate predictions in different limb positions and conditions of use requires a substantial amount of labelled data from
the user, which is time consuming and prohibitive during daily use [8]. Furthermore, these models tend to suffer from lack
of generalizability both across and within participants, due to inter- and intra-participant variability, as well as differences
in sensor placement and environmental conditions [2, 9]. Being able to augment the training set with data from persons
without limb differences—or a TMR user’s other limb without amputation—may contribute to both increasing the initial
generality of learned controllers and reducing re-training effort. Our preliminary study demonstrates that data collected
using our proposed protocol reflects anatomically-based expectations of muscle activation patterns for a non-amputated
upper limb during various actions. This will enable future work to analyze the effect of limb positions on muscle activation
signals and capture the differences between isotonic and isometric muscle contractions in the arm and forearm.

METHODS
Our proposed data collection protocol provides an anatomically-inspired sensor placement guide designed to acquire

signals from muscles that align with a residual limb post-TMR. We first describe an overview of the data collection protocol
and then present the results of a three-person pilot study.
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took inspiration from our own underlying anatomy.
While humans show some variation in the location
of individual nerves, we all share the same basic in-
nervation patterns, originating from the development
of the limb buds, with each terminal nerve always
innervating the same muscles [10]. The intermus-
cular septum divides the limb bud into anterior and
posterior compartments, with flexor muscles devel-
oping in the former and extensor muscles in the lat-
ter [11]. The brachial plexus provides innervation
to the upper limb and follows the same division, with

trunks separating into anterior and posterior divisions ) o ]
before ending as five terminal branches. The axil- Figure 1: The five nerves responsible for providing motor innerva-

lary and radial nerves supply the posterior compart- tion to muscles of the residual limb after transhumeral TMR. Note:
ment while the musculocutaneous, median, and ul- N. denotes nerve; this figure is best viewed in colour.

nar nerves supply the anterior compartment. For our

protocol, we positioned sensors on specific muscles based on their nerve supply. In other words, muscles are viewed as a
conduit for collecting motor signals from the brain, which we can then use as input features for training ML models. It is
because of this novel perspective that we will be able to collect data from both users and persons without limb differences.

DEEP BRANCH OF THE RADIAL N.

Figure 1 shows the five nerves responsible for providing motor signals to muscles in the residual limb after TMR
surgery. The radial nerve natively innervates the long and lateral heads of the triceps brachii (marked by the dark blue lines
in Figure 1); for users, the lateral head is denervated from the radial nerve (demarked by black slanted lines through the
dark blue line) with the deep branch of the radial nerve re-routed to provide supply to the muscle belly (solid light blue
line). Since the deep branch of the radial nerve natively supplies most of the posterior compartment of the forearm, for
a person without limb differences, we can choose any muscle from this compartment to position the relevant sensor. We
chose the extensor carpi radialis longus and brevis (dashed light blue line) due to its proximity to the surface and because
it contributes to both wrist flexion and radial deviation. We follow the same reasoning for the remaining four nerves. The
musculocutaneous nerve natively innervates the long and short heads of the biceps brachii (solid red line); for users, the
median nerve is re-routed to the short head of the biceps brachii (solid orange line), which in turn natively supplies the
pronator teres and flexor carpi radialis (dashed orange lines). The ulnar nerve provides native innervation to the flexor carpi
ulnaris muscle (dashed yellow line) and gets mapped to the brachialis muscle for users, if their residual limb is long enough.
Note that there is a line missing from Figure 1 that would be solid yellow leading from the ulnar nerve to the brachialis
muscle; for persons without limb difference, we are unable to place a sensor on the brachialis muscle because it lies deep to
the biceps brachii. However, this does not have a negative effect on the data: during model training, we would compose the
input feature vector from the signals matching up to the five nerves. For persons without limb difference, these channels
are marked with pink boxes in Figures 1 and 2; for users we simply replace the flexor carpi radialis, flexor carpi ulnaris,
and extensor carpi radialis features with signals from the short head of the biceps brachii, brachialis, and lateral head of the
triceps brachii, respectively. For each column in Figure 1, a solid-colored square marks that the muscle is a prime mover
for the corresponding action along the y-axis. A hatched square denotes that the muscle is either a synergist or there is
anticipated noise due to its proximity to the prime mover for the given action.

Data Collection Protocol

Three participants without limb difference, two males (26 years old, 193 cm, 104 kg, right-handed; 33 years old, 178
cm, 100 kg, left-handed) and one female (40 years old, 170 cm, 70 kg, right-handed), provided informed consent and were
recruited for this pilot study (P1, P3, and P2 in Figure 2, respectively). We used the Delsys Trigno Wireless Biofeedback
System with the Trigno Avanti sensors (Delsys) set to broadcast EMG signals at 1926 Hz and accelerometer data at 74 Hz.
Eight sensors were placed on each arm in the middle of the muscle belly for each muscle in Figure 1 (x-axis); the solid-
coloured actions in each column can be used to help find the correct muscle belly. The participants’ dominant arm was then
braced with the elbow bent at approximately 70°, forearm at mid-pronation, and wrist straight. This bracing position was
chosen to lock the arm approximately in the middle of each joint’s range of motion. This was to elicit isometric contractions
to capture a higher amplitude from the signal for a longer duration, which we expect to be more similar to the type of muscle
contractions a person with limb difference has. On the unbraced side, isotonic contractions are elicited as the participants
moved actively through the range of motion, producing concentric contractions in the prime mover and synergist muscles.
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Figure 2: Consolidated muscle activation heatmap showing the results of our pilot study. In each column, activation is
ranked with the highest number (normalized mV) denoting a given muscle as the prime mover for the corresponding action
and lower numbers denoting lesser/minimal involvement in the action.

An interactive video played on a monitor in front of the participant to visually guide them through the data collection
process. Participants follow a series of 11 actions (Figure 2, y-axis) in 13 limb positions to curate a dataset that covers the
functional workspace of the human arm, including positions above the shoulder and behind the back. Three cross-body
positions were also included but were found to be awkward to perform and their removal had minimal effect on the results.
Once the participant was ready, a random limb position was presented on the monitor, and they were guided through a
pre-ordered set of actions in that position. Each action was held for five seconds. Each participant carried out one training
session guiding them through all 11 actions in one limb position before starting the full data collection process. After each
limb position the participant was allowed to rest before continuing to the next limb position or redoing the last. To prepare
the raw data for analysis, a bandpass filter from 20-450 Hz and a notch filter at 60 Hz was applied. The mean absolute
value feature was then extracted using a sliding window of size 50 in increments of 10 samples. The participant data was
aggregated into unbraced and braced groups to compare the difference bracing (i.e., isotonic vs. isometric) has on the
muscle signals, and to account for differences in handedness. For clear visualization in Figure 2, each action-sensor pair
were normalized by the greatest mean activation signal (mV) obtained for that sensor across all actions and limb positions.

RESULTS

The heatmaps shown in Figure 2 highlight the potential of our new data collection protocol to provide meaningful
signals for each action across all limb positions. Figures 2a and 2b show the data from all three participants consolidated
and normalized by sensor for the unbraced and braced arms, respectively. Each column provides a ranked order of activation
strengths for the muscle, with the highest number reflecting the highest contractile strength for that action relative to all the
other actions. The grey mini-maps contain the highest mean activation signal obtained for each sensor. Despite its normal
overall activation pattern, the lateral head of the triceps brachii muscle value for P1 was an order of magnitude higher than
all other mean activation signals. Further investigation suggests this may have been due to the participant activating this
muscle to counteract the weight of the brace during elbow flexion in limb positions above the shoulder line. We focus our
analysis on the five muscles marked with pink boxes in Figures 1 and 2 as these are the signals we would use for training a
TMR prosthesis control model. In a ML model, the input would be the vector of EMG signals (e.g., the five signals from
one row of the heatmap) and the output would be the action label (i.e., one of the y-axis labels).

Comparing Figure 2 with the anatomical expectations in Figure 1, a similar activation pattern emerges. Note that, as
expected, the unbraced arm more closely matches the expected pattern as these predictions are based off anatomical muscle
tables [12]. For the unbraced arm (Figure 2a), results reflect that the triceps brachii is the prime mover for elbow extension,
the biceps brachii for elbow flexion, the flexor carpi radialis and flexor carpi ulnaris for wrist flexion, and the extensor
carpi radialis for wrist extension. Interestingly, when compared with the isometric contractions elicited in the braced arm
(Figure 2b) we see less distinct signals for each action as muscles close to the prime mover are also activated during the
sustained contraction. This is shown in similar activation patterns of the pronator teres, flexor carpi radialis, and flexor
carpi ulnaris during both pronation and wrist flexion. The biceps brachii also exhibits higher activation during supination
than elbow flexion when braced, compared to unbraced. Both the unbraced and braced results reflect the effect of limb
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position on muscle contractions, as seen in the high activation signals for all forearm, wrist, and hand actions for the triceps
and biceps brachii muscles. In fact, further investigation across individual limb positions show that EMG signals from the
triceps and biceps brachii muscles begin to activate at a higher level across all actions as the participants raised their arms.

DISCUSSION AND CONCLUSION

Targeted muscle reinnervation (TMR) is a promising avenue for opening new and intuitive methods for myoelectric
control. This work offers three key contributions to the field of advanced prosthetic control. Firstly, we introduce a bio-
inspired protocol for collecting data in thirteen different limb positions targeted at training ML models for persons with
transhumeral amputation that have undergone TMR surgery. We present results from a three-person pilot study using our
proposed data collection protocol, highlighting its potential utility. Data from this limited sample mirrors what would be
expected from anatomical predictions of which muscles should be active during each given action; this is most noticeable
in the unbraced arm and provides validation for our choice of sensor placement. By analyzing muscle activation patterns
for different upper limb actions, we can anticipate which actions ML models should be able to accurately predict for users.
These actions are elbow flexion and extension, forearm supination and pronation, wrist flexion and extension, and radial
and ulnar deviation. A model would have trouble predicting hand open and close accurately if included in this set of
labels. Secondly, this study also touches on the limb position effect (c.f., Williams et al. [8]), which is reflected in the
data and enables us to further analyze the effect of limb position on muscle contractions. Future work will include a more
detailed analysis of this effect across all thirteen limb positions. Thirdly, our protocol captures the differences between
isotonic (unbraced) and isometric (braced) muscle contractions, which will be of particular interest when comparing with
data from users in future investigations. Looking ahead, we plan to streamline training processes by exploring ML-based
transfer learning techniques as well as identifying the minimal number of limb positions and sensors needed during data
collection to capture the full set of arm actions. In conclusion, this work presents a novel data collection protocol for
TMR prosthesis control that uniquely reveals the interplay between limb position and muscle activation, while capturing
the differences between isotonic and isometric contractions. This research sets the stage for training limb-position-aware
prosthetic control models, offering the flexibility to use data from persons without amputations or a TMR user’s non-
amputated limb. Our approach has the potential to help streamline the development of a new generation of TMR-ready
control solutions designed to improve the lives of persons with transhumeral amputations.
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ABSTRACT

Upper limb myoelectric prosthesis control is difficult to learn. Virtual reality has seen increased deployment in
recent years for prosthesis training because it is repeatable, engaging, and can be implemented in the home. While
most virtual reality prosthesis simulators do not challenge grasp function, this paper presents the Virtual Prosthesis
Emulator (ViPEr), a virtual reality environment for prosthesis grasp control with sensory feedback. For sensory
feedback in ViPEr, we have derived data-driven transfer functions that best approximate the applied force from a
physical prosthesis and integrated them into a sensory feedback system. This system allows us to relay the interaction
force using mechanotactile tactors and recreate realistic interactions, including objects' specific lift, crush, and
deformation characteristics. We will use ViPEr in an upcoming study to evaluate the skill transfer to physical
prosthesis performance and the effect of providing sensory feedback in virtual reality training.

INTRODUCTION

Myoelectric control for prostheses is complex and often proves challenging due to its learning curve [1]. The
difficulty is compounded because prosthesis fitting can take several months following an amputation. This prolonged
period of disuse of the residual limb can lead to muscle atrophy and intact arm compensation [2], further complicating
the learning process of operating the prosthesis once fit. As a result, individuals can experience dissatisfaction with
their prostheses and abandon them [3]. Current training methods typically involve pre-fitting muscle contraction
visualizations, training with physical hardware at the clinic [4], and intensive post-fitting daily training sessions [2],
which can be logistically demanding.

In response to these challenges, researchers have begun to explore the potential of Virtual Reality (VR)
environments as a tool for prosthesis training [5-7]. Their purpose is to supplement the current training methods in
conjunction with occupational therapists to mitigate travel and scheduling barriers [5]. Virtual environments are
complex, immersive, three-dimensional prosthesis simulators. VR training platforms can offer several benefits over
current training methods. They allow users to experiment with the prosthesis without fear of causing damage — are
engaging, and efficient, making them ideal for use in TeleHealth, i.e. remote community health centers and at-home
rehabilitation settings [5,7,8]. VR training has also been shown to be beneficial for managing Phantom Limb Pain [9].
However, it is important to note that while these platforms offer many advantages, most currently have “snap-on”
object grasping [5-7] and do not challenge prosthesis grasp control. For this, we have developed the Virtual Prosthesis
Emulator (ViPEr) that focuses on grasp control and incorporates sensory feedback. Sensory feedback can enhance the
performance of novice users of myoelectric prostheses, as it allows them to make minor adjustments in real-time [10].
However, sensory feedback may become less useful as users gain proficiency in controlling their prostheses since they
can create more precise control [10]. Therefore, sensory feedback may be most effective during the training phase,
when users are inexperienced. This paper presents an overview of ViPEr and the methods for the implementation of
real-time touch and force feedback for virtual object interactions.

METHODS

Virtual Prosthesis Emulator (ViPEr). ViPEr is a virtual reality training platform for prosthesis control with up to
3 degrees of freedom (hand, wrist rotation, elbow). Developed in the Unity Game Engine Version 2019.3.2f1, based
on feedback from clinicians, persons with transradial, and persons with transhumeral amputation, ViPEr is an
intermediary training platform for use prior to prosthetic fitting (Figure 1a). Its current configuration utilizes
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commercially available computer equipment and myoelectric sensors, including a desktop computer, a Vive VR
headset, a Vive Tracker (HTC, Taiwan), a Myo armband (Thalmic Labs, discontinued, Canada), and a mechanotactile
feedback system [11]. In ViPEr, the virtual prosthetic hand is the PowerHand [11], a one-degree-of-freedom,
sensorized, 3D-printed hand that operates by opening and closing at a velocity proportional to the strength of the input
signals (Figure 1b). Muscle signals acquired by the Myo Armband are linearly mapped to the opening and closing
velocity of the PowerHand via the brachl/Oplexus software [12]. This emulator offers a training environment where
participants progress through successively more challenging and gamified training tasks. These tasks are goal-oriented
to maximize user engagement [7]. The platform also incorporates mechanotactile sensory feedback to enhance the
training experience. As the training scene represent rooms of a house, VIPEr is a versatile prosthesis training tool for
activities of daily living.

Singletact 10N Force Sensors

Dynamixel MX-64 Servd

b)

Figure 1: a) User’s point of view in ViPEr moving a milk carton into the stew recycling bin, b) PowerHand 1
DoF prosthesis with fingertip sensors and servo locations.

Force Approximation. We created custom interaction physics for the PowerHand in ViPEr to simulate object
interactions and deliver grasp control training. While we used Unity’s physics engine in ViPEr, it was not sufficient
in an unmodified form for our intended grasp force deployment setting. We recorded hundreds of physical object
interactions using fingertip force sensors, embedded in the PowerHand, to identify transfer functions from myoelectric
inputs and contact duration to prosthesis force. Four objects were recorded interacting with the PowerHand, which
had identical dimensions and were categorized by their deformations under a 1 kg mass into soft, medium, hard, and
rigid compliances (Figure 2a). To limit mechanical variation and ensure consistent grasping, we fixed the position of
the PowerHand and objects. Given the unsteady nature of myoelectric signals, we gave steady input signals across the
myoelectric range for repeatability. These recorded inputs are ratios from 0 to 1 in increments of 0.05, corresponding
to the percentage of maximum voluntary contraction (%MVC). Once recorded, we removed some of the
electromechanical dead zones created by the silicone fingertips, delay in data acquisition, fingertip sensors, and object
compliance. Dead zone removal was implemented to create responsive force profiles to relay real-time touch feedback.
We then averaged, calibrated for aperture, filtered by batch of input %MVC, and combined the raw data into a training
set. We used a polynomial regression to derive smooth transfer functions that best approximated the force profiles of
the PowerHand, with the extracted feature being the sum of the %MVC at 64 Hz after object contact (Eq. 1-4). The
instant the user attempts to grasp an object in ViPEr, we sum the provided %MVC inputs from their muscle signals
(Figure 2b).

.. 12.56 26.70
ngld: f(X) = 1+e(—0-665Z|contaCt\(%MVC)+3'181) —0.50 M Med: f(X) = 1+e(_0-277z|cmltact|(%MVC)+0'031) —13.20 &

26.25
1+e(—u_391 Z|C0mact|(%MVC)+0.uzz)

25.75
1+e(_0'212 Zlcontactl(%MVC)*'“-OgO)

Hard: f(x) =
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The rigid profile was unexpected and didn't follow the stiffness trend, which we attribute to the dampening effect
of the compliant object on the onset of applied force. We intentionally aimed to simulate this behaviour. These TFs
are implemented in VIPEr to simulate grasp forces and provide sensory feedback.

Feedback Implementation. The mechanotactile feedback system in ViPEr is designed to enhance the immersive
experience by providing feedback on object interactions, typically limited in VR. The emulator utilizes a
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mechanotactile tactor connected to Unity via a UDP connection. The tactor relays the virtual force values, based on
the TFs, proportionally extending or retracting the tactor head. The design of the mechanotactile tactors is a rack and
pinion mechanism detailed in [11].
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Figure 2: a) (Left to right, top to bottom) Soft, medium, hard, and rigid objects and their deformation under a 1
kg compressive load, b) TFs for applied force from the sum %MVC ratios after contact by compliance.

Tasks. Participants with upper limb amputation and clinicians informed task development and constraint
identification for ViPEr. ViPEr’s levels span a virtual house, including kitchen, living room, and bedroom scenes. To
progress through the levels, users must achieve a prespecified success rate on the current level before advancing to
the next. The progressive difficulty and success rate only allow users with higher prosthesis grasp control to attempt
advanced levels. All tasks in VIPEr are object relocation tasks. In the kitchen, there are two tasks: the recycling task
— where the user moves empty common household cartons into a recycling bin - and the stew-making task (Figure
1la) — where users move six food objects into a pot. In the living room scene, users move books and small objects
around and on a bookshelf. Finally, in the bedroom scene, users put away clothes and other small objects into
designated drawers in a dresser. There are four ways to increase the difficulty level. First, we start varying the mass
of the objects, affecting how much virtual force the user must put on the object before it can be picked up. Next, we
add object fragility by setting the maximum allowable applied virtual force. Interactions with these objects require
precise grasp force modulation; too little force causes the object to slip out of the virtual hand, while too much force
crushes the object. Figure 3a) shows the lift and crush thresholds of the objects in the stew-making task. Third, we
add object compliance. The objects in this difficulty level deform along the imaginary line between the fingers and
thumb of the virtual prosthesis, as shown in Figure 3b), to the same degree as the soft, medium, and hard objects used
to develop the TFs in Figure 2a). Finally, we increase the number of controllable DoFs.

DISCUSSION

A main contribution of the present work and the pilot study with two able-bodied participants is initial evidence
that VIPEr should be explored as a training platform by evaluating the skill transfer to wearable prosthesis
performance, which is crucial for future clinical translation. Our study design involves recording participants' baseline
physical prosthesis performance, followed by three one-hour training sessions in ViPEr, and then repeating the
physical prosthesis evaluation to assess skill transfer. We hypothesize participants will improve their myoelectric
grasp control after the training. We also examine the effect of training with sensory feedback on the evolution of skill
level throughout the training sessions by randomly assigning participants to either a feedback or no-feedback group
in ViPEr. We periodically probe the feedback groups’ understanding of the grasp force control throughout their
training with no-feedback trials. We expect to gain insight into the learning curve of both groups and the role of
sensory feedback in training. Finally, we are comparing the post-training performance of the groups with the no-
feedback physical prosthesis to evaluate the effect of using sensory feedback as a training tool. We hypothesize that
sensory feedback in ViPEr will improve training efficacy and skill transfer. Written informed consent was obtained
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from participants prior to conducting the pilot study as approved by the University of Alberta’s Research Ethics Board

(PRO0007893).
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Figure 3: a) Grasp force ranges for the food items used in the stew making task, with blue, green, and red markers
representing the required lift, target, and crush forces respectively, b) Deformed juice carton when grabbed in the

recycling task with a semi-transparent overlay of the undeformed shape, equivalent to the medium object.

ACKNOWLEDGEMENTS

M. A. D. received support from the NSERC SMART CREATE Program at the University of Alberta. We would

like to acknowledge Quinn Boser, Riley Dawson, Cyrus Diego, Taylor Bulbuc, Eric Beaudry, Alexander Nichols, and
Zahra Hamilton for their contributions to the development of ViPEr.

REFERENCES

[1] H. Bouwsema, C. K. van der Sluis, & R. M. Bongers, “Changes in performance over time while learning to use a myoelectric prosthesis,”

[2

[31

[41

[5]

[6]

[71

(8]

[°]

[10]

[11]

[12]

Journal of NeuroEngineering and Rehabilitation, vol. 11, pp. 1-16, 2014. doi:10.1186/1743-0003-11-16F.

L. N. Hermansson & K. Turner, “Occupational therapy for prosthetic rehabilitation in adults with acquired upper-limb loss: Body-powered
and Myoelectric Control Systems,” JPO Journal of Prosthetics and Orthotics, vol. 29, no. 4S, Oct. 2017. doi:10.1097/jp0.0000000000000154

E. A. Biddiss & T. T. Chau, “Upper limb prosthesis use and abandonment,” Prosthetics & Orthotics International, vol. 31, no. 3, pp. 236—
257, Sep. 2007. doi:10.1080/03093640600994581

M. R. Dawson, J. P. Carey, F. Fahimi, “Review of Myoelectric Training Systems,” Expert Reviews of Medical Devices, vol.8, no.5, pp. 581-
589, 2011. doi:10.1586/erd.11.23

W. Li, P. Shi, S. Li, & H. Yu, “Current status and clinical perspectives of extended reality for myoelectric prostheses: review,” Frontiers in
Bioengineering and Biotechnology, vol 11, 2024. doi:0.3389/fbioe.2023.1334771

L. van Dijk, C. K. van der Sluis, H. W. van Dijk, & R. M. Bongers, “Task-oriented gaming for transfer to prosthesis use,” IEEE Transactions
on Neural Systems and Rehabilitation Engineering, vol. 24, no. 12, pp. 1384-1394, 2016. doi:10.1109/tnsre.2015.2502424

Y. Sun et al. “A comparison between virtual reality and augmented reality on upper-limb prosthesis control,” 2021 International Symposium
on Electrical, Electronics and Information Engineering, Feb. 2021. doi:10.1145/3459104.3459189

L. Resnik, K. Etter, S. L. Klinger, and C. Kambe, “Using virtual reality environment to facilitate training with advanced upper-limb
prosthesis,” The Journal of Rehabilitation Research and Development, vol. 48, no. 6, p. 707, 2011. doi:10.1682/jrrd.2010.07.0127

T. Rutledge et al. “A virtual reality intervention for the treatment of phantom limb pain: development and feasibility results,” Pain Medicine,
vol. 20, no. 10, pp. 2051-2059, 2019. doi:10.1093/pm/pnz121

J. Sensinger & S. Dosen, “A review of sensory feedback in upper-limb prostheses from the perspective of human motor control,” Frontiers
in Neuroscience, vol. 14, 2020. doi: 10.3389/fnins.2020.00345

E. Wells et al. “Development of a modular simulated prosthesis and evaluation of a compliant grip force sensor,” MEC symposium, Jul. 2020.
https://conferences.lib.unb.ca/index.php/mec/article/view/74

M. Dawson, H. Williams, G. Murgatroyd, J. Hebert, & P. Pilarski, “BrachlOplexus: myoelectric training software for clinical and research
applications,” MEC symposium, Jul. 2020. https://conferences.lib.unb.ca/index.php/mec/article/view/40

86



MEC24

COMPARATIVE KINEMATIC ANALYSIS OF TWO KINESTHETIC INTERFACES
FROM DISTINCT RECORDING METHODOLOGIES

Charles H. Moore!?, B. Ulgen Kilic*?, Federico Masiero®*, Marta Gherardini®*, Christian
Cipriani®#, and Paul Marasco'-2

!Department of Biomedical Engineering, Lerner Research Institue, Cleveland Clinic, Cleveland OH
2Charles Shor Epilepsy Center, Cleveland Clinic, Cleveland OH

3The Biorobotics Institute Scuola Superiore Sant’Anna, 56127, Pisa, Italy

4Department of Excellence in Robotics and Al, Scuola Superiore Sant’Anna, 56127, Pisa, Italy.

ABSTRACT

This study compares kinesthetic percepts from two different kinesthetic prosthetic interfaces and features a new
method to obtain kinematic grasp data from standard video footage. Video data recorded from a participant with an
intramuscular myokinetic kinesthetic interface was processed and compared to kinematic data from two participants
with targeted reinnervation for kinesthesia (TRK) interfaces. Correlations of rate of change in digit joint angles of hand
close percepts were obtained, revealing kinematic similarities between the two interface types. The myokinetic
kinesthetic interface participant’s first day elicited hand close grip percept and a TRK interface participant’s first day
elicited hand close grip percept were found to be similar with respect to the rates of joint angle movement. Similarities
disappeared between the two interfaces after the TRk interface participant underwent a week of training with the
percept. This relationship between the two interfaces provides evidence that elicited kinesthetic grip percepts share
similar features when the participant is first introduced to the intervention.

Introduction

The exploration of sensory feedback through regenerative and implanted neural interfaces has progressed
significantly in recent decades [1]. In particular, kinesthesia—defined as the sensation of active movement—has been
induced with considerable success in individuals with upper limb TRk interfaces [2,3,4,5]. Targeted reinnervation
interfaces are created with surgical nerve redirection techniques that rewire nerves to new skin and muscle sites,
enabling a biological neural-machine interface for prosthetic control and feedback. Vibrating muscle tissue in TRk
interfaces at 90 Hz induces synergistic kinesthetic percepts that have been shown to enable near able-bodied
performance during grasping tasks [3].

Direct comparisons of different regenerative and implanted neural interfaces can be difficult, particularly when
different research entities have collected data through distinct tools and data types. This is also the case when
attempting to quantify the similarities and differences between the complex synergistic grip percepts generated across
emerging kinesthetic interfaces. Here, we provide a methodology for quantitatively comparing reported synergistic
kinesthetic grip percepts between different kinesthetic feedback interfaces for upper limb prosthetics.

Methods

Written informed consent from the participant was obtained under the guidelines and approval of the Ethical
Committee of Azienda Ospedaliero Universitaria Pisana (ClinicalTrials.gov Identifier: NCT06176482). We modified
and repurposed Google’s publicly  available machine learning model (available at
https://developers.google.com/mediapipe) to extract hand kinematic data from video recording of a participant using
their sound hand to express perceived kinesthetic sensations during residual intramuscular stimulation. We leveraged
this machine learning model to detect and draw hand landmarks on each frame of a video input. The hand landmarks
detected on each frame are stored and output as three-dimensional world coordinates.

We then transformed the relative positions of the landmark coordinates to calculate digit kinematic joint angles.
The angles between the joints in the hand are calculated using a function that operates on the geometric principle that
the dot product of two vectors is equal to the product of their magnitudes and the cosine of the angle between them.
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This function takes the indices of three landmark points as input: a base point that serves as the vertex of the angle,
and two additional points that, along with the base point, define the angle in question. The coordinates of these points
are extracted from the list of detected hand landmarks. Vectors are then constructed from the base point to each of the
other two points by subtracting their coordinates. The angle between these two vectors is calculated by first finding
the dot product of the vectors, then dividing this by the product of their norms to find the cosine of the angle, and
finally applying the arc cosine function to determine the angle in radians. This calculated angle quantifies the bend
between two segments of the hand, allowing for the analysis of hand movement patterns based on the relative positions
of hand landmarks.

Next, we segmented the video data, converting the continuous repetition of the participant opening and closing
their sound hand into eleven distinct hand close percepts. We identified local minima and maxima across each joint
angle, representing the points of highest degree of finger movement within each cycle of hand closure. Minima and
maxima were identified by searching for points where the angle's rate of change transitions from positive to negative,
indicating a peak, while adhering to predefined criteria such as minimum height and distance between peaks to filter
out insignificant fluctuations.

We performed these transformations on the video data to allow a direct comparison to a kinematic dataset from
two TRK interface participants recorded using a 22-sensor CyberGlove Il data glove (CyberGlove Systems LLC,
www.cyberglovesystems.com). Written informed consent was obtained from these two participants under the
guidelines and approval of the Institutional Research Ethics Board at Cleveland Clinic (Protocol #13-1349). Each
participant was recorded during 30 trials of 90Hz stimulation applied to their TR interface that induced the sensation
of hand close. These trials were performed on each participant’s first day of experimentation, as well as their fourth
(last) day of experimentation, resulting in 30 trials for each day for each participant. We then interpolated the data
glove data to account for the differing framerates between the video and data glove, and normalized each trajectory to
a common, unified scale ensuring that the data points for each movement cycle segment were directly comparable.
See Figure 1 for averaged and normalized hand close trajectories for both kinematic interface type datasets.

Finally, comparative analysis of digit kinematic joint angles was performed to evaluate the correlation of
perceived kinesthetic sensations across participants. We obtained differential data for both datasets, focusing the
analysis on changes in the angle measurements over time that reflect the dynamics of the hand movement patterns.
See Table 1 for the correlations of rate of change in digit joint angles during hand close percepts across our two
kinematic interface datasets.
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Figure 1: Averaged and normalized digit joint angle trajectories during hand closure recorded from A)
Kinematic data extraction of video recording during 90Hz residual intramuscular stimulation and B) data glove
recordings of two participants during 90Hz TR interface stimulation on their first and last days of participation.

Results

Initial analysis revealed multiple correlations in many of the finger kinematic joint angles between one of the two
TRk amputees (Participant 2) on their first day of experiencing the stimulus and the participant who received residual
intramuscular stimulation. However, these correlations turned negative after the TRk participant experienced three
days of contextually relevant training, suggesting a significant shift in the perception and integration of kinesthetic
feedback when used to complete tasks.

Table 1: Pearson’s correlations of rate of change in digit joint angles during hand close percepts in response to
vibration-induced kinesthetic sensations between one participant with residual intramuscular stimulation and two
participants with TR interface stimulation.

Participant 2 Participant 5

Day 1 Day 4 Day 1 Day 4
Joint Name Pearson’s r p-value Pearson’s r p-value Pearson’s r p-value Pearson’s r p-value
Thumb 0.62 <0.001™" -0.054 0.089 -0.083 0.79 0.055 0.084
CMC
-I|\—/|h(L;JS1b 0.080 0.012" 0.0085 0.786 -0.021 0.52 0.0039 0.91

89



MEC24

Thumb IP -0.070 0.027" 0.11 <0.001" -0.051 0.11 -0.073 0.021
Index MCP 0.41 <0.001™" -0.31 <0.001™" 0.012 0.71 -0.085 0.007™
Index PIP 0.29 <0.001" -0.24 <0.001"™ -0.13 <0.001" -0.022 0.48
Index DIP 0.27 <0.001" -0.10 0.002™ -0.086 0.007™ 0.0027 0.93
miggle 0.40 <0.001"™ -0.046 0.142 0.032 0.31 0.024 0.45
Middle PIP 0.32 <0.001™" -0.024 0.443 -0.057 0.071 0.0036 0.91
Middle DIP -0.10 <0.001"™ 0.034 0.280 -0.054 0.087 -0.014 0.66
Ring MCP 0.23 <0.001" -0.073 0.020" -0.0014 0.96 0.061 0.052
Ring PIP 0.36 <0.001™" -0.087 0.006™ -0.11 <0.001™" -0.036 0.25
Ring DIP -0.11 <0.001"™ 0.069 0.028" -0.023 0.47 -0.036 0.26
Pinky MCP 0.20 <0.001" 0.22 <0.001™" 0.061 0.056 0.042 0.18
Pinky PIP 0.27 <0.001™" 0.071 0.025" 0.014 0.66 0.025 0.42
Pinky DIP 0.089 0.005™ 0.10 <0.001™" -0.0031 0.92 - -
Conclusion

These findings showcase an effective quantitative method for comparing different neural interfaces providing
similar sensory stimulation. Despite kinematic datasets comprising different measures and data types, we
demonstrated a sound methodology to enable a quantified analysis of their similarities that detected a number of
moderate correlations with very high statistical significance.

We found that kinematics were similar across kinesthetic interfaces for one of the two TR interface participants,
but only on initial exposure to kinesthetic stimulation. The negative shift in correlations following task-specific
training underscores the adaptability of kinesthetic perception and its integration for motor control.

These methodologies can facilitate extraction and re-examination of recorded video data sets containing
previously unidentifiable kinematic data.
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COMPARISON OF DIFFERENTIAL SURFACE EMG CIRCUITS AND
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ABSTRACT

Surface electromyography (SEMG) studies how to detect electrical signals produced by muscles from the surface of the
skin [1]. However, the noise and crosstalk from nearby muscles are some of the drawbacks to using a surface EMG system [1].
Single and double differential (SD and DD) surface electrode systems were designed to minimize these drawbacks. Still, SEMG
systems have not yet been optimized to detect deep and/or small signals from within the body [1]. This is particularly an issue
when considering regenerative peripheral nerve interfaces (RPNIs) for controlling a myoelectric prosthesis because EMG
signals from RPNIs are usually too small for surface level detection (approximately 100uV —2mV) [4].

Since interelectrode spacing and pick-up volume have a direct relationship [6] these therefore pose an interesting avenue
for designing a surface electrode system that can detect EMG signals from RPNIs. Through a model in Maxwell 3D by Ansys,
we aim to explore how varying the interelectrode distance from 8mm-40mm can change the spatial pick-up volume of
electrodes, and further examine how the SD and DD circuits process the information to determine the best approach for surface
detection of an RPNI. In the future, these results will then be validated through human subject testing.

INTRODUCTION

Surface electromyography (sSEMG) studies how to detect electrical signals produced by muscles from the surface of the
skin [1]. Passive surface electrodes typically consist of a metal plate and have not changed much in design since 1912 when
they were first used by Piper in the detection of EMG signals [1]. Active surface electrodes have been redesigned over the years
to increase the input impedance of the electrode to better reduce noise from the body and other power sources (ex. Mains Noise
at 60Hz). This improves the quality of the detected signals [1]. One of the biggest disadvantages of surface electrodes is that
they can only effectively be used to detect signals from superficial and/or larger muscles [1]. To minimize noise and crosstalk,
differential circuits were designed as part of the active electrode. A bipolar or single differential (SD) circuit uses 2 electrodes
and a reference electrode. It subtracts, filters, and amplifies the inputs to produce a usable signal for control, as shown in
equation 1, where V, and Vy are the inputs, G is the gain of the system, and V. is the final output.

Vour = G(Vg = Vp) (M

A double differential (DD) circuit performs similar functions as a single differential circuit, but with 3 electrodes and a
reference electrode, giving equation 2, where V,, Vs, and V. are the inputs, G is the gain of the system, and Vo is the final
output. Both SD and DD circuits have been shown to reduce noise compared to a monopolar EMG system, but the DD circuit
is better able to reduce noise and crosstalk than the SD system. [2]

Vour = G(Va =2V + V) 2)

The inability to effectively detect signals from smaller and/or deeper muscles is a disadvantage for using sSEMG for
myoelectric control of a prosthesis as it limits the sites available for control of a device, thereby reducing its potential for
control.

Clinical Problem

Regenerative peripheral nerve interface (RPNI) is a surgical technique developed by a multidisciplinary team led by Dr.
Paul Cederna and Cindy Chestek at the University of Michigan in 2012. In this surgery, the severed end of a peripheral nerve
is implanted into a free muscle graft. This technique can treat symptomatic neuroma formation of the severed nerve [3] while
also creating additional sites for myoelectric control of a prosthetic device [4]. Currently these new sites generate EMG signals
on a scale of approximately 100pnV — 2mV [4]. These signals are too small for normal surface electrode detection so, the signal
is collected through needle EMG (nEMG) which requires placing needle electrodes into the respective grafts. This
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intramuscular placement allows for increased specificity in the control but lacks real world application as these needles are
invasive, must be placed by a specialized professional and cause the user discomfort [5].

While RPNI creates new sites for myoelectric control, the ability to detect the signals using SEMG is extremely difficult
due to the size of the signals generated by these muscle grafts. Adjusting the active SEMG electrodes to detect deeper and/or
smaller signals will allow the surface electrode systems to be used in conjunction with the RPNIs. This could improve control
for prostheses by providing additional control sites for a user to operate the device.

Research Rationale

In practice, surface EMG systems use an interelectrode spacing of 10mm-20mm depending on the system used. With the
direct relationship between pick-up volume and interelectrode spacing [6], our research aims to study how changing the
interelectrode spacing may allow for detection of EMG signals from deeper within the body or detection of smaller signals
without introducing excessive noise or crosstalk that could render the EMG signal useless in a control paradigm.

METHODOLOGY AND PRELIMINARY DATA

Preliminary testing was conducted using a DD circuit designed by Federico N. Guerrero et. al. using 4 operational
amplifiers, shown in figure 1 [7]. An instrumentation amplifier was added to the end of the circuit to allow for the collection
and processing of the EMG Data. Figure 1 also shows the red boxed area of the circuit that was removed as a modification to
create a SD circuit from the proposed DD circuit.

Pilot testing was conducted on 3 individuals under the CU Denver Weir Biomechatronics Development Laboratory covered
under COMIRB No. 14-0838. The SD and DD circuits were tested in tandem. The electrode array in figure 2 was affixed to
the subject’s dominant arm using a tie bandage. The array was placed over the wrist flexor muscles in the forearm. The subjects
performed 2 tasks for each interelectrode spacing. The tasks were conducted as follows:

Task 1: Wrist Flexions Task 2: Individual Finger Movements

1. 10slead in — Rest 1. 10slead in — Rest
2. [2s Wrist Flexion, 3s Rest] — repeat 10x 2. [2s Flexion, 3s Rest] for each of the following
3. 10slead out — Rest movements in this order
Wrist Flexion
Index Finger Flexion
Middle Finger Flexion
Ring Finger Flexion
Pinky Finger Flexion
Index + Middle Finger Flexion
Middle + Ring Finger Flexion
Ring + Pinky Finger Flexion
All 4 Fingers Flexion

j- Wrist Flexion
3. 10s lead out - Rest

M EE Mo e o

The EMG data was collected, filtered, and analyzed to determine the Signal-to-Noise Ratio (SNR) and the appearance of
crosstalk. The data from the three individuals was inconclusive regarding the trends in the SNR due to multiple sources of
error. This is thought to be a result of the circuits being tested in tandem and the common-mode rejection ratio (CMRR)
affecting each system differently when the systems were tested in tandem. Due to these results, an electrode simulation model
is being developed using Maxwell 3D on the Ansys Electronics Desktop Program. After the results of the simulations are
processed, the results will be validated through human subject testing.

The model is currently designed as an idealized cylinder to provide a simplified representation of an arm. Later, the model
will be updated to better reflect the actual geometry of an arm using real-life scans if an arm. These models are based on two
papers by Madeline Lowery et. al. from 2002 and 2004 with all material parameters matching the models described in these
references [8, 9]. Figure 3 shows the idealized cylindrical model with the three electrode bars for reading out the EMG signal,
two electrode disks to act as excitation electrodes in the model, and a muscle fiber currently located 14.5mm below the surface
of the skin. The muscle fiber will have a sinusoidal wave passed through to simulate a muscle signal in the body. Using finite-
element analysis, the EMG signals will be analyzed to determine the expected spatial pick-up volume for each scenario and
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how this changes with different interelectrode spacing. The muscle fiber depth is also variable to allow for analysis of the depth
of the pick-up volume in each scenario.

Quad Operational Amplifier (LM324)

Instrumentation Amplifier (INA126)
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Figure 1: DD Circuit built in LTSpice. The circuit is based on the design provided by Guerrero et. al. in 2016 [7]. The circuit also
includes the addition of an instrumentation amplifier at the end to collect the EMG signal and further amplify it before processing. The
red dotted line box indicates the section of the circuit that is removed to change the proposed design from a DD circuit to a SD circuit.

Figure 2: Electrode array designed by Amber Bollinger to adjust electrode spacing by 4mm at a time from 8mm to 40mm. The DD
circuit used all three electrode bars. The SD circuit only used the two outer electrode bars, not the center one.

Figure 3: Idealized cylindrical model built in Maxwell 3D of an arm with two disk excitation electrodes and three bar recording
electrodes. The model has cancellous and cortical bone, muscle (and a muscle fiber), fat, and skin. All parameters of these materials are
described in the two articles by Lowery [8, 9].
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CONCLUSION

From the pilot testing, it is clear there are specific benefits to each type of EMG detection circuit. The DD is more focal
and so it can detect surface signals more readily; however, it cannot detect signals from muscles deep in the body. The SD
circuit is less focal allowing for detection of signals deep in the body; however, too much crosstalk renders the surface EMG
data unusable. From the data collected in pilot testing, suggestions to detect deeper or smaller signals from RPNIs could be
through a combination of increasing pick-up volume through interelectrode spacing, increasing CMRR in the circuit design,
and increasing gain to make the small signals more easily detectable. Further research will be done to elaborate on trends for
these testing areas.
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ABSTRACT

Invasive peripheral nerve interfaces have demonstrated the value of restored touch perceptions in the missing
hand elicited by electrical stimulation after arm amputation. However, invasive interfaces may not be the preferred
option for many prosthesis users. We explored the use of non-invasive mechanical stimulation, targeted transcutaneous
electrical nerve stimulation (tTENS), and thermal stimulation of naturally occurring reinnervated nerve sites in the
residual limb to restore multiple modalities of touch in the phantom hand. In two individuals with arm amputation, we
reported tactile sensations of pressure, elicited by mechanical stimulation and tTENS, and cooling, elicited by thermal
stimulation, in the phantom hand. Tactile perceptions and stimulation locations remained stable over multiple years.
We observed that the activated regions of the phantom hand may by stimulation modality specific, in that tactile
sensations did not always overlap when different stimulation modalities were used at the same location on the residual
limb. These results may be useful in helping restore a broad range of touch feedback for prosthesis users through non-
invasive stimulation approaches.

INTRODUCTION

Restoring the sense of touch to the missing hand after amputation can help improve prosthesis usage and function
[1], [2], enhance decoding of electromyography prosthesis control signals [3], increase sensorimotor connectivity [4],
and promote prosthesis integration into a user’s body image [2], [5]. Invasive peripheral nerve stimulation techniques
can directly excite sensory nerve fibers and elicit sensations of touch in the phantom hand [1], [2]. Non-invasive
stimulation approaches have also restored touch perceptions in the missing hand after amputation.

Tactile sensations in the missing hand can be induced by mechanical stimulation of reinnervated sites in the skin
of the residual limb in individuals both with [6] and without [7] targeted sensory reinnervation (TSR) surgeries.
Targeted transcutaneous electrical nerve stimulation (tTENS) has also been used to restore sensations of touch in the
phantom hand of individuals with arm amputation [8] and can be modulated to create pressure-related tactile
sensations ranging from light touch to pain [9].

An important element of touch feedback for prosthesis users is being able to convey a useful range of tactile
sensations. Perceptions from non-invasive mechanical and electrical stimulation are typically reported as being
pressure, vibration, or tingling sensations in the phantom hand [3], [7]. Recently, sensations of temperature have also
been restored through non-invasive thermal stimulation of reinnervated nerve sites in the skin [10], [11] and these
thermal perceptions can be used to enable object identification during closed-loop prosthesis control [10].

In this study, we investigated the use of non-invasive mechanical, electrical, and thermal stimulation to elicit
tactile sensations of pressure and temperature in the phantom hand of individuals with arm amputation. We quantified
the resulting perception location and quality in addition to stimulation location for all three stimulation modalities.

METHODS
Two individuals with arm amputation participated in this study. Participant Al had a left transhumeral arm

amputation and participant A2 had a right transradial arm amputation. Neither participant had undergone targeted
sensory reinnervation surgery (TSR); however, there were sites on the residual limb that, when stimulated, elicited
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Figure 1: Tactile sensations in the phantom hand as a result of non-invasive skin stimulation. (A) Mechanical,
electrical, and thermal stimulation of reinnervated nerve sites of participant A1 elicited sensations of pressure and
temperature in the phantom hand. (B) Mechanical and thermal stimulation on the skin in participant A2’s residual

limb elicited sensations of pressure and temperature. Colors indicate stimulation modality and corresponding tactile
perceptions.

sensations in the phantom hand. These sensory sites on the residual limb were identified based on prior sensory
mapping studies with the participants [3], [10].

Three different stimulation modalities were used to elicit tactile sensations in the phantom hand. Mechanical
stimulation was delivered through a 1 cm rounded plastic probe that was indented into the participant’s skin by the
experimenter. Electrical stimulation, tTENS, was delivered as a 4 mA biphasic square wave with a 0.5 ms pulse width
(200 ms per phase with a 100 ms interphase interval) and a stimulation frequency of 4 Hz (DS8R, Digitimer). Thermal
stimulation was delivered using a Bi,Tes thermoelectric cooling (TEC) device with a surface temperature of 16 °C
and an 11 mm x 11 mm surface area (Custom Thermoelectric).

Stimulation was applied to the stimulation sites on the residual limb and participants used a hand map to draw the
activated regions of their phantom hand. Participants verbally reported the quality of tactile sensations from the
stimulation. Participant Al received stimulation from all three modalities (mechanical, electrical, and thermal) and
participant A2 received mechanical and thermal stimulation. Participant A2 performed two follow-up sensory
mapping experiments 11 and 23 months after the initial sensory mapping experiment. All experiments were approved
by the Johns Hopkins Medicine Institutional Review Boards.

RESULTS & DISCUSSION

We found five unique locations on the residual limb for each participant that, when stimulated, produced tactile
sensations in unique regions of the phantom hand (Figure 1). Sensations of pressure were elicited in the phantom hand
by using mechanical stimulation of the reinnervated sensory sites on the residual limbs of both participants. The
evoked tactile sensations from mechanical stimulation were described as being a “pressure” or “pressing” in the
phantom hand.
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For participant A1, tTENS also produced sensations of touch, specifically a pulsing pressure that matched the 4
Hz stimulation frequency, in the same regions of the phantom hand as did mechanical stimulation (Figure 1A). The
evoked sensations from tTENS were described as being “pressure”, “pulsing”, and “tingling” in the phantom hand
and tactile sensations were not perceived at stimulation site on the residual limb. Prior work suggests that the projected
fields in the phantom hand from mechanical stimulation and tTENS of the same sensory site on the residual limb do
not always overlap [7]; however, the projected fields for the two stimulation modalities did overlap for participant Al
(Figure 1A). Because every amputation is unique to each individual, it is reasonable that the projected fields may
overlap for different stimulation modalities (e.g., mechanical and tTENS) in some individuals but not in others.

Sensations of temperature, specifically cooling, were reported in the phantom hand as a result of thermal
stimulation on the residual limb from the TEC device. Three of the five stimulation sites on participant A1’s residual
limb evoked cooling sensations in the phantom hand (Figure 1A) compared to all five stimulation locations on A2’s
residual limb (Figure 1B). The thermal project fields did not all overlap with the mechanical and tTENS project fields
for the same stimulation locations for Al. That is, one of the stimulation sites, when activated thermally, produced
cooling sensations in the thumb and back of the index and ring fingers but elicited pressure sensations in between the
thumb and index finger when the same location on the residual limb was activated with mechanical stimulation or
tTENS (Figure 1A). The observations of non-overlapping projected fields in A1’s phantom hand based on stimulation
modality align with prior results and have been reported across multiple individuals [7], [10]. For A2, thermal
stimulation was perceived in the same region in the phantom hand as mechanical stimulation (Figure 1B). These
sensory regions in the phantom hand remained stable over the two years of testing in that the stimulation locations on
the residual limb and the corresponding regions of tactile activation in the phantom hand did not substantially change.

These results demonstrate that non-invasive stimulation can be used to activate underlying nerves in the residual
limb and produce both pressure and thermal tactile sensations in the phantom hand after amputation. Interestingly,
stimulating the same location on the residual limb with different modalities (e.g., mechanical, thermal) can produce
sensations at different locations in the phantom hand.

CONCLUSION

Both pressure and thermal tactile sensations can be evoked in the phantom hand of individuals with arm
amputation through the use of non-invasive stimulation of the residual limb. Having undergone TSR surgery is not a
requirement to enable these tactile perceptions in the phantom hand through non-invasive stimulation of underlying
sensory nerves in the residual limb. Mechanical and electrical stimulation enable sensations of pressure or pulsing in
whereas thermal sensations or enabled by thermal stimulation of the sensory sites on the residual limb. The location
of perceived tactile sensations in the phantom hand can be stimulation modality dependent. These results help
demonstrate the possibility of restoring multiple modalities of touch to prosthesis users through non-invasive
stimulation.
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ABSTRACT

Users of upper limb prostheses face a challenge when attempting to grasp fragile objects due to an impairment of
naturalistic sensory feedback regarding grip strength. Augmented Reality (AR) has shown promise as a candidate in
solving this issue. Here we present the implementation and testing of a novel AR application for the Microsoft
HoloLens 2 and test it using an upper limb prosthesis simulator. Our novel AR software application displays a color
overlay on top of a user’s prosthetic hand that changes based on grip strength. Using a mechanical egg grasp-and-hold
task, we compared grasp performance and learning between prosthesis users with and without AR grip force feedback.
Using a mixed ANOVA, we observed no statistically significant difference in performance with and without AR
feedback (F(1,15) = 0.87, p = 0.37) , though we did see improvement across three blocks of grasp trials (F(2,30) =
6.58, p = 0.004). The AR implementation as presented was not effective which could be explained by limitations of
the HoloLens 2, our overlay visualization, a need for more user training, or the simplicity of the task. Emerging AR
systems may be better suited to display useful sensory feedback for upper limb prostheses with reduced latency, higher
resolution graphics, and improved hand tracking to better localize the visual overlay.

INTRODUCTION

The ability to grasp fragile objects is a key challenge faced by users of upper limb prostheses, at least partly
attributed to a lack of naturalistic and intuitive sensory feedback. Without intact hand sensory structures, prosthesis
users lose the valuable information that would typically be provided by the sense of touch and kinesthesia, forcing
them to rely solely on visual perception when estimating how much force to apply to an object. While visual perception
is a significant predictor of force perception [1], the altered internal models of prosthesis users result in inaccurate and
especially variable predictions of the force required to successfully pick up a fragile object [2]. Seemingly trivial
activities, such as picking up an egg without dropping or cracking it, can become quite difficult tasks.

Past research has sought to develop alternative sensory modalities by which grip force can be represented.
Invasive solutions have been proposed in the form of neural interfaces, which directly stimulate peripheral sensory
neurons [3], as well as reinnervation surgeries, which transfer residual nerves from the amputated limb to alternative
muscle groups [4]. These solutions, however, can result in damage to peripheral nerves or unwanted tissue response
[5]. Non-invasive solutions may be more widely accepted by patients with one study showing enhanced use of a
prosthesis simulator when haptic feedback was applied to intact fingers [6]. However, this haptic feedback tends to be
less incorporated when it is physically misaligned from its visual reference on the prosthesis [7]. Such findings suggest
that this form of non-invasive feedback may not be as effective for users with more proximal amputations. Given these
downsides, it may be worth investigating solutions which instead provide supplementary visual feedback.

Through Augmented Reality (AR), a visualization is superimposed over a person’s view of the real environment
around them, integrating digital information into a natural scene. The technology has been effective in educational [8]
and stroke rehabilitation [9] settings. AR has also been proposed as an effective solution to the aforementioned grip
strength perception problem. Grip strength information has been presented in the form of shape changing ellipses [10]
or as visual progress bars [11]. As emerging prosthetic devices are often rejected as too much of a burden to use [12],
one might fear that although effective, previous AR feedback systems may require too much attention and cognitive
burden to provide real-world clinical benefit.

Our study sought to extend previous AR-based research by developing a more intuitive feedback system in which
the visualized grip strength feedback is co-located with the prosthetic hand (i.e. the hand itself appears to change
color). Using a between-subjects design, we investigated the effect of this system on motor learning and on grasp
performance during a mechanical egg grasp-and-hold task.
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METHODS

Augmented Reality Sensory Feedback System

We developed an Augmented Reality application in the Unity development platform for use with the Microsoft
HoloLens 2 AR headset. The app places a colored sphere on the user’s hand that tracks with hand movement. The
location of the sphere can be moved between the right and left hand, and between the fingertips and the back of the
hand, if desired. Every frame, or approximately 60 times per second, the application searches for incoming grip force
data (in the form of keyboard input) from sensors on both the index finger and thumb. Originally two spheres were
used per hand, one for each of the sensors, but this was determined to be confusing in pilot testing. The intensity of
the cumulative grip force across both sensors is proportionally mapped to a color map of the visualized sphere. At no
force applied, the sphere appears white. As the user applies force to an object, the sphere turns green, eventually
shifting to red as maximal force is applied.

Figure 1: Augmented reality grip force display. Increasing grip force strength, from left to right, changes the
visualized color across a gradient from white (no force) to green (low force) to red (high force).

Strain gauge sensors (Interlink Electronics FSR 400) on the pads of the index finger and thumb of a prosthesis
simulator [13] measured force applied. The sensors interfaced with a 3.3V Arduino Micro microcontroller which
converted the voltage input into the keyboard output necessary to bring data into the closed Microsoft ecosystem. The
character string consisted of three digits for each finger (000 to 255), followed by a single-character delimiter, which
was primarily used to signify the end of a given string, but could be altered to change user settings, such as enabling
a color-blindness mode or switching the feedback location. A USB connection passed the output from the Arduino to
the HoloLens 2 approximately once every 100ms, much slower than other AR prosthesis feedback systems [10], [11].
Faster transmission rates and Bluetooth transmission both resulted in data loss, a limitation of the Hololens 2.

Participants controlled the 3D-printed prosthesis simulator [13] via electromyographic (EMG) signals measured
by a Thalmic Labs Myo armband. Flexor and extensor muscle activity during wrist movements was mapped to open
and close the hand. EMG-driven velocity control of the prosthetic hand was calibrated using brachl/Oplexus software
[14], with extreme velocities mapped to maximally comfortable wrist movement in both directions.

Participants

Seventeen participants were recruited from a research participant pool at Acadia University of undergraduate
students who had intact limbs and corrected-to-normal color vision. Fourteen identified as female, two as male, and
one as non-binary. The mean age of participants was 20.7 years (ranging from 18 to 32 years). Two participants
indicated a left-hand dominance. Participants were compensated for their time with bonus credit towards their
Psychology courses. All work was completed under the oversight of the Acadia University Research Ethics Board.

Experimental setup

The prosthetic hand simulator was mounted to the table and remained stationary throughout testing, with only
one degree of freedom: hand open/close. Pilot testing with a donned simulator and multiple free degrees of movement
led to tracking issues. The Hololens 2 could not automatically detect the prosthetic hand in certain orientations, leading
to intermittent tracking of the visualization. Participants remained seated with their arm hanging at their side while
controlling the prosthesis (Figure 2a) to grasp a mechanical egg (Figure 2b): a small paper cube (5cm x 5cm x 5¢cm)
with two mechanical fuses inside, mounted perpendicularly between opposing graspable surfaces. The fuses were
pieces of angel hair pasta that would ‘break’ if too much force were applied, generating an audible signal to indicate
a failed grasp [15]. Each egg’s mass was adjusted by attaching weights inside to equal two ounces.
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Figure 2: Experimental setup. A. Participants wore the HoloLens 2 while controlling a prosthesis simulator.
b. Mechanical egg in grasp-and-hold task. Left, participant view. Right, underside showing intact pasta fuses [15].

Procedure

After obtaining informed consent and demographic information, participants donned the Myo armband on their
right forearm and completed the calibration procedure. Once the prosthesis’ motor velocity maximum had been
calibrated to match the strength of the participants’ forearm muscles, participants donned the HoloLens 2 headset.
Participants were randomly assigned to one of two conditions, as early testing indicated that the task was learned too
quickly to use a within-subjects design. In one condition (unaided feedback, n = 9), the HoloLens headset was worn,
but was not turned on. In the other (AR-assisted feedback, n = 8), the HoloLens was powered on with the AR
application running. After being provided instructions, participants completed the grasp-and-hold task. In each trial
of the grasp-and-hold task, participants were handed an intact mechanical egg on a spatula and were asked to hold the
egg for two seconds, attempting to keep the egg intact. After two seconds, the participant was prompted to drop the
egg intentionally, which represented a successful movement. Each movement block consisted of 20 egg holds, and
participants completed three movement blocks, with a two-minute rest break between each block. The number of
successful and unsuccessful (breaks and drops) egg grasps were recorded for each block.

Data analysis

We analyzed overall grasp performance with supplementary AR feedback and visual feedback only, as well as
the change in performance across blocks. A mixed ANOVA was run with block number (within) and condition
(between) as predictor variables, and the number of egg breaks+drops as the outcome variable.

RESULTS

A summary of results by block and condition can be found in Figure 3. Participants completing the first block
failed an average of 7.25 egg grasps when using AR feedback (SD = 2.76), and an average of 5.56 without AR (SD =
2.13). In the second block, AR condition participants recorded an average of 6.12 egg failures (SD = 4.19), while their
unaided counterparts failed an average of 4.22 (SD = 3.77). In the final block, participants using AR failed 4.25 eggs
on average (SD = 2.25), while those without AR failed an average of 3.89 eggs (SD = 3.95).

Condition -~ AR -~ Unaided
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Figure 3: Failed egg grasps by feedback type and block. Error bars represent standard error of the mean.
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Mauchly’s Test for Sphericity showed no violations of the sphericity assumption, W = 0.98, p = 0.86. The mixed
ANOVA showed a statistically significant main effect of Block, F(2,30) = 6.58, p = 0.004, and no statistically
significant effect for Condition, F(1,15) = 0.87, p = 0.37, or the interaction between Block and Condition, F(2,30) =
0.84, p = 0.44. This suggests a statistically significant learning effect but does not provide support for the hypothesis
that co-located AR feedback would change motor performance.

DISCUSSION

The HoloLens 2 implementation of an AR visual overlay conveying fingertip force feedback on a prosthetic hand
did not significantly affect performance during grasping of a fragile object. These results are inconsistent with previous
AR grip strength feedback systems [10], [11] using physically offset visualizations. Some possible explanations for
why there was no improvement with our AR system include: 1) low resolution grip force feedback; 2) feedback latency
issues; 3) graphical limitations of the HoloLens 2; and 4) a moving visualization relying on hand tracking (although
movement was minimized due to a stationary hand, it did occur with participant head movement). Perhaps the task
was too simple and the AR feedback added no useful information, as has been reported with haptic feedback systems
[16]. We consider this work a pilot study to help inform future methodology and suggest using a more modern AR
system to provide higher fidelity feedback. Many questions remain regarding the usability of AR feedback systems to
improve user operation of prostheses and how to best implement it for maximum effectiveness.
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ABSTRACT

This study focused on testing different non-invasive electrical stimulations for their perceived intensity, naturalness, and
pleasantness. The eventual goal is to develop natural feeling, non-invasive electrical stimulation for prostheses. We found no
difference between naturalness and pleasantness ratings; however, the 1% order biomimetic algorithms (amplitude or
frequency modulation) felt stronger than the 2" order (frequency modulation) stimulus while keeping the total charge
constant.

INTRODUCTION

Limb-loss is a lifelong challenge with high-medical costs and often includes life-long use of painkillers, antidepressants,
and other drugs. Up to 50% of upper limb amputees do not use their prosthetic [1], with their reasoning including high cost
[2]-[4], ineffective controls [2], lack of sensory feedback [5], [6], and requires too much attention to control the prosthesis
properly [7]. Invasive neurostimulation can provide a sense of touch with surgically implanted electrodes, but also comes
with high-costs and surgical risks.

Electrocutaneous stimulation is similar to invasive neural stimulation in that it provides an intuitive form of sensory
feedback with high spatial and temporal resolution [8]-[15]. Electrocutaneous stimulation has the added benefit of being
inexpensive and compact; it can be readily implemented into commercial prosthetic sockets [14]. However, with traditional
encoding algorithms the sensations feel unnatural, numbing or ‘electrical’ [16], [17]. Sharp, prickly sensations can occur at
higher amplitude stimuli due to high electric field development at the edge of the electrode that are large enough to activate
small, unmyelinated pain and itch fibres [18], [19]. The purpose of this research is to test non-invasive, biomimetic
electrocutaneous stimuli and understand their effect on perceived intensity, pleasantness, and naturalness.

MATERIALS AND METHODS

Four different types of stimuli were tested: linear (i.e., amplitude proportional to applied force), 1* order biomimetic
(amplitude modulation) [20], 2" order biomimetic (frequency modulation) [20]-[22], and a combination of both amplitude and
frequency modulation with 1% order biomimetic. Biphasic, pulsed stimuli were delivered using a MATLAB GUI and a custom
high-compliance voltage constant current stimulator with updates to stimulation parameters occurring every 33 ms [23].
Participants first wet a small patch of skin on the upper arm where an electrode pad (1-cm diameter active electrode with a
0.75-cm diameter return electrode at each corner of a 9cm”2 quincunx pattern) was taped in place using Transpore™. A small
dab of electro-gel was also applied to each electrode to ensure low-impedance connection.

Once connected the threshold of detection was identified using the method of ascending limits (2 second pulse train with
50us pulse width at 150Hz). For the actual experiment, a 1.5-second force profile experienced during natural touch was played
through each of the four algorithms. To ensure a fair comparison of intensity, the total charge for each type of stimuli was held
the same using the 1% order, amplitude and frequency modulation algorithm as a reference (total charge depended on the
individual threshold of detection and ranged from 12700 to 30700). For this algorithm, the amplitude varied between the
threshold of detection and 6mA above the threshold, and frequency varied between 80Hz and 150Hz (all stimuli used biphasic
pulses with 50us for each phase). Using the total charge of this algorithm, the other stimulation parameters were modified to
deliver a similar total charge. Linear had the frequency locked at 80Hz but amplitude varied from the detection threshold to the
amplitude where the total charge equalled the reference. 1% order biomimetic set the amplitude range from detection to 6mA
above and set frequency to the value that matched the total charge of the reference. The 2" order biomimetic set the frequency
range from 80Hz to 150Hz and set the max amplitude to the value that matched the total reference charge.

Each stimulation type was given three times in a randomized order. Participants were asked to rate each stimulation type
on a scale of 1 to 10 for naturalness (0-“not natural” and 10-“very natural”), pleasantness (0-“I did not like this at all” and 10-
“I really liked this”), and strength (0-“I did not feel the stimulation” and 10-“very intense”). The medians of the three ratings
were normalized and then averaged across all participants and compared using a 1-way ANOVA and the Tukey-Kramer post
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hoc comparison (p < 0.05 for significance). Participants also selected from a list of descriptor words to describe how each
stimulation felt. All procedures were approved by the Elizabethtown Institutional Review Board and consent obtained for each
participant (5 individuals with intact limbs).

RESULTS

This data can be seen in Figure 1. Figure 1 shows the ratings for naturalness, pleasantness and strength of each type of
stimuli. There was no statistical difference between stimulation types for naturalness and pleasantness. However, the 2™ order
(frequency modulation) was significantly weaker than the 1% order (amplitude modulation) and 1% order (frequency and
amplitude modulation). A heat map showing how frequently each descriptor word was used by the five participants can be seen
in Figure 2. Linear and 1% order (frequency and amplitude modulation) appeared to have the most unnatural/electrical
descriptors listed while 1* order (amplitude modulation) and 2™ order (frequency modulation) appear to have a wide spread of
both natural/physical and unnatural/electrical descriptors depending on the individual.

4 a
3 3
2 3
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g 1 L ; )
o, g T i =
. ;. = : :
;. L omm i :
@ o -2 ]
% g -3 o T
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a b c

Figure 1: Normalized participant ratings for stimulus (a) naturalness, (b) pleasantness, and (c) strength for each stimulation
type: linear (L, amplitude modulation); 1% order amplitude modulation (A); 2" order frequency modulation (F); 1% order
amplitude and frequency modulation (A+F). * Indicates statical significance indicated by 1-way ANOVA with Tukey-
Kramer comparison, p < 0.05. Data are presented as the mean and standard deviation (both of which happened to be 0 for the
normalized linear strength ratings).

DISCUSSION

We found that the 1% order biomimetic algorithms were perceived as stronger than the 2" order algorithm even though the
total charge delivered was the same. However, because the 2" order algorithm only modulated frequency, it could also be
that amplitude modulation feels stronger than frequency for the prototypical force profile played through each algorithm.
Additionally, Likert data for naturalness and pleasantry show no statistically significant data that there is a difference
between stimulation type. We expected that biomimetic algorithms might feel more natural than a traditional linear profile—
however, the prototypical force profile included some elements of biomimicry (i.e., initial rapid rise on contact followed by a
drop to a lower constant force during sustained contact) so the linear algorithm, which is proportional to the force, would
have had some biomimicry as well. There may also be a trade-off between naturalness and strength as the 2" order
(frequency modulation) was the least strong and participants also used more natural descriptor words.
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Figure 2: Number of times each descriptor word was used by participants for each stimulation algorithm. 2" order algorithm
had fewer unnatural and more natural descriptions.
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ABSTRACT

Myoelectric upper limb prostheses provide wrist and hand movements to users yet remain somewhat unreliable and
challenging to operate in high and cross-body limb positions. Hand and wrist movements are typically controlled sequen-
tially and at a pre-set velocity. We have made significant inroads towards developing a novel controller that is reliable
in multiple limb positions and offers fluid movements. Our recent work unveiled a promising deep learning regression-
based myoelectric control solution. Herein we present results from our current study that tested device control using our
solution versus a baseline (classification) alternative. A myoelectric prosthesis user with transradial amputation donned an
experimental prosthesis and performed two functional tasks under each control option. The user exhibited superior device
controllability across multiple limb positions using our regression-based solution. This work contributes evidence that a
deep learning regression control approach can elicit accurate, simultaneous, and proportional device movements, while
mitigating the limb position effect for a transradial prosthesis user.

INTRODUCTION

A myoelectric prosthesis connects to a user’s residual limb via a socket and is normally controlled using electromyo-
graphy (EMG) signals. EMG signals are generated by residual muscle contractions, detected by surface electrodes within
the socket, and transmitted to the device’s onboard controller. Pattern recognition-based controllers decode these signals
to predict the user’s intended movements and send corresponding commands to the device’s motors. The most advanced
controllers generally use a classification algorithm (model), which predicts one device action (or class) at a time [1]. The
resulting prosthetic limb movements are somewhat robotic and are delivered at a pre-set velocity. That is, the wrist and
hand cannot inherently move together simultaneously or with varied velocity.

Typically, individuals with transradial amputation are capable of reliably performing a limited number of residual
limb muscle contractions [1]. These distinct contractions are selected to control predetermined device grasp patterns (such
as hand open or close) and wrist rotation [1]. To initialize their pattern recognition-based control model for daily use,
they must first perform a pre-determined series of muscle contractions, known as a training routine. Through training,
patterns observed in captured EMG signals are associated with corresponding device actions [2]. A prevalent control
problem, known as the “limb position effect”, results when users attempt to use their devices in untrained limb positions
[3]. Oftentimes, users struggle to regain control in response to this problem. To mitigate the effect, a control model must
be trained in multiple limb positions [3].

Pattern recognition-based control models can be developed using a recurrent convolutional neural network (RCNN) ap-
proach. RCNNSs are a type of network architecture for deep learning, capable of learning directly from and handling large
amounts of multimodal data [4]. These capabilities lend themselves to the capture of limb position data for improved device
control. In our prior work, we merged EMG data with accelerometer data from an inertial measurement unit (EMG+IMU)
using an RCNN [5, 6]. We also tested an EMG+IMU regression-based control model (RCNN-Reg) [6] and found that
regression models can yield smooth device movements, given that they can predict multiple movements at once, each pro-
portional to muscle contraction intensity and across multiple limb positions [5]. In that study, we compared RCNN-Reg to a
classification-based alternative that is commonly used in control comparisons (linear discriminant analysis, LDA-Baseline)
[6]. Model testing involved participants without amputation (with a simulated prosthesis donned, a reasonable proxy for
a person with amputation [7]) who performed two functional tasks—the Refined Clothespin Relocation Test (RCRT) [8]
and the Pasta Box Task [9]. Our work 1) found that RCNN-Reg mitigated the limb position effect; 2) substantiated that
participants could perform simultaneous wrist rotation and hand open/closed movements at varied velocities, as offered by
RCNN-Reg; and 3) reported that RCNN-Reg yielded better predictive accuracy than LDA-Baseline [5, 10].
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This current paper extends our earlier RCNN-Reg control model work by testing its translatability to those with upper
limb loss. To accomplish this, one individual with transradial amputation donned an experimental myoelectric prosthesis
that was controlled by RCNN-Reg in one session and then by LDA-Baseline in a separate session. All experimentation
methods from our earlier research study ([6]) were followed. We were excited to find that RCNN-Reg indeed provided
accurate, simultaneous, and proportional device movements for an individual with amputation, while mitigating the limb
position effect. As such, RCNN-Reg might well offer a valuable control model alternative to traditional classification-based
approaches for consideration in future myoelectric control research.

METHODS

One participant with amputation was recruited for this study. She was female, with an age of 50 years, a height of
167 cm, and corrected-to-normal vision. She was right-handed prior to amputation. Two years prior to this study, she
had a right-side transradial amputation. Her residual limb was 18 cm long with a circumference of 21 cm at the widest
point. The participant typically used a myoelectric hand. She also had some at-home commercial pattern recognition-based
prosthesis control experience with two degrees of freedom (wrist rotation and hand) at an estimated usage of 6 hours/day
over 3 weeks. She provided written informed consent, as approved by the University of Alberta Health Research Ethics
Board (Pro00086557). The participant trained and tested RCNN-Reg in her first session and LDA-Baseline in her second
session, with 28 days between the two sessions. An overview of our equipment, experimentation methods, and control
analysis metrics is illustrated in Figure 1. Full protocol details can be found in our earlier works [6, 10].

A) Myo Armband B) Modular Adaptable Prosthetic Platform with controllable hand and wrist

wrist motor

8 EMG electrodes
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hand motor
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repeated twice o repeated twice
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E) Functional Tasks F) Control Analysis Metrics

Motion capture data were used to segment trials into
phases. Positions of prosthesis motors, along with EMG
signals, were used to calculate the following metrics:

«  Trial durations (per trial)

Total grip aperture movement (per phase)

Total wrist rotation movement (per phase)

Number of grip aperture adjustments (per phase)
Number of wrist rotation adjustments (per phase)
Proportional and simultaneous control

Instances of the limb position effect

Both tasks involve 3 distinct movements (each broken into phases
of reach, grasp, transport, and release) across limb positions

Figure 1: Equipment, experimentation, and analysis metrics in order of use: A) donned Myo armband, B) donned prosthesis
[11], C) training routine employed for RCNN-Reg and LDA-Baseline models, including overall training durations [6], D)
control model architecture details for RCNN-Reg and LDA-Baseline [6], E) functional tasks performed to test control—the
Pasta Box Task [9] and the Refined Clothespin Relocation Test (RCRT) [8], split into RCRT Up and RCRT Down, and F)
select metrics calculated for control analysis from our suite of metrics for comparative myoelectric prosthesis control [10].

RESULTS

RCNN-Reg yielded comparatively better myoelectric prosthesis control than LDA-Baseline. RCNN-Reg’s improved
control, barring a few exceptions, was evidenced by: 1) lower trial durations; 2) less total grip aperture and wrist rotation
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movement (indicators of corrections in mm and degrees, respectively); 3) simultaneous control of the prosthetic hand and
wrist; along with 4) fewer grip aperture and wrist rotation adjustments (number of corrections). Results are illustrated in
Figures 2A-F, respectively, with Figures 2A—C,2E-F showing exceptions where some grip and wrist rotation corrections
were made by the participant. It was also apparent that the participant took advantage of RCNN-Reg’s proportional control

capabilities during task execution. That is, her hand and wrist movements occurred at a less-than-maximal velocity 100%
of the time.

In our previous work [6], under LDA-Baseline control, the limb position effect was identified a total of 13 times (as
determined through analysis of median and interquartile range trends [10]). Ten instances were evidenced during the Pasta
Box Task (in 1 reach, 1 reach-grasp, 4 grasp, 2 transport, and 2 release metrics) and 3 instances during RCRT Down (all in
grasp metrics). Conversely, in this present work, under RCNN-Reg control, the limb position effect was identified a total of
3 times, all during the Pasta Box Task (determined using our earlier work’s analysis methods [10]). Such instances were
evidenced in 1 reach metric and 2 transport metrics.
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Figure 2: Controller comparison results (abbreviated as RCNN/LDA), including median A) trial duration, B) total grip
aperture movement, C) total wrist rotation movement, D) simultaneous hand-wrist control, E) number of grip aperture
adjustments, and F) number of wrist rotation adjustments. Medians are presented for each task, and for each phase (Reach
in red, Grasp in orange, Transport in blue, and Release in green) where applicable. Interquartile ranges across trials are
indicated with coloured error bars where applicable. Note that simultaneous hand-wrist control is only illustrated for RCRT
Up/Down, as wrist rotation is not required in the Pasta Box Task (Pasta).

DISCUSSION & FUTURE WORK

Pasta Box Task Control Successes and Challenges: Although RCNN-Reg control was generally superior to LDA-Baseline,
our participant exhibited some unexpected control challenges in the transport phases of the Pasta Box Task (Figure 2B,E’s
abovementioned control exceptions)—evidenced by increased total grip aperture movement and grip aperture adjustments.
The Pasta Box Task requires a participant to transport a box in both cross-body and away-from-body limb positions (the spe-
cific instances where the limb position effect under RCNN-Reg control occurred). Notably, RCNN-Reg’s training routine
did not include these specific limb positions. Given these circumstances, the addition of cross-body and away-from-body

limb positions to RCNN-Reg’s training routine is advised. Future work should investigate which training positions improve
device control.

RCRT Up and Down Control Successes and Challenges: When testing RCNN-Reg, our participant did not experience the
limb position effect during execution of RCRT Up and Down. The effect was likely mitigated because RCNN-Reg’s control
model was trained in the same high limb positions required of these tasks. Despite this, the participant exhibited control
challenges in transport phases of RCRT Up and Down (Figure 2B,C,E,F’s abovementioned control exceptions)—evidenced
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by increased total grip aperture and wrist rotation movement, along with more grip aperture and wrist rotation adjustments,
versus under LDA-Baseline control. These outcomes indicated her need to perform movement corrections to maintain
control. RCRT’s transport phases require a participant to rotate their wrist while not dropping the grasped clothespin, an
inherently difficult movement. Although our participant experienced challenges, she appreciated the simultaneous control
capabilities offered by RCNN-Reg in transport phases, as verbally reported: “It’s neat that you can do it at the same time
[simultaneous control], because you feel like you’re losing it [starting to drop the clothespin while rotating the wrist] and
you can try and grab it [adjust grip during wrist rotation].” Based on our participant’s appreciation of these capabilities,
and the fact that progressive learning needs to be allocated for complicated hand-tasks [12], we believe she could master
simultaneous control and exhibit fewer adjustments in RCRT’s transport phases if afforded more controller-use practice.

Training Routine Implications: RCNN-Reg’s 5-minute training routine might prove to be burdensome for a user if repeated
multiple times throughout the day (for re-calibration purposes). Future work should be undertaken to shorten the training
routine duration. For instance, reducing the number of oscillations performed might be feasible. The incorporation of
dynamic limb positions might also reduce routine duration and provide richer training data [13].

Future Experimentation: We recognize that our work did not exhaustively investigate RCNN-Reg. To corroborate our
findings, the experimentation must be repeated by more participants with transradial amputation.

CONCLUSION

Our case study contributes, for the first time, evidence that an RCNN regression-based controller offers a user with
transradial amputation control of their prosthetic wrist and hand simultaneously across multiple limb positions, using
varied velocities. RCNN-Reg successfully mitigated the limb position effect during device use, given that our participant
was able to retain control of their myoelectric prosthesis throughout numerous re-orientations of their limb in space during
different tasks. Although regression-based control solutions have not garnered as much research attention as classification-
based counterparts, the merits of RCNN-Reg, as presented in this paper, suggest that it be strongly considered as a future
prosthesis controller.
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ABSTRACT

Sonomyography (SMG) or ultrasound-based sensing of muscle deformation is an emerging modality for
enhancing upper limb prosthesis control, offering the ability to spatially resolve muscle activity in both superficial
and deep layers. Prior studies from our group as well as other groups have demonstrated the feasibility of SMG for
prosthetic control using clinical ultrasound imaging systems and as well as miniaturized wearable ultrasound systems
with several single-element ultrasound transducers for tracking muscle interfaces. However, the performance of SMG
using miniaturized ultrasound sensors incorporated into a prosthetic socket has not been evaluated thus far. In this
study, we incorporated single element ultrasound sensors into custom designed prosthetic sockets for two individuals
with congenital transradial limb difference and evaluated the performance of classification and proportional control.
Our work demonstrates the potential for SMG as well as highlights some challenges that need to be overcome.

INTRODUCTION

Despite the longstanding commercial availability of myoelectric prosthetics, there continue to be inherent
limitations associated with surface Electromyography (EMG) signals. EMG signals suffer from poor amplitude
resolution, a low signal-to-noise ratio, and crosstalk from adjacent muscles [1],[2]. So, achieving intuitive control of
prosthetic hands is still an open problem. Sonomyography (SMG), an emerging modality that utilizes ultrasound for
sensing muscle deformation associated with volitional motor intent and provides control signals that have the potential
for significant improvement in prosthesis functionality. Prior work has shown that ultrasound can feasibly generate
discrete control signals for a large set of unique hand grasps [3]. Our prior research demonstrated that sonomyography
(SMG) can accurately differentiate hand grasps using supervised learning algorithms, achieving high accuracy in both
individuals with and without upper limb loss, and showed the potential for using a miniaturized and compact wearable
ultrasound system [4], [5]. However, it is currently not known how the miniaturized ultrasound transducers will
perform inside a prosthetic socket, especially when the arm is moved in different positions within the reachable
workspace, since ultrasound signal quality can be affected by sensor shift and loss of contact with the skin. Our
objective in this study was to investigate these questions.

METHODS

In an ongoing study, we have recruited two individuals with congenital transradial limb difference. The first
participant was an experienced myoelectric prosthesis user, while the second participant had never used a myoelectric
prosthesis. Written informed consent was obtained under the guidelines and approval of GMU Institutional Review
Board (IRB) prior to conducting the experiment. In this pilot phase of the study, we iteratively tested the performance
of our prototype system in a variety of conditions to identify the challenges that need to be overcome. The first step
of the process was to identify the sensor positions on the residual forearm. To identify suitable sensor placement
locations, we palpated the participant's residual limb while they were attempting different volitional muscle
contractions. The ultrasound transducers were then placed at these locations and held in place with adhesive tape.
Subsequently, we recorded SMG data for each motion across multiple trials while the participant attempted different
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volitional grasps, and we evaluated the classification accuracy. When satisfactory performance was obtained, the
locations were documented and communicated to our prosthetist.

In collaboration with our prosthetist, custom sockets were for our participants with transducers incorporated. The
sockets were created with a set of soft thermoplastics where the sensors are attached and a hard outer shell where the
prosthetic hand is attached. We iteratively refined the transducer housing to ensure that the sockets could be donned
and doffed without any discomfort.

(G

)

Figure.1. (A) SMG sensor location (B) Custom-fitted socket integrated SMG sensors for the second participant, (C) Custom-fitted socket
integrated SMG sensors for the first participant, attached to our custom designed prototype ultrasound front end electronics circuit board, and (D)
Our participant wearing the prosthetic socket with TASKA hand

In our study, we employed a supervised learning approach to test our prototype system. We utilized a dynamic
training protocol that we have previously developed [6]. The dynamic training protocol takes less than 30 seconds and
acquires data at multiple different arm positions within a large reachable workspace. Once the training data are
obtained, the performance is then tested with different trials with the arm in different positions. Principal Component
Analysis (PCA) was used for dimensionality reduction and Linear discriminant analysis (LDA) was used for
classification of different motions. We also utilized Gaussian Process Regression (GPR) for classification and control.
Our main goal in this study was to understand the impact of training method and the impact of dynamic movement on
socket loading and sensor shift on classification performance. Through this investigation, we aimed to enhance our
understanding of these critical factors in system performance and reliability.
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RESULTS

The first participant was able to perceive three distinct volitional motions which were mapped to power grasp,
pinch, and tripod. The second participant was able to perceive two distinct volitional motions which were mapped to
power grasp and tripod. In addition, both participants were able to perform wrist rotation. Therefore, including rest as
a separate class, we had 5 distinct classes for the first participant and 4 distinct classes for the second participant.

. GPR output GPR training GPR testing
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Figure. 2. (A) Test of 4-channel SMG system in the first participant. A Gaussian Process Regression was used to train and test with 2-fold
cross validation. The participant repeated five movements (rest, power, tripod, wrist) and held each for 10 seconds. (B) Separate training and
real-time testing of Gaussian process regression for three motion classes.

Using a dynamic training and dynamic testing paradigm, we obtained a classification accuracy of 81.6% for the
first participant to differentiate between 5 classes. Using Gaussian process regression, we were able to demonstrate
real-time transitions between three different classes (Figure 2).

Training data obtained from the second participant in three different arm positions (Figure 3A) exhibited a 100%
cross-validation accuracy across all trials (Figure 3B). Furthermore, pooled data from four grasps performed at three
different positions and projected onto Linear Discriminant Analysis (LDA) space showed consistent separation
between the classes (Figure 3C).
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Figure. 3. (A) Evaluation of signal quality from our first myoelectric naive participant at different arm positions, (B) offline cross
validation from data collected at positions 1,2 and 3 with a prosthetic socket loaded with the TASKA hand, and (C)Pooled data from four
grasps at all three positions projected into LDA space showing spatially where data is located, each plot shows the location of a motion on 2
of the projected axes.

To evaluate the effect of training and arm position, a single DOF (power grasp) was compared to rest for the
second participant. Data were collected for multiple training trials and analysed offline, both for static arm position,
and while the arm was moved rapidly from a neutral position to shoulder level. For the static arm positions, an accuracy
of 85% was obtained for the first trial, and the accuracy increased to 100% by the fourth trial. For the dynamic trials,
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a peak accuracy of 94% was obtained, but the accuracy declined to approximately 60% with increasing trials. Analysis
of the data from individual channels demonstrated that data were inconsistent from one of the sensors. Analysis of
classification accuracy using one or combination of channels revealed that high classification accuracy could be
obtained for both static and dynamic trials using a subset of channels. Table 1 presents the classification accuracy
results from the session for static and dynamic training of rest and power motions, considering all four channels,
subsets of channels, and each individual channel, respectively.

Table 1: Channel-wise classification accuracy

Static Trials
. Channel
Trials All Channels Channel 2,3 & 4 2 &4 Channel 1 | Channel 2 Channel 3 Channel 4
Trial 1 85% 70% 99% 90% 98% 53% 84%
Trial 2 89% 100% 99% 50% 90% 49% 86%
Trial 3 99% 100% 99% 61% 99% 86% 92%
Trial 4 100% 100% 100% 66% 99% 55% 94%
Dynamic Trials
Trial 1 94% 97% 98% 56% 93% 62% 81%
Trial_2 55% 84% 79% 23% 62% 58% 70%
Trial_3 58% 70% 55% 46% 59% 60% 78%
DISCUSSION

To the best of our knowledge, this is the first report of the performance of a miniaturized SMG system
incorporated into a prosthetic socket and tested with an attached end effector to evaluate the effect of socket shift and
loading on SMG signal quality and classification performance. Preliminary results from two subjects with congenital
limb difference indicate that SMG sensors incorporated into prosthetic sockets can be used to successfully classify
between grasps with performance like that reported in the literature using clinical ultrasound systems, even for subjects
who have never used a myoelectric prosthesis. However, our evaluation also revealed the challenges associated with
sensor shift and coupling during dynamic movements. We anticipate that three strategies can be utilized to mitigate
this challenge: (1) investigation of strategies to maintain adequate sensor contact, such as adjustable panels over each
sensor that can be tightened with BOA cables; (2) utilizing signal analysis to automatically determine a subset of
channels that provide adequate data quality and (3) incorporating a redundant number of sensors, or a to minimize the
impact of any sensor shift on one or more sensors. We are currently investigating whether these strategies can lead to
more robust functional task performance using SMG.
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ABSTRACT

Training for children who are prescribed myoelectric upper limb prostheses presents unique challenges in
maintaining attention, motivation, and ultimately providing an enjoyable experience that is effective in developing the
core motor skills required for device operation. From a clinical perspective, patient engagement is critical for
maximizing functional outcomes, and from a research perspective, it can be vital to ensuring the quality of collected
data. Therefore, our goal was to develop a training and research platform designed to both collect high-quality data
from actively engaged participants and to provide them with a fun and engaging way to practice actuating the muscles
relevant to myoelectric prosthetic control. “Ice is Nice " is a side scrolling video game that prompts children to perform
a variety of movements with their missing hand, and the game is controlled using real-time measurement of their
muscular activity. Our system is agnostic to muscle measurement systems, capable of using electromyography, force
myography, and ultrasound-based control, among many others. As the game is played, data is logged to capture metrics
relevant to game proficiency, human motor learning, and machine learning performance. Therefore, we suggest “Ice
is Nice” provides a research and training platform with significant potential to support numerous follow-on studies
conducted with children and adults. These studies aim to develop robust prosthetic control strategies, understand the
effects of motor learning on prosthetic operation, and examine the functional capabilities of individuals operating
upper limb prostheses.

INTRODUCTION

The main goal of upper limb prostheses is to assist in the functional execution of everyday tasks, though they are
also beneficial in the psychosocial domain as well by promoting social inclusivity and giving the user a greater degree
of independence [1]. However, abandonment rates are high in pediatric populations and exceed those found in adult
populations, with an estimated 35-45% of prescribed devices being abandoned [2].

Children present with challenges associated with prosthesis prescription and usage that differ from those faced
by their adult counterparts. For example, the vast majority of upper limb deficiencies in children are congenital, in
contrast to adult populations where the majority of upper limb amputations are acquired, resulting from trauma, disease
progression, or infection [3]. These differences in etiology are particularly relevant to the use and potential
abandonment of modern myoelectric prosthetic systems, which require the user to intentionally and skillfully control
their residual muscles. As most pediatric prosthesis wearers will never have used the muscles in their affected limb to
control an intact hand, the muscle activity from which prosthetic control signals are derived, may be very different in
these groups of prosthesis wearers. In our previous work, we have shown that children born without a hand retain a
motor representation of their missing limb that presents itself as coordinated patterns of muscle activation while
attempting to make different hand movements [3], [4]. These findings were observed in children who had not
undergone any prior training in envisioning their missing hand or performing imagery tasks. We argue that, like
learning any new motor skill, training and practice will improve these children’s coordination and proficiency in
performing such tasks and ultimately provide tremendous potential towards improved dexterous prosthetic control
and functional outcomes.

Modern myoelectric training encourages wearers to make muscle contraction patterns that are separable in feature
space [5], [6]. This theoretically results in more accurate classifications for pattern recognition systems as the
acceptable margin for error increases but does not necessarily reflect biomimetic control. The shortcoming associated
with this form of training is that this type of instruction often leads to an internal focus of attention (focusing on one’s
own body movements, muscle contractions) rather than an external focus of attention (focusing on the effects of one’s
movements, prosthetic movement). Previous research has shown that having an internal focus of attention results in
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less effective movements and motor learning, as it may impede with the body’s natural and automatic control processes
[71, [8]. In the context of prosthetic control, the end result is an observable decline in pattern recognition performance
in the time following internally focused training [9].

Our objective was to develop a research and training platform intended for use among pediatric prosthesis
wearers. “Ice is Nice” is a gamified platform which prompts users to practice making common grasping movements
using their missing hand and uses the derived affected muscle activity as game control signals, thus providing the
possibility for training with an external focus of attention. The long-term goal is to provide users with a low-stakes,
yet engaging training environment that also enables researchers and clinicians to attain high quality data that quantifies
training progression, game performance improvements, and the associated improvements in machine learning
performance.

METHODS

Game Walkthrough

“Ice is Nice” is a side scrolling game that prompts
children to perform different hand motions while

Grasp Selection ez s

recording relevant motor learning and machine
learning metrics in the background. Upon starting
the program, the user is brought to the main menu
(Figure 1a). The user is then directed towards the
administrator menu (Figure 1b). This interface
allows the researcher to choose anywhere from two
to five hand motions from a pool of ten that they
wish the participant to practice. These motions were
selected from the ten most commonly used in tasks
of daily living [10]. The researcher is then directed
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towards the next screen (Figure 1c), where they may
specify the total number of movement repetitions
that the participant will be instructed to perform
along with the frequency at which each occurs. This
allows the researcher to emphasize specific hand
motions, perhaps ones that the participant has
difficulty performing. After completing this step, the researcher hands off control to the participant, allowing them to
select their preferred character (a caribou or seal, Figure 1d, described further below). Following the character
selection, the game begins. The character automatically walks across the screen and encounters an obstacle (an iceberg

a or hole in the ice, Figure 2a). The participant is then prompted to
perform a movement and hold it. If held long enough, the character
successfully jumps over the obstacle and walks towards the next one
(Figure 2b).

Figure 1: Upon program startup, the user first sees (a) the main menu. Next,
the administrator menu is brought up for the researcher to (b) select desired
motions and (c) specify how many total movements the participant will be
instructed to complete along with the individual motion frequency. The
participant may then (d) choose the character they wish to play as.

Game and Controller Design

Controlling one’s affected muscles to operate a prosthesis, like any
other learned motor skill, requires practice, repetition, and time. Our
b primary motivation was to ensure that this learning process is an

2% engaging, motivating, and enjoyable experience. Several key design

_,* nd) requirements shaped our final system.
Game control, involving the classification of hand movements,

Bt Peds®s was designed to be hardware agnostic. This was achieved by
integrating a real-time pattern recognition script with the game through
a localhost TCP connection, using code written in MATLAB and Unity
software. The latency of this connection was measured to be less than
1ms. The game received real-time input classification data from
MATLAB representing predicted grasps as whole numbers ranging
from zero to ten, inclusive (Table 1). A majority voting post-processing
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Figure 2: The user first (a) approaches an obstacle
and is prompted to make a hand motion. Upon
successfully holding the motion long enough, (b)
the character jumps over the obstacle.
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technique was employed to improve classification stability, where each new
prediction was placed into a buffer of length n and the prediction that
occurred most frequent was the selected output control for the game. Thus,

Table 1: The provided numbering convention
must be adhered to when connecting a custom
real-time classification script to the game.

the game was able to take input derived from pattern recognition predictions Grasp Name Grasp ID
in MATLAB based on a wide range of signals commonly used in the control Index Flexion 0
of upper limb prostheses, including EMG, FMG, sonomyography, and Key 1
others [11]. For example, to assess feasibility, we implemented a game Pinch 2
control system that used surface electromyography (SEMG). Using our Point 3
Delsys Trigno system, MATLAB recorded inputs from eight EMG Power 4
electrodes at 2000Hz. We used a Linear Discriminant Analysis classifier Tripod 5
that was trained on five features from the Hudgins feature set in the time- Wrist Extension 6
domain [12]. Hand grasp classifications were transmitted to Unity in real- Vv\yrrl':tt:(')‘i:t'g; ;
time, and by using the majority voting scheme described above, the game | \,.ict Rotation & Power 9
successfully registered the attempted hand grasp to control the game. It was Rest 10

verified that this process retained communication response times below the
commonly implemented maximum acceptable delay of 300ms [13].

Promoting Engagement During Training

Particular attention was given to the game’s design to maintain player engagement
throughout. This is evident in the game’s presentation and various mechanics, all designed to
minimize the potential for player frustration and sustain engagement when misclassifications
inevitably occur. For example, the game incorporates cartoonish graphics, lively animations,
and vibrant color palettes to enhance visual appeal and retain attention. Additionally, players
are provided with the opportunity to choose from a diverse range of characters and variations
(Figure 3). A game mechanic designed to reduce the potential for frustration allows players to
skip a prompted grasp motion by pressing the spacebar, ensuring they do not get stuck if they
fatigue or are unable to perform a particular missing hand movement. Finally, the game
provides ongoing positive feedback throughout.

L
W
g

Figure 3: A few of the
character choices are

shown in the above
image.

Visual positive feedback was a key design criteria guiding game development. This was
of particular importance as, in addition to fostering engagement beyond that of neutral or
negative feedback[14], [15], the inclusion of visual feedback often results in the participant
producing higher quality training and performance data [16]. One form of positive feedback
employed throughout the game is a green checkmark displayed when the user successfully
completes the required hand motion. This is paired with a horizontal progress bar and a vertical points bar (Figure 2).
Together, the user is prompted to make the specified hand motion with an image of it, and a horizontal progress bar
begins to advance, allowing the participant to prepare and time the start of their missing hand movement (muscle
contraction). When this progress bar reaches the green colored region, the participant will begin receiving points for
maintaining the appropriate missing hand movement. The vertical progress bar then gradually advances (fills up) as
more points are required. Once a target amount is reached, a large green check mark is shown, the character jumps
over the obstacle, and the game advances to the next hand movement.

Finally, to promote engagement and encourage the development and refinement of hand movement proficiency,
the game provides the opportunity to adjust the difficulty of gameplay. Here, we implemented three adjustable
parameters: one affecting the time a participant has to prepare for the required hand movement, another determining
how long they must hold the movement (contract their muscles), and one more affecting the time between required
movements. These settings were implemented to ensure that training sessions could be tailored to reflect the user’s
goals, whether it to emphasize making separable and consistent muscle contractions or to challenge the participant in
terms of more rapidly achieving various hand movements.

DISCUSSION AND FUTURE WORK
“Ice is Nice” is a research and training platform designed for children (or adults) to practice the motor skills
necessary for controlling pattern recognition-based prosthetic control systems. It enables researchers and clinicians to

collect high-quality data that is captured in the background as the user interacts with a side-scrolling gameplay
environment. It was designed to engage participants during training, which may be otherwise tedious, and also provide
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opportunities to challenge participants through difficulty adjustments while minimizing the potential for frustration.
Furthermore, the system was designed to be agnostic to prosthetic control systems, accepting number-coded hand
grasp data. That is, any control system or software capable of exporting real-time movement predictions following
our number-coded list can be accepted by “Ice is Nice” (in Unity). It can then be placed in its buffer, and use the built-
in majority voting scheme to control the gameplay. We are now beginning testing with able-bodied cohorts and
children with unilateral congenital below elbow deficiency operating the game using electromyography and
ultrasound-based control systems. Additional game modifications that will be released in our next software update
includes visually distinct, ‘levels’ of gameplay with preset degrees of difficulty, and alternative post-processing
techniques. We aim to further evaluate the motor learning and training effects with use of our system, as well as refine
it toward a stand-alone platform alongside a low-cost EMG band for take-home training applications.
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ABSTRACT

Sensory feedback has been shown to improve the functionality of prosthetic devices in terms of increased
control precision. This increase in control is related to the importance of sensory feedback in the context of motor
control. To ensure precise control, ideal feedback should be recognized by the user both swiftly and accurately.
Transcutaneous electrotactile stimulation is a prevalent choice for providing sensory feedback due to its
non-invasive nature. However, it is not yet clear how to optimize this kind of stimulation for speed and accuracy of
response. In this study, we set out to investigate how we can affect the Speed-Accuracy Tradeoff (SAT) during
responses to an instantaneous change in electrotactile stimulation intensity. Nineteen participants completed an
intensity discrimination task. Participants were asked to either prioritize speed or accuracy during specific blocks,
while cognitive load, magnitude of intensity shift and direction of shift were manipulated. The results imply that the
magnitude of intensity shift needs to be well beyond the just noticeable difference to ensure fast and accurate
responses.

INTRODUCTION.

The noise in our motor system results in executed motions not necessarily aligning with the movements we
planned. Sensory feedback allows us to perceive the difference between planned and executed motor actions and
make small corrections on the fly [2]. In healthy individuals real-time, closed-loop movement control is enabled by
the integration of tactile, proprioceptive and visual information [3], [4]. People with upper limb difference do not
have access to tactile and proprioceptive information, and therefore mainly depend on visual feedback. The lack of
feedback through other modalities results in users relying more on feedforward control processes [5]. In the case of
prosthetics, this results in diminished control due to the loss of ability to make small movement corrections, such as
spontaneously adjusting grip shape and force. In order to improve closed-loop sensorimotor control in prostheses,
additional sensory information needs to be provided.

Providing extra feedback through additional modalities does not necessarily result in better control: if the
feedback carries a high amount of uncertainty, its impact on control will be negligible. For this reason, additional
feedback has to be easily recognizable and distinguishable [6]. It is also known that in any kind of closed-loop
control environment, sensory feedback delays have to be minimized to improve control stability [7]. The necessity
of having to be simultaneously both fast and accurate causes a speed-accuracy tradeoff (SAT) to appear [8], [9]. Due
to the decision making process needing time to accumulate evidence necessary to make a judgment, the
sensorimotor system is faced with a dilemma: it can make a fast decision which compromises the response accuracy
or it can wait for more evidence, compromising the reaction time. In order to minimize the effect of this tradeoff on
real-time control, it is not enough to provide sensory feedback through a faster modality, but the feedback also needs
to include the same amount of information within a smaller timescale.

Transcutaneous electrotactile stimulation is an attractive choice for closed-loop feedback as it is non-invasive
and energy efficient [10], on top of tactile stimuli registering faster than visual stimuli [11]. Electrotactile
stimulation has been used before to close the loop during prosthetic control, either by conveying information
regarding sense of touch (eg. grasping force [12], [13]) or proprioception (eg. finger positions [14]). These studies
report improved control precision in both cases, further making electrotactile stimulation an appealing choice.
Although electrotactile feedback has been investigated in the context of prosthetics, it is not yet clear how the choice
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in parameters influences the SAT. Therefore, we investigated the SAT in a discrimination task, while varying both
the perceived stimulation intensity and the cognitive load.

METHODS

PARTICIPANTS

Nineteen participants (11 males, 8 females with mean age = SD = 28 + 5) without limb difference took part in
the experiment. Participants provided written informed consent before the start of the experiment. The study was
approved by the UCD Human Research Ethics Committee — Sciences (LS-22-46-Dupan).

TRANSCUTANEOUS ELECTROTACTILE STIMULATION

Electrotactile stimulation was provided using an analog stimulus isolator (A-M Systems Model 2200) which
was controlled using an NI board (NI USB-6211) connected to the experimental PC running a Python script.
Stimulation was provided as biphasic square waves, with frequency and amplitude fixed at 50Hz and SmA
respectively. Perceived stimulus intensity was modulated by increasing and decreasing the pulse width. Stimulator
electrodes were placed above the flexor carpi radialis of the non-dominant forearm of the participants.

EXPERIMENTAL PROTOCOL

Participants were asked to sit in front of a monitor and provide their responses using a numpad keyboard. The
experiment consisted of 3 parts, which are represented in Fig. la. The experiment began with measuring the
dynamic range (DR) of stimulation. The stimulation pulse width was increased from 50us in 50us increments, with
the stimulus trains lasting 3 seconds. Participants were asked to press a button when they felt the stimulation, which
resulted in the pulse width dropping by 100us. The same intensity had to be matched 3 times in row for the detection
threshold (DT) to be determined. Following that, the pulse width was increased to a point where the participant
reported a feeling of pain or discomfort which corresponded to the pain threshold (PT). The DR was determined as
the pulse width range between the DT to the PT.

The just noticeable difference (JND) was measured with respect to a stimulus set to 25% of the DR using a
staircase procedure [15]. The participant was instructed to determine the stronger of two consecutive stimuli, with
the compared intensity starting from 50% DR. The order of the reference and compared intensities was randomized.
Every correct response resulted in the compared intensity dropping by 10us and every incorrect one in the intensity
rising by 20us. JND was determined as the difference between the reference intensity and the average of the ten
intensities, where a reversal has taken place.

During the experimental task, participants were asked to respond to an instantaneous shift in stimulus intensity
via a button press indicating the direction of shift (higher or lower). The reference intensity was set at 25% DR and
the magnitude of change in intensity corresponded to 1-4 times JND. The direction of intensity shift (rising/falling)
was randomized over the trials. The first stimulus lasted between 2 and 4 seconds, while the second stimulus
continued until the participants responded with the button press or timed out after 3 seconds. At the start of each
block, participants were instructed to prioritize speed or accuracy in their response. To impose cognitive load,
participants were asked to simultaneously listen to paragraphs from an audiobook (Dr. Oxs Experiment by Jules
Verne) and answer a multiple choice question afterwards in half of the blocks [16], [17], [18]. Speed/Accuracy
conditions were changed every block, while cognitive load conditions were changed every two blocks. The outcome
variables of the task were response speed and response accuracy. A timeout was registered as an incorrect response
with a reaction time of 3 seconds.

RESULTS

Four-way ANOVA reveals that stimulus shift magnitude had a significant effect on both reaction times and
response accuracies (p < 0.001 in both cases). In depth analysis revealed that a notable proportion of overall
responses were timeouts at lower shift intensities (36.49% at 1xJND and 6.44% at 2xJND), most likely resulting
from the participants not noticing the shift (Fig 1b.). Subsequent analysis shows significant differences between all
shift intensities for reaction times (p < 0.001 in all cases); as shift intensities increase, the reaction times get faster
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(Fig 1c). The presence of cognitive load only affected reaction times (p < 0.001, Fig. 1d), but not response accuracy
(p = 0.756). In the case of shift direction, the analysis reveals an interaction effect with shift magnitude regarding
both reaction times and response accuracies (p = 0.0257 and p < 0.001, respectively; Fig. le-f). Further analysis
using a paired T-test revealed that a significant difference was only present for the lowest shift magnitude in both
cases (p = 0.0184 and p = 0.0012 for reaction times and response accuracy respectively). Explicit instructions

regarding focus on response speed or response accuracy did not have a significant effect on either reaction times (p=
0.1945) or response accuracies (p = 0.0978).
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Figure 1: a.) Structure of experimental protocol. b.) Response proportions grouped by accuracy. c.) Average reaction times
depending on shift intensities. d.) Average response times with and without the presence of cognitive load. e.) Interaction effect of
shift direction and shift intensity regarding response times; a significant difference is only observable at the lowest intensity. f.)

Interaction effect of shift direction and shift intensity regarding response accuracies; a significant difference is only observable at the
lowest intensity.

DiscussioN

In this study, we investigated how stimulus-related and environmental variables affect the speed-accuracy
tradeoff. We have shown that, during shifts in electrotactile stimulation, the intensity of shift significantly affects
both response accuracies and reaction times. Higher shifts in intensity result in less missed shifts and overall
significantly more correct responses. Reaction times also reduced significantly with increased shift intensity. Our
results indicate that the presence of cognitive load only affects reaction times, but not response accuracies, which
implies that accurate discrimination of electrotactile stimuli is possible even with divided focus. Additionally, we
have shown that at lower shift intensities the response accuracy is affected differently depending on the direction of
the shift, further reinforcing the importance of higher intensity shifts.

Previous research has shown that providing additional sensory information during prosthetic use eases the
cognitive load on the user and allows for more precise control of the device [19], [20]. Sensory feedback is
commonly used to inform the user on object interactions or hand/grip posture, replacing tactile or proprioceptive
information, respectively [12], [13], [14]. We found that, for electrotactile stimulation, the stimulus shift intensity
should be at least 3 times the value of the JND to ensure discrimination of the stimuli. Providing additional
feedback which is both fast to register and easy to interpret could result in the decrease of cognitive load by
alleviating the burden on the visual system, which in turn could improve sensorimotor control of the prosthetic.
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Increased reaction times and decreased response accuracies at small shift intensities are in line with previous
research regarding closed-loop error tracking using electrotactile feedback [21]. Continuous modulation of
pulse-width along the DR - using small intensity shifts - resulted in high control delay during the task [21]. Based on
our results, we hypothesize that the benefits of encoding information through higher intensity shifts are likely to
carry over to closed-loop control in the form of decreased control delay.
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INVESTIGATING THE UNIVERSALITY OF OPTICAL MYOGRAPHY
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ABSTRACT

Optical myography, a lesser-known approach for monitoring muscle activity, may be influenced by factors such
as skin tone, blood oxygenation, and the composition of the surrounding tissue. This study presents a preliminary
investigation of optical myography across 20 limb-intact individuals with varying skin tones and one individual with
limb difference. The findings underscore the approach’s potential applicability across diverse populations, advancing
its viability as a muscle monitoring technique.

INTRODUCTION

The vast majority of wearable systems designed to monitor muscle activity use electromyography,
forcemyography or phonomyography [1]. Relatively little research has explored wearable photonic systems for
monitoring muscles [1, 2]. As such, optical approaches are poorly understood [1]. Explanations for exact phenomenon
measured are contradictory, ranging from changes in skeletal muscle oxygenation to movement of deep blood vessels
[1, 3]. Additionally, the COVID-19 pandemic highlighted that optical biomedical sensors can have inherent ethnic
biases; the accuracy of pulse oximetry having recently been found to depend on skin colour [4]. Furthermore, research
in upper-limb prosthetics has stressed the importance of testing on end users, as conclusions drawn from studies using
limb-intact individuals are not guaranteed to hold for individuals with limb-difference [5].

This research investigated the application of a novel photonic sensor to detect muscular movement in a residual
limb and examined the impact of skin pigmentation on the recorded optical signal.

METHODS

Participants

One limb-different and twenty limb-intact participants took part in this study. Before participating in the study all
participants provided written informed consent. Ethical approval was granted by the local committee at Newcastle
University (ref: 21-029-FRA).

Recordings

Finger position: Finger position data were recorded using an Etee (TGO, UK) virtual reality (VR) controller at
100 Hz. For the participant with limb difference, finger position was recorded from the contralateral hand, and they
were instructed to mirror finger movements with contractions in the residual limb.

Optical: Optical myography data were sampled at a rate of 500 Hz with a custom-made sensor [6]. For limb
intact participants, the placement of the optical sensor targeted the flexor digitorum superficialis muscle which was
located via palpation. For the limb different participant, the sensor was placed on, or close to, their EMG electrode
site used for prosthesis control.

Electromyography: EMG data were sampled at 2000 Hz using a Trigno Quattro (Delsys, USA) sensor. Only
recordings with the limb-different participant used EMG sensors. Two electrodes were placed on the muscle targeted
by the optical sensor.

123



MEC24

Protocol

Participants began at rest with their arm supported by a table. After a period of rest, the experimenter played a
series of audible beeps for a total of 10 seconds at a time. The beeps played at a rate of 2.5 Hz and acted as a digital
metronome. Participants were instructed to move their finger(s) in concert with the metronome, tapping the VR
controller with the specified finger on each beep, and fully extending the finger between beeps. After the metronome
had played for 10 seconds the beeps stopped, signalling the participant to relax. Participants were first given a practice
run with the metronome before data collection began. A real-time plot of all sensor data was visible to the
experimenter.

Analyses

Skin tone mapping: Skin tone data were collected using a digital camera (Canon EOS 1200D). Participants stood
in a light-controlled room beside a colour correction palette commonly used in photography. Skin tone data were
sampled from colour corrected images of the anterior forearm. Colour data were recorded using the CIELAB colour-
space.

SNR calculation: The signal-to-noise ratio was calculated using the ratio of the signal power attributed to desired
frequencies vs the power attributed to all other frequencies. The desired signal frequencies were taken to be below 5
Hz. Calculations were performed on optical data that had been filtered by a 4™ order high-pass Butterworth filter at 1
Hz. Where statistical comparisons were used, SNR data across participants were assumed to be non-parametric.
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Figure 1: Finger movement detection using optical myography. The plots correspond to data collected from a
single limb-intact participant. (a) Finger positions recorded from the VR controller. (b) Optical signal response.
(a) & (b) are aligned on the time axis. (c) Time-frequency plots illustrating the detection of the 2.5 Hz finger
movements across the optical sensor and VR controller.
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RESULTS

Figure 1 shows the response of the optical signal during finger movement. Figure 1a shows that during the initial
12 seconds when the hand was at rest, the optical signal in Figure 1b is relatively stable. Once finger movement
commences, an equally varying response is observed in the optical signal. When finger movement ceases, so do the
rapid fluctuations of the optical signal. Then, the amplitude of the optical signal slowly decays, until the movement of
the next finger, where the pattern repeats again. Figure 1c shows the time-frequency plots of the optical and the finger
position data. For the optical signal, an increase in 2.5 Hz signal power can be seen repeating in concert with each
finger’s movement which is also confirmed to be approximately 2.5 Hz.

Figure 2 shows the effect of skin tone on the optical signal. No correlation was found between the skin tone and
optical signal SNR (r = 0.06, p = 0.79), depicted in Figure 2a. Whereas, a strong positive correlation was found
between skin tone and the baseline value of the optical signal when the participant is at rest (r = 0.63, p < 0.01).

Figure 3 shows an overview of the data collected from the residual limb of a single participant. Figure 3a & 3b
shows a similar pattern, previously seen in Figure 1, between finger movement (on the intact limb) with the optical
signal. In addition, a comparable pattern between the optical signal and EMG data can be seen in Figure 3b & 3d, with
peaks of the EMG signal appearing to occur at similar points in time to the peaks of the optical signal. Finally, time-
frequency plots of optical and EMG data are shown in Figure 3d & 3e. Increased optical signal power is evident
around 2.5 Hz, and repeats in accordance with the metronome and finger movement. Likewise, the envelope of the
EMG signal also has increased signal power at around 2.5 Hz. Both time-frequency plots show increased signal power
occurring at the same moment in time, both aligning with the start and end of the metronome sound (and hence
contralateral finger movement).
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Figure 2: Effect of skin tone on optical signal properties. (a) Differences in signal-to-noise ratio across skin
tones. (b) Differences in signal baselines across skin tones. Points correspond to individual participants. Point
hues visually reflect the participants’ measured skin tone.

DISCUSSION

Several theories have been proposed to explain the physiological source of optical myography signals, such as
skeletal muscle oxygenation or blood vessel movement [1, 3]. This study showed that the optical sensor not only
detected the onset and offset of movements with relatively little latency, but the frequency of the resultant optical
signal also mirrored the physical rate of movement. This tight coupling between movement and signal response
suggests that the optical signal reflects biomechanical changes associated with physical movement.

It has been shown that skin tone can affect properties of optical signals [4]. Furthermore, research in prosthetics
has highlighted the importance of testing on individuals with limb-difference [5]. In order to assess the efficacy of the
approach for a range of individuals, we tested participants with different skin tones or limb-difference. While a strong
relationship was found between skin tone and the baseline optical signal, no relationship was found between skin tone
and the SNR during finger movement. Testing on a limb different participant yielded similar results to limb-intact
participants. Anecdotally, locating the ideal sensor placement on the residual limb was more challenging. This could
be due to increased fatty tissue around the residual limb which may affect the SNR. However, to increase the certainty
of our findings, we remain committed to expanding the sample size with the goal of enhancing diversity and
inclusivity.
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Figure 3: Overview of data collected from a residual limb. (a) Index finger position from the contralateral
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ABSTRACT

Surface electromyographic (EMG) signals are widely used for diagnostic and control purposes. Traditional EMG
recordings typically use sparse electrode setups, limiting their use in dynamic environments like prosthetics or virtual
reality. We propose a medium-density EMG armband design that leverages digital technology to capture EMG data
from 21 channels. This system, designed to be more practical for everyday use and research, was tested against
traditional single-channel methods for classifying six hand gestures using machine learning. Our results indicate the
medium-density EMG system offers superior gesture classification accuracy, making it a valuable tool for real-world
applications. We aim to further enhance this EMG recording setup and introduce it an open-source platform to the
MEC community at the conference.

INTRODUCTION

Electromyography has emerged as a transformative technology in the area of human-machine interfacing,
including prosthetics control, offering unique opportunities to bridge the interface between human neural activity and
machine operations [1]. Its applications extend far beyond traditional diagnostics, leading into the development of
advanced immersive virtual (VR) [2] and extended reality (XR) environments [3], rehabilitation programs [4], and
myoelectric prosthetics [5,6]. The essence of EMG lies in its ability to decode the electrical signals generated by motor
units during contraction, providing a direct pathway to understanding and harnessing human intent in real-time. This
capability is pivotal in creating more intuitive and responsive systems that can cater to a wide spectrum of needs, from
assisting individuals with mobility impairments to enhancing user experiences in digital realms.

In the domain of prosthetic development, EMG technology has the potential to be a game-changer and enable the
development of limbs that can respond to the user's muscle signals with precision and fluidity. This not only restores
a degree of lost functionality for amputees but also empowers them with a sense of autonomy and improved quality
of life [6]. Similarly, in rehabilitation, EMG-based systems offer valuable insights into muscle performance and
recovery progress. The integration of EMG into VR and XR applications [2, 3] opens new frontiers for interactive
technologies, allowing users to control virtual environments through natural body movements.

However, the widespread adoption of EMG technology faces challenges, primarily due to the limitations of
existing recording systems [7]. Traditional setups often require a trade-off between signal detail and system portability.
High-density arrays [8] offer rich data at the expense of mobility and ease of use, while sparse configurations sacrifice
detail for simplicity. Recognizing this gap, the proposed medium-density EMG recording system, implemented as an
easily wearable armband, aims to overcome these obstacles. By utilising the principles of digital body area networks
(BAN), this innovative approach seeks to provide a balanced solution that offers detailed signal acquisition without
compromising on user comfort and mobility. This development not only stands to practically use the way multi-
channel EMG is applied across various fields but also emphasises the potential for solid integration of human
physiological signals into the rehabilitation and control systems.

We are excited to announce the introduction of our Medium Density System at the upcoming MEC Conference.
Our platform will be presented alongside detailed designs and firmware, with the intention of enabling the community
to reproduce it for further research. By openly sharing our work, we aim to foster collaboration and drive innovation
within the research community. We look forward to engaging with fellow researchers and enthusiasts at the conference
as we collectively advance the field.
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Figure 1: A) Overall block diagram of the system. B) The proposed armband. C) Two sides of sensor’s PCB
and number of channels on each PCB.

METHODS

Hardware

Figure 1A shows the overall diagram of the system. Each EMG sensor consists of two subsystems for analog
front-end (AFE) amplification and EMG signal processing. The front-end circuit is built around an ADS1293 chip
(Texas Instrument co., USA), with a built-in fixed gain amplifier and three channels, 24 bits analog to digital converter
(ADC). Each channel is connected to two active electrodes for differential recording, along with a reference electrode,
namely, E1, E2, and EO, respectively. The reference electrode is connected to the system ground. The EMG signals
have been sampled at 1067 Hz. The EMG processing unit comprises an ARM CortexM4 based 32-bit flash
microcontroller (STM32L433RCI3, ST Microelectronics). A 16MHz serial peripheral interface (SPI) connects the
AFE subsystem to the signal processing subsystem. The EMG processing unit features a 2nd order infinite impulse
response (IIR) Butterworth band-pass filter [25-350 Hz] which cancels undesired spectral components. Power-line
interference is eliminated by a 2nd order IIR Butterworth notch filter, with cut-off frequency of 50 Hz.

For the sensor contacts, commercially available, gold-coated stainless steel has been used, which were housed in
a 3D-printed case. The dimensions of the case met clinical standards and fitted comfortably around subjects’ forearm
as an armband. The design of the case was crafted using Fusion360, 3D designs and modelling software. To print the
case, Bambu Studio software was employed to slice the model into printable layers. The case was then printed on a
Bambu Lab P1S printer, with generic PLA (Polylactic Acid) as the printing material. Figure1B and 1C, show the final
prototype armband and an 8-layer Printed Circuit Board (PCB) designed for the Primary and secondary nodes.

The network of EMG sensors is structured of two different types of nodes, namely, primary, and secondary. The
former serves as a communication initiator and network synchronizer, and data handler and each sensor node acts as
a secondary nodes. The SPI bus with a speed of 32 MHz enables data exchange between the primary and all secondary
nodes. Each sensor is controlled with chip-select pin where the primary node request in sequence from each sensor.
The primary node transfers data from all sensors through Universal Synchronous/asynchronous Receiver/Transmitter
(USART) to a computer using USB to TTL Serial Cable (DSD TECH).
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Experiment Design

The local ethics committee at Newcastle University (reference number: 20-DYS-050) approved this study. The
experiment involved 10 participants, ranging in age from 19 to 43, including 2 females and 8 males. They signed an
informed consent. They were tasked with performing six different movements: power grip, lateral pinch, tripod grip,
pointer (extension), hand opening, and rest, with each movement repeated in 10 trials. During each trial, participants
followed a structured sequence involving 3 seconds of the specified movement followed by 5 seconds of relaxation.
Data collection and labelling were conducted automatically using the Axopy platform. The analytical models were
developed in Python, utilizing the scikit-learn library for data processing and analysis. Programs ran on a DELL
Latitude 5431 laptop, with 12" Gen Intel(R) Core™ i7-1270P, 2200MHz CPU, 32GB of memory.

Feature Extraction

Raw EMG data is too complex to be decoded with such a modest amount of data. Two features were adopted in
the experiment, namely waveform length and log variance. They are commonly employed in the EMG experiment,
meanwhile they are cost-efficient in terms of computation.

Machine Learning Modelling

Linear discriminant analysis (LDA) is one of the most adopted supervised machine learning algorithm, which
exhibits a versatile mastery on both data dimensionality reduction and classification. The programming of the LDA
model was implemented in Python, with scikit-learn library. 'Svd', or Singular VValue Decomposition, was chosen as
the solver for its efficiency with large feature sets. SVD reduces data dimensions by decomposing a matrix into three
matrices, capturing the data's essential characteristics in a simplified form [9]. This method is ideal for processing
extensive datasets, allowing for effective analysis and classification without significant information loss. The default
number of components was set to 5 (n_class - 1), aiming to manage the substantial number of input features - 42 in
total, calculated from 2 EMG features across 7 sensors and 3 channels. This approach to dimensionality reduction was
intended to enhance the model's robustness while simultaneously lowering computational demands.

The data collection was partitioned into an 80% training set and a 20% testing set, shuffled and reapplied five
times to facilitate a 5-fold cross-validation process. During this process, 80% of the data along with its labels were
employed to train the LDA model, and the remaining 20% was used to evaluate the model's accuracy by comparing
the predicted outcomes against the actual labels. This training and testing process was executed in parallel across five
different conditions to ensure a comprehensive comparison. These conditions included the use of all three channels
per sensor, three repetitions for each of the first, second, and third channels independently, and three repetitions using
a randomly selected channel, applied consistently across all users.

RESULTS

Figures 2A and 2B show the experiment setup and the sample of raw EMG data have been recorded through all
21 input channels, respectively. Figure 2C presents the cumulative findings from a study involving 10 participants,
where we explored the efficacy of five unique configurations for channel selection. These configurations include the
use of three independent channels, as well as the first, second, and third input channels treated as separate entities, in
addition to a scenario involving randomly chosen channels. The objective was to assess and compare their impact on
classification accuracy. The data depicted in the graph reveals that the approach utilizing three independent input
channels surpassed the performance of other configurations. This outcome suggests that medium-density electrodes,
without expanding the spatial recording area, can significantly improve the precision of control systems in interpreting
signals.
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Figure 2: A) Experiment setup. B) Recorded raw EMG data over 21 input channels. C) Results on
classification accuracy across subjects have been analyzed. Five distinct configurations to identify the optimal
channel selection strategy have been examined.
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ABSTRACT

State-of-the-art myoelectric upper limb prostheses control often utilize pattern recognition (PR) systems that
translate electromyograph (EMG) activity to a desired movement. As possible prosthesis movements increase, users
have difficulty generating sufficiently separable EMG signals that reliably operate all possible degrees of freedom.
Current training regimens attempt to increase the separability of a user’s EMG signals through trial-and-error, where
a therapist prompts a user to generate EMG signals and provides advice based on the strength and channel distribution
of the EMG. In this work, we present a novel visual feedback interface that allows users to observe how their EMG
signals affect PR output directly.

INTRODUCTION

Myoelectric control is a widely used method for the control of multi-articulated prosthetic devices. Myoelectric
control operates by capturing electromyographic (EMGQG) signals generated during the user's muscle contractions and
pattern recognition (PR) methods can be utilized to classify data into separate groups. Once these patterns of EMG
activity have been established, they can serve as indicators for future EMG input, facilitating the identification of
various movements [1]. While several factors contribute to the adoption of PR-based myoelectric control, low
acceptance of prosthetic devices among individuals with upper limb loss (ULL) underscores significant challenges
[2]. Experimental robustness does not necessarily equate to practical functionality and for novice users, there is often
a steep learning curve to attain control proficiency [3]. Potential misclassifications can stem from a variety of
environmental factors, including motion artifacts, electrode displacement, variations in limb positioning [4], and
muscle fatigue. Furthermore, as the complexity and quantity of gestures employed in PR systems expand, the
differentiation between each pattern becomes less discernible, leading to system confusion [5].

Previous literature has supported that human motor learning-based training plays a pivotal role in enhancing
myoelectric PR-based prosthesis control, improving both accuracy and adaptability [6], [7], [8]. Existing training
programs encompass various approaches, including motor imagery, which visually represents the picture of intended
movements to the user, EMG training games that integrate proportional and derivative control into gameplay, and 2D
virtual arm training that concurrently displays the user's movements on a screen [8], [9]. However, for a more defined
separation of gesture classes, the core solution lies in either shifting the classes within the feature space to augment
interclass distance or reducing intra-class variability [7]. Enhancing control strategy performance in the
aforementioned training methods poses a challenge without insight into the underlying algorithm's performance, as
users only have a 'black box' perspective of input-output interactions. This deficiency may obscure the understanding
of a performance issue’s origins, thereby limiting the users' ability to make informed, strategic adjustments,
particularly as the complexity and number of gestures escalate [10].

In this work, we present a novel 3D visual feedback system designed to bridge the gap between the user and the
pattern recognition system. Our system addresses the challenge of understanding the input-output control relationship
in multi-gesture myoelectric control. PR training outcomes are showcased within a 3D interactive platform, wherein
gesture relationships can be intuitively observed through their positioning in the feature space. Through this
innovation, we aim to bolster the training-induced enhancement of control quality in myoelectric PR-based prostheses.
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METHODS

This study was conducted in accordance with a protocol approved by the Johns Hopkins University School of
Medicine Institutional Review Board. Twelve able-bodied participants, 6 males and 6 females, were recruited to take
part in a 10-day longitudinal experiment. Participants varied in age from 18 to 22. No participants had previous
experience with PR-based myoelectric control. Participant EMG signals were recorded using the 8 channel Myoband
(Thalmic Labs, Ontario, Canada) positioned on the subject's dominant arm. Additionally, participants wore a bypass
prosthesis to incorporate noise conditions from load and fatigue, and movements were performed in multiple spatial
locations to incorporate the limb position effect.

Training Methods

Participants were provided one of two methods to visualize their control during the exploration period: (1) an
experimental, 3D visualization of the pattern recognition decision-space; and (2) a controllable virtual arm (Figure 1).

The 3D control visualization projects
the individual's incoming EMG data into
the decision-space of the PR-based
control method. This is accomplished by
first undergoing a standard calibration
regiment for PR-based control, where a
calibration data set of EMG samples is
collected on a class-by-class basis to
generate a classifier. This calibration set is
then projected into a 3-dimensional
subspace, optimizing for low intra-cluster
variability and high inter-cluster distance.

) ) o ] During the evaluation periods, EMG
Figure 1. This figure shows the training methods employed in the activity of subjects was projected within

study: (A) the 3D Visual System and; (B) the Virtual Arm. the same training basis to represent where

QOPEN

TRIPOD

8§

an individual's current EMG activity lies
within the projection space. Within the visualization, the original training data is represented as coloured clusters of
data points and the individual's current EMG activity is represented as a cursor. The cursor's position is modulated in
real time by the user's EMG activity, allowing the participant to directly observe how their changing EMG patterns
affect the proximity of their current pattern to the data the PR-based control method was calibrated with. In this way,
participants receive direct visual feedback on the discriminability of their calibration data and the repeatability of their
control as well as an opportunity to generate and observe how novel patterns of EMG activity map to regions of the
decision-space (Figure 1a). In contrast, the virtual arm training method allows participants to operate a virtual model
of an arm as if it were a real-world prosthesis (Figure 1b).

Experiment Protocols

Participants were evenly split into two groups of six, each comprising three males and three females: one
experimental group utilizing the 3D visual feedback system, and a control group granted access to a real-time
controllable virtual prosthesis. Each day, both participant groups underwent a calibration phase to capture EMG
signals used for training the PR algorithm. From days 1 to 4, the participants performed a set of five gestures. This
was increased to six distinct movements on day 5, and by day 7, they were executing a total of nine distinct movements
(rest, open, power, pronation, supination, tripod, key, index point, pinch). Following the initial calibration phase, both
participant groups were granted an exploration period to adjust their calibration data. Subjects had the flexibility to
engage in practice sessions and refine their gestures if they found their control to be unsatisfactory and were allowed
to recalibrate individual movements any number of times.

During this phase, the experimental group had access to real-time feedback from a 3D visual feedback system,
while the control group had access solely to a virtual arm. To maintain consistency and fairness, time constraints were
established for both groups: three minutes were allotted per movement (excluding rest). After the adaptation period,
all participants' control proficiency was assessed following a Fitts Law assessment protocol (Figure 2c-d) [11].

During the testing phase, subjects were centrally positioned, with a display screen to their right and a numbered
board to their left (Figure 2a). The screen presented the Fitts Law test and subjects were required to perform the task
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with alternating limb positions, with classified hand grasps modulating the size of the ring and classified wrist
movements modulating its orientation. Each task had a time limit of 15 seconds. The total number of tasks was
determined by the total number of gestures: four movements correspond to 18, six movements to 36, and eight
movements to 54 tasks. The control proficiency of subjects was evaluated based on four metrics of the Fitts Law test:
completion rate, overshoot per trial (OT), path efficiency (PE), and throughput (TP) [11].

An 11th session was completed 30 days after the last session to gauge the long-term impact of the 3D visual
system with the exact same setup.

- C Hand Open Prompted Gesture Pronate Supinate

/ ,,\ (/ N
X/

_‘

;)(1)
O 60 O

Initial Position Success Case Failure Case 1 Failure Case 2

/1\ 2 \3\‘ >1 < 5\ 8
415]6 41516 \
HHE B | @Jlojlo]lo

=== Testing Positions

Figure 2. (A) Physical Setup for the Experiment: 1) a bypass prosthesis to emulate the weight-bearing
experience; 2) a numbered board to achieve postural variance; and 3) a screen to display the Fitts Law Test. (B) An
enumeration of the testing positions for the Fitts Law Tests. (C) In the Fitts Law Test, subjects will manoeuvre a
black ring with open/close gestures, along with a protrusion on the ring with wrist rotation gestures. (D) Subjects
are tasked with aligning to the red ring and protrusion. A trial is deemed successful only when both the ring and
protrusion are aligned accurately within a timeframe of 15 seconds.

RESULTS

In this 10-day study involving twelve novice subjects, new movements were introduced in the first, fifth, and
eighth sessions. As depicted in Figure 3a, the experimental group consistently outperformed the control group in terms
of mean task completion rate.

A notable distinction between the two groups was observed in their ability to adapt to heightened control
complexity. On the fifth day, the completion rate of the experimental group dipped from 0.97 £ 0.07 (mean * standard
deviation) to 0.83 + 0.1 relative to the previous day, while the control group saw a more pronounced drop from 0.77
+0.23 t0 0.51 £ 0.29. The divergence in performance was further amplified on the eighth day; the experimental group
experienced a marginal decline in completion rate from 0.92 + 0.12 to 0.86 £ 0.14 since day seven, whereas the control
group exhibited a substantial decrement from 0.86 + 0.07 to 0.46 + 0.31. In both instances, the difference between the
two groups was significant on the day following the introduction of new movements, a contrast to their previous day,
where no significant difference was observed.

In terms of OT, PE and TP, the experimental group consistently outperformed the control group as shown on
Figure 3b-d, although not at the rate indicated by the CR metric.

DISCUSSION

Throughout all sessions, the experimental group utilizing the 3D visual feedback system exhibited higher mean
values for three metrics: CR, PE, and TP, and a lower mean for OT. This shows that the 3D system group surpassed
the virtual arm group in all aspects of control proficiency. Based on feedback from participants, the experimental
group reported less difficulty in modifying and fine-tuning movements and were able to refine their gestures
effectively by observing overlaps in the visualization system. However, the results for OT, PE, and TP do not appear
to align with the trend of increased control proficiency leading to increased differences between the two groups.
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Figure 3. The results show the mean and standard deviation of the experimental group (EG) and control group (CG)
over ten sessions, along with an additional return session conducted 30 days after session 10. In the span from
session 1 to 4, four gestures were involved in calibration (excluding the resting position); in session 5, two additional
movements were incorporated, and in session 8, two further movements were added. These movement differences
separate the test into three segments. A dashed line delineates the return experiment results from the original test
data. * indicate sessions wherein the difference between the experimental group and control group was statistically
significant (p < 0.05).

The most plausible explanation for this affect is the decline in classification accuracy. Successfully executing the

gestures required by the trial is crucial for task completion as well as incurring an overshoot, since overshoot is based
on the over-application of the correct movement. This shows a limitation of this study, that a metric that captures
failure to initialize an intended movement is missing.

The findings from the 11" session continue to highlight the experimental group's superior performance in all

mean values, however the gains washed out over the 30-day period, suggesting a diminishing advantage conferred by
the 3D system on subjects when training is suspended.
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"INTEGRATING NOVEL COMPONENTS INTO BILATERAL PEDIATRIC
SHOULDER DISARTICULATION PROSTHETIC FITTINGS: A CASE STUDY."

Brittney Carol Curcio, CPO, MSPO
Upper Limb Prosthetic Program, Hanger Clinic, San Antonio TX, USA

ABSTRACT

Pediatric amputees (both congenital and acquired) with above elbow limb loss have extremely limited prosthetic
options. This often results in abandonment or no opportunity to use a prosthesis in childhood. In the absence of
appropriately sized, commercially available components, repurposed and custom components were integrated in a
series of fittings with a four-year-old patient with bilateral limb deficiencies at the shoulder disarticulation level. These
included elbowless initial body powered prostheses, progression to 3D printed ratcheting elbow joints and repurposing
of an electric wrist flexion unit as an electric pediatric elbow. Progressive enhancements to the prosthetic treatment
plan led to increased prosthesis utilization and independence. Additional pediatric component options, especially
electric components, are needed to address proximal limb deficiencies in these younger children.

INTRODUCTION

A recent retrospective analysis observed a prevalence of 23.5 congenital upper limb anomalies per 10,000 live
births [1]. Of the 10,700 reported cases in this series, only 6 presented with complete congenital absence of one or
both upper limbs [1]. Children with bilateral proximal upper limb congenital deficiencies find ways to adapt to the
dexterous world around them [2]. They often surpass their abilities to function with traditional prostheses by
compensating with alternative body mechanics to achieve their goals; thus making traditional body powered
prostheses less valuable and irrelevant in regards to the majority of their activities of daily living. This case describes
a series of prosthetic fittings for a 4-year-old female patient with congenital bilateral shoulder disarticulation,
integrating both custom and repurposed components to facilitate increasing function.

PATIENT PRESENTATION

The patient presented with bilateral congenital limb deficiency at the shoulder disarticulation level at age 4. She
had never been fit with prostheses as her family had been advised that there were no prosthetic options available that
would make her more functional. With the expectation of starting kindergarten next year, there were several functional
tasks that the patient, family, and therapist hoped she would be able to achieve with greater independence. At the time,
the patient was extremely functional with her feet and incredibly determined to do everything independently. However,
there were tasks that could not be completed efficiently or safely with her feet in which assistance would be required.
Furthermore, she was diagnosed with hip dysplasia that required surgical intervention and left her with a leg length
discrepancy. Otherwise, the patient was a healthy, lively, and strong willed 4-year-old girl.
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INITIAL BODY-POWERED PROSTHESES

Recognizing the insurance limitations in the United States, a plan was made to p
initially provide body-powered devices to determine their functional impact. These initial %

body powered prostheses were fabricated as bilateral units (Figure 1). Pediatric Ottobock ¢ /

shoulder joints were directly laminated to “shoulder cap” style sockets with flexible inner [

liners. These friction shoulder joints allowed for pre-positioning in the sagittal plane.
There was no elbow joint. Instead, a tube-shaped arm was laminated to a delrin wrist unit,
where pediatric nylon coated hooks were fastened. The harness consisted of a single strap
across her chest anteriorly, and elastic webbing that formed an “X” to connect the two
sockets to one another in a criss-cross formation on her back. Control cables ran from her
prosthetic hooks to the posterior distal aspect of the contralateral socket with housing
retainers positioned at the approximate position of the elbows. With this configuration, the
patient open the hook with scapular protraction and close the hook with scapular-

retraction. Figure 1: Initial
The initial impact of these devices was extremely positive. The patient was body powe_red
immediately able to open and close the hooks and she was soon able to donn and doff prosthesis

them independently. While they boosted her confidence, over time she learned of their

many limitations. First, only one hook could be opened at a time due to the opposing forces on her back. This limited
any chance at bimanual prehensile activities. Second, in the absence of an articulating elbow she could not lift the
forearms to bring her hooks towards her mouth preventing her from feeding herself with her prosthetic hooks. Third,
the amount of force experienced the anterior portion of the sockets with the excursion required to open her hooks
caused much discomfort. Eventually the patient grew fatigued with the intensive effort required to use the prostheses
and lost interest in them.

A second set of prostheses were later made to improve upon this design (Figure
2). The sockets were changed to “X Frame” designs to reduce localized pressure and
improve comfort. The shoulder joints were replaced with universal ball and socket
shoulder joints which allowed for friction resisted rotation, abduction/adduction and
flexion/extension. Custom ratcheting elbow joints were 3D printed to connect the
shoulder component to the wrists and hooks. The elbow joints could be passively
positioned into various flexion positions. The locking cable was tied into a plastic tube \
that was routed along the anterior socket and towards the patients mouth so that she ) )\
could bite and pull the tab cycle the elbow lock. The delrin wrists were replaced with Figure 2: Subsequent
passive flexion wrist units so that her hooks could be prepositioned for better access to endoskeletal body
midline reach. The hooks were cabled in a similar fashion to the previous prostheses. powered prosthesis

Several functional improvements were observed with this second set of body

powered prostheses. The force redistribution within the X frames reduced pain. The patient was able to unlock the
elbow position with the bite straps but struggled to lock it again. While she required assistance to position the elbows,
the family was happy that they could at least change the elbow position. Unfortunately, this socket set up required two
straps for donning and doffing. While the patient was still able to do this independently, it increased the time and
concentration for applying the prosthesis. She was still unable to operate both hooks at the same. Improvements
included holding a wider object at waistline, carrying a bag over her forearm while walking, holding light weight
foods in her hook which have been pre-positioned at her mouth, pushing open a door without having to use her feet
and pulling large objects across the floor. Notably, the majority of the patient’s activities could still be done faster
with her feet.

Despite the functional gains that the prostheses provided there were limitations with both devices. The prostheses
were bulky and changed her natural proprioception and understanding of spatial awareness. They took a lot of time to
put on and take off independently and only provided her with a few functions. She would prefer to take the prostheses
off in between functions while she was not needing them. Since the functionality was limited, this could mean between
15 minutes to several hours of time in between use. Over time the patient learned that she would rather ask for help
or attempt to preform activities with her feet because it was faster and more efficient than to stop what she was doing
to put the prostheses on and have someone preposition them for her.
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MYOELETRIC PROSTHETIC INTERVENTION

Having established the limitations of body-powered designs for this
patient, a myoelectric device plan was made. A unilateral left prosthesis was
fabricated with a Sauter style socket (Figure 3). This allowed for the least
amount of enclosed tissue and skin contact while maintaining a very stable
socket fit. The proximal part of the socket, which contoured over her left
shoulder provided vertical suspension. Medial suspension was provided by a
single strap. A flexible inner socket was used to allow for adjustments of
pressure and fit without disrupting the structural integrity of the socket frame.
The Hosmer adult shoulder joint was turned upside down to better fit the
small profile of the patient and the shape of the socket frame. The metal strut
was contoured to fit the humeral section and provide protection to electrical
wiring. The humeral section was laminated and left with a hollow opening.
A delrin wrist was laminated to the distal end of the humeral section to
provide a connection point to the elbow. Unfortunately, a pediatric
myoelectric elbow is not available on the prosthetic market. Instead, a Motion
Control powered wrist flexion unit was utilized. The powered flexion wrist
which has a ¥z inch threaded distal end was connected to the humeral section . ] .
via the delrin wrist unit. A forearm was 3D printed and fastened to the Figure 3: myoelectric prosthesis
articulating end of the powered flexion wrist. At the most distal end of the
forearm, an Ottobock pediatric myoelectric
wrist unit was epoxied to the forearm and the
Ottobock Myolino hand was connected as the
terminal device. The device was wired with a
single site electrode, batteries and touch pad —— . ¢ é___ ®
which would act as a switch (Figure 4). The &@ = T oemamona
electrode was placed at the patient’s proximal e A I8 R
pectoralis major. The switch was to be routed ’ ‘ -
to the right side of her collar bone so that it Otttz 7
could be accessed by her chin without ‘"\/
interfering with the pectorals muscle
movement.
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The patient was fit with the myoelectric
prosthesis and operated it well. For simplicity
and to prevent frustration, the integration of
elbow function was initially deferred to later
date to allow the patient to adapt to one
component at a time.

Figure 4: Components used in the myoelectric prosthesis

The myoelectric prosthesis provided several opportunities that the body powered
device could not offer for this specific patient presentation. First, it enabled the
patient to operate the terminal device with very little force, excursion, and energy
expenditure in comparison to the body powered cable devices. Second, she had the
opportunity to flex the arm at the elbow which did not require any further force or
excursion than what she was already using to control the terminal device. This allows
for opportunities such as feeding herself, playing with toys in multiple dimensions,
carrying objects, lifting them up to shoulder height and putting them as low as waist
hight (Figure 5). All of this can now be done without gross movement of her spine
and scapular deviation. It also reduces the amount of time that she must use her toes,
foot, ankle, knee, and hip to bring something from the ground to the upper half of
her body. The myoelectric system will also reduce the stress on her spine of having
to be a flexed position as she would be able to maintain her posture while using
prosthetic arms compared to the body powered prostheses and compared to using
her feet.

Figure 5: powered
prosthesis in use
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ADDITIONAL OBSERVATIONS

The patient displayed right foot dominant. With the
provision of the more functional prosthesis, we observed
that she was able to use her prosthesis during bilateral
engagement with her right foot. Fabricating a left upper
extremity prosthesis allowed for her to use her right
dominant foot to pass things from her foot to the hand of the
prosthesis (Figure 6). A bilateral set of powered prostheses
would have been both heavy and bulky and may have
limited this functional capacity. The unilateral fitting
allowed for open space and freedom to move enabled her to
use her feet.

" S5y

Figure 6: bilateral engagement of the prosthesis
CONCLUSION

The current options for pediatric components are limited. Additive manufacturing and creative repurposing of
existing components represent alternate pathways to facilitate functional solutions within this small patient population.
In the case of bilateral limb deficiency, consideration should be given to preserving existing function with any attempts
towards prosthetic care.
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ABSTRACT

While not as common as transfemoral applications, osseointegration at the transhumeral level has been performed
across multiple clinical sites. Our experience with this amputation level has predominantly been with the use of the
OPRA implant. We have followed a staged rehabilitation program inclusive of an early trainer to facilitate progressive
positive and negative loading, a full-length, light weight, non-prehensile prosthetic arm and definitive arm prostheses.
These have included both body-powered and externally powered definitive solutions. In the absence of a transhumeral
socket, the facilitation of control strategies for both body-powered and myoelectric prostheses have required
adaptation. For body powered systems, because of the direct attachment of a bone-anchored prosthesis, harnessing
elements designed for suspension can be eliminated, while those that enable control of the terminal device, wrist or
elbow most be modified and preserved. Accordingly, correct placement of the base plate and housing retainer for the
control cable must be achieved in the absence of an external socket. This has been accomplished via external rigid
outriggers for longer residual limbs or through their attachment to proximal endoskeletal or exoskeletal bridges with
shorter residual limbs. For externally powered prostheses, the challenge lies in consistent placement of the surface
electrodes that may be required over the residual limb, the ipsilateral chest wall or ipsilateral scapular region. This
has been accomplished through outriggers, adhesive electrodes, non-custom electrode cuffs and custom silicone
interfaces. These methods of facilitating traditional control strategies in the absence of the transhumeral socket will
be described and discussed.

INTRODUCTION

While osseointegration has been predominantly performed and reported in transfemoral applications, several
studies have reported upon its application at the transhumeral amputation level. In 2011, Jonsson et al reported upon
their fitting protocols with 16 subjects. They describe their approach to staged prosthetic management with an early
“trainer” device, a temporary light-weight, non-prehensile, long-arm prosthesis and ultimate definitive fittings of
cosmetic, body-powered and myoelectric prostheses [1]. The 2- and 5- year survival rates for the implants in this
cohort were subsequently reported at 82% and 80% respectively [2]. More recently, researchers have begun to explore
the loads experienced in the transhumeral implant site across a range of physical movements and activities [3] as well
as prosthesis types [4], both in vivo [3] and through mechanical simulation [4]. The prospective demand for
osseointegration in this population appears to be high, with one survey suggesting 35% of those with unilateral
transhumeral amputation would consider this procedure, with another 29% being undecided [5].

Notably, the factors that this group prioritized in considering this procedure included a capacity to do more
activities with a durable, comfortable device [5]. These elements require consideration of an appropriate, consistent
control strategy. For body-powered devices, harnessing is no longer indicated for suspension but remains necessary
for cable-driven control the elbow, wrist and terminal device. Significantly, the base plate and housing retainer can
no longer be mounted to the distal lateral aspect of the prosthetic socket but remain necessary for efficient cable-
controlled activation of the prosthesis. For myoelectric devices, there is no longer a socket to house the surface
electrodes. In this case series we will report upon our efforts and observations to date in establishing body-powered
and myoelectric control strategies following osseointegration in the absence of a transhumeral socket.
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TRAINING STAGES

Trainer

The use of the trainer is well described by Jonsson et al [1]. Its intent is to facilitate
both positive and negative loading of the implant following surgical implantation.
While patients are encouraged to move their limb in prescribed motions for
recommended daily durations, as a static device, no control strategy is indicated
during this phase (Figure 1)

Long Arm Trainer

The Long Arm Trainer is also suggested in Jonssen’s original report [1]. This
lightweight solution is an oppositional, non-prehensile prosthesis with no requirements
for a control strategy. It is generally comprised of a friction or manual locking elbow
and either a “passive static” hand or manually operated terminal device that does not ]
required control cables or external powered componentry. The goal of the device is to | MR
increase torque loads from the trainer to a full-length prosthesis. .

Figure 1: Trainer to facilitate positive and
negative loading of the implant.

BODY POWERED ADAPTATIONS

Longer Arms

In socket-based body powered systems the harness/control cable provide both
suspension and activation of the prosthesis. With osseointegration the harness no
longer needs to suspend the prosthesis. This greatly increases user comfort as the
harness no longer carries the weight of the prosthesis and does not need to be as
tight. In many cases, this also allows increased functional range of movement of
the extremity. However, the harness must still be designed to capture gross body
motions, generating the required force and excursion to operate the prosthetic
componentry. With friction or manual locking elbows, a figure-9 harness can be
used. The application of a traditional cable-driven elbow lock requires a
harnessing approach similar to the figure 8, with a superior harness strap running
from the Northwestern ring over the contralateral shoulder where it attached to the
elbow lock cable to facilitate cycling of the internal lock.

Ideally the proximal base plate location should Figure 2: A rigid distal outriggers is used to mount the

keep the control strap along the distal '3 of the baseplate and retainer of a body powered prosthesis.
scapula to maximize available cable excursion

generated from anatomic glenohumeral flexion without bridging clothing. With longer residual limbs, this proximal
base plate location is over the residual limb. In such cased an outrigger can be designed and attached to the
prosthetic elbow bridge. (Fig 2).

Shorter Arms

With shorter limbs if the ideal proximal base

plate location falls within the length of the

custom bridge, it can be mounted directly to

the endoskeleton or exoskeletal segment. |
(Fig 3).

Figure 3: In the case of shorter residual limbs, the housing retainer is mounted to the proximal bridge segment
of the prosthesis between the implant connection and the elbow table.
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Bilateral applications

For bilateral OI harnessing the base plate location and mounting would be similar to the above examples. The
harness can be designed to facilitate independent use of a single prosthesis or as a connected pair. In the case of the
former the user can wear one prosthetic at a time by securing the control strap to the contralateral axilla via a figure-
9 harness as described above. Another option is to join the harnesses together for bilateral use (Figure 4). The
advantage of bilateral application is the elimination of axillary pressure caused by the axilla loop. Provided that the

power required to operate the elbows and/or terminal
devices of the two sides are similar, the inherent friction in
the cable system allows the user to operate one side
without inadvertent operation of the contralateral side.

While the harness is no longer required for
suspension, it still plays a vital role in enabling cable
excursion for both elbow & hook position and cycling of
the elbow lock. Thus, the anterior suspensor straps
continue to provide an anchor point for cycling the
ipsilateral elbow lock as well as an anchor point for the
contralateral control cable. The standard dacron anterior
elbow lock strap, coupled with the anterior elastic
webbing permits cycling of the elbow as observed in
standard body powered transhumeral harnessing
techniques.

Figure 4: Harnessing approach to a bilateral, body-
powered transhumeral presentation.

MYOELECTRIC ADAPTATIONS

Currently we are limited to commercially available surface EMG sensors that were traditionally placed in the
prosthetic socket. With osseointegration the socket is eliminated but there is still the need to use surface electrodes
for control. These surface electrodes must maintain skin contact with the patient’s limb throughout a significantly
expanded functional range of motion. In the case of shorter limbs or limbs lacking usable myoelectric signal sites,
the control sites may be moved to the chest wall or poster scapular region to capture available myolectric signals.

Outrigger

The outrigger approach was first described by Jonsson et al [1].
Outriggers are fabricated from a rigid material and attached distally at the
laminated coupling that connects the elbow to the connection adaptor.
This represents a simple method of providing consistent electrode location

in dual site control (Figure 5).

Non-custom Electrode Bands

For more elaborate control strategies requiring multiple inputs, when
the residual limb is long enough with a cylindrical shape, non-custom
commercial electrode bands can be used. These systems may require
frequent recalibration due to inconsistent placement during donning

(Figure 6).
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Adhesive Electrodes

Adhesive electrodes represent an alternative for
shorter limbs when the distance between the
prosthetic elbow and the electrode placement is too
long for outriggers and the limb is too conical for
commercially available cuffs to stay in place without
distal migration (Figure 7).

Custom Silicone Interfaces

An attractive alternative to adhesive electrodes
is a custom silicone interface that accommodates the
unique contours of the limb segment. This is
especially desirable with the use of pattern

recognition where multiple electrodes sites are Figure 7&8: Two strategies for positioning electrodes
required. (Figure 8). with shorter transhumeral limbs.
CONCLUSIONS

As transhumeral osseointegration becomes more available, prosthetist will be confronted with the challenges
of creating a consistent, comfortable control strategy. While our pilot observations in this space are limited, we
have already encountered the need to adopt a number of strategies for both body-powered and myoelectric
systems based on limb length, the complexity of the control system and the number of required inputs. Additional
research is needed to understand the magnitude of the forces created by the control cables pulling against the
housing retainers in the various required configurations. One solution to the challenges of maintaining elbow
contact throughout an expanded range of shoulder motion is the promise of internal, surgically implanted
myoelectrodes that better maintain their fidelity through shoulder movements.
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ABSTRACT

This paper discusses the enhancement of the Assessment of Capacity for Myoelectric Control (ACMC) with
the introduction of three new assessment items specifically designed for multi-articulating prosthetic hands. With
the advent of these advanced prosthetics, assessing a user's capability to effectively operate them in functional
tasks becomes crucial. The new ACMC items bridge the existing evaluation gap by focusing on the nuanced
control skills required by users with upper limb loss or difference (ULL/D). This innovation, achieved through a
collaborative effort among clinical and prosthetic researchers, utilizes video analysis and consensus to ensure these
items accurately measure the adeptness in controlling multi-articulating hands during bimanual activities.

INTRODUCTION

Recent advancement in multi-articulating hands offer increased function to individuals with upper limb loss
or difference (ULL/D) that have been previously using a single degree of freedom (DOF) prosthetic hand. While
individuals with ULL/D generally prefer the enhanced functions and appearance of multi-articulating hands [1],
several studies have reported challenges in learning to operate them and use in daily activities. Skills such as grip-
switching, prepositioning various prosthetic components for grasping, and selecting the most secure grips require
proper training and regular practice [2].

One way to monitor progress in learning multi-articulating hands is to use an assessment tool that captures
different aspects of controlling a multi-articulating hand. The Assessment of Capacity for Myoelectric Control
(ACMC) is an observation-based assessment that evaluates a person’s ability to control a myoelectric prosthetic
hand in bimanual activities [3]. Originally developed for conventional standard myoelectric hands with a single
DOF, the ACMC items are not designed to capture the nuanced control of multi-articulating hands.

Here, we provide a brief report on the process of testing the degree to which the three new items capture
several skills specifically related to the control of multi-articulating hands. Using video analysis and a consensus
method, a group of clinical and prosthetic researchers used and refined the three new items to assess upper limb
prosthesis users with various types of multi-articulating hands.

METHODS

Four raters (occupational therapists and researchers) with extensive clinical experience and knowledge of the
ACMC participated in meetings to discuss areas not currently covered in the current ACMC. From these meetings,
definitions were created with the intent to capture use and control strategies of multi-articulating hands [4]. After
presenting these definitions at an ACMC training course, two certified raters (a physical therapist and an engineer),
who were newly utilizing the ACMC in their research lab, provided feedback on the new items based on their
experiences using the ACMC with their research participants [5], and were subsequently included in further
discussions and refinement of item definitions, as described below (Figure 1).
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I Ttem Definition Clarification I. Initial meetings reviewed the item definitions and
- discussed any further clarifications. Raters engaged in detailed

discussions to ensure a common understanding of the assessment
items. The raters were in agreement that the refined name of each
item was in accordance with their understanding:

¢

I1. Ethical Approvals and Video Sharing Ability to switch grips

Positioning the hand appropriately for grasping

Choosing a secure grip for function

-

I1. Ethical approvals were received by the respective

L. Independent Scoring of ACMC Videos raters to allow for sharing of ACMC videos. Subsequent

meetings allowed for analysis of ACMC assessment videos
from the raters’ respective labs that captured a variety of control
strategies, limb loss/ difference levels, components, and multi-
articulating hands.

=

IV. Compilation of Scores II1. During each meeting, to prevent bias, ACMC videos

were shared for each rater (n=5) to independently score the
three new items without discussion with the other raters.

IV. After all videos were scored, each rater sent their

ratings to the study facilitator who did not participate in the

V. Consensus Meetings scoring meetings. Alongside the scores, raters provided

justifications for each rating, offering insights into their decision-

Figure 1: A flow chart to illustrate the making process. The facilitator compiled the scores and

process for definition refinement. justifications, allowing for a comparative review of the
assessments.

V. At two consecutive meetings the study facilitator shared the results with the group of raters and chaired
the discussion.

RESULTS

During the consensus meetings, the discussions focused on the individual scores in relation to the words
of each item and rating scale definition. For example, the definition of “Ability to switch grips” before the
consensus meeting read as “about the mechanics of switching or accessing the grips available in the prosthetic
hand. Is the person able to consistently and accurately switch between/access available grips?” In the videos,
often we saw inadvertent, unintended, or delayed switching of grips due to various reasons, such as unfamiliarity
with the hand, the user’s lack of ability to control, or the user not taking the opportunity to switch grips. As a result,
raters initially rated this item 1 or 2 (Table 1) but after discussion all raters agreed to a score of 2.

Table 1. Initial individual scoring of one video of the item Ability to switch grips

Rater 1 Rater 2 Rater 3 Rater 4 Rater 5
Score 2 2 2 1 1
Notes Slight Switched well Slight delays Pick up suitcase Capable of
taken by delays when but there were when switching with fine pinch. switching, it is
rater from switching some delays grips in particular | attempt to switch questionable
video at tabletop grip. grip shoes whether it
activities; with fingers switches to the
significant delay | (good). Switching one he
when going to grip before intended. Some
counter packing toiletries delays in some
bag. Change to task.
lateral for shoe bag
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DISCUSSION

Using video analysis and a consensus method, we refined the new ACMC item definitions to evaluate the
control of multi-articulating hands. The refined definitions include more comprehensive language, incorporation
of examples, and additional details for scoring (e.g. number of reminders, specific descriptors) which improved
the interpretability of the items. As an example, in the item “Ability to switch grips”, with the refined definition,
the raters were able to reach consensus and agree on a common rating of this item.

This consensus process with raters of different backgrounds and experience with ACMC has strengthened
the definitions and clarified the intent of capturing multi-articulating hand function. The next step is to validate
the newly refined ACMC items together with the existing items with a sample of multi-articulating hand users.
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ABSTRACT

Modern mechatronic upper limb prostheses are controlled using surface electromyography sensors (EMG) that
are typically embedded in the prosthetic socket. However, when the user moves their device in space or interacts with
an object, changes in electrode contact pressure can occur that work to the detriment of consistent and effective
prosthesis control. Yet, we suggest that these pressure changes offer unique information that can be captured using
force myography (FMG) and decoded to help classify intended prosthesis movements. Thus, the goal of this work was
to investigate the feasibility of combining FMG with EMG to classify hand grasping movements in an able-bodied
cohort and compare this combination to EMG and FMG alone. We hypothesized that FMG will capture complimentary
information to the EMG data and when combined, will produce more robust classification accuracies when the user’s
limb moves in space or grasps objects of varying loads. We used a custom EMG+FMG armband and instructed N=21
participants to grasp objects of different weights at a variety of different positions using 4 different hand grasp
movements. The results demonstrated that the average classification accuracy of EMG+FMG was statistically
different and of higher classification accuracy when compared to EMG and FMG. It was also found that position and
load affect classification accuracy together suggesting that control techniques that adapt to these changes are likely to
produce more effective prosthetic control performance.

INTRODUCTION

Modern upper limb prostheses (ULPs) are growing increasingly sophisticated with a variety of clinical and
experimental systems offering individually articulating digits to perform a variety of hand movements, grasp force
ranges similar to an intact limb, and proportional control of movements [1-3]. Operating these devices most commonly
relies on surface electromyography (EMG) to measure residual muscle activity, decode the user’s intended
movements, and in turn actuate the corresponding prosthetic movement. However, even with these advancements,
growing availability of advanced devices, and their increased prescription rates, abandonment rates remain as high as
23-26% [4]. Achieving effective and consistent device control is a major contributing factor [4]. One challenge is the
fact that EMG sensors are embedded in the prosthetic socket (PS). When the device is moved or loaded (object
interaction) the pressure distribution between the prosthetic socket and the residual limb can dramatically change [5]
resulting in varying impedance, potential motion artifacts, and overall inconsistent electrode recordings that
collectively work to the detriment of effective and consistent control [6, 7].

While these pressure changes add unwanted variability for EMG control systems, they may also offer unique
information about the state of the prosthesis that can be useful for device control. For example, recent studies have
recorded patterns of pressure changes inside the PS during residual muscle contractions, which were then classified
using machine learning to infer intended prosthesis movements (force myography, FMG) [7-9]. We suggest that the
measurement of pressures developed inside the PS may offer complimentary information to augment EMG-based
control strategies. Thus, our objective was to investigate the feasibility of combining FMG with EMG to predict hand
grasping movements across a variety limb positions and grasped loads. We hypothesized that EMG and FMG would
demonstrate variable classification accuracies depending on the limb position and loading conditions and, when fused,
EMG+FMG would perform more accurately than either system individually.
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METHODS

Participants and Experimental Setup

We recruited N=21 able-bodied participants (14 male and 7 female,
average age 24, SD 3.08). Research protocols were approved by the
Institutional Review Board at the University of California, Davis and
participants provided written informed consent. Participants wore our custom
EMG+FMG armband which was comprised of our FMG system (8 Interlink
Electronic FSR400 sensors) and our EMG system (8 EMG sensors from our
Delsys Trigno EMG system) as shown in Figure 1. The sensors were arranged
equidistantly onto a Velcro strap in an alternating sequence before they were
tightened onto the muscle bulk of the participants’ forearm. Sensor data was
collected using two National Instruments USB6210 Data Acquisition

Systems, one for the EMG data and one for the FMG data.

Experimental Procedure

Participants grasped a weighted manipulandum (MPD) using a specific

Figure 1: The EMG+FMG armband was

comprised of 8 EMG and 8 FMG sensors

which were housed in 3D printed casings
which attach to the Velcro band.

grasp configuration at various positions. This allowed us to examine how

EMG, FMG, and their combination are affected by load and limb position. The MPD was loaded with 5 weights,
including a no weight condition (the weight of the MPD, 53g), 250¢g, 500g, 750g, and 1000g. Participants stood in
front of a 7-foot-tall shelf and grasped the MPD with 4 different hand grasps: Key, Pulp Pinch, Power and Tripod
Pinch [10]. The shelf levels and standing ‘zones’ were adjusted for participant height such that their arm was fully
extended when standing at zone 2 and reaching positions 5-8 (Figure 2a). The participants grasped the MPD using 4
different grasps, at 8 different positions, and under 5 different weights. Each trial consisted of the MPD being placed
at one position, in line with the sagittal plane of the subject’s dominant arm. They would then be queued to grasp and
slightly lift the manipulandum with a specific grasp, hold it for 3 seconds, and then set it down and relax for 4 seconds.
This was repeated 3 times at each position prior to moving on to the next randomized position, weight, and grasp
combination. Randomization helped ensure that any potential muscle fatigue did not influence experimental results.

Data Analysis

Contraction data was first separated from resting data using time
stamps before being parsed together and segmented using a 200ms
window and a 50ms time increment [11]. We used the Hudgins’ Set
to create EMG features [12], the mean absolute value for FMG
features [7] and combined both into a single feature vector for
EMG+FMG [13]. We used linear discriminant analysis to classify
hand grasps using leave-one-out cross validation to train the
classifier and calculate classification accuracies. We analysed data
in 3 cases: (1) Classification accuracy for a constant position
(position 2) and varying weights, (2) classification accuracy for a
constant weight (500g) and varying positions, and (3) training the
classifier at a neutral position (position 2, no weight, as is done in
numerous studies [13-15]) and testing the classifier with data from
the most extended and loaded position (position 5, 1000g). We used
multiple linear mixed effect models to examine statistical differences
in classification accuracies of each modality (EMG vs. FMG vs.
EMG+FMG) for each of the 3 cases, using modality as the fixed
effect and participant as the random effect.

RESULTS

Positions

Key Power

@E}| Zones Pulp Pinch Tripod Pinch
(a) (b)

Figure 2: (a) The 8 positions and 2 zones for the test. The
participant stood at zone 1 for positions 1-4 and zone 2 for
positions 5-8. The participant’s elbow was bent at 90° at position
2, between fully extended and bent at positions 1, 3, and 4, and
fully extended at positions 5-8. (b) The manipulandum was
comprised of two parts such that the weights can be top loaded
and held with the 4 grasps.

The first two cases illustrated how varying either the load or position affected classification accuracy for each

modality. The results are shown in Figures 3a and 3b, respectively.
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Figure 3. ** (P < 0.01) *** (P < 0.001) (a) Average classification accuracy for case 1 (constant position of position 2 with varying loads). (b)
Average classification accuracy for case 2 (constant weight of 500g and varying positions).

For both cases, EMG+FMG was found to be the most accurate sensing modality while FMG alone was found to
be the least accurate. Each sensing modality yielded an average classification accuracy of greater than 90% except for
FMG in case 2 (84.9%, SD=11.1%). It was also found that each modality was statistically different from one another,

as shown by Figures 3a and b. Furthermore, it was found that

14 ns position and weight demonstrated an effect on EMG and FMG

12 ___ns  —Ds as shown by statistically different accuracies (P < 0.05) when

: — — — comparing cases 1 and 2 while EMG+FMG was not affected

(P >0.05), indicating that the fusion of the two modalities may
be more robust to these conditions.

accuracy of the classifier at the neutral position. We then
’ Average EMG Average PG pversge EMGFIVG traint_ao! the glassifier at this neutral position and tested the
classifier with data from the most extended and loaded
position, illustrated in Figure 4. As shown, there are
Figure 4: *** (P < 0.001) ns (P > 0.05) Case 3: Average  Significant differences between the classification accuracies of
classification accuracies at the neutral position (position2no  the neutral and extended positions. Furthermore, there was no
weight) and at the extended and loaded position (position 5 significant difference between each modality’s classification
1000g) after being trained at the neutral position. accuracies at the extended and loaded position.

o i For case 3, we first graphed the average classification

W Position 2 No Weight  m Pasition 5 1000g

DISCUSSION AND FUTURE DIRECTIONS

We found that that position and grasped load affect classification accuracy muscle measurement modalities
(EMG, FMG, EMG+FMG). As illustrated by the results of case 1 and 2, EMG outperformed FMG in both cases and
yielded higher classification accuracies when the load and position was varied. This may have been a result of little
change of radial muscle forces across the range of loads and positions, or alternatively large variability in these radial
forces. Thus, it may be useful in the future to classify hand gestures under multiple combinations of varying weight
and position to further define the nature of these relationships. Furthermore, as shown by the results of cases 1 and 2,
the combination of EMG and FMG vyields statistically different and nominally greater classification accuracies than
either EMG or FMG could individually produce. This suggests that FMG produces complimentary information that
can be paired with EMG data to more accurately classify hand gestures during varying position and loading conditions.
Further, when comparing the results of the same modality across cases, accuracies for cases 1 and 2 for EMG and
FMG were found to be statistically different whereas EMG+FMG demonstrated no difference. This indicates that the
combination of the two provide a more robust classification accuracy during changes in position and load than the two
modalities separated.

The results from case 3 further illustrate the effect of limb position and loading on classification accuracy for each
modality. As shown in Figure 4, when the classifiers are trained and tested at the neutral position, as is typically done
for ULPs, the classification accuracy of the four hand gestures approaches 100%. However, when trained in the neutral
position and then tested in the extended and loaded position, the average classification of each modality decreases to
35-40%. Furthermore, these classification accuracies were found to be not statistically different from each other (P >
0.05), illustrating that each modality performed equally poorly when tested at the extended position. While the
extended position was the most different from the neutral position, this illustrates the fact that limb position and
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loading can work to the detriment of classification accuracies. As current ULPs are usually trained at a neutral position,
the addition of weight and position would vastly decrease the effectiveness of the users control system. Furthermore,
current literature does not provide a reliable consensus on if the combination of EMG and FMG adds any statistical
value for hand gesture classification [13, 16, 17]. However, in our work, we demonstrated that when the limb is moved
to various positions and loaded, as is more representative of real-world object manipulation, the addition of FMG adds
significant improvements to current EMG classification systems. Thus, designing and implementing a control system
that implements these combinations can account for or adapt to position and loading changes could aid in more
effective device control.

The long-term goal of this work is to implement an EMG+FMG sensing system inside of ULPs for the purpose
of more robust control. While this experiment begins to provide feasibility data to further explore this topic, future
work is ongoing to investigate how combinations of position and load affect classification accuracy of grasping
patterns along with how well the modalities can accurately classify positions and applied loads. This future work will
illustrate the robustness of each sensing modality along with what conditions each sensing modality may be best suited
to perform under. We further aim to begin to examine how in-socket prosthesis applications of our approaches may
change relative to our able-bodied dataset and examine efficient machine learning training practices that incorporate
and accommodate for position and grasped weight combinations.
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ABSTRACT

This study tackles the challenges of developing an upper limb prosthetic system that accurately replicate the
complexity of the human counterpart. Upper limb prostheses still present high abandonment rates, due to poor control
intuitiveness and lack of dexterity. To address these issues, we introduce an anthropomorphic wrist prosthesis featuring
active flexion-extension and pronation-supination capabilities, seamlessly integrated with the poly-articulated hand
Hannes, with the goal of augmenting the dexterity and overall functionality in trans-radial and trans-humeral
prostheses. Notably, the high dexterity and controllability observed when operated by amputees, using pattern
recognition algorithms, based on a low-density EMG arrangement in a standard prosthetic socket, paves the way for
future investigations and potential applications in home environment.

INTRODUCTION

The loss of the upper limb significantly impacts life quality for amputees, affecting manipulation and interaction
abilities: in particular, the absence of wrist mobility forces amputees to perform unnatural movements, adding stress
to shoulder and back during Activities of Daily Living (ADLs) [1]. Despite the importance of wrist mobility in
naturally orienting the hand during grasping activities, there is a lack of multi-degrees of freedom actuated prosthetic
wrists in the literature, with few commercial options offering limited active dexterity. To fill this gap, we developed
and hereafter we present an innovative 2-DoFs prosthetic wrist, from both mechatronic and control perspectives [2].
The design aims at mimicking the ability of the intact human wrist during ADLs, in combination with our
underactuated prosthetic hand Hannes [3]. The control exploits pattern recognition (PR) techniques to enhance both
naturalness and intuitiveness of the multi-DoF prosthetic device. We provide a comprehensive overview of the project,
starting with system requirements and then detailing the mechanical and control design. The experimental results and
potential impact of the device in prosthetic applications are discussed, along with suggestions for future developments.

MATERIALS AND METHODS

The development of a prosthetic wrist device with 2 DoFs, incorporating flexion-extension (FE) and pronation-
supination (PS), followed a user-centred design approach. We initially aimed at extracting the functional requirements,
in terms of range of motion, torque, speed, robustness, anthropomorphism, weight, total length, and control latency.
However, literature lacks valid estimates about wrist torque and speed during healthy subjects ADLs. Therefore, we
conceived an experimental method to extract this information statistically. To estimate maximum power consumption
requirements, we derived an average of 411 hand movements per day and set a worst-case of 1:1 ratio between hand
and wrist movement from our previous clinical evaluation with Hannes [4]. Given the requirements, we designed a
serial and modular mechanical architecture, creating two separate FE and PS wrist mechanism, with space to
accommodate a standard Ottobock quick disconnect mechanism with electrical slipring, to transfer power and
communicate to the hand. This modular design allows flexibility and compatibility with the existing prosthetic system,
adapting to various amputation types and lengths. The FE wrist is designed with anthropomorphism in mind,
minimizing misalignment between mechanical and anatomical rotation axes. Non-backdrivability is prioritized to
prevent excessive battery consumption under static loads: this is achieved via a 3-stage gearbox, with an initial 4:1
planetary stage, an intermediate 2.1:1 spur gear and a final 40:1 worm gear (Figure 1A). This compact design achieves
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82° range of motion (RoM), which is comparable to healthy subjects’ requirements during ADLs. The FE mechanism
has total length of 55 mm and total weight of 211 g. The PS is designed to be hollow shaft, to allow fitting of the
standard slipring. It features a frameless 25 mm PMSM motor integrated with a 100:1 strain-wave reducer. The design
allows the hand prosthesis to be attached and detached by the patient, whilst ensuring a robust connection between
hand and socket. The resulting is an overall length of 65.1 mm and a 43 mm diameter (Figure 1D). From the control
point of view, we exploited a previously developed, EMG based, Pattern Recognition control strategy, using
Nonlinear-Logistic Regression (NLR), allowing users to control wrist PS, FE, and hand open and close in real-time
[5, 6]. The control architecture presents two main layers: the joint selection layer, extracting from the NLR the
classification of the action according to user intention and a joint control layer, computing the position references
according to the RMS of EMG signal intensity. In this implementation, 6 standard dry surface EMG prosthetic sensors
are used, to ensure compatibility with patient prosthetic socket.
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Figure 1. Wrist FE: A) Schematical representation of the adopted mechanism; B) Computer-aided design of
the wrist device; C) Actual representation of the wrist device. Wrist PS: D) Schematical representation of the
adopted mechanism; E-F) Computer-aided design of the wrist device; G-H) Actual representation of the wrist
device.

RESULTS

We implemented a three phases testing methodology for assessing the prosthetic device capabilities [2]. In the
dynamic tests phase, we aimed at estimating the mechanical bandwidth of the wrist actuators, applying a sequence of
sinusoidal speed references from 0.25 to 4.5 Hz, resulting in 1 Hz for wrist PS and 2 Hz for wrist FE at -3dB in the
complete Range of Motion. We performed then an able-body kinematics assessment, to extract the wrist speed profiles
from healthy subjects during ADLs. The ROM and speed profiles were compared to the prosthetic wrist capabilities,
simulating loads in realistic scenarios with the prosthetic wrist, such as lifting a heavy sphere of 532 gr in flexion and
extension or pouring water from a 300 g jug with 500 ml water. Results showed a maximum torque of 5.27 Nm for
PS joint during the glass jug pouring task and 2.38 Nm for FE joint during lifting of a heavy sphere, which were below
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the maximum torque achievable by the actuators. The maximum speeds during healthy ADLs of 38.7 rpm for PS and
23.4 rpm for FE were extracted statistically from the data and compared with the maximum actuators’ speeds, resulting
in a superior performance of the mechanical wrist. Finally, we evaluated the PR control strategy with 10 healthy
subjects and 3 mono-lateral amputees during ADLs. Written informed consent was obtained under the guidelines and
approval of Bologna-Imola ethical committee (CP-PPRAS1/1-01) prior to conducting the experiments. An example
of the EMG signals used to train the PR model is graphically represented in Figure 2. Preliminary results showed a
good class separation and pattern discrimination, decoding the user intention and executing wrist movements in a
repeatable manner at 300Hz. Since the control algorithm runs directly in the embedded control electronics, the
resulting system is wearable and anthropomorphic, paving the way to the usage in a real clinical scenario. Moreover,
we assessed power consumption in the worst case of 500 combined average wrist and hand movements, considering
a 16 hours consecutive daily use, achieving a 56,2 % average battery usage with a small 11,1V, 2.5Ah prosthetic
battery pack.
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Figure 2: Representation of the 6 EMG signals used during the training of the Pattern Recognition model to
control the 3 DoFs Hannes prosthetic system.

155



MEC24

Figure 3: Time representation of a patient using the Hannes prosthesis during ADLSs. Preparation of the wrist
configuration to grasp an object (1), reaching the spherical object (2), adjusting the wrist FE to comfortably grasp
the object (3), extend the wrist to place the object on the table (4), adjust the wrist PS to grasp a vertical object (5),
adjust the wrist PS to place the object horizontally on the table (6).

DISCUSSIONS AND CONCLUSIONS

We introduced a prosthetic wrist with 2-DoFs [2], combined with the poly-articulated Hannes hand prosthesis
[3], and evaluated its efficacy as a practical substitute for the natural counterpart. To achieve this goal, we conducted
a variety of tests and validations: results show that this novel prosthetic system could mimic human movements and
achieve satisfactory range of motions and mechatronics capabilities, providing potential benefits to patients due to an
enhanced wrist dexterity. Statistical analysis confirms the 2-DoFs wrist's speed and torque performance exceeds
average natural task requirements. We used the artificial wrist in combination to a machine learning based multi-DoFs
control strategy, achieving low latency and a good usability, enabling an efficient control of wrist movements.
Additionally, the compact prosthetic design promotes the overall anthropomorphism of the prosthesis, with a low
impact on the energy budget. The promising results and performances pave the way for future studies to assess long-
term use, robustness, and usability in clinical and at-home scenarios. As an example, Figure 3 illustrates a timeline
depicting two distinct grasping scenarios that necessitate the utilization of the two DoFs in the wrist. The subjects in
the study employed the PR model [5] to control the 3 DoFs of the prosthetic device during ADLSs. In particular, the
amputee was tasked with grasping and positioning both a spherical object and a vertical object using the developed
prosthetic device. Notably, our observations indicated minimal compensatory movements at the shoulder level. The
mechatronic system will enable usage of other advanced control strategies, including artificial intelligence, and has
the potential for adaptation to trans-humeral prosthetic solutions, broadening its applicability.

ACKNOWLEDGEMENTS
This work was supported by the Istituto Nazionale Assicurazione Infortuni sul Lavoro, under grant agreements

PPR AS 1/1 and PR19-PAS-P1. The Open University Affiliated Research Centre at Istituto Italiano di Tecnologia
(ARC@IIT) is part of the Open University, Milton Keynes MK7 6AA, United Kingdom.

REFERENCES

[1] A. Marinelli et al., "Active upper limb prostheses: A review on current state and upcoming breakthroughs,”
Progress in Biomedical Engineering, vol. 5, no. 1, p. 012001, 2023.

[2] N. Boccardo et al., "Development of a 2-DoFs actuated wrist for enhancing the dexterity of myoelectric
hands," IEEE Transactions on Medical Robotics and Bionics, 2023.

[3] M. Laffranchi et al., "The Hannes hand prosthesis replicates the key biological properties of the human hand,"
Science Robotics, vol. 5, no. 46, p. eabb0467, 2020, doi: 10.1126/scirobotics.abb0467.

[4] M. Semprini et al., "Clinical evaluation of Hannes: measuring the usability of a novel polyarticulated
prosthetic hand,” in Tactile Sensing, Skill Learning, and Robotic Dexterous Manipulation: Elsevier, 2022,
pp. 205-225.

[5] D. Di Domenico et al., "Hannes Prosthesis Control Based on Regression Machine Learning Algorithms,"
presented at the 2021 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS 2021),
2021.

[6] F. Egle et al., "Preliminary Assessment of Two Simultaneous and Proportional Myocontrol Methods for 3-

DoFs Prostheses Using Incremental Learning,” in 2023 International Conference on Rehabilitation Robotics
(ICORR), 2023: IEEE, pp. 1-6.

156



MEC24

A TAXONOMY FOR COMMERCIALLY AVAILABLE
MYOELECTRIC TERMINAL DEVICES

Eric J. Earley, PhD'?, Cristina Piazza, PhD?, Kristi L. Turner, DHS, OTR/L*
'Bone-Anchored Limb Research Group, University of Colorado, Aurora, CO, USA
’Department of Orthopedics, University of Colorado School of Medicine, Aurora, CO, USA
3Department of Computer Engineering, Technical University of Munich, Germany
“Center for Bionic Medicine, Shirley Ryan AbilityLab, Chicago, IL, USA

ABSTRACT

The number of myoelectric prostheses available commercially has grown rapidly in the past decade, displaying a
range of design philosophies and capabilities. As a result, the terms “myoelectric prosthesis,” “bionic hand”, or
“multifunction prosthesis” commonly used to describe such devices fail to account for these different prosthetic
designs. Here, we propose a myoelectric prosthesis terminal device taxonomy, which aims to describe the full span of
prosthetic designs. We then categorize commercially available myoelectric prosthetic terminal devices to identify the
subset of categories most frequently represented in the market, thereby expanding the ability to perform cross-study
comparison and meta-analysis of myoelectric prosthesis performance.

INTRODUCTION

For people with limb loss or limb difference, myoelectric prosthetic hands represent the current standard of
prosthetic care. While some prostheses are capable of only rudimentary opening and closing, reminiscent of the body-
powered prosthetic hooks available throughout the 20% century, other modern “bionic” prosthetic hands are capable
of emulating more complex hand movements, with features including thumb adduction and independent finger
actuation. The number of myoelectric prosthetic hands entering the market has increased drastically in the past decade
[1,2]. While this provides a wealth of options for those with limb loss and limb difference, it also presents a challenge
when it comes to comparing the capabilities of each hand, especially with respect to their degrees of freedom.

With the increased flexibility and versatility of these modern myoelectric prosthetic hands, the previous
classifications of opening and closing the hand were insufficient to describe the new grasping styles that are now
possible. There was a need for a grasping taxonomy which strove to classify the nearly infinite combinations of finger
and hand positioning in a manageable number of prehensile patterns which are commonly used throughout daily life
[3]. Related work near the end of the 20" century, namely the development of the Cutkosky grasping taxonomy [4]
and postural synergy analysis [5], served as a foundation and inspiration for identifying the common grasp which
multifunction prostheses would strive to mimic. While the control of individual fingers of a prosthetic hand can be
done within research settings [6], most multifunction instead implement a subset of these grasping patterns as
“presets”, available for the user to access via pattern recognition control [7], gesture control, or a mobile app. These
grasping styles subsequently influenced the development of several standardized outcomes to be able to characterize
the benefits of the additional mechanical complexity (and cost) of these devices. For example, the Southampton Hand
Assessment Procedure (SHAP) requires its various tasks to be performed using six specific grasps [8]. However, the
ability for a prosthetic hand to achieve any of these grasps is wholly dependent on its mechanical design and its
available degrees of freedom.

Given the vast difference in grasping capabilities across devices which share the label “myoelectric prosthesis,”
and the ever-expanding number of myoelectric prostheses available on the market, there is a clear need for a taxonomy
which can categorize these devices based on their common functionality and their mechanical degrees of freedom.
Thus, in this paper we propose such a terminal device taxonomy with two aims. First, we aim to describe the full span
of possible prosthetic designs, such that any myoelectric prosthetic hand can be clearly classified. Second, we aim to
perform a market analysis of commercially available myoelectric prosthetic terminal devices, to categorize these
prostheses according to the proposed taxonomy, and to identify the most common categories. By identifying the subset

157



MEC24

of categories most frequently represented in the market, we aim to expand the ability to perform cross-study
comparisons and meta-analysis of myoelectric prosthesis performance according to common functionality, rather than
grouping study outcomes by a growing list of individual devices.

METHODS r ‘ N
Handlike
The genesis for creating the Terminal Devices No Thumb Adduction ?
terminal device taxonomy arose [ Coupled Fingers Isolated Fingers
during conversations regarding the Non-Handike oA - A4 )
development of a data entry sheet for — N : ~
the Assessment of Capacity for eI Manuatihbimbiadetietion _
Myoelectric Control (ACMC) [9], L J Coupled Fingers Isolated Fingers
W}éjcrein e\}ilaluators }quuld be askbeq to [ Toin@umsiten | ) cd-A4-4-2-0
indicate the prosthetic setup being Bass S - ~
used. In earlier iterations of this sheet, ) < Foeret T sielon
evaluators could select from a small Multiple Opposition [ Coupled Fingers
number of myoelectric prosthetic L ) oo )
2/

hands commonly used in research.
However, when revisiting this sheet
for current use, we noted that it would
become cumbersome to list every type
of prosthetic hand; furthermore, doing
so would also require frequent updates
for the sheet to stay up-to-date with the
latest technological developments.
Instead, developing a smaller list of prosthetic hand categories that can broadly differentiate between the different
types of myoelectric prostheses would both reduce the complexity of filling out the sheet for the evaluator, and also
future-proof the list against requiring frequent updates to account for new prosthetic hands entering the market or
research space.

Figure 1: The proposed terminal device taxonomy features two higher-
order taxa, Handlike and Non-Handlike, determined by the appearance
and function of the device. Each higher-order taxon is further separated
into several lower-order taxa. Icons within each taxon represent the
number of commercially available prostheses categorized accordingly;
taxa with greater representation are colored darker.

Development of the Taxonomy

Thematic analysis of common commercially available myoelectric prostheses provided a foundation for the
taxonomy. We noted three broad categories that we wanted to account for in the taxonomy: prosthetic hooks and
grippers, simple (open/close) prosthetic hands, and multifunction prosthetic hands. Next, particular focus was paid to
grouping the different types of multifunction prosthetic hands, in which we noted two dimensions of categorization:
thumb adduction and finger coupling. Finally, through a review of commercially available and research prostheses,
we iterated upon the taxonomy as flaws were discovered which failed to categorize a prosthetic design.

The full taxonomy is shown in Figure 1. The following sections introduce the two overarching taxa
(categorizations), followed by their unique lower-order taxa.

Non-Handlike Terminal Devices

Non-handlike terminal devices are prostheses which do not seek to emulate the appearance or function of the
human hand, but instead performs grasping actions through other configurations. Non-handlike terminal devices can
be separated into three categories:

Twin opposition: two opposing surfaces are used to grasp objects, such as the traditional split-hook design.
Multiple opposition: three or more opposing surfaces are used to grasp objects. Designs often take inspiration
from industrial grippers.

e Non-opposition: objects are handled without opposition, instead employing other mechanisms such as suction or
wrapping around the object.

Handlike Terminal Devices

Handlike terminal devices are prostheses which seek to emulate the appearance of the human hand, and to varying
degrees emulate the natural function and degrees of freedom of the hand. Handlike terminal devices can be categorized
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across two dimensions of mechanical degrees of freedom.

describing the ability of the prosthetic thumb to adduct:

First, devices can be separated into three categories

e No thumb adduction: the thumb is positioned in an abducted position, suitable for palmar grasping. It may flex,
but cannot be rotated into an adducted position for lateral grasping.
e  Manual thumb adduction: the thumb can be positioned in an abducted or adducted position, but must be rotated

manually. Thumb flexion is still powered.

e Powered thumb adduction: thumb flexion and adduction are both powered.

Second, devices can be separated into two categories
describing the coupling or independence of the prosthetic
fingers:

e Isolated fingers: all five fingers are mechanically
independent and could theoretically be adapted to
actuate individual fingers, even if the fingers are
normally controlled to move together (e.g. if using
grasp-based pattern recognition).

e Coupled fingers: some or all fingers are mechanically
coupled, such that they cannot be actuated
independently.

Taxonomic Categorization of Commercially Available
Prosthetic Terminal Devices

A list of commercially available prosthetic terminal
devices is provided in Table I. The list was populated using
an online database [10] supplemented by the authors’
knowledge of devices that were omitted from the database.
In total, 30 prosthetic terminal devices were identified;
devices created only for research purposes, which are not
commercially available, are not included.

RESULTS

Of the 30 identified commercially available prosthetic
terminal devices, the majority (25) are handlike in design,
and half (15) feature powered thumb adduction. Of these,
most (12) feature isolated finger actuation, indicating the
general trend for multifunction hands over the past decade.
Although every hand with no thumb adduction or manual
thumb adduction had coupled and isolated fingers,
respectively, there was a subset of hands with powered
thumb adduction and coupled fingers. This is likely
intended to reduce the number of motors via underactuation,
relying on the fact that prominent grasping synergies
typically involve some degree of finger coupling [5].

DISCUSSION

Overall, we identified five categories which describe
the commercially available prosthetic terminal devices:

¢ Non-handlike terminal device
e  Hands without thumb adduction

e Hands with manual thumb adduction
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Table I: Taxonomic Categorization of Commercially
Available Prosthetic Terminal Devices

Non-Handlike Terminal Devices

Fillauer MC Standard ETD Twin opposition
Fillauer ProPlus MC ETD Twin opposition
Fillauer ProPlus MC ETD2 Twin opposition
Ottobock AxonHook Twin opposition
Ottobock Greifer Twin opposition

Handlike Terminal Devices A;Z:cmtil:m Ciil;%fzg
Aether Biomedical Zeus Hand Manual Isolated
Atom Limbs Atom Touch Powered Isolated
BionIT Labs Adam’s Hand Powered Isolated
BrainRobotics Prosthetic Hand Powered Isolated
COVVI Nexus Hand Powered Isolated
Fillauer MC ProPlus Hand None Coupled
Makers Hive KalArm Manual Isolated
MaxBionic MeHand Powered Isolated
Mobius Bionics Luke Arm Powered Coupled
Motorica Manifesto Hand Powered Isolated
Open Bionics Hero Arm Powered Isolated
Ossur i-Limb Access Manual Isolated
Ossur i-Limb Ultra Powered Isolated
Ossur i-Limb Quantum Powered Isolated
Ottobock bebionic Hand Manual Isolated
Ottobock Michelangelo Hand Powered Coupled
Ottobock MyoHand VariPlus Speed None Coupled
Ottobock SensorHand Speed None Coupled
OYMotion OHand Manual Isolated
Prensilia MiaHand Powered Coupled
Psyonic AbilityHand Powered Isolated
Robo Bionics Grippy None Coupled
TASKA Hand Gen2 Powered Isolated
Unlimited Tomorrow TrueLimb None Coupled
Vincent Systems Vincent Evolution Powered Isolated
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e  Hands with powered thumb adduction and coupled fingers
e Hands with powered thumb adduction and isolated fingers

The proposed taxonomy shown in Figure 1 features several taxa which are not commercially represented. We do
not recommend including these in the list of categories above, however we believe their presence in the taxonomy
represents the possibility of prosthetic terminal device design. Indeed, examples of each of these taxa may be found
in the literature, and have simply not been developed into a commercial product.

For handlike devices, a case can be made for the inclusion of semi-coupled fingers as a new taxa, which refers to
devices where some, but not all, fingers are coupled. For example, the Mia hand couples the middle, ring, and little
fingers, but the index finger actuates independently from these three fingers. However, for the purposes of a concise
categorization listed above, we grouped all hands were finger coupling.

One aspect which is not considered in this taxonomy is the method used to control a prosthesis. For example, in
a recent study, a prosthesis with fully isolated fingers (Ottobock bebionic) was set up to couple the middle, ring, and
little fingers as one unit, and to control the index and thumb flexion independently [6]. The taxa for coupled and
isolated fingers represent the limits of prosthetic function; A prosthetic hand designed with the ability to move fingers
independently (isolated fingers) can be adapted to move them together (coupled) using the control system. However,
a hand originally designed to move fingers only together (coupled) cannot be adapted to control the fingers
independently.. For grasp-based pattern recognition, depending on the grasps available to the user, the distinction
between coupled and isolated fingers may disappear, in which case the categories listed above could be further reduced
from five to four.
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ABSTRACT

Research into upper-limb prostheses is often limited by access to prosthetic sockets, each custom-fitted by a
prosthetist. Many technological advances in upper-limb prostheses come from engineering focussed labs.
Unfortunately, with a global shortage of prosthetists, often, these labs cannot rely on access to a prosthetist to support
experimental work, making it hard to undertake quality research reflective of clinical realities. We propose a process
to replicate the internal shape of a clinical standard prosthetic socket and facilitate broader access to more
representative research. Our proposed method uses a combination of silicone, alginate, and plaster. This proof-of-
concept study demonstrates that the proposed new approach is feasible and accurate. This technique will facilitate
improvements in the assessment of prosthetic technologies. The process is non-destructive, thus also opening
opportunities for socket design and electrode placement research with the removal of confounding factors relating to
socket shape. Improving access to prosthetic sockets for research purposes will undoubtedly have international impact.

INTRODUCTION

Studies requiring socket manufacture are often small, recruiting only people local to the research team/clinic.
Manufacture of bespoke sockets on a larger scale is costly and puts excessive strain on an already stretched clinical
service. Without a feasible and accurate approach to socket creation, many technical initiatives such as take-home
training, real-world monitoring, and large-scale pattern recognition studies remain extremely challenging to deliver.
We present a proof-of-concept for a socket replication process, which can be undertaken without a prosthetist present.

This research was in part inspired by the drive to upscale upper-limb prosthetics research to increase its impact
[1]; one approach being to move research out of the lab and take it directly to participants. In cases where a bespoke
research prosthesis is needed, this will require a mobile socket fitting process. Even where labs are fortunate enough
to have access to in-house or local prosthetists, it is unlikely they will have capacity to spend significant time travelling
to participants’ homes; consequently, an alternative approach to socket manufacture is required.

One option is to replicate a participant’s existing socket shape. Physical replication techniques are sometimes
used clinically [2]; however, in all cases we could identify, the replication process is poorly documented, sometimes
destructive, and mould removal can be difficult with narrow or long upper-limb sockets. The authors were also unable
to identify any validation studies of such approaches. Photogrammetry, to digitally replicate internal socket surfaces,
has been shown to have some success for lower-limb sockets [3], however, as an upper-limb socket is smaller and
usually bent at the elbow, line-of-sight can be obstructed.

A reliable and accurate socket replication process would have wider impacts beyond simply enabling research
studies to reflect clinical realities. Socket design and manufacture is rarely documented [4]. In the absence of a
validated socket replication method, controlled studies of the impact of socket shape and local physical attributes,
such as mechanical compliance, on fit and comfort are difficult to deliver. This is because the nature of casting means
that no two sockets manufactured for a person will be the same.

Here we demonstrate the feasibility of accurately replicating a prosthetic socket’s shape without damaging the
original. A case-study is provided, using a myoelectric socket to demonstrate accurate capture of both socket shape
and precise electrode position. This is key to the performance of the resulting prosthesis.

METHODOLOGY

Limbtex Limbcopy Silicone, Platsil Gel Silicone, and alginate were evaluated as materials to capture the negative
mould from the socket. Our proposed approach uses the Platsil Gel Silicone which was easiest to work with and kept
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its shape well for a prolonged period. We also trialled both full-fill and layer coating techniques; our proposed
approach combines the compressibility and ease of extraction associated with the layer coating with the structural
benefits of the full-fill.

Initial preparation of the socket involved covering the electrodes and any holes/rivets with Tegaderm film bandage
to avoid damage or leakage of the moulding agent into the void between the inner- and outer- socket. A tape collar
was built up above the socket trim lines. We added a tube into the mould ensuring it filled as much of the void as
possible without touching the edges of the socket: Note that, to make it easier to remove later, the tube can be wrapped
in a layer of clingfilm. The mould was then filled with silicone and left to cure. Once cured the tube was removed
allowing the mould to be compressed and displaced from the socket walls. The tube was then re-inserted into the
mould after extraction to ensure the shape was maintained. We recommend using Platsil Gel00 (a softer silicone) for
ease of mould extraction although we have tested this method with different Shore hardnesses (A25-0030).

We converted the silicone negative (Figure 1a) into plaster (Figure 1b) via an alginate positive. As there is a risk
of compound error, it is important to carefully avoid changes in the shape of the mould between steps. The plaster
negative was carefully smoothed down to remove any bumps from bubbles in the alginate whilst avoiding any change
in the shape or volume. The area above the trim lines was tidied so as not to tear the bag during lamination.

As can be seen in Figure 1, the electrodes leave an impression in the mould. When traditionally manufacturing a
myoelectric prosthetic socket, electrode dummies are used. These are thinner than an electrode and designed to sit flat
against the mould. To manufacture the clone socket these same electrode dummies are used, therefore the electrode
indent must be infilled, restoring the shape in this area to match the mould for the original socket. The position of the
electrodes needs to be identical for the replica sockets and original, so a plaster replica of the electrode was created
via a silicone mould (Figure 1c). The depth of the plaster electrode was matched to the difference between the electrode
and the dummy. The quality of the moulding process means that the plaster electrode could be easily aligned with the
original electrode position by lining up the imprints of the metal contacts (Figure 1d). The web created by the
protective Tegaderm must also be backfilled. To ensure the infill accurately reflected the original shape, the wet plaster
was smoothed to the line of the plaster electrode and existing socket negative using a tongue depressor (Figure 1e).
The plaster electrode was also coloured to help locate the dummy.

Once complete, the plaster mould was provided to prosthetics technicians to manufacture a prosthetic socket using
their traditional approach to manufacturing a laminated socket.

To assess whether the clone socket accurately replicated the original, 3D scanning was used (Einscan-Pro 3D
scanner). As it is difficult to accurately capture the internal shape of an upper-limb socket due to the small size and
likelihood of occlusions, a silicone negative mould from the original socket was compared to another negative silicone
mould from the clone socket. The alignment between the scans was assessed using CloudCompare software (v2.12.2).
The meshes were aligned and the distance between the meshes computed using the ‘cloud-to-mesh’ function.

RESULTS

When comparing the silicone negative of the clone socket to the silicone negative of the original socket, the mean
distance between points was 0.16mm (standard deviation 0.38mm). A positive difference suggests the clone is outside
of the original reference scan (volumetrically larger), whilst a negative difference suggests the clone is inside
(volumetrically smaller). Figure 2 shows a histogram of the distances between the sockets and highlights top right the
areas where the difference was greater than Imm. There are small areas on the posterior aspect of the socket and at
the edge of the electrodes where the clone is 1-2mm larger than the original. Around the edge of the electrodes this
will be caused by a new web being created by the Tegaderm which will not align perfectly with the original web.
What is important to note is that the metal contacts of the electrode show very little error between the two moulds
(<0.5mm) as shown in the close-up bottom right.

DISCUSSION

This study shows the recommended socket replication technique to be highly accurate. Although it has not been
assessed quantitatively, we anticipate this technique will generate a significantly more accurate replica than a new
socket manufactured from scratch using traditional casting or scanning techniques.

By removing the requirement for several socket iterations, this technique offers significant time, cost, and labour
saving to researchers, technicians, and participants themselves. The process of taking the silicone mould may not be

162



MEC24

quicker than casting due to curing time, however, only the prosthesis is required, thus freeing the participant up to
continue with their activities. Most importantly, this process can easily be taken to the participant, without the
requirement for a prosthetist. With the confidence that the final socket will fit, it also becomes more feasible to post
sockets and moulds between labs [5].

This socket replication process can facilitate take-home trials of instrumented prostheses, thus opening a new
opportunity to understand the impact of various factors relating specifically to socket fit. Additionally, by
manufacturing sockets matching those prescribed clinically we can assess a range of socket types, originally
manufactured by a broad pool of clinicians, rather than by one or two clinicians affiliated with the research, thereby
reducing the risk of unconscious bias. These factors should all increase confidence in the validity of results. As the
recommended process does not destroy or damage the original negative mould, this technique also opens new
opportunities for us to evaluate socket design. We can manufacture several matching sockets with subtle changes,
such as adjusting electrode positions or changing wall thickness. Additional electrodes may be added to form arrays,
facilitating more applied pattern recognition research. Further, we can explore the impact of manufacturing the socket
using emerging materials. By producing these sockets from identical plaster moulds, we can reduce the confounding
factors in research.

CONCLUSION

This case study, focussing on an upper-limb myoelectric prosthesis, has demonstrated that the proposed new
approach to replicating a clinical prosthetic socket is feasible and accurate (mean difference 0.16 mm). The non-
destructive method involves shape capture using silicone and conversion into a plaster mould via alginate. This new
method will facilitate the development of research prostheses without the requirement for an on-site prosthetist,
opening up more opportunities for prosthetics research representative of the clinical realities. In addition, with an
increased interest in real-world prosthetics research, this technique will enable engineering focussed labs to develop
take-home versions of new technologies allowing exploration of the real-world practicalities of developments in
prosthesis control. With the cost of novel prosthetic technologies increasing, funders require increased evidence of
clinical and cost effectiveness. To generate this evidence base, research must represent the clinical population and
their real-world use of their prostheses. This socket replication technique brings these studies a step closer to
feasibility. Although the example socket presented here includes electrodes, this method would be similarly suitable
for a non-myoelectric socket.
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Figure 1: Examples of mould making process. (a) Silicone negative mould produced from original socket. (b)
Smoothed plaster negative mould produced from silicone negative via an alginate positive. (c) A plaster electrode
infill, shaped to match the front of the electrode, and at a thickness which when combined with the thickness of the
dummy, matches the electrode. This is placed into the recess in the socket (d), seated in the correct location by the
shaping from the metal electrode contacts, and coloured in to mark its position. The void around the edge is filled
with wet plaster and flattened so as not to adjust the shape of the socket itself (e).
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Figure 2: Histogram showing the distribution of Cloud to Mesh (C2M) distances (in mm) between the mesh of the
silicone mould taken from the original socket and the mesh of the silicone mould taken from the replica socket. A
positive difference indicates that the surface of the replica lies outside of the original reference scan, whilst a
negative difference indicates the opposite. Top right any distances greater than 1mm can be seen highlighted on the
socket. The discrepancy around the electrodes can be attributed to the Tegaderm web, but as can be seen bottom
right, there is almost no discrepancy in the positioning of the electrode contacts.
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DESIGNED FOR ADDITIVE MANUFACTURING: UPPER LIMB PROSTHESES

Chris Baschuk, MPO, CPO, FAAOP(D)
Point Designs, LLC

ABSTRACT

To mitigate high levels of prosthesis abandonment for upper limb difference individuals, new manufacturing
methods and techniques, including additive manufacturing (AM), and the principles of design for additive
manufacturing (DfAM) can be employed to improve the weight, bulk, comfort, and heat dissipation of upper limb
prostheses. This project demonstrates how the principles of DFAM can be applied to upper limb prostheses to address
each one of these specific areas. This case study of the design, development, and production of a shoulder
disarticulation prosthesis not only exemplifies the practical application of AM in creating more effective and user-
friendly prosthetic devices but also highlights the importance of material innovation in solving complex challenges.
As this technology continues to evolve, it holds the promise of further breakthroughs in prosthetic devices, offering
hope and improved quality of life for individuals with amputations. The success of this prosthesis underscores the
transformative potential of combining advanced materials like PA12 and TPU with the precision and flexibility of
additive manufacturing, paving the way for the next generation of prosthetic development.

INTRODUCTION

Additive manufacturing (AM), commonly known as 3D printing, is revolutionizing the field of prosthetics and
orthotics. Unlike traditional methods which often require molds, casts, and extensive manual labor, additive
manufacturing provides a more streamlined, customizable, and cost-effective approach [1]. There are three distinct
areas in which additive manufacturing offers additional advantages over traditional prosthetic fabrication processes
such as laminations and vacuum forming (Table 1).

Table 1: Benefits of 3D printing in prosthetic design and fabrication

Category Benefits

Expansive array of materials, from flexible thermoplastics to strong polymers.
Materials Ability to layer or combine materials for desired textures, flexibility, and strengths.

Nuanced material choices tailored to user needs.

Precise tailoring to the user's anatomy using digital software.
Desi . . . . .
Fl::igbnility Incorporation of advanced features like lattice structures for weight reduction.

User-driven designs with aesthetic and functional preferences.

Customizability inherent in layer-by-layer additive manufacturing.

Ability to create complex structures unachievable with traditional methods.

Manufacturing

Methods Precise control over prosthetic socket wall characteristics.

Digital simulation and validation prior to physical production.

Ease of adjusting designs.

165



MEC24

The success of a prosthesis hinges on the proper integration of materials, design, and manufacturing methods by
the prosthetist. When balanced, these components yield a prosthesis that harmoniously merges technology with the
user's daily life.

BACKGROUND

There are multiple compounding factors that can result in a high rate of prosthesis abandonment for individuals
with upper limb loss or differences. These factors may include any, or a combination, of the following: excessive
weight of the prosthesis, excessive bulk of the prosthesis to accommodate prosthetic components, lack of adequate
heat dissipation, improper fit, and inability to perform the desired functionality [2]. The more proximal the amputation
is on the arm, the greater the likelihood that this abandonment will occur [3][4]. There have been advances in prosthetic
socket design and trim lines over the course of the past 20 years that have been meant to address some of these issues
however these designs have still relied on the traditional fabrication methods of thermoforming plastic, custom silicone
fabrication, and performing composite laminations. These processes are well described and understood within the
prosthetic and orthotic profession. An externally powered shoulder level prosthesis requires a significant amount of
clinical time and technical labor to produce. The process to construct a definitive shoulder level prosthesis from the
diagnostic phase requires the design and fabrication of a flexible interface, a rigid frame type socket, a shoulder
bulkhead, a humeral section, and a forearm section. Special care needs to be undertaken to maintain the alignment of
the modular components in 3D space with respect to the socket. This requires the creation of special jigs and fixtures
to accomplish. Not all prosthetic clinics have the capacity to perform this level of involved fabrication in their own
facilities and therefore often rely on outsourcing this process. The definitive fabrication process for a shoulder level
prosthesis can take several days or more to complete depending on the requirements and complexity of the design.
Once the definitive prosthesis is completed, any adjustments or changes to the overall design and function of the
prosthesis are very limited without having to completely redo the fabrication process.

METHODS

To address the five above-described contributing factors to prosthesis abandonment, the principles of design for
additive manufacturing (DfAM) were applied to the design and production of a revolutionary multi-material shoulder
disarticulation prosthesis. Through the application of DfAM, a shoulder level prosthesis was able to be produced that
relied on well-established socket design principles [5], but that utilized new methods and materials to further improve
upon the design. Additionally, a digital semi-automated workflow was created in the process of the design and
development of this shoulder disarticulation prosthesis that allows these same techniques and principles to be easily
applied to all other levels of upper limb amputations. The production process is streamlined, reducing the time and
labor traditionally required to create a prosthetic. This efficiency not only makes the prosthetic more accessible but
also opens the door for iterative design improvements based on user feedback, ensuring that the prosthesis continually
evolves to meet the needs of its users more effectively [6].

This innovative approach leveraged the distinctive capabilities of additive manufacturing to address and overcome
the longstanding challenges associated with conventional prostheses, including bulkiness, weight, discomfort, and the
complexity of fabrication. Designed for a patient in Canada aiming to return to work as a commercial truck driver,
this prosthesis highlights the potential of using specific materials and modern manufacturing techniques to enhance
user comfort, functionality, and acceptance.

To address the weight, bulk, comfort, and heat dissipation of the prosthesis it was determined that a combination
of PA12 (Polyamide 12) and TPU (Thermoplastic Polyurethane) would be the most appropriate materials. PA12 is
known for its exceptional strength, rigidity, and resistance to many chemicals and abrasion, making it an ideal choice
for the structural components of the prosthesis. Its use ensures durability and longevity, critical for a prosthetic that
must withstand daily wear and tear. TPU, on the other hand, offers flexibility and resilience, qualities essential for
parts of the prosthesis that require movement or are in direct contact with the user's skin. The combination of PA12
and TPU, each selected for their specific material properties, enables the creation of a prosthesis that is both strong
and comfortable.

The main socket and inner flexible portion of the prosthesis are comprised of lattice structures as much as possible.
A honeycomb lattice structure was selected for its strength as well as the ability to reduce the overall material volume
required for the prosthesis by 50%. This ultimately reduces the weight of the prosthesis by 50%, the material
consumption needed for the prosthesis by 50%, and therefore the overall cost to print the components of the prosthesis
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by 50%. This choice in design and materials reduced the surface area of the body covered by the prosthesis by 50%
because the perforations in the lattice on the inner flexible and the rigid outer frame are perfectly aligned.

Utilizing the principles of DfAM areas of the prosthesis that were meant to be rigid, such as the areas over the
electrodes were able to be kept rigid while areas of the prosthesis that would benefit from having more flexibility were
able to be designed to be more flexible through variable wall thickness. For example, the area around the shoulder
girdle was kept more rigid whereas the area around the ribs was allowed to be more flexible. This allowed the
prosthesis to better move with the user's body (Figure 1).

Figure 1: Images from left to right: outside of prosthesis; inside of prosthesis; close up of lattice structure and
TPU overlap of rigid frame; wire organization of pattern recognition system; partially assembled prosthesis.

DISCUSSION

Utilizing AM, the prosthesis is custom fitted to the patient, ensuring a perfect match with their anatomical
structure and functional needs. This technology allows for intricate designs that accommodate the electronic
components necessary for advanced functionality, such as batteries, sensors, and wiring, without adding unnecessary
bulk. Moreover, additive manufacturing significantly reduces the waste associated with traditional prosthetic
fabrication methods, offering a more sustainable solution. This prosthesis utilized a pattern recognition system with
17 individual electrode domes. Because the inner flexible was printed from TPU it allowed for the electrodes and
wires to be embossed into the material which significantly reduced the overall bulk and thickness of the prosthesis.
Because the components of the prosthesis were all digitally laid out prior to the production of the prosthesis, clearances
were able to be confirmed which allowed for the overall thickness and profile of the prosthesis to be kept as minimal
as possible without sacrificing structural integrity. To significantly reduce the bulk along the trim lines the TPU inner
flexible was designed to wrap around the edge of the rigid frame creating a seamless transition.

CONCLUSION

This project not only exemplifies the practical application of additive manufacturing in creating more effective
and user-friendly prosthetic devices but also highlights the importance of material innovation in solving complex
challenges. As this technology continues to evolve, it holds the promise of further breakthroughs in prosthetic devices,
offering hope and improved quality of life for individuals with amputations. The success of this prosthesis underscores
the transformative potential of combining advanced materials like PA12 and TPU with the precision and flexibility of
additive manufacturing, paving the way for the next generation of prosthetic development.
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ABSTRACT

This study explores the transformative impact of 3D printing technology in the field of upper limb prosthetics,
highlighting its pivotal role in customizing prosthetic devices to meet individual needs with precision and efficiency.
Through detailed examination of practical applications ranging from musical playing devices to recreational
implementation, we showcase the versatility of additive manufacturing in enhancing patient outcomes. Despite
potential hurdles such as cost and the necessity for specialized expertise, the evidence underscores the substantial
benefits of 3D printing, including significant improvements in prosthetic functionality, patient satisfaction, and overall
efficiency and effectiveness. Our findings advocate for the integration of 3D printing into prosthetic fabrication,
emphasizing its potential to revolutionize patient care by offering tailored solutions that cater to the unique
requirements of individuals with upper limb differences.

INTRODUCTION

3D printing is a remarkably valuable tool for fabrication of upper limb prosthetic devices that is under-utilized
in many areas. 3D printing is not as media tends to stereotype it as, an enormous cost saving, plug and play solution
to the entire cost and process of prosthetic production. The material and fabrication cost of an upper limb prosthesis
is just a fraction of the entire cost of a fitting [1]. Replacing this with additive manufacturing (AM) makes very little
difference in this front, and if anything, it can increase costs as it requires specialized knowledge to utilize it at all.

The benefits of AM are substantial and include more accurate, repeatable, and higher quality end results, or
devices that aren’t possible with traditional fabrication methods [2], [3]. Time savings are also a benefit in many cases,
where after a design is finished, the operator can work on something else while the product is being printed. Less
waste is generated with AM and is less labour intensive in the long term [2], [4]. AM has the potential to be the means
for many end use applications in the industry today, depending on the type of technology in question. Suitable methods
for use in prosthetics include technologies such as selective laser sintering (SLS) nylon parts or multi jet fusion (MJF),
selective laser melting (SLM) for metal parts as well as direct metal laser sintering (DMLS). Less suitable technologies
for most end use parts really narrows down to the most accessible one, fused deposition modelling (FDM). This is the
most commonly used form of 3D printing portrayed by the media for prosthetic arms, and people often are misled into
thinking a functional prosthesis can be fabricated for just $50 with a printer that costs less than $1000[5] . Considering
that FDM printing is essentially a smart hot glue gun that relies on interlayer adhesion for structural integrity,
regardless of material properties, this makes this application not suitable for truly robust end use applications. FDM
is more suitable for rapid prototyping, fabrication aids, dynamic alignment fixtures, and numerous unique uses that
will be outlined as examples in this paper. Ultimately, since AM is typically not intended for high-volume production,
but very complex and custom small production, it is ideally suited for this industry.

CASE EXAMPLES
The following cases (of which informed consent was obtained under the guidelines and approval of UNB's research
ethics board prior to the study) demonstrate the value of 3D printing in an upper limb prosthetic clinic:

Case 1
Presentation

MS is a 37-year-old male who sustained a workplace injury in 2010 resulting in a transhumeral amputation of his right
arm. He had been an avid musician and was previously in a band as a guitarist before his accident. Since his amputation
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and prosthetic fitting, he has returned to work in a steel plant and has resumed many of his previous hobbies, including
playing bass one-handed with the tapping technique as his fretting hand. He was hesitant to try any other stringed
instrument as he did not want to learn to play in an adapted way. However recently, he inquired about the possibility
of strumming a guitar again.

Treatment

After much discussion about positioning and breaking down the skills required for strumming a prototype
guitar playing device was designed using FDM ABS, and the final versions were manufactured from FDM PA12 CF,
and SLS Nylon12, and utilizing a pin lock liner for suspension. For the diagnostic phase, a 3D printed socket was
made with a ball socket distal arm to determine the best strumming position with a wide range of adjustability. Once
that was determined, a fine adjustment version was made with a solid arm piece in the ideal strumming position and
a TRS guitar pic holder at the terminal end to allow for minor tweaks in pick position. This socket was made as a
topology optimized design in order to reduce as much weight as possible while still maintaining adequate strength and
stiffness.

Qutcome

The outcome from this fitting was a very lightweight but durable device that the patient was very happy to
use. He initially found it awkward to strum using shoulder movement rather than his wrist and hand but felt that with
practice he would improve. He felt a smaller guitar would improve his positioning and give him better control of his
strumming, so we took the trial device to a local music shop to try various sized guitars. See photos. He was able to
trial multiple guitars for shape, size and sound which helped us fine-tune the positioning of the terminal device in the
final design. After using it at home for several weeks, the patient reported that with extended playing times, he was
initially experiencing soreness in his shoulder, though with more practice and repetition and rest, this problem has
lessened. Additionally, a softer custom pick was requested and then fabricated from thermolyn to mitigate the
aggressiveness of less accurate strumming.

Figure 1: custom transhumeral guitar device

Case 2
Presentation

NR is a 6-year-old girl who was born with a transmetacarpal limb difference on her left side. She has equal
length arms to the wrist level and full range of motion in her wrist. She is able to complete most of her daily activities
independently with no prosthesis but has requested an adaptation for several recreational activities such as riding her
bike, holding a skipping rope, and most recently, swimming. She was starting swimming lessons, and her mom was
concerned that she would not be able to swim laps in a straight line because of her smaller hand span in the water.

Treatment

We initially looked at commercial swim paddle products geared to swim training but could not find a suitable
product to fit her small size or that could easily be adapted to remain secure on her hand in the water. Ultimately, we
decided a 3D printed custom device with a pocket for her hand would be the best solution. A scan was taken of her
hand and forearm and the swim paddle prototype was then printed with FDM PETG. PETG was the filament of choice
as it is chemical and UV resistant with a higher heat deflection temperature than other materials. This made it suitable

170



MEC24

for swimming pool and outdoor settings. With inspiration from commercial swim paddles, the design incorporated s
perforations to allow water to move through it and not give complete resistance. The suspension was achieved with a
15-shore silicone strap made from a 3D printed mould that has notches to adjust tightness.

Qutcome

The outcome from this device was well received by NR. She found it comfortable, it helped her with
swimming symmetry during swimming lessons, and she was very proud to show off her special swim mitt in her
favourite colour.

Figure 2: custom partial hand swim paddle

Case 3
Presentation

CG is a 39-year-old female with a left-sided congenital limb difference at the wrist level. She wears a passive
prosthesis daily, mainly for aesthetics. She is independent in all of her daily activities, however she mentioned at a
recent appointment that she was having trouble holding a drumstick when playing the drums at home. She is very
musical and had adapted her method of playing many instruments, but the tape she was using to help hold the
drumstick in place on her residual limb was causing some discomfort and skin irritation.

Treatment

CG asked if we could fabricate a simple device that could help hold the drumstick more securely but that
would still give her some control over the rhythm while drumming. She did not want to wear a hard socket to
accomplish this. We discussed positioning of the drumstick on her limb and options for materials. A trial device made
with FDM TPU. With a long residual limb, this allowed for an abundance of surface area to work with for force
distribution. . The device is a single piece flexible TPU print with an integrated lacing for a boa system to adjust
tightness. The drumstick is friction fit into two sleeves that are 10% infilled to reduce rigidity to give a more natural
hit and rebound on strikes.

Qutcome

The outcome from this trial device was great. The patient was happy with the fit and comfort in the new device
and has been able to continue playing drums more often and for longer sessions with improved comfort and control.
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Figure 3: custom wrist disarticulation drumstick holder

DISCUSSION

These are just a handful of examples of AM use in an upper limb prosthetic clinic setting., AM is also a useful
tool for creating full sockets, forearm shells, cosmetic covers, tools, foundations for lamination, adapters, moulds and
so on. Looking forward, there is a potential to further explore fully 3D printed prostheses with SLS or MJF Nylon,
custom printed metal terminal devices (TDs) with SLM/DLMS metal printing, and 3D printed silicone sockets and
liners. While there are many benefits to these applications, cost savings is not the primary objective. The benefits of
3D printing in prosthetic clinic include material selections, material combinations, weight reduction by material choice
and/or design, and aesthetics.

CONCLUSION

The exploration of 3D printing in upper limb prosthetic clinics reveals a landscape brimming with opportunities
yet marred by underutilization. This paper demonstrates the transformative potential of additive manufacturing in
enhancing prosthetic design, customization, and functionality, while also addressing the challenges of cost and
requisite specialized knowledge. The case examples provided showcase the technology's capability to produce
outcomes previously unattainable through traditional methods, showcasing 3D printing's role in advancing patient-
centric solutions and opening avenues for innovation in prosthetic care. As we navigate the evolving intersection of
technology and healthcare, it is beneficial to further integrate 3D printing into prosthetic fabrication, leveraging its
unique features to meet the complex needs of patients, thereby heralding a new era of personalized and accessible
prosthetic solutions.
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ABSTRACT

This study explores the function of a 2-degree-of-freedom (DOF) prosthetic wrist compared to a single-degree-
of-freedom wrist for people with below-elbow amputation. The study involves five participants who wore a custom-
made 2DOF wrist system and an Ottobock Transcarpal hand, using pattern recognition-based control. Participants did
in-lab tests in two conditions: wrist rotation only and wrist rotation with flexion/extension. Functional outcomes,
including the Southampton Hand Assessment Procedure, Box and Blocks Test, Jebsen Taylor Test, Activity Measures
for Upper Limb Amputees, Clothespin Relocation Task, and Assessment for Capacity of Myoelectric Control, were
measured. Preliminary results show little difference between the two conditions, possibly due to the additional addition
length, mass, or control complexity.

INTRODUCTION

The wrist plays a crucial role in human dexterity, positioning the hand for optimal grasping and facilitating tasks
like reaching the mid-line for self-care. While both hand and wrist function contribute to overall function, a recent
study involving able-bodied subjects revealed an interesting finding: combining a robust two degree-of-freedom
(DOF) wrist function (flexion/extension and rotation) with a single hand grasp is just as effective as pairing a 22-DOF
intact hand with a wrist that only provides rotation.[1]

In the field of prosthetics, many multifunctional dexterous hands are now commercially available, such as the
Bebionic Hand, Ability Hand, i-limb Ultra, and Taska. These devices have the potential to perform several hand
grasps, but their complexity can impact their durability and make them challenging to control. Surprisingly, prosthetic
wrists have seen limited evolution. Currently, there are two powered wrist rotators available from Motion Control and
Ottobock. Only Motion Control markets a powered wrist flexion/extension unit. A major challenge in developing 2-
DOF wrists has been creating a device that is short and lightweight. A further challenge has been controlling additional
degrees of freedom using conventional amplitude-based control systems. New lightweight motors and pattern
recognition—based control have emerged as potential solutions allowing for wrist rotation, flexion/extension, and hand
grasp restoration.

The primary objective of this project is to evaluate the functional importance of a multifunction wrist compared
to a single degree-of-freedom wrist. This was accomplished through in-laboratory testing of a custom designed wrist
system with integrated wrist rotation and wrist flexion and extension. Changes in performance were assessed with
multiple outcome measures that include both quantitative and qualitative testing of prosthesis control and functional
performance. We hypothesize that adding a wrist flexion/extension module to a wrist rotation module and a single-
DOF terminal device will provide improvements in function for transradial amputees.

METHODS

Participants were recruited with a transradial level limb absence and were fit with a custom 2DOF wrist and
Ottobock Transcarpal hand (Figure 1). The custom wrist system allows for 351 degrees of rotation and 100.5 total
degrees of flexion (58 degrees) and extension (42.5 degrees). For each participant, the prosthetic components were
connected to a custom fabricated flexible inner socket and a fiberglass casting outer socket. When possible, an
individual’s home prosthesis was duplicated and modified, if needed, to allow for 8 channels of EMG. For condition
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1, the wrist flexor was disabled and locked in place at a neutral position relative to the hand connection plate. For
condition 2, the wrist flexor was enabled. All degrees-of-freedom were controlled using pattern recognition. The
pattern recognition controller was a custom designed system with 8 channels of EMG input using an LDA classifier.
All participants began with condition 1 (wrist rotation only) and then progressed to condition 2 (wrist rotation and
wrist flexion) to align with how degrees-of-freedom would be added in a clinical scenario.

- Abilitylab

9.46 cm

Figure 1: CAD image of wrist unit (left), participant wearing the prosthesis to complete the Box and Blocks
test (right)

After participants were trained in the use of the system by an occupational therapist, they then completed outcome
testing. These outcomes included the Southampton Hand Assessment Procedure (SHAP), Box and Blocks Test, Jebsen
Taylor Test (total time in seconds for all tasks), Activity Measures for Upper Limb Amputees (AM-ULA), Clothespin
Relocation Task (time to move 3 pins), and Assessment for Capacity of Myoelectric Control (ACMC).[2] Some
participants completed a home trial with the device and repeated outcome testing before proceeding to the second
condition. However, due to delays from Covid-19, not all participants completed home trials. Therefore, pre-home
outcomes are presented for all participants. This study was approved by the Northwestern University IRB and all
participants provided written consent.

RESULTS
Five participants, all with an amputation secondary to trauma, were recruited for this study. All participants had

experience with myoelectric control but did not necessarily utilize a myoelectric prosthesis on a daily basis.
Demographics are presented in Table 1.

Table 1: Participant demographics.

Prosthetic TMR Primary home device at time of participation Age at time of Home trial
side enrollment after
Condition 1/2
P1 Right N Myo with 2-site control: Taska, passive wrist 55 Y'Y
P2 Left Y None: Abandon use 34 Y/N
P3 Left N Myo with 2-site control: Bebionic, passive wrist 28 Y/Y
P4 Right N Body powered: TRS Jaws 40 N/N
PS5 Left Y Equal use of Body powered: 5x hook & Myo with 32 Y/N
Pattern recognition control: Bebionic hand and passive
wrist
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Results of the functional outcomes are presented in Table 2. The results are the average and standard deviation
for the 5 participants for pre-home outcome testing. The SHAP Index of Function is presented (higher scores indicate
improved function). The Jebsen Taylor score is the total time to complete all tasks, summed and in seconds with lower
scores indicating improved function. The AM-ULA is the total score with a higher value indicating a better score.
Higher ACMC scores indicate improved function. The Clothespin Relocation Task result presented is the time, in
seconds, to move 3 pins with 3 trials included per participant; a lower time would indicate faster performance. The
Box and Blocks result is the number of blocks moved in 1 minute, with 3 trials included per person. More blocks
would indicate improved performance.

Table 2: Results of functional testing for the 2 conditions, with and without wrist flexion.
Average and standard deviation shown.

SHAP Jebsen AM-ULA ACMC Clothespin Box & Blocks
WR & WR & WR & WR & WR & WR &
WR® WEF WR WEF WR WEF WR WEF WR WEF WR WEF
269.8 | 268.4
Average 39.60 35.40 5 0 13.33 13.11 55.82 51.06 23.29 23.98 10.33 10.87
Std Dev 6.90 5,01 2537 | 27.63 0.68 0.74 4.54 3.31 2.27 2.79 1.42 1.88

DISCUSSION

Overall results between the two conditions, wrist rotation only and wrist rotation with wrist flexion, are very
similar. Though improvements in the outcomes were expected, the increased mass, length, and control complexity of
the system likely did not allow for faster performance on the timed outcomes (SHAP, Jebsen, Clothespin and Box and
Blocks). Though the addition of wrist flexion may have reduced some compensatory movements, the overall score of
the AM-ULA is based on the multiple factors, including speed, compensation/awkwardness, and skillfulness, which
did not appear to be sensitive to the change in components.

One major limitation is that only 2 of the 5 participants were able to complete all home trials due to delays in the
study from Covid-19. Participants may have had additional improvements in function with this additional time to learn
to use the device in a home environment. However, despite these limitations, the addition of this degree-of-freedom
also did not appear to negatively impact function.
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ABSTRACT

Many assessments used to evaluate prosthetic function primarily emphasize task completion time, overlooking
the assessment of movement quality or the specific degree of freedom (DOF) activated duri