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ABSTRACT

Balance decline with aging poses a serious threat to independence and quality of life. Challenging fall

prevention programs focused on improving balance through training can mitigate fall risks, especially using

an individualized approach with real-time biofeedback. However, compliance to standard rehabilitation

routines is often poor because they require individuals to consistently perform repetitive, unsupervised

training that lacks engagement and evidence to support effective treatment. Disparities between therapy

challenge and individual capability can perpetuate boredom and frustration, which further diminish

training adherence. To enhance therapy that addresses balance decline, we developed a goal-directed

feedback training system that leverages human-in-the-loop motion control of a physical robot to promote

motor learning, neuroplasticity, and engagement in unsupervised therapy. However, the specific

requirements for this goal-directed movement coordination training remain unknown.

The purpose of this work was to (1) establish feasibility of gesture-controlled robotic feedback for

engaging therapy, (2) validate a balance training system that provides visuospatial balance performance

cues through wobble board motion control of a mobile robot, and (3) characterize age-specific biomechanics

and engagement in dynamic balance training with goal-directed feedback to inform future at-home therapy.

Through two human experiments that targeted coordinated wrist movements and balance training in

healthy younger (18-39 years) and older (58-74 years) adults, we demonstrated that the robotic feedback

training system can accurately quantify movement performance with a user-friendly, engaging, and

challenging approach to standard training. A versatile, pocket-sized motion controller offered multipurpose

training opportunities including high dose-rates of coordinated joint motion in young adults and challenging

(e.g., greater muscle recruitment) balance coordination training in older adults. These studies collectively

support the strong potential of robotic feedback for intrinsically motivating therapy through challenging

and engaging goal-directed training, improving health awareness with accurate monitoring of at-home

recovery progress, and advancing therapy practices to promote healthy and independent lifestyles.
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CHAPTER 1

INTRODUCTION & LITERATURE REVIEW

Postural control, de�ned as the regulation of upright equilibrium, requires multidimensional skills [1]

and is a critical component of daily living [2]. Postural stability relies on the �ne-tuned integration

between musculoskeletal, sensorimotor, and neural systems to accurately anticipate and perceive

disturbances, and react with appropriate corrective responses to maintain balance [2, 3]. Disruption to one

or more systems, which is common with aging, contributes to a cascading decline in balance pro�ciency [3]

and high fall risk, with one in three older adults falling annually [4, 5]. Bearing high consequences, these

falls are twice as likely to cause a serious injury with a seven-fold increased mortality rate relative to a

younger population [6]. Thus, balance decline threatens the health, independence, and quality of life in a

steadily growing senior population [7, 8].

Despite the high prevalence of falls in the elderly, most falls are considered predictable and preventable

[9{11]. One strategy to protect against balance de�cits is to maintain an active lifestyle [12]. Exercise

programs that target balance using moderate or high demands e�ectively reduced falls [13], with a reduced

risk between 25-50% [14]. Treatments that target patient-speci�c impairments with repetitive practice and

real-time biofeedback can facilitate balance retraining in the elderly [15], likely through motor learning that

promotes activity-induced plasticity [16, 17]. These balance training strategies may be particularly e�ective

because postural stability requires functional, proactive motor skills, which are adaptable through motor

coordination training [16]. Therefore, consistent postural control training can be e�ective for maintaining

balance performance to prevent the downward spiral that persists when impairment precludes activity.

Although balance training has potential to mitigate postural control de�cits, long-term, evidence-based

training performed outside the clinic remains a challenge among older adults [18], which strongly in
uences

treatment e�cacy [19]. For example, many people lack the intrinsic motivation to actively pursue frequent,

repetitive training, especially when perceived as ine�ective or even harmful, which contributes to low

adherence to exercise and therapy programs [18, 20{23]. Beyond demonstrating treatment e�cacy,

motivating preventative training requires early detection of fall risk factors. Because clinical balance tests

have limited ability to predict elderly fallers [24], quantitative unobtrusive balance assessments to detect

early balance decline require further development. Therefore, therapeutic interventions that both quantify

balance performance and provide an external attention focus on an engaging secondary task are promising

solutions to promote therapy engagement. That is, these goal-directed tasks are designed to intrinsically

motivate the user through automated movements, which enhance learning and retention of postural skills
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[25, 26]. However, recommendations for a speci�c therapy regimen remain unclear due to diversity in

training approaches, lack of reported program details, and inconsistent bene�ts across populations [27].

Quantifying the underlying age-speci�c mechanisms of dynamic balance training and the e�ects of

real-time biofeedback can provide evidence to guide customized treatments and �ll this important gap in

fundamental knowledge.

A popular simple intervention for balance training involves a series of maneuvers while standing on an

unstable surface such as a wobble board [28] (Figure 1.1). This training strategy is particularly challenging

[29, 30] and demonstrated the greatest balance improvements relative to other activity-based interventions

[31]. This approach is also e�ective for treating chronic ankle instability, by reducing ankle muscle onset

latency [32, 33] and protecting against ankle sprains [34]. Wobble board balance training can improve

balance in older adults, but e�ects can vary depending on speci�c training methodologies [35, 36]. Because

a lack of challenge and intensity contributes to ine�ective treatments [14], a customized training program

tailored to individual balance skills may improve balance control and reduce fall risk. Detailed

investigation of the underlying training biomechanics in an aging population can provide valuable insights

for targeted balance therapy.

Personalized training with progressive challenge levels can mitigate boredom and frustration and

improve accessibility for more diverse users [37]. To combat the tedium of repetitive exercises, goal-directed

balance therapy (e.g., Figure 1.2) uses continuous, voluntary postural adjustments to shift attention away

from the postural task and to the movement outcome, better replicating the demands inherent to daily life

[38]. That is, the additional cognitive demands provided by goal-directed training may promote more

automatic reactive postural adjustments [25]. These biofeedback therapy strategies are potentially feasible

and e�ective in an elderly population [15, 39], improving postural control and adherence to a training

program [38, 40, 41]. However, the biomechanical adaptations that contribute to balance improvements

Figure 1.1 Standard wobble board training includes (1) steady standing in single and double support and
(2) dynamic tilting in the sagittal plane (pitch) and coronal plane (roll).
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Figure 1.2 Wobble board virtual feedback therapy, video game, and motion control sensor that improved
balance and therapy engagement in older adults [15, 35, 38] and was used in the present work.

remain largely speculative due to a lack of direct measurements during training [42].

While instrumented rehabilitation devices that facilitate therapy with quantitative measures of motor

performance have demonstrated potential as complementary assessment tools, they are typically limited to

a clinical setting and do not easily translate to a home environment [43]. Despite the promising advantages

related to technology-based therapies, high complexity and cost [44], as well as a lack of portability [45]

remain barriers to use. A�ordable screen-based exergames commonly used in a home environment can be

insu�ciently challenging [46], and bene�ts vary across people, suggesting that personalized training

programs are needed [47]. Tailoring goal-directed feedback training based on objective performance

measures can lead to more e�ective treatments [37]. However, o�-the-shelf exergames (e.g., WiiFit, Kinect)

often do not provide valid objective measures of therapy progress [48], do not correlate well with

standardized balance tests [49], and have limited spatial and temporal movement accuracy [50]. In

addition, excessive screen use, which is steadily increasing in older adults [51], can be detrimental to health

[52], with potentially adverse physical, psychological, and neurological e�ects [53{55]. Therefore, mobile

robotic biofeedback based on a physical robot's movement instead of a computer screen image may provide

an alternative treatment that is more intuitive and engaging, especially for elderly users [56]. Further,

telerehabilitation interventions that convey quantitative at-home recovery progress can ease the time

burden and cost of supervised therapy to promote long-term therapy adherence for more e�ective

treatments [57].
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The purpose of this work was to develop and evaluate an evidence-based balance training system that

leverages coordinated movements and real-time biofeedback to mitigate balance losses associated with

aging. Providing the underlying mechanisms of older and younger adults performing goal-directed wobble

board movements in response to external feedback in a real-world environment provides quantitative

evidence to guide e�ective preventative and restorative at-home balance training programs for aging adults.

The following chapters provide assessments of an interactive mobile robotic feedback training system,

including design, feasibility (Chapter 2), validation (Chapter 3), age-dependent biomechanical challenges

and engagement (Chapter 4), and conclusions and future directions (Chapter 5). The dissemination of this

Ph.D. research including publications, presentations and formative mentoring experiences are also

summarized (APPENDIX A).

1.1 Postural Control Mechanisms: Aging & Training E�ects

Maintaining a stable posture requires functional motor skills to actively align the body with respect to

gravity, provide support, detect disturbances, and react appropriately [16]. Coordinated by the central

nervous system, this learned, proactive and adaptive skill is in
uenced by prior experience and motor

intentions, which accommodate environmental and biological changes [58, 59]. In the presence of aging

impairments such as altered sensory thresholds [3] and re
ex modulations (i.e., H-re
ex) dependent on task

complexity [60], this innate plasticity can be leveraged to retrain balance. For example, reactive abilities

critical to balance recovery can be improved with training-induced increases in rate of force development,

which enables higher forces and velocities to be reached during fast movements [61]. Improved postural

control is also possible through balance-oriented training that promotes sensorimotor reorganization and

enhances proprioception [62]. In addition, two hours of balance training in older adults contributed to

triceps surae H-re
ex down-regulation to prevent ankle over-corrections [63], similar to younger adults [64].

This training-induced neuromuscular plasticity corresponded to a 10% decrease in postural sway.

Therefore, therapies that incorporate motor learning concepts to induce neuroplasticity, such as high

intensity practice and cognitive demand through goal-directed feedback, have potential to prevent declines

in balance ability and rehabilitate existing losses [16, 25, 65].

From a biomechanical perspective, two primary balance recovery mechanisms include an ankle strategy,

or shifting the center of pressure (COP) relative to the center of mass (COM), and a hip strategy, or

counter-rotation of body segments relative to the COM [3, 16, 66]. The relative contribution of each

strategy depends on limb position (Winter, 1996), and the type and size of the required correction, where

the ankle strategy is more commonly adopted for slow, small perturbations, while the hip strategy is

adopted for larger, faster recovery responses [3]. That is, when ankle torques are rendered insu�cient by a
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larger perturbation, changes in angular momentum may compensate to control balance [67].

An exaggerated hip strategy is prevalent in older adults to compensate for musculoskeletal de�cits

including restricted joint mobility secondary to arthritis [68] and tibialis anterior muscle weakness [69, 70].

In addition, greater muscle timing variability [71] and co-contraction [72{74] are linked to greater fall risk

in elderly adults (Nelson-Wong, 2012). Longer onset latencies in postural anticipatory responses [2, 3, 75],

slower reaction times [76], and disrupted distal to proximal activation patterns [77, 78] also contribute to

altered balance strategies and instability in older adults [58, 73]. However, these deviations in timing,

modulation, variation, and pattern do not typically coincide with an absence of muscle activity [79],

indicating balance decline could be prevented or restored through training intentional motor coordination

[2, 80]. While the average rate of decline increases after 60 years of age, signi�cant changes to balance

ability are also evident in middle-aged adults (40-49 years), as measured by gradual increases in COP

amplitude and velocity [81]. Therefore, training that begins in middle age may be protective against

balance losses later in life [12]. As a protective \use it or lose it" strategy [82], training of coordinated

movements could be an e�ective method for maintaining postural anticipatory responses, joint mobility

and muscle strength.

1.2 Motor Learning: Visual Real-time Feedback E�ects

Real-time feedback during training facilitates complex motor learning [15]; however, the type and

frequency of feedback a�ects performance [83, 84]. Speci�cally, higher feedback frequency (i.e., every trial

vs. every other trial) was more e�ective for complex motor skill learning and retention [83]. This learning

bene�t for a complex task such as balance control may be due to the external shift in attention focus that

promotes automatic movement control, retention, and transfer to daily activities [25, 85, 86]. Within the

paradigm of visual feedback, perspective can also play an important role towards motor learning. For

example, the third vs. �rst-person perspective during virtual-reality-based training facilitated learning of a

ball catching task [87]. In addition, a 3D-representation of a teacher and learner in a virtual-reality

scenario was more e�ective than mimicking movements performed on a video screen [88]. As motor

learning improved with 3D-virtual feedback, physical feedback in a real environment may evoke similar

bene�ts compared to screen-based feedback.

Further examining neurological di�erences between interactions with physical objects and screen-based

technology, a recent study on memory demonstrated that the subtle di�erence of taking notes on a screen

instead of on paper produced signi�cant e�ects on recall and even brain-structure activation [89]. This

di�erence in virtual vs. physical visual feedback may not be limited to memory and extend to motor

learning as well. However, the speci�c di�erences in motor learning, engagement, and balance outcomes
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between these forms of feedback remain unknown.

1.3 Engagement Challenges With Training

Although balance training has potential to mitigate postural control de�cits, long-term adherence to

physical activity remains a continued challenge among older adults [18]. The monotony of training that

requires high doses of repetitive and coordinated movements [90] contributes to low motivation and

inconsistent participation, with adherence to therapy ranging between 30-60% [22, 23]. Furthermore,

standard therapy sessions often fall short of the hundreds of repetitions required for neuroplastic motor

recovery [91]. Without unsupervised long-term training programs that surpass the typical six-week clinical

treatment period [92], functional de�cits persist that hinder recovery. As motivation and engagement are

critical for successful rehabilitation [93] and compliance to post-acute rehabilitation care is associated with

improved functional outcomes [19], engaging at-home therapy interventions are warranted to improve

adherence for prolonged and e�ective treatment [41, 94].

1.4 Technology-based Therapy

Rehabilitation through technology-based interactive therapy has the potential to improve motivation,

compliance and dosage [38, 95, 96], quantify motor performance [56, 97], target motor control de�cits [98],

and improve mobility [43] and balance [15, 38, 42]. Speci�cally, increasing cognitive demand through

goal-directed balance therapy improved postural control and training adherence in older adults [38{41].

Although targeting lower limb de�cits with instrumented devices has potential to address gait disorders

[99, 100] and promote engagement through virtual reality [101], technology-based therapy is less frequently

applied to telerehabilitation for the legs compared to the arms [40].

As balance de�cits are pervasive in an aging population, at-home interventions that provide intrinsic

feedback and intense execution of whole-body coordinated movements may promote adherence to training

and improve functional balance. Commercially available gaming systems that target balance training (e.g.,

Wii Fit) typically involve weight-shifting on a stable platform that replaces hand-held joysticks for game

control [40]. In general, exergame balance training elicits improved functional balance [15, 41, 42],

motivation [15], adherence to therapy [40, 41], and overall health [37] in older adults. However, many

exergames provide insu�cient intensity levels and lack assessments of exertion or performance [42, 102].

Therefore, interactive therapies with customized tasks based on the unique neuromuscular and

sensorimotor de�cits in older adults are essential to develop e�ective treatments [37, 103].
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1.5 Wobble Board Balance Training

Dynamic balance training with a multiaxial wobble board has been shown to be an e�ective

intervention for improving postural stability in young adults who are healthy (age: 14-30 years)

([95, 104{107] or su�er from chronic ankle instability (age: 18-35 years) ([33, 34, 108{110]. For example,

one study demonstrated that 20 minutes of daily wobble board training for a 6-week duration improved

balance (i.e., increased single-limb stance times) and reduced injury risk in healthy individuals [106].

People with chronic ankle instability demonstrated improved balance with reduced postural sway [109],

fewer injury recurrences [34], and reduced tibialis anterior (dorsi
exor) and peroneus longus (evertor)

muscle onset latencies [33]. In older adults, wobble board training improved balance [35, 38], fall risk [111],

and ankle inversion discrimination [62]. In addition, balance training with a single-axis rocker board with

sagittal plane rotation improved double support balance in an elderly cohort [36]. Although wobble board

training is e�ective in varied populations, only modest improvements were found for older adults [112],

which suggests the full potential of this modality may not yet be realized in an aging population.

Therefore, research is needed to identify optimal training strategies that speci�cally target the

neuromuscular and sensorimotor de�cits associated with aging.

The functional balance improvements related to wobble board training may be the result of a more

challenging task compared to single-limb standing on a stable (smooth) surface. Wobble board training

requires coordinated ankle and hip activation strategies, and greater muscle activation at the ankle [113]

and hip [67], likely contributing to balance improvements. In a follow-up study conducted by Silva et al.

(2018) [107], healthy young adults demonstrated improved balance, with a greater than two-fold increase in

duration of single-limb wobble board standing after four training sessions, and a three-fold increase after

eight sessions. The untrained control group marginally increased their stable time by just 35%. Stable

standing duration also correlated with slower trunk and faster contra-lateral limb counter-rotation

velocities, which is consistent with one of the three mechanisms of balance maintenance [66]. Finally, the

trained group's muscle activation decreased by 24-59% after 12 training sessions, implying the balance task

required less e�ort compared to a slight increase in activity for the control group. Signi�cant training

e�ects after just one wobble board training session were also realized in another study of healthy young

adults [67]. In addition to reduced COM excursions and hip muscle activation during wobble board

standing, they also demonstrated non-stance hip movement contributions based on oscillations in the

unweighted limb's angular momentum relative to the upper body. These papers revealed the underlying

biomechanics associated with single-limb standing balance during wobble board training in young healthy

adults. However, these mechanisms are not well-established for other types of wobble board training (i.e.,
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dynamic goal-directed movements) or for people with balance de�cits. Because static and dynamic balance

on stable surfaces require mostly independent skills [1, 114], these balance tasks likely also di�er when

performed on an unstable surface. Also, the biomechanics of bipedal wobble board training has escaped

formal study, despite its frequent inclusion in training programs as a less challenging option than unipedal

unstable training [95, 106]. Di�erences in time duration for varied tilt angles were reported between single

and double limb wobble board stances [115], but it remains unclear if stance type a�ects challenge level.

In addition to the training bene�ts associated with a more challenging activity, instrumented wobble

boards can quantify balance performance by detecting small changes in board tilt (<10% minimal

detectable change) related to a progressively demanding task [115]. Instrumented wobble boards can also

distinguish people with functional ankle instability through greater mediolateral tilt variation [116, 117]

and less time spent in a target zone while balancing on the injured limb [118]. Finally, an instrumented

wobble board detected age e�ects, which were characterized by slower, less accurate, and more irregular

wobble board movements for elderly compared to younger adults [15]. Adding goal-directed visual feedback

contributed to more controlled movements, increased intensity, and engagement for both groups. Improved

engagement was also retained during a 6-week wobble board game therapy program with progressive

challenge levels [35]. However, these studies lacked biomechanical measures during training and

methodological details (i.e., barefoot or shod, single or double limb stance), which would provide additional

insights to guide recommendations for targeted treatments.

1.6 Engagement Assessments

To assess perceived e�ort, usability, and enjoyment during balance training with goal-directed feedback,

the following three validated surveys were included in this work:

1. Rate of Perceived Exertion (RPE) anchored at number 10 [119{121] measures the physical and

mental intensity of an activity [122, 123] (Figure B.1).

2. System Usability Survey (SUS) is a 10-question validated survey that asks users to rate system

usability of technology-based applications on a �ve-point Likert scale ranging from (1) strongly

disagree to (5) strongly agree [124]. This survey was chosen because it is reliable with small samples

(8{12 people) and has become the industry standard [125]. (Figure B.2)

3. Intrinsic Motivation Inventory (IMI) is a multidimensional validated survey [126, 127] that asks

users to rate their experience performing a speci�c activity on a seven-point Likert scale [128] ranging

from (1) not at all true to (7) very true. Three relevant categories for a total of 18 questions assess

interest/enjoyment, e�ort/importance, and perceived competence (Figure B.3).
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Custom Python graphical user interfaces (GUI) were developed to administer these surveys

(APPENDIX B). The GUI automates data collection and minimizes missed responses by identifying a

missed question and requiring all questions are answered before enabling the �nal submission.

1.7 Dynamic Balance Characterization

The modi�ed star excursion balance test (SEBT) [129, 130] is a commonly used balance assessment for

characterizing dynamic balance ability. The SEBT is a reliable and sensitive assessment of postural control

that requires strength, mobility, and proprioception [131]. For example, this test can detect ankle

instability [132], di�erences between young and middle-aged adults [133], balance training improvements

[110, 134], and predict injuries in young athletes [135]. To conduct this standardized test [130], participants

stand on one leg, arms akimbo, and reach the contralateral leg as far as possible with a light 
oor tap in

three directions (anterior, posterior-medial, and posterior-lateral) keeping their stance heel 
at on the 
oor

(Figure 1.3). After four practice trials in each direction with each leg, three repeated trials are collected in

random order, alternating between stance legs.

Figure 1.3 The modi�ed Star Excursion Balance Test (SEBT) experiment conducted in the present study
followed standardized instructions according to Gribble et al. (2013) [130].

1.8 Synopsis & Purpose

In summary (Figure 1.4), healthy aging leads to balance decline and a higher risk of injurious falls,

which poses a serious threat to health, independence, and quality of life. Targeted balance training can

improve functional balance but requires long-term adherence, which is especially challenging in a home

environment. Goal-directed mobile robotic feedback therapies that provide remote monitoring of balance
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Figure 1.4 To address balance decline with aging, we designed, validated, and conducted biomechanical
assessments of mobile robotic balance training for targeted and engaging therapy and remote monitoring of
balance performance across the lifespan.

performance and an engaging secondary task to promote quick and automated recovery responses have

great potential to improve therapy compliance and e�cacy. The underlying mechanisms for accommodating

age-speci�c training abilities need to be identi�ed to establish tailored challenge level progression.

The goal of this work was to contribute to the fundamental knowledge required to innovate intuitive

custom telerehabilitation interventions that promote neuroplasticity for improved coordination, postural

control and engagement. This research �lls the gap related to understanding the biomechanical strategies

that enforce postural control during dynamic balance training by quantifying the e�ect of purposeful

movements with visual feedback in a real-world environment on the underlying motor learning mechanisms.

To meet these objectives, three distinct research aims were completed:

1. Establish feasibility of robotic feedback training with user-initiated neuromuscular control to provide

an engaging alternative for evidence-based rehabilitation.

2. Design and validate balance therapy with hands-free mobile robotic feedback for at-home training.

3. Quantify age-speci�c biomechanics and engagement in dynamic balance training with and without

user-initiated robotic or virtual visual feedback to guide future individualized treatments.
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CHAPTER 2

A GESTURE-CONTROLLED REHABILITATION ROBOT FOR IMPROVED ENGAGEMENT AND

QUANTIFIED MOVEMENT PERFORMANCE.

Reproduced with permissions fromSensors, 2020 by MDPI. Copyright retained by authors, Creative

Commons CC by 4.0 license. (APPENDIX D, Figure D.1)

Ava D. Segal 1;2, Mark C. Lesak3, Anne K. Silverman4, and Andrew J. Petruska5

2.1 Abstract

Rehabilitation requires repetitive and coordinated movements for e�ective treatment, which are

contingent on patient compliance and motivation. However, the monotony, intensity, and expense of most

therapy routines do not promote engagement. Gesture-controlled rehabilitation has potential to quantify

performance and provide engaging, cost-e�ective treatment, leading to better compliance and mobility. We

present the design and testing of a gesture-controlled rehabilitation robot (GC-Rebot) to assess its

potential for monitoring movement performance and providing entertainment while conducting physical

therapy. Healthy participants (n=11) completed a maze with GC-Rebot for six trials. Movement

performance was evaluated through quantitative metrics of movement quality and quantity, and

participants rated system usability with a validated survey. For participants with self-reported video-game

experience (n=10), wrist active range of motion across trials (mean� standard deviation) was 41.6� 13� and

76.8� 16� for pitch and roll, respectively. In the course of conducting a single trial with a time duration of

68.3� 19 sec, these participants performed 27� 8 full wrist motion repetitions (i.e., 
exion/extension), with

a dose-rate of 24.2� 5 reps/ min . These participants also rated system usability as excellent (score: 86.3� 12).

Gesture-controlled therapy using the GC-Rebot demonstrated potential to be an evidence-based

rehabilitation tool based on excellent user ratings and the ability to monitor at-home compliance and

performance.

1PhD Candidate in Mechanical Engineering at Colorado School of Mines in Golden, CO. Primary author responsible for study
conceptualization, system hardware/software design, experimental design, overseeing and conducting data collections, analyses,
results interpretation, and manuscript preparation.

2Primary researcher and author. Author for correspondence
3Research Scientist at Army Cyber Institute in West Point, NY. Responsible for system hardware/software design and
manuscript revisions.

4Rowlinson Associate Professor and Director of Functional Biomechanics Laboratory in Mechanical Engineering at Colorado
School of Mines in Golden, CO. Research advisor to primary author, involved with results interpretation and manuscript
revision.

5Associate Professor and Director of M 3Robotics Laboratory in Mechanical Engineering at Colorado School of Mines in Golden,
CO. Responsible for study conceptualization, results interpretation, and manuscript revision.
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2.2 Introduction

Physical therapy, a non-invasive treatment to address mobility impairments, requires high doses of

repetitive exercise and coordinated movements to elicit improved function [90]. The monotony of these

repetitive tasks contributes to low motivation and inconsistent participation especially for home-based

programs, with adherence to therapy ranging between 30-60% [22, 136]. Furthermore, standard therapy

sessions often fall short of the hundreds of repetitions required for neuroplastic motor recovery [91].

Without adequate training, functional de�cits persist that hinder recovery. For example, impairments often

linger in people with acquired brain injury due to a gradual recovery process requiring prolonged treatment

to e�ectively target upper limb motor control de�cits [98]. Long-term de�cits also persist in people

post-stroke, with 67% reporting continued disuse after four years [137]. As motivation and engagement are

critical for successful rehabilitation [93] and compliance to post-acute rehabilitation care is associated with

improved functional outcomes [19], engaging at-home therapy interventions are warranted for prolonged

and e�ective treatment [94]. Rehabilitation through technology-based game therapy has the potential to

improve compliance and dosage [96], quantify human motor performance [97], target motor control de�cits

[98], and improve engagement in varied populations [138]. This type of therapy has also shown potential

for motor learning, with a portion of this work previously presented at the IEEE Engineering in Medicine

and Biology Conference [139].

Technology-based rehabilitation may improve standard therapy outcomes with motivating tasks and

user feedback, which invite repetition of intensive motion and motor learning. For example, a sensor-based

therapy system improved arm-hand function in stroke survivors after the motor recovery plateau phase,

which typically occurs six-months post-therapy [140]. Speci�cally, they showed progressive and challenging

task-oriented arm training with quantitative feedback improved upper-limb performance post-stroke by

more than 10%. Furthermore, robot-assisted gait training elicited improved function in children with

neurological gait disorders using virtual reality to promote engagement [100]. Video-game therapy also

improved muscle activation for upper limb prosthesis control compared to their baseline, and users

reported racing games as more engaging compared to rhythm games [141]. Furthermore, virtual

reality-based rehabilitation supports retraining of movement planning and motor control, which could

promote recovery from acquired brain injury [98]. Although the underlying mechanisms for the achieved

recovery remain somewhat elusive, evidence suggests rehabilitation techniques that incorporate brain and

body engagement promote neural plasticity [65], which is driven by user-initiated neuromuscular control.

Gesture control provides intuitive and e�cient solutions in robotics, with speci�c applications including

unmanned ground vehicles for military surveillance [142] and improved manufacturing safety and e�ciency

12



[143], robotic arm manipulation for prosthetic devices [144], robot-assisted surgeries [145] and robotic

nursing-care assistants [146]. Rehabilitation robots that facilitate therapy with quantitative measures of

movement performance have demonstrated potential as complementary assessment tools; however, they are

typically limited to a clinical setting and are not easily translated to a home environment [147]. Despite

the promising advantages related to gesture-based therapies, high complexity and cost [44], as well as a

lack of portability [45] remain barriers to use. In addition, excessive screen time may be detrimental to

health [148], with potentially adverse physical, psychological, and neurological e�ects [53]. Therefore,

alternative game therapies that are engaging and do not require screen use are needed.

The goal of this work is to assess the feasibility of a portable, low-cost, easy-to-use, and engaging

alternative to standard physical therapy for evidence-based rehabilitation. We designed a

gesture-controlled rehabilitation robot (GC-Rebot) with wireless body movement control (Figure 2.1) to

mimic standard active range of motion exercises while also promoting brain and body engagement through

hand-eye coordination training without the use of a screen. The following sections provide methodological

details of the GC-Rebot system design, human subject experiments, and data analysis. Motor learning

based on quantitative metrics of movement quality and quantity and potential engagement through system

usability and perceived e�ort are then assessed for a healthy population to characterize the feasibility of

this approach. In addition, as learning can be a�ected by skill level of the performer [149], we sought to

compare users of varying spatial mapping skill levels based on prior video-game experience during a

standardized training session with the GC-Rebot.

Figure 2.1 The GC-Rebot includes a (left) motorized car with a microcontroller (MCU), motor driver, and
radio transceiver, which are powered by eight AA batteries, and a (right) gesture controller with an IMU,
radio transceiver, and miniature MCU, which are powered by a rechargeable lithium ion battery.
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2.3 Methods

2.3.1 System Design

The GC-Rebot system consists of a hand-mounted gesture controller and a motorized car (Table 2.1,

Figure 2.1). The gesture controller (55x45 mm, mass=26 g) includes an inertial measurement unit (IMU),

which senses 3D linear accelerations and angular velocities, processes the signals in real-time with an

embedded system, and transmits them wirelessly at 10 Hz. A commercially available four-wheel-drive

platform (13.5 x 20 cm) is retro�tted with an Arduino microcontroller that provides proportional motor

control of the wheel velocity based on the user's gestures, as depicted in Figure 2.2.

Table 2.1 GC-Rebot Gesture Controller and Motorized Car Speci�cations

Part Type Description Details

Gesture Controller Total Cost: $60
IMU Adafruit BNO055 9-DOF 5V, 16MHz
MCU Adafruit ItsyBitsy (Atmega32u4) 5V, 16MHz

Transceiver NRF24L01 wireless module 1.9-3.6V, 2.4GHz
Battery Adafruit lithium ion polymer 3.7V, 150mA

Motorized Car Total Cost: $75
Car Platform SZDOIT Smart Robot Car Kit 2mm alum. panel

Motors 4 TT DC Gearbox Motors (1:48) 4.5 V, 200 RPM
Motor Driver Quad DC motor driver shield SKU:DRI0039

MCU Arduino Uno R3 (ATmega328P) 5V, 16MHz
Transceiver NRF24L01 wireless module 1.9-3.6V, 2.4GHz

Figure 2.2 Proportional car control for left-handed operations. (left) Mapping between user gestures and
car movements. Wrist 
exion-extension (pitch) produces forward/backward motion, pronation-supination
(roll) produces on-the-spot turning, and 
exion combined with roll produces gradual arching turns. (right)
Typical hand gestures for translational and rotational car control during a testing session.
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An additional wireless IMU (MTw Awinda, Xsens Technologies B.V., Netherlands; 47x30x13mm;

mass=16g), powered with an integrated LiPo battery and sampled via Bluetooth at 100 Hz (Xsens MT

Manager 4.6, Windows 10) according to manufacturer guidelines, provides accurate 3D orientation using

on-board sensor fusion to compensate for sensor drift [150]. Mounted in parallel with the GC-Rebot

gesture controller, this secondary IMU provides data to assess the user's motor performance.

The controlling software is split between the two platforms. The gesture-controller program uses the

manufacturer provided data-fusion algorithms to extract the pitch and roll angles and then transmits them

wirelessly to the car at 10 Hz. The car's program receives the transmitted data, also at 10 Hz, and maps

hand orientations (pitch: � P , roll: � R ) to the car's linear (vc) and angular (! c) velocities according to,

vc = sat( � P ; � 90� ; 90� ) �
vcmax

90� (2.1)

! c = sat( � R ; � 90� ; 90� ) �
! cmax

90� (2.2)

where sat(�) is the saturation function, the maximum desired car linear velocity (vcmax ) is 0.3� 10% m/s

and maximum desired angular velocity (! cmax ) is 1.8� 10% rad/s. These velocities were chosen through

pilot testing to provide a reasonable balance between precision and speed for the given task.

After mapping gesture-motions to motor velocities, directional control is established with conditional

statements based on the sign and ratio of pitch and roll (Figure 2.2). Subsequently, user hand-eye

coordination provides feedback to the system through human in the loop control, which incorporates

perception, cognition, planning, transmission, and movement execution (Figure 2.3). That is, the user

perceives the car's movements relative to the maze, plans a desired car trajectory, and then executes the

appropriate wrist pitch and roll to maneuver the car e�ciently. This process requires the user to quickly

adapt to optimize the trade-o� between car speed and accuracy (i.e., avoiding wall contacts) [151].

2.3.2 Human Subject Experiment

Eleven participants (healthy by self-report, male=6, female=5; right hand dominant=10; 28.9� 5.6,

21-39 years old) with no prior GC-Rebot experience provided their informed consent to participate in this

study. The study was conducted in accordance with the Declaration of Helsinki, and the protocol was

approved by the Institution's Ethical Review Committee. To categorize the participants' spatial mapping

skill level, they rated their video-game experience as either none (n=1), novice (n=5), or experienced

(n=5). These categories will be used throughout the paper exclusively to group participants based on their

prior video-game experience.

The gesture controller was secured to each participant's hand using a �tted glove and elastic over wrap.

This �tting involved �rst placing the Xsens IMU in the small pouch sewn to the dorsal side of the glove
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Figure 2.3 GC-Rebot system design schematic. Hand orientations are mapped to car velocities (vc; ! c) and
converted to motor velocities for proportional open-loop motor control. Hand-eye coordinated movements
close the control loop, providing feedback to the system through changes in wrist pitch and roll. (*Brain
image courtesy of [152])

provided by the manufacturer. Then the gesture controller was mounted in parallel and secured with the

over wrap. After brief instruction on gesture-controller operation, participants were given a one-minute

practice session outside of the maze. For the performance tests, they were instructed to navigate the test

maze (Figure 2.4) as fast as possible, beginning each trial with their hand positioned 
at relative to the


oor. Participants were free to move around the maze as needed.

Trials began with an audible command to start and were considered complete when the car made

contact with the wall at the �nish. Prior to conducting subsequent trials, the car was returned to the

initial starting location. Participants performed three consecutive trials starting with either their dominant

or non-dominant hand, which was randomized across participants. After completing the �rst three maze

trials, the gesture-controller was switched to the participant's opposite hand; they then repeated the

one-minute practice session outside of the maze, followed by three additional maze trials.

2.3.3 Questionnaires

All participants completed the validated System Usability Survey for technology-based applications

[153], which consisted of 10 questions that asked participants to rate the system's usability on a �ve-point

Likert scale [154] ranging from strongly disagree (1) to strongly agree (5). The overall score (average across

10 questions) indicates perceived system usability. Participants also rated the level of e�ort used for each

hand on a �ve-point Likert scale ranging from exhausting (1) to e�ortless (5). In addition, participants
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Figure 2.4 The maze executed by all participants was completed in the same direction (start to �nish) for
each trial. The blue line along the maze pathway (wall width=30.5 cm; dowel protrusion=0.75 cm each)

depicts the nominal route, which included 14 straight segments and 13 total 90� turns (6 left, 7 right).

self-reported their dominant hand as their preferred writing hand.

2.3.4 Data Analysis

Xsens IMU pitch and roll angle and angular velocity signals were demeaned and used to quantify

movement quality and quantity for each trial. Mean wrist active range of motion was de�ned as the

average pitch or roll angular excursion (i.e., 
exion-extension/pronation-supination) across each trial.

Movement smoothness was quanti�ed as the natural log of dimensionless hand angular acceleration (•� lnD ),

which was adapted from [155], as follows:

•� lnD = � ln

 
(t2 � t1)2

_� 2
peak

Z t 2

t 1

j •� (t)j2dt

!

(2.3)

where _� peak is the maximum angular velocity and •� (t) is the �rst time-derivative of angular velocity. The

hand angular accelerations were chosen as a proxy for smoothness because they map to car jerk, just as

hand orientations map to car velocities. As improved motor coordination in patients post-stroke can be

linked to reduced jerk [155, 156], minimizing car jerk through reduced hand angular accelerations may

imply improved movement performance. Total angular excursion (� Tot ) was also quanti�ed as the summed

angular trajectory across each trial, where, _� (t) is the angular velocity,

� T ot =
Z t 2

t 1

j _� (t)jdt (2.4)

Movement quantity for each trial was quanti�ed as the number of movement repetitions, dose-rate

(reps/ min ), and total task duration. Movement repetitions were quanti�ed by the peaks in the angular

velocity signal, which was smoothed with a 2 Hz cuto� 4th-order Butterworth �lter. Finally, the potential

for engagement was assessed through system usability and perceived e�ort survey scores.
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A two-way Analysis of Variance (ANOVA, � =0 :05,p < 0:05) was used to detect mean di�erences in

outcome metrics for two independent factors (trial number and video-game experience). Experienced

(n=5) and novice (n=5) categories were compared in the analysis. A similar ANOVA was performed to

test di�erences between e�ort score with two independent factors (hand dominance and video-game

experience) and to test di�erences between usability survey scores with one independent factor (video-game

experience). To demonstrate the learning e�ect di�erences by video-game experience, trial duration and

either the number of repetitions, total excursion, smoothness or dose-rate for the �rst and last trials are

reported as 75% con�dence interval ellipses. Correlation coe�cients (r ) [157] and coe�cients of

determination ( r 2) [158] were also calculated across all trials to quantify the strength of these relationships.

As only one participant reported no video-game experience, these results were assessed separately.

A frequency response analysis was performed to assess future data collection rates required for the

GC-Rebot. The Xsens IMU pitch and roll angle, angular velocity and angular acceleration signals were low

pass �ltered (2nd-order Butterworth, 5 Hz cuto�) to estimate the e�ects of reducing the sampling rate to

10 Hz, which is equivalent to the GC-Rebot's on-board IMU transmission speed to the car platform

(Figure 2.5). A fast Fourier Transform (FFT) was conducted to assess the frequency content of the IMU

signals, and mean di�erences between the �ltered and un�ltered metrics were quanti�ed. The subsequent

analysis was completed with the un�ltered signals.

Figure 2.5 XSens IMU �ltered (black) and un�ltered pitch (magenta) and roll (blue) angle, angular velocity
and angular acceleration signals versus time for a single trial.
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2.4 Results

2.4.1 Quantitative Performance Metrics

The mean and standard deviation (Mean� SD) movement quality metrics across participants with

video-game experience (n=10) revealed relatively consistent pitch and roll active range of motion across

trials, with 35 degrees less overall pitch range of motion compared to roll (see �rst row in Figure 2.6 and

Table 2.2). Compared to the experienced participants, the novice group showed larger changes in both total

angular excursion and pitch angular smoothness between the �rst and last trials (Figure 2.6, Table 2.2).

A larger learning e�ect was also observed for movement quantity of the novice participants compared to

the experienced group (Figure 2.7, Table 2.3). For example, novice participants performed fewer repetitions

and shorter trial duration to complete the last trial compared to the �rst; however, dose-rates for pitch and

roll remained consistent for both novice and experienced participants, with an overall average of 24.2� 5

reps/ min across trial and movement (Table 2.3).

Figure 2.6 Mean� SD quality of movement IMU-based metrics across six repeated trials included pitch and
roll active range of motion (� ), smoothness (•� lnD ), and total angular excursion (Tot. Excursion: � T ot ( � ))
separated by video-game experience (experienced, novice).
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Table 2.2 Movement quality performance and learning di�erences for participants with video-game
experience (n=10). Descriptive statistics (Mean� SD) are presented across participants and trials. Motor
learning was compared between the novice (�Nov, n=5) and experienced (�Exp, n=5) groups by
comparing each group's change in metric between the �rst and last trials. Signi�cant di�erences (p < 0.05)
are indicated with bold font.

Metric Mean � SD � Nov %Di� � Exp %Di� p-value

Active Range of Motion ( � )
P itch 41.6� 13 -11.8 -28% -1.3 -3.1% 0.3
Roll 76.8� 16 -12.9 -17% -3.4 -4.4% 0.2

Smoothness (•� lnD )
P itch -14.1� 0.9 1.8 13% 0.80 5.7% 0.04
Roll -14.1� 0.7 1.4 10% 0.99 7.0% 0.4

Total Ang. Excursion: � T ot ( � )
P itch 3150� 1490 -3166 -101% -967 -31% 0.03
Roll 4710� 1770 -3440 -73% -1090 -23% 0.01

Figure 2.7 Mean� SD quantity of movement IMU-based metrics across six repeated trials included pitch
and roll number of repetitions (No. Reps), dose-rate (reps/ min ), and trial duration (s), separated by
video-game experience (experienced, novice).
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Table 2.3 Movement quantity performance metrics for participants with video-game experience (n=10).
Descriptive statistics (Mean� SD) are presented across participants and trials. Motor learning was
compared between the novice (�Nov, n=5) and experienced (�Exp, n=5) groups by comparing the change
in metric between the �rst and last trials. Signi�cant di�erences ( p < 0.05) are indicated with bold font.

Metric Mean � SD � Nov %Di� � Exp %Di� p-value

Number of Repetitions
P itch 28.5� 9 -20.8 -74% -7.4 -26% 0.04
Roll 25.8� 7 -13.4 -52% -2.0 -7.8% 0.02

Dose-rate (reps/ min )
P itch 25.1� 5 -3.8 -15% -2.7 -11% 0.9
Roll 23.2� 5 0.25 1.1% 3.2 14% 0.4

Trial duration (s) 68.3� 19 -38.9 -57% -10.3 -15% 0.03

Focusing only on the �rst and last trials, the qualitative di�erences in motor learning between

participants can be observed in Figure 2.8. The novice participants demonstrated larger decreases in trial

duration, which were associated with larger reductions in the number of repetitions and total angular

excursion, as well as larger increases in angular smoothness compared to the experienced group.

Furthermore, by the last trial, the novice participants' motor performance was similar to that of the

experienced participants, as shown by the overlapping trial 6 sample-distributions in Figure 2.9.

Across all trials, the correlation coe�cients ranged between 0.9-0.93 between trial duration and either

number of repetitions, total pitch angular excursion, or smoothness for the novice participants, which is

signi�cant (Table 2.4). These correlations corresponded to coe�cients of determination (r 2) that imply

80-86% of the variance in movement quality/quantity can be explained by the variation in overall

performance (time duration) [158]. However, the only potentially linear relationship for the experienced

participants was between trial duration and smoothness. Dose-rate was weakly correlated with trial

duration for both groups (r 2 < 0.35).

Table 2.4 Correlation coe�cients ( r ) across all trials quanti�ed the strength of the relationship between
trial duration (s) and motor performance metrics for novice and experienced participants.

Metric Novice Experienced
r p-value r p-value

Number of Repetitions
P itch 0.909 0.0000 0.613 0.0003
Roll 0.906 0.0000 0.363 0.05

Total Ang. Excursion( � )
P itch 0.910 0.0000 0.407 0.02
Roll 0.685 0.0000 0.383 0.04

Smoothness (•� lnD )
P itch -0.929 0.0000 -0.771 0.0000
Roll -0.896 0.0000 -0.831 0.0000

Dose-rate (reps/ min )
P itch 0.102 0.6 -0.430 0.02
Roll -0.356 0.05 -0.582 0.0008
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Figure 2.8 Motor learning di�erences of experienced and novice participant groups. Motor performance
metrics including the number of repetitions (No. Reps), total angular excursion (Tot.Excursion: � T ot ( � )),
smoothness (•� lnD ), and dose-rate (reps/ min ) for pitch and roll motions are plotted versus trial duration (s)
for the �rst (Trial 1) and last (Trial 6) trials. Individual participant performance (diamond and circle
markers) and sample-distribution ellipses (75% con�dence intervals) are also shown.

The quality of motor performance of the participant with no prior video-game experience di�ered from

the other participants (Figure 2.10). Across trials, this participant performed smaller active ranges of

motion (pitch: 24.9� 8� , roll: 40.9� 3� ), had less smooth angular movements (pitch and roll: -17.5� 1), and

had greater total angular excursion (pitch: 5676� 2350� , roll: 9740� 2800� ). This participant's quantity of

movement also di�ered from the other users (Figure 2.11), with consistently more repetitions (pitch: 52� 24

reps, roll: 64� 16 reps), longer trial duration (277� 79 s) and lower dose-rates (pitch: 11.1� 3 rep/ min , roll:

14.0� 2 reps/ min ) across trials.
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