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Error Augmentation (EA) is a method to benefit motor learning, proven effective in post-stroke rehabilitation. EA draws attention to
errors in performance by intentionally amplifying the deviation between the performance and the ideal trajectory with the goal of
promoting skill acquisition. So far EA has only been implemented on simple movements through advanced sensing and actuation tools.
In this study, we explore the use of Markerless Motion Capture (MMC) to support EA for complex motor tasks in sports. This work
contributes i) a low-cost, flexible, and easy-to-use MMC-based prototype to provide Error Augmented Feedback (EAF) in the field,
and ii) an experiment (N=34) investigating the effectiveness of terminal visual EAF on Bodyweight (BW) squats for three pre-defined
bio-mechanical features. Visual feedback delivered through our MMC-based prototype proved effective on one out of three selected
bio-mechanical features. There is no evidence that indicates that participants that received EAF outperformed participants that received
unmodified True Feedback (TF). Qualitative insights on using MMC to design visual feedback are promising but reveal inconsistencies
introduced by variables such as clothing, long processing times, and inadequate camera quality. Observation on the effects of EA
highlight the importance of a pre-defined ideal technique, the right gain, and the consideration to use deception or not.

AF Augmented Feedback
EA Error Augmentation
EAF Error Augmented Feedback
TF True Feedback

BW Bodyweight
ER Error Reduction
VE Vertical Error
BE Balance Error

KHE Knee-Heel Error
MMC Markerless Motion Capture
MoCap Motion Capture

1 INTRODUCTION

EA is a promising technique that can promote motor learning by identifying and amplifying errors in performance.
Previous research in the field of rehabilitation showed that EA can be an effective way to learn or improve specific
movements [32]. Insights from prior rehabilitation studies can be transferred to the field of Sports Interaction Technology
(ITECH) as they share a similar goal: using advanced technology to teach specific movement patterns effectively.
However, there are two main problems that need to be addressed: 1) EA has yet to be applied to complex sports
movements and 2) there currently is no evidence of a lightweight and affordable way to provide EAF in the field. To
address these problems, we explore the use of computer vision to provide EAF for complex motor tasks in sports. We
focus on the case of squatting. By developing a MMC-based system that can record and analyze squats to identify and
amplify any performance errors, this study aims to answer the following research question: How might MMC be
used designed to deliver reliable EAF for complex motor tasks in sports? After development, an experiment
among 34 subjects will provide insights to answer the sub-question:What is the effectiveness of EAF in terms of
skill acquisition using our prototype?

Author’s address: Bart Sprenkels, b.sprenkels@student.utwente.nl, University of Twente, Enschede, Overijssel, the Netherlands.

Artificial Intelligence Disclaimer: In the development of the software prototype and statistical analysis, OpenAI’s
ChatGPT (GPT-4) was instrumental, translating pseudocode into executable MatLab, Python and R code for the prototype
and statistical analysis, thereby facilitating a more efficient familiarization and a faster prototyping process. The use
of ChatGPT for drafting textual content was deliberately minimal, serving primarily to refine paragraph structure and
organize thoughts without influencing the thesis’s intellectual direction. Grammatical accuracy and textual clarity were
enhanced through Grammarly and Overleaf’s autocorrect feature. This approach underscores a judicious application of AI
tools to augment the research process, maintaining the integrity and originality of the work.
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The thesis is structured as follows: Section 2 covers the background of motor learning, followed by Section 3 on
the background of Error Augmentation. This study focuses on squatting, of which the details are covered in Section 4.
Section 5 outlines the development of the prototype and its implementation is documented in Section 6. The thesis ends
with Section 7 on the general discussion and conclusion.

2 BACKGROUND OF MOTOR LEARNING

In order to call improvement in motor task performance "Motor Learning", the improvements need to be persistent
over a longer period of time after the training period (formally called "Acquisition Phase") has ended. Any increase in
performance displayed during or at the end of the Acquisition Phase is called Acquisition Performance. There are several
mechanisms that help acquire the necessary neural changes to achieve motor learning, such as reward-based learning,
error-based learning, observational learning, and use-dependent learning [22]. Qualitative feedback (right/wrong) is
an essential factor in Knowledge of Results (KR) and forms the basis of reward-based learning. Quantitative feedback
on the performance error forms the basis of error-based learning and leans more in the direction of Knowledge of
Performance (KP). Both approaches can be an effective method of learning motor skills, but in a comparison study KP
showed more potential [44]. This thesis focuses on error-based learning within a KP paradigm to potentially benefit
motor learning.

2.1 Ideal Motor Learning Study Design

When researchers want to measure the impact of a designed intervention to promote Motor Learning, they need
to follow a study design that includes a pre-test, an acquisition phase, a post-test, a retention period, and a
retention test. By including these components, any recorded change in performance can accurate be identified and
potentially be attributed to the tested intervention. In a hypothetical example, a novel simulator simulates speed-skating
and researchers want to measure any potential persistent increase in performance after a retention period of two
weeks. A simple test to measure performance is to measure the time it takes for a speed-skater to finish one lap of 400
meters. Such a test makes for an excellent pre-test, post-test and retention-test. A hypothetical acquisition phase might
consist of four weeks of intense training in the developed simulator. After the acquisition phase, participants perform a
post-test. The difference in performance between the pre-test (before acquisition phase) and the post-test (directly after
acquisition phase) is called the Acquisition Performance. The difference between the pre-test and the retention-test (2
weeks after the post-test) can be considered persistent and could therefore be called Motor Learning.

If researchers want to compare a novel intervention to a common approach or known golden standard, they also
need to include three groups with a varying Acquisition Phase: a test group that trains with the novel intervention, a
placebo group that trains with the golden standard, and a control group that only performs the pre-test, post-test,
and retention-test. Just participating in these tests can be considered practise, and practise is considered the most
important factor that leads to increase in motor skill performance [20]. If all factors are kept constant, skill improvement
is positively related to the amount of practise. Including these three groups forms a strong foundation to measure Motor
Learning and attribute better performance to a newly designed intervention.

2.2 Feedback

An essential factor for acquiring new motor skills is the feedback provided to the subject [9][15]. Research focuses
on designing ways to provide so called augmented feedback, also known as extrinsic feedback, which is defined as
information that can only be made available to a person through an external source [46]. Jakus et al. describe augmented
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feedback as follows: "Augmented or extrinsic feedback is information about the implementation of a motion pattern,

formed and transmitted to humans by means of an external source, i.e. separately and independently of the internal

human perceptual processes." [24, p. 20409]. An external source can include, but is not limited to, a trainer, a monitor,

sound or vibrations. Designing e�ective feedback mechanisms is a growing �eld among research as more advanced

sensing and actuation technology becomes available. Current Motion Capture (MoCap) implementations struggle to

design e�ective feedback based on factors like the nature of the movement, the complexity of the action, user context,

and user experience [37]. Researchers can design di�erent types of feedback for di�erent movements. Another important

distinction is the di�erence between concurrent and terminal feedback, which di�er from each other in when the

feedback is provided [42]. Concurrent feedback provides extrinsic information on performance in real time, as the

movement is happening. Terminal feedback is only provided to the subject after the movement is completed.

3 ERROR AUGMENTATION

The implementation of complex sensing and actuating technology opens up new ways to generate extrinsic feedback. A

promising example isEA, which modi�es performance error in order to provide extrinsic feedback. This section covers

the basics of EA and how it has been implemented in previous studies.

3.1 Background of EA

EA can be de�ned as intentionally drawing attention to errors in performance by arti�cially amplifying the deviation

between the performance and the ideal trajectory. Isrealy et al. describeEA as intentionally magnifying or altering the

(visual) feedback in order to emphasize visual and sensory feedback [23]. This de�nition is strengthened by Losey et al.

who de�ne EAas exaggerating errors in order to enhance feedback to the user, essentially making the subject's mistakes

more pronounced [33]. Focusing on performance errors might seem counter intuitive if the goal is improvement. As

mentioned by Abdollahi et al., "seldom does a therapist try to amplify a patient's mistake." [3, p. 121]. However, their

statement is quickly followed up by a clari�cation: error-driven learning is central to neuroplasticity and (re)acquisition

of movement. Using the identi�ed error made while performing a motor task to arti�cially change feedback forms the

foundation ofEA, and this approach has a lot of similarities with Augmented Feedback (AF) as it requires an external

source to provide.

The two main paradigms concerned with modulating error information are: Error Reduction (ER) and Error Aug-

mentation (EA). Where theERparadigm aims to reduce movement error during motor performance, theEA paradigm

magni�es it. The attenuation of errors made during movements is often achieved through haptic forces and is mostly

described in literature as Haptic Guidance. Sigrist et al. de�ne haptic guidance as follows: "Haptic Guidance refers to

physically guiding the subject through the ideal motion by a haptic interface." [46, p. 22]. Comparison studies between

ERandEA showed that implementingEA gives slightly better results thanER[32]. Milot et al. found thatEA provided

better results in a subset of more skilled participants, whereasERwas better suited for less skilled subjects [36]. In a

similar comparison study, Cesqui et al. found thatEA is more suitable for less impaired stroke patients whileERis

better suited for more impaired patients [13].

3.1.1 Need for Ideal Technique.In order to design a successful application that implementsEAto bene�t motor learning,

one needs to have a clear prede�ned ideal performance. If a participant performs a squat and the goal is to improve

their performance by providing a modulated recording as terminal feedback, it has to be clear what aspects of the

recording to augment. The targeted movement needs to be de�ned in advance. In the case of squatting, which is the
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focus of this thesis, one of the goals that will be identi�ed in Section 4 is to descend until the thighs are parallel to

the �oor [ 30]. For many common closed movements, previous studies have accurately documented what combined

bio-mechanical features together compose a complex movement. These studies can be used to understand the ideal

execution of a movement. Once the ideal performance is clear and well documented, it is possible to identify deviations

from the ideal technique, which in turn can be classi�ed as performance errors. With an identi�ed error signal, it is

possible to arti�cially amplify the error and therefore implement EA.

EA is most promising for a non-novice target audience and can theoretically speed up learning by making (minor)

mistakes more pronounced. This is especially true for complex motor tasks, as complete beginners tend to make a lot of

mistakes and need time to understand a movement and its accompanying goals. Once a person is comfortable with the

basics of a movement, EA can be used to make minor mistakes more pronounced. This type of feedback will make

mistakes easier to spot and in turn allow someone to direct their focus to optimize their movement. Frameworks like

the Challenge Point Framework have been developed around the e�ectiveness of Augmented Feedback based on task

di�culty and a user's skill level [20]. When designing anEA application for a complex movement, keeping the skill

level of the indented user in mind helps to ensure the degree of success.

3.1.2 Concurrent vs Terminal Error Augmented Feedback.Just like extrinsic feedback described in Section 2.2 ,EAFcan

be either terminal or concurrent. In a concurrent scenario the user will experience feedback where the error is measured

and ampli�ed at any moment in time. In case of visual feedback, e.g. a Virtual Reality (VR) Headset or an animation,

this means thatEA is applied for every frame. If the feedback is haptic, the force amplifying the error is consistently

applied throughout the motion. IfEAFis given terminally, participants are free to perform the movement to the best of

their ability. Once completed, AF will reveal how they did and potentially nudge them in the right direction.

Some scenarios allow for concurrentEAF, while other do not and thus require terminalEAF. A good example for

this is a vertical jump. If a coach wants an athlete to jump to a certain height based on an athlete's weight and age, they

could decide to implement visualEA. If you take a recording of the athlete performing the jump, you have no idea

how high they will jump. This uncertainty prevents the implementation of concurrentEAFas it prevent researchers to

calculate an error. It is only once the athlete lands that you know how high he jumped, which in turn allows you to

calculate the deviation from the goal height (set based on age and weight) and their performance. This deviation, that

can only be calculated terminally, is the error that you can use to design an implementation.

3.1.3 Mapped vs. Over-TimeEA. There are two ways to applyEA: Over-TimeEA and MappedEA. A good example to

illustrate the di�erence is to imagine a bow and arrow VR implementation. In an over-time approach, an archer will

aim at a target and - before releasing the arrow - the deviation from the target and the cross hair will be ampli�ed at

every frame. This will force the user to have a steady hand, as any movement while aiming is ampli�ed. Once released,

the arrow will land exactly where the cross hair was on release. In a Mapped-EA approach, the user will aim and shoot

an arrow without intervention. Once the arrow is released, the distance between bulls-eye (the target) and the true

landing location of the error is measured and ampli�ed. The result: if the archer shot too high, this will be accentuated

by arti�cially increasing the distance between the bulls-eye and landing location. Over-Time and Mapped EA are

di�erent approaches. One is not necessarily better than the other but will lend them self better to various use cases. It is

important to grasp that Over-TimeEA is not synonymous with concurrentEAF, as a terminalEAFapplication can

choose to implement Over-Time EA by amplifying performance error at every time point.
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3.1.4 Gain and Deception.The gain is the chosen ampli�er that determines the degree of ampli�cation of the error

signal. Selecting the right gain has a major impact on the degree of success of anyEA implementation. Wei et al. tested

three separate gains (1.5, 2, 3.1) and concluded that a gain that is too big might result in unstable learning [47]. Generally

speaking, the gain can be larger for more advanced users. Professional athletes spend hundreds of hours perfecting

complex motor movements. A great example is the basketball free-throw. This is a well-described closed motor task for

which one could design anEA implementation. It is reasonable to assume that professional basketball athletes have

perfected this movement and will therefore make smaller mistakes that are well suited for a larger gain to make them

more insightful compared to a novice audience with large and more inconsistent angular errors.

It is up to the researcher whether or not they disclose the use ofEA to their subjects. Theoretically,EA lends itself

well to not disclosing its use. The implementation ofEA itself should be su�cient to direct someone's attention to their

mistakes and therefore to the "correct" performance; it is not necessary to inform them aboutEA. Causing someone

to accept thatEAFis unmodi�ed feedback where in reality it is modi�ed feedback is deception. The use of deception

should be seriously considered as it can have potential ethical implications. Research that includes deception requires a

detailed risk analysis, a debrie�ng to reveal the true nature of the experiment, and permission from an ethical committee.

Besides the ethical aspect, there are other aspects that should be considered when choosing to include deception or not.

For example, if users make large mistakes that are then ampli�ed to absurd proportions, people could loose con�dence in

the feedback. Furthermore, it might be bene�cial to explainEA as it could explain to the user any observed �uctuations

in performance. The current state of the art has not looked into this, which is why it should be investigated in the

future.

3.2 Evidence for the Use of EA From Rehabilitation

EA is a promising approach that could potentially promote motor learning in sports. Existing evidence of successfulEA

implementation can be found in the �eld of post-stroke rehabilitation.EA has been applied to re-learn movements such

as arm reaching tasks, rotating limbs or functional gait rehabilitation. These are all relatively simple and well-de�ned

motions that happen at a slower speed compared to complex sports techniques.

3.2.1 Visual Error Augmentation.Wei et al. have successfully implemented visualEA to improve the rate and extent of

motor learning of visuomotor rotations in healthy subjects [47]. Wei et al. let participants follow a path with a cursor by

moving their hands. The errors were ampli�ed with a gain if the cursor deviated from the "ideal" path. The results show

that EA can improve the rate and extent of motor learning in healthy subjects. The authors experiment with di�erent

gains (1, 2, 3.1). However, they warn that a gain that is set too high might result in unstable learning. In a study by Shum

et al. visual augmented feedback has been applied to improve bimanual symmetry in a reaching task [45]. Participants

who initially had an asymmetry between limbs were challenged to adapt by performing tasks in an immersive VR

environment. In the VR environment, the perceived hand position deviated from the absolute hand position, which is

a form of visualEA. After EA training, participants who completed the study achieved lower symmetry error after

training with EA. A study conducted by Abdikkahi et al. is an example of multimodalEAF, where nineteen stroke

survivors with chronic hemiparesis were asked to keep a cursor on a visual target [4]. The visual target was controlled

by a therapist and the error is de�ned as the deviation between the cursor controlled by the patient and the visual

target. The authors combined visual and haptic feedback, as the hand of the patient was attached to a robotic arm

during the treatment. The study compared a treatment withoutEA (the control treatment phase) and a treatment with

EA. During theEA treatment, the error was visually magni�ed by a gain of 1.5 and the robot arm applied an amplifying
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force of 100e (N/m) where e is the error and a maximum force of 4N. Although the results are not clinically meaningful,

the �ndings indicate a real improvement of adding EA to simple massed practice treatment.

3.2.2 Haptic Error Augmentation.The work of Patton et al. is an example of successfully applying hapticEA and

ERtraining that resulted in signi�cant improvement among stroke subjects [40]. A robot-generated force �eld either

guided/pulled the subject's hand towards the desired trajectory (haptic guidance) or provided resistance and imposed

forces away from the desired trajectory (error ampli�cation). Their �ndings showed improvement when applying EA

training and detriment after applyingERtraining. In a study conducted by Givon-mayo et al. on stoke patients' reaching

movements, a 5-week treatment withEA forces showed positive results [19]. In the experimental group, all velocity

and directional deviations from a prede�ned ideal trajectory were ampli�ed during reaching tasks. Kao et al. found

EA to be more e�ective thanERwhen usingEA andERtraining to improve people's walking gait on a treadmill [25].

Only theEA group maintained a gait close to the target path once the feedback was removed. The authors describe a

noteworthy step in determining the degree of force applied to the participant's hand. Subjects with an initial small

average error need larger and faster forces than subjects with larger errors. Amplifying errors can be of great bene�t to

skilled subjects while retarding the learning process among novice subjects [36][34][19].

In a study by Marchal-Crespo et al.,EA positively a�ected learning a locomotor task [34]. The authors also included

a controller that applied random perturbing forces to the knee of their subjects to introduce noise force disturbance.

They argue that the random noise bene�t learning as they force their subject to continuously pay attention, as they

could not anticipate the forces. This technique challenged subjects independently of their initial skill level, even if the

motor task was simple for more skilled subjects. The study by Reisman et al. used a split-belt treadmill to improve step

length asymmetry with the help of EA [41]. By running each treadmill belt at a di�erent speed, they force subjects to

compensate for the slower speed of their paretic leg by taking bigger steps. This form ofEA shows positive results, but

these results tend to be short-lived. To research long-term e�ects, the authors conducted a study where participants

with a step length asymmetry of at least 5-cm trained on the treadmill 3 days per week for 4 weeks. Although not

signi�cant, their study is among the �rst to demonstrate that repetitive practice withEA can result in longer-term

improvements in step length asymmetry after stroke. Some studies comparedERwith EA with the goal of revealing

what works best. Chen and Agrawal let participants drive an electric wheelchair with a force-feedback joystick along a

prede�ned training path [14]. Assistive forces could reduce errors by pushing the joystick in the right direction while

repelling forces could increase errors by pushing the joystick handle away from the desired direction. The results

showed no signi�cant di�erence between the assistive and repelling forces.

3.3 Error Augmentation in Sports Interaction Technology

Despite a wide body of research aimed at providing extrinsic feedback to athletes, there is close to no evidence of

EAFin the �eld of sports. The only study that has implementedEA in a sports context is the work by Basalp et al.,

who studied the e�ect of visualEA on learning a complex rowing task [7]. More speci�cally, the task was trunk-arm

sweep rowing and a virtual blue oar showed the reference trajectory on a screen. The angular deviation between the

subject's oar and the reference oar was the de�ned performance error, which was ampli�ed according to a gain along

the principles of concurrent Over-TimeEA. The authors speci�cally stated a certain degree of deception, as they note

that subjects were not made aware that their performance error was visually augmented. In a within-subject study,

researchers experimented with gradually increasing the gain to study which gain worked best. Tested gains are 1.0,

1.2, 1.4, 1.6, and 1.8. The study found that participants kept up with a gain as high as 1.4 but got confused at a gain
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of 1.6. Compared to reported gains of Patton et al., who reported signi�cance performance increase at a gain of 2.0

[39], a gain of 1.6 is lower. The lower gain can be explained as participants in the rowing simulator are expected to

keep up with concurrent feedback that bears the risk of becoming unstable at higher gains. The authors conclude that

lower EA gains can be more suitable for more complex tasks but do not discuss the in�uence of their decision to rely on

concurrent feedback, which could cause participants to not be able to keep up with ampli�ed concurrent EAF.

3.4 Main Gaps in EA Research

By looking at existingEA applications in sports and rehabilitation, the two main challenges that are identi�ed are: 1)

EA has yet to be applied with a�ordable and �exible sensing and actuation tools, and 2)EA has yet to be adopted as

a viable approach for complex motor tasks in sports. AlthoughEA has shown to be e�ective in rehabilitation, allEA

implementations on relatively complex tasks are realized through expensive equipment such as robotic arms and haptic

actuators. Especially haptic actuators, such as the actuator that applied perturbation forces to a subject's knee [34],

are incredibly complex and can only be designed within lab settings and extensive research trajectories.EA has been

shown e�ective, so designing a low-cost and �exible way for researchers to conductEA research could potentially be a

well-received contribution to the �eld of Sports ITECH. The second challenge comes from the fact thatEAFis complex

sports movements is an highly underexposed �eld. With just one current prior study implementingEA on a sports

motion, implementingEAFon further sport related topics bears a lot of potential for more e�ective technology-induced

feedback applications. This thesis will try to bridge the gap and provide a proof-of-concept prototype that tackles the

two identi�ed challenges. The next section describes why BW squats are a suitable movement.
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4 BODYWEIGHT SQUATS: A COMPLEX MOTOR MOVEMENT

A complex movement that is suitable for the purposes of this thesis is screened according to six pre-de�ned criteria, listed

in Table 1.BW squats score well on all criteria. The movement is well described in prior research [30][ 38][ 17][ 30][ 43],

can be broken down into bio-mechanical subfactors, can be executed indoors in a controlled environment, has a low

barrier to entry as most people can do squats, uses the full-body and is a great indicator of overall health [18], is a

sports movement, and is dynamic to a point where the temporal order of muscle contractions determines the degree of

success of the performance. A BW squat is an excellent movement to proceed with for the purposes of this thesis.

Criterion Reasoning

1 Well-described in prior research EA can only be applied if the ideal technique is well

described: angles, temporal, spatial instructions.

2 Sports Movement Movement must be a sports-related movement.

3 Uses full-body Although movements that use only a part of the body

can be considered complex, a full-body movement was

preferred.

4 Ability to be performed in controlled environment Eliminating unnecessary variables was preferred. A

motor learning study should be consistent and repeti-

tive.

5 Easily broken down into bio-mechanical factors Clear sub factors would help applyEA on multiple

factors within the same complex movement.

6 Low barrier to entry A foreseen challenge is subject recruitment, so an ac-

cessible complex movement makes recruiting easier.

7 Dynamic A more dynamic movement is desired.
Table 1. Selection Criteria for Complex Movement

4.1 Bodyweight Squats

A BW squat starts in a standing position and is initialized by �exing the hip and knee joints to move the hips backwards.

A person descends until the top part of the thigh at the hip joint is lower than the knee joints. After that, the movements

are reversed to start ascending to return to the original standing position [30]. A more visual explanation of the described

ideal squat technique can be seen in Figure 1. During a squat, the force is transmitted through the body while the feet

are �xed to the ground [16]. The movement is not easy to learn and involves complex movements as it demands the

person to control their lower body (knee and lower back) [9]. Because of the focus on the lower limbs and the fact that

BW squats can train several large muscle groups at once, it is a common movement used in lower body rehabilitation

[17]. The ability to perform aBW squat where the thighs descend parallel to the ground with balance, symmetry and

coordination is a great indicator over overall movement quality.

Previous research has been conducted where researchers designed feedback to improveBW squat performance.

O'Reilly et al. trained a machine learning model to classify squat performance based on sensor data of 5 IMUs [38].

They gathered data from 77 subjects and can classify a squat as acceptable or aberrant with 98% accuracy. The works

of Bonnette et al. describe a concurrent visual feedback approach where subjects got to see a gray rectangular shape
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(a) Start in Upright Position (b) Initiate Descent From the Hips (c) Descent

(d) Descent Until Thighs Parallel to Ground (e) Start Ascending (f) Return to Original Standing Position

Fig. 1. Ideal BW Squat Technique.

that mapped biomechanical parameters to 6 points [11]. The objective was to maintain the shape while performing

BW squats. In Malaysia, bin Ahmad Tajudin et al. compared the e�ects of visual and verbal feedback on acquisition of

performingBW squats [9]. As part of future studies they recommend researchers to use software or high technologies

gadgets to give tailored feedback to participants regarding squat performance. Prior works in the �eld of Sports ITECH

shows thatBW squats are of interest to research. Additionally, the work of this thesis will contribute providingEAFon

BW squats through technology, in line with recommendations for future research by [9].

4.2 Bio-mechanical Feature Selection

4.2.1 CommonBWSquat Mistakes.In order to implementEA, the proper execution of aBW squat needs to be well-

de�ned. The ideal technique serves as a golden standard and any deviation can be considered as performance error.

However, according to Bedard this is not possible. They claim that: "there is no widely accepted standard for proper

execution of the squat." [8, p.3]. It is true that there are many variations on what is considered 'proper execution'. A lot

of studies focus on common mistakes that might cause injuries. [38] classi�ed aBW squat as acceptable or aberrant

based on common deviations ofBW squats outlined by the National Strenght and Conditioning Association (NSCA)

[43]. The 5 identi�ed deviations used by [38] are (i)Knees coming together during downward phase, (ii) Knees coming

apart during downward phase, (iii) Knees ahead of toes during downward phase, (iv) Heels raising o� the ground during

squat exerciseand (v)Excessive �exion of hip and torse during squat exercise. In another study, Connor et al. described a

soni�cation implementation that provides real-time auditory feedback on BW squats focusing on 4 parameters of the

squat:foot placement, knee �exion angle, knee alignment, andweight shifting[17].
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4.2.2 Movement Competency Screening.A common way to analyzeBW squats is through qualitative analysis based

on a set of prede�ned critical features [29]. An example of such a screening approach is through the Movement

Competency Screening (MCS) developed by Kritz et al. [30]. In the development of the MCS, Kritz et al. compared the

screening criteria of the bilateralBW squat as described in the works of [5], [10], and [27] to arrive at a summarized and

well-described understanding of the proper squatting mechanics. These requirements were translated to 8 screening

criteria for BW squats that are listed in Table 2. The authors of [9] used a variation of the MCS to scoreBW squats

and gave verbal feedback to a subgroup of participants in line with prede�ned queues depicted in Table 3. Similarly,

Bedard ratedBW squats using a 0 to 6 scale where each point represents one critical feature [8]. The authors based

their approach on the works of Herrington and Munro who analysed single leg squats according to a similar qualitative

approach [21]. The 6 features selected by Bedard are shown in Table 4. All these studies that have outlined critical

features and common errors help us understand the approximate ideal technique that we need in order to designEAF.

4.2.3 Selected Bio-Mechanical Features.Based on the reviewed prior research, it is possible to select individual aspects

of aBW squat that will be the focus. This thesis will focus on three bio-mechanical features:thighs parallel to the

ground [30], knees stay behind toes [38], andknees track in line with orientation of the feet [38]. All three

features are suitable forEA as they can be translated into ideal executions and the deviation is a clear error signal.

The respective errors are named:Vertical Error ( VE), Balance Error ( BE), andKnee-Heel Error ( KHE). As the

proof-of-concept prototype is aimed at complex tasks, and complex tasks are de�ned as tasks with two ore more

competing goals, the choice to focus on three unique errors is su�cient. Exactly how these three errors are extracted

from a BW squat recording will be explained in the next section on the development of the prototype.
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Head Held in a neutral position appears centrally aligned.

Shoulders Held down and away from ears. Elbows appear in line with ears.

Lumbar Lumbar Held in neutral curve position.

Hips Horizontally aligned and mobile. Move back and down during �exion.

Knees Aligned with hips and feet during �exion.

Ankles Mobility allows adequate dorsi-�exion during knee and hip �exion.

Feet Stable with heels grounded during lower limb �exion.

Balance Evenly distributed.

Depth Top of thighs appear parallel with �oor.
Table 2. BW Squat Screening Criteria as Outlined by the MCS [30, p.100]

Head Centered

Shoulders Held down away from ears.

Elbows Elbows behind ears throughout the squat.

Lumbar Neutral throughout squat

Hips Movement starts here, aligned and extension is obvious

Knees Stable, aligned with hips and feet

Ankle/Feet Aligned with the knees and hips. In contact with the ground especially the heels at the bottom of the

squat and feet appear stable.

Depth Thighs parallel to the ground

Balance Maintained
Table 3. Verbal Feedback Used by [9] based on MCS Criteria

Stance The subject will assume a roughly shoulder width stance. The toes will be oriented directly forward

or canted externally up to 30 degrees.

Heels The entire bottom of the foot will remain in full contact with the ground throughout the movement.

Knees The knees will track in line with the orientation of the foot throughout the squat movement.

Hip Depth The subject will descend until the crease formed by the torso and the upper thigh clearly descends

below the uppermost portion of the knee joint when viewed from the sagittal plane.

Hip Extension After squatting, the subject will extend the knees and hips until both joints reach full extension

and the subject is standing fully erect.

Back The back will remain in a neutral position throughout the movement, maintaining the natural

curvature of the spine.
Table 4. BW Squat Screening Criteria as Outlined by Bedard [8, p.14]




	Abstract
	1 Introduction
	2 Background of Motor Learning
	2.1 Ideal Motor Learning Study Design
	2.2 Feedback

	3 Error Augmentation
	3.1 Background of EA
	3.2 Evidence for the Use of EA From Rehabilitation
	3.3 Error Augmentation in Sports Interaction Technology
	3.4 Main Gaps in EA Research

	4 Bodyweight Squats: A Complex Motor Movement
	4.1 Bodyweight Squats
	4.2 Bio-mechanical Feature Selection

	5 Prototype Development
	5.1 Markerless Motion Capture (MMC)
	5.2 Calibration
	5.3 Video Capture and OpenPose Analysis
	5.4 Triangulation
	5.5 Data Preparation
	5.6 Augmentation and Error Extraction
	5.7 Data Visualization
	5.8 Materials
	5.9 Prototype Validation

	6 Motor Learning Study: Effect of EA on Skill Acquisition
	6.1 Subjects
	6.2 Study Design
	6.3 Ethical Considerations
	6.4 Experiment Results
	6.5 Experiment Discussion
	6.6 Experiment Conclusion

	7 Discussion
	7.1 Advantages and Limitations of MMC
	7.2 EA Parameters: Gain Selection
	7.3 EA Parameters: Deception
	7.4 Visual Feedback Design
	7.5 Feedback Interval and Timing
	7.6 Skill Level and Individual Differences

	8 Conclusion
	8.1 Future Work

	References
	9 Appendix A
	10 Appendix B
	11 Appendix C
	12 Appendix D
	13 Appendix E: GUI of the Prototype
	14 Appendix F: VE Model Assumption Plots
	15 BE Model Assumption Plots
	16 Appendix G: Questionnaire Overview
	17 Appendix H: Questionnaire responses

