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ÌĖĝĒÀÍĝ

Electromyography (EMG) is a promising tool for real-time biofeedback in
rehabilitation. This study presents the design and evaluation of a custom iOS
application, that detects steps using only EMG signals from the tibialis
anterior (TA) and provides real-time feedback via visual, auditory, and haptic
modalities. The goal was to evaluate how diʡerent feedback types inþuence
muscle activation and user experience during treadmill walking, with a
particular focus on potential applications for individuals with foot drop, a
condition involving TA weakening due to nerve damage that complicates gait.

The results show that reliable step detection durring normal gait can be
achieved with a single EMG sensor, using a lightweight peak detection
algorithm. Subjective feedback from ýve participants indicated a strong
preference for feedback modalities with low cognitive demand and minimal
interference with walking. The circular visual graph stood out for its clarity
and intuitive design, while short reinforcement cues, such as vibration pulses
or audio tones, were appreciated for their clear indication of a successful step.

Objective EMG data revealed increased TA activation during feedback
trials, with the highest average increase observed for the circular graph.
However, individual responses varied, highlighting the need for feedback
options in rehabilitation tools. These ýndings suggest that the optimal
feedback depends on individual preferences, task demands, and stage of
recovery, emphasizing the value of multimodal and adaptive feedback systems
for future applications in gait rehabilitation.
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rÀþþÀÿàÀĝĝÿéÿá

Elektromyograý (EMG) ªr ett lovande verktyg fºr realtidsbaserad
biofeedback inom rehabilitering. Den hªr studien presenterar designen och
utvªrderingen av en iOS-applikation som detekterar steg enbart med hjªlp av
EMG-signaler fr¬n tibialis anterior (TA) och ger ¬terkoppling i realtid via
visuella, auditiva och haptiska modaliteter. Syftet var att undersºka hur olika
typer av feedback p¬verkar muskelaktivering och anvªndarupplevelse under
g¬ng p¬ lºpband, med ett sªrskilt fokus p¬ potentiella tillªmpningar fºr
personer med droppfot, ett tillst¬nd som innebªr fºrsvagning i TA p¬ grund av
nervskada, vilket fºrsv¬rar g¬ng.

Resultaten visar att steg detektering av normal g¬ng kan uppn¬s med en
enda EMG-sensor genom en enkel algoritm fºr peak detektering. Subjektiv
feedback fr¬n fem deltagare visade tydliga preferenser fºr
feedbackmodaliteter som krªver l¬g kognitiv belastning och inte stºr g¬ngen.
Den cirkulªra visuella grafen stack ut som sªrskilt tydlig och intuitiv, medan
korta fºrstªrkningssignaler som vibrationspulser eller ljudtoner uppskattades
fºr sin tydliga koppling till ett lyckat steg.

Objektiv EMG-data visade ºkad aktivering i TA vid feedback, med stºrst
genomsnittlig ºkning fºr den cirkulªra grafen. Samtidigt fanns det tydliga
individuella skillnader, vilket understryker behovet av anpassningsbara
feedbackalternativ i rehabiliteringsverktyg. Resultaten tyder p¬ att optimal
feedback beror p¬ individuella preferenser, aktiviteten i fr¬ga och stadie av
rehabilitering, vilket framhªver vªrdet av multimodala och adaptiva
feedbacksystem fºr framtid rehabilitering av droppfot.
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EMG, biofeedback, droppfot, tibialis anterior, rehabilitering,
realtids¬terkoppling
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ō GÿĝĒąÓĠÍĝéąÿ

In recent years, biofeedback has become an increasingly common tool in
various aspects of daily life, ranging from wellness tracking to medical
rehabilitation. By providing real-time information on physiological processes,
biofeedback enables individuals to gain a deeper understanding of their bodyôs
functions and make adjustments accordingly. This technology has shown
great potential in improving motor learning, rehabilitation outcomes, and
neuromuscular control, making it an essential tool in both clinical and
everyday settings [ʰ], [ʱ].

One key area where biofeedback has been particularly eʡective is in
rehabilitation and movement training, where it is used to enhance body
awareness and control. By translating physiological signals into real-time
feedback, individuals can adjust their movements, improving coordination
and eʢciency [ʲ], [ʳ]. This is especially valuable in neuromuscular
rehabilitation, where re-establishing the connection between the brain and
muscles plays a crucial role in recovery [ʴ]. Dr. Warren Tryon [ʰ] explains
how this connection is essential for voluntary movements and how it can be
impaired due to neurological conditions or injuries. He explains how
immediate feedback on muscle activation, such as biofeedback, can aid in
motor learning and reinforce correct movement patterns, helping individuals
regain control over aʡected muscles.

Foot drop is one condition where biofeedback has shown promising results
[ʵ]. Foot drop is a disorder characterized by diʢculty lifting the front part of
the foot due to weakness or paralysis of the muscles tibialis anterior,
responsible for dorsiþexion [ʶ]. This condition can signiýcantly aʡect
mobility and increase the risk of falls. Basmajian et al. [ʵ] have shown that
individuals with foot drop can improve their gait and regain better movement
control by using biofeedback to monitor and encourage correct muscle
activation.

ōƕō éþ

This study aims to investigate the eʡectiveness of diʡerent biofeedback
modalities in reinforcing the brain-muscle connection for the tibialis anterior.
Speciýcally, it seeks to determine which type of feedback (visual, sound, or
haptic) provides the best user experience while promoting correct muscle
activation during walking. To enable this investigation, a feedback system
featuring real-time feedback and communication with an electromyography
sensor aims to be developed.
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Ŏ *ÀÍ÷áĒąĠÿÓ

Understanding how muscle activation is aʡected by neurological
impairments and how it can be restored or compensated for through targeted
rehabilitation is essential in the treatment of conditions such as foot drop.
Surface electromyography (EMG) and biofeedback technologies oʡer
promising tools for both assessing and improving motor function. This
background outlines the condition foot drop, explores how biofeedback and
EMG can support rehabilitation, and examines key factors aʡecting the
reliability and design of feedback systems.

Ŏƕō >ąąĝ 1Ēąď

Foot drop, as explained by Cºster et al. [ʷ] , is a condition characterized by
the inability to dorsiþex (lift the front part of the foot), leading to diʢculties
during walking. They explain that foot drop is not a disease, rather itôs a
symptom, typically of some form of nerve damage that disrupts the
connection between the brain and the dorsiþexor muscles. The nerve damage
can be caused by a variety of things, one of which is stroke. In the year ʱʯʱʲ,
around ʱʴ ʯʯʯ individuals suʡer from stroke in Sweden [ʸ]. Having this many
cases of stroke each year generates a big group of patients with drop foot.

To compensate for the lack of dorsiþexion, the knee is often lifted higher to
avoid tripping, which aʡects the gait cycle. It also causes imbalance and falling
when walking and can be an obstruction for social and active aspects of life,
lowering the quality of life for these individuals [ʶ], [ʰʯ].

Treatment for foot drop depends on the underlying cause, however, Cºster
et al. include physical therapy as a supporting treatment for most cases (for
example after surgery) or as the main treatment on its own. It serves as an
eʡective intervention, especially when the primary dorsiþexor (tibialis
anterior) is not completely paralyzed. The main goals of physical therapy are
to strengthen the dorsiþexors and to improve range of motion in the ankle
joint. Gait training is also used to help patients develop eʡective
compensatory strategies if dorsiþexor function cannot be restored.

A study published in Stroke [ʰʰ] demonstrated that EMG biofeedback can
increase muscle strength and functional motion in patients with foot drop
after a stroke. One advantage of using EMG in rehabilitation is that it helps
prevent compensatory movement patterns. Patients can conýrm that the
correct muscle (e.g., tibialis anterior) is activated and avoid overtraining
surrounding muscles that might take over due to compensation. Basmajian et
al. [ʵ] demonstrated that physical therapy combined with biofeedback
enabled more patients to avoid surgery and minimize symptoms.

ŏ



ŎƕŎ *éąà××ÓÌÀÍ÷

Biofeedback is the use of external monitoring of physiological processes to
provide information about that physiological state. The provided feedback can
be used to help the individual obtain voluntary control over the physiological
process. This is called biofeedback training and could, for example, be about
heart rate [ʲ].

Warren [ʰ] explains that by displaying data from a part of the body that is
not easily perceived, users gain a better understanding and control of the
physiological function. He describes biofeedback training as a common
practice in medicine, where the physicianôs role is to interpret the feedback
and ensure correct sensor placement. However, with todayôs improved
human-centered design and state-of-the-art technology, Warren notes that
the physicianôs involvement is becoming less crucial since biofeedback is
becoming more integrated into daily life through smartwatches, phones, heart
rate monitors, and other devices [ʰ], [ʱ].

According to Warren, biofeedback training can be applied across various
domains, including academic performance, athletic achievements, and mental
and physical health improvement. Regardless of the speciýc application,
biofeedback training always builds on the psychological theory of operant
conditioning. Operant conditioning builds on positive reinforcement. While
this was discovered in animals who received food as reinforcement,
biofeedback for humans works with cognitive reinforcement, such as visual,
auditory, or haptic feedback. Positive reinforcements are often perceived as
satisfying and can contribute to enhanced engagement for users [ʰ], [ʳ].

Warren further highlights that biofeedback training has been associated
with improved accuracy in functional tasks, such as muscle activation. This
occurs through operant conditioning mechanisms, where sensory feedback
strengthens the bodyôs ability to perform the desired movement. When users
receive sensory input, synaptic activity in the brain triggers reactions to the
stimulus. Over time, repeated training of these pathways facilitates easier
voluntary use. However, continuous practice is necessary to maintain these
improvements.

Biofeedback can be utilized through a wide variety of sensors but one of the
most common ones are surface electromyography (EMG) [ʰ], [ʳ]. In
biofeedback training, EMG is often used to retrain muscles by providing
real-time visual or auditory feedback based on the EMG signal. Several
studies have shown that EMG biofeedback can enhance the development of
strength and functionality in weak or paretic (partly paralyzed) muscles [ʳ].

Ŏƕŏ 5Z? Ė×ÿĖąĒĖ

Electromyography (EMG) sensors are devices used to measure the
electrical activity generated by skeletal muscles. These sensors are widely
applied in biomedical engineering, rehabilitation, sports science, and

Ő



human-computer interaction to assess muscle function and movement
patterns [ʰʱ]. EMG signals are typically recorded using either surface
electrodes placed on the skin (surface EMG) or needle electrodes inserted
directly into the muscle (intramuscular EMG) [ʰʲ]. Surface EMG is
non-invasive and is particularly suitable for wearable and real-time
applications. Since surface EMG is used exclusively in the experiment
described in this report, the term EMG will henceforth refer speciýcally to
surface EMG.

The EMG signal reþects the summation of electrical potentials generated by
the activation ofmultiplemotor units duringmuscle contraction. These signals
are typically within the range of ʯ to ÑʴmV and appear as stochastic waveforms
due to the asynchronous and variable ýring patterns of individual motor units
[ʰʱ]. The raw signal is ýrst ampliýed to a measurable range, then ýltered and
digitized to allow for computational processing and analysis.

Ŏƕŏƕō ďďùéÍÀĝéąÿĖ ąà 5Z?

Due to its ability to provide real-time information on muscle activation, EMG
has been utilized in a range of practical applications. Abraham [ʰʱ] presents a
number of applications both for medical and biomechanical purposes. In
clinical settings, it is used to support the diagnosis of neuromuscular
disorders such as myopathy and neuropathy. In rehabilitation, EMG is
employed to monitor muscle function during physical therapy and is often
integrated into biofeedback systems to enhance motor control and recovery.
Similarly, in sports science and ergonomics, EMG is used to study muscle
activation patterns during movements, enabling improved performance
analysis and injury prevention strategies.

For this thesis EMG will be used to provide feedback and analyze the gait
cycle, more speciýcally TA activation. EMG signals from the TA muscle during
walking reveal distinct patterns that correspond to phases of the gait cycle, as
shown in Figure ʰ. Lee et al. [ʰʳ] demonstrated that the TA exhibits peak
activation during the initial double stance phase (directly after heal strike)
and again during the swing phase, facilitating foot dorsiþexion and ground
clearance. Their study showed that activation of the TA begins slightly before
heel strike and decreases during mid-stance when the foot is þat on the
ground. This was conýrmed by using OpenSim simulations based on motion
capture and force plate data. A notable ýnding in their study was, while
activation levels of the TA and other dorsiþexors such as the extensor
digitorum longus were similar, the TA generated signiýcantly greater muscle
force, highlighting the importance of a functioning TA [ʰʳ]. These ýndings
underline that EMG can successfully identify gait phases and detect deviations
from normal patterns, such as those occurring with foot drop, where the
dorsiþexor activation is often diminished. However, there are some
considerations and sources of errors that have to be taken into account when
working with EMG.

ő



Figure ʰ: Surface EMG patterns of the tibialis anterior and other lower limb muscles over a
normalized gait cycle. The tibialis anterior is active during the swing phase, with a small dip
just before heel strike, followed by peak activity at initial contact. Figure reproduced from [ʰʴ].

ŎƕŏƕŎ 5Z? réáÿÀù kĒąÍ×ĖĖéÿá ÀÿÓ rąĠĒÍ×Ė ąà 5ĒĒąĒ

To extract meaningful information from EMG recordings, De Luca [ʰʵ]
explains the considerable signal processing required, as the raw signal
contains both the physiological signal of interest and various noise sources.
The typical processing pipeline begins with bandpass ýltering, commonly
between ʱʯ and ʳʴʯ Hzðto remove motion artifacts and environmental
electrical noise. The ýltered signal is then rectiýed, converting all values to
positive to reþect overall signal magnitude, and smoothed using techniques
such as moving averages or root mean square calculations. These steps
produce an envelope that more accurately represents the underlying muscle
activity. This pipeline enables the EMG signal to be used not only for
visualization but also for real-time control in interactive systems or machine
learning models for gesture and movement classiýcation.

The resulting amplitude is often used as a proxy for muscle activation
intensity, although it does not directly correlate with muscle force due to
non-linearities and factors such as muscle fatigue and electrode positioning
[ʰʶ]. In addition to amplitude-based measures, timing characteristics such as

Œ



the onset and oʡset of activation are frequently analyzed. Both of which will
be essential for the following method.

Accurate interpretation of EMG data requires careful consideration of
numerous factors that inþuence signal quality, as outlined in the foundational
work by De Luca [ʰʵ]. Although EMG is a powerful tool for analyzing muscle
activation during dynamic tasks such as gait, the signals are highly sensitive to
both technical and biological variability. Electrode placement is particularly
critical; even minor deviations, such as positioning over a tendon instead of
the muscle belly, can signiýcantly alter the signal proýle [ʰʷ]. To reduce
variability and minimize crosstalk from surrounding muscles, electrodes must
be placed in alignment with anatomical landmarks.

Beyond technical considerations, individual physiological diʡerences such
as muscle ýber composition, skin thickness, and subcutaneous fat also
inþuence EMG signal amplitude and timing, even during identical tasks. For
example, at higher walking speeds, tibialis anterior activation typically begins
earlier and with greater intensity to accommodate faster swing phases [ʰʸ].
Fatigue and sensor quality further contribute to signal variability. Even
repeated recordings within the same individual can vary due to changes in
electrode-skin contact quality. To address these challenges and enable
meaningful comparisons across individuals or sessions normalization
techniques, such as scaling to a maximum voluntary contraction, are
commonly used.

Ŏƕŏƕŏ 5İďąÿ×ÿĝéÀù ¨×éáæĝ×Ó ZąĪéÿá Ī×ĒÀá×

EMG signals often seem complicated due to the stochastic waveform and
noice from movements artifacts and external electrical sources as introduced
above. Even after the signal has been processed it can be diʢcult to interpret
it. There are multiple types of smoothing ýlters that can be applied to
processed data, such as Savitzky-Golay ýlters, Kalman ýlters and
exponentially weighted moving average ýlter (EWMA).

Savitzky-Goaly ýlters applies a low-degree polynomial to a moving window
of data points. It preserves peaks and widths better than most other ýlters but
are not suitable for real time use [ʱʯ]. Kalman ýlter on the other hand is
designed for real time data, it works by predicting the next state. However, it
does not handles non linear signals well, and an EMG signal would be
considered a non-linear curve [ʱʰ]. EWMA is also suitable for real time use.
Additionally it has a low computational cost which is beneýcial for a real-time
applications, making it a practical choice for systems requiring immediate
feedback, such as prosthetic control or biofeedback mechanisms [ʱʱ], [ʱʲ].

The EWMA ýlter is a type of low-pass ýlter that applies exponentially
decreasing weights to past data points, emphasizing recent observations while
lowering the inþuence of older ones. This characteristic allows the ýlter to
smooth out high-frequency noise without signiýcantly distorting the
underlying signal structure [ʱʳ].
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Mathematically, the EWMA is deýned by the following formula:

st = �xt + (1 � �)st�1 (ʱ.ʰ)

where:

Å xt is the current input value,

Å st is the current output (smoothed value),

Å � is the smoothing factor (0 < � < 1).

A higher � value gives more weight to recent observations, making the ýlter
more responsive to changes, while a lower � results in greater smoothing by
giving more weight to past data [ʱʴ]. To tailor the ýlter more closely to a
speciýc application, the � value can be adjusted depending on whether the
data is increasing or decreasing. This approach is known as an asymmetric
EWMA ýlter. By allowing the ýlter to respond diʡerently based on the
direction of change, it provides greater control over the shape of the smoothed
curve. This can be particularly useful when certain patterns are expected, such
as the characteristic behavior of EMG signals during the gait cycle.

In the context of EMG signal processing, applying an EWMA ýlter can
enhance the readability of the signal by attenuating rapid þuctuations and
highlighting the overall trend. By smoothing the signal, the EWMA ýlter aids
in the identiýcation of muscle activation phases and transitions, facilitating a
clearer understanding of the underlying neuromuscular activity [ʱʵ].

ŎƕŐ >××ÓÌÀÍ÷ 1×Ėéáÿ

Feedback in general terms means informing the user about the response,
then there is reinforcement that aims to motivate the user to reach a speciýc
response [ʱʶ]. However, when designing feedback, the two approaches often
get intertwined. Positive feedback will in this report be deýned as a way to
inform the user about good behavior and motivate them to repeat it, based on
operant conditioning theory. While negative feedback refers to informing them
about bad behavior.

Feedback type (positive or negative) plays an important role in the
eʡectiveness of biofeedback training. Positive feedback, where correct actions
are reinforced visually, auditorily, or haptically, has been shown to increase
user engagement, motivation, and motor learning outcomes [ʱʷ]. In contrast,
negative feedback that highlights errors can be useful for correcting mistakes
but may risk lowering motivation, particularly in vulnerable populations such
as stroke patients [ʱʸ]. Research suggests that an optimal approach combines
both positive reinforcement and corrective feedback, allowing users to
understand both their successes and areas for improvement without becoming
discouraged [ʲʯ]. Balancing feedback types is therefore crucial to maintaining
engagement and promoting long-term learning in rehabilitation contexts.
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The next aspect of feedback design is if the feedback should be given
real-time (during an activity) or terminal (after). In the early stages of
feedback research, researchers believed real-time feedback had a negative
impact on motor learning, and it was considered best to receive terminal
feedback. Today, however, they are conýdent that is not the case. Real-time
feedback has a great impact on motor learning, speciýcally in the early stages
of learning a new activity or for relearning [ʱʷ]. The eʡect on motor learning,
however, is still dependent on how well the feedback is designed. This could
include decisions regarding the type of reinforcement (positive or negative)
and the type of feedback method (e.g. visual, sound, or haptic) [ʲʰ].

In an article exploring current digital biofeedback systems for home-based
exercise rehabilitation, Brennan et al. [ʲʰ] discuss both positive and negative
aspects of feedback delivered via visual graphs and sound. They found that
visual feedback was often perceived as fun, intuitive, and provided clear goals.
However, a downside of visual feedback was the risk of over-reliance,
information overload, and diʢculty in interpretation. Regarding auditory
feedback, Brennan et al. highlight that sound can eʢciently encode a large
amount of information through variations in volume and pitch. Nevertheless,
when the auditory feedback involved spoken words, it was often perceived as
distracting, and variations in sound could sometimes cause confusion.
Brennan et al. also note that the evaluation of these digital biofeedback
systems was based primarily on subjective opinions rather than validated
technical data.

Other studies have compared motor learning rates between auditory and
haptic feedback and reported no signiýcant diʡerences in performance [ʲʱ].
However, combining multiple feedback modalities, such as auditory and
haptic feedback, has been shown to accelerate learning and reduce errors
[ʲʲ], [ʲʳ].

DĠþÀÿƧ+ąþďĠĝ×Ē Gÿĝ×ĒÀÍĝéąÿ

In addition to selecting appropriate types, timing, and modalities of feedback,
it is important to consider how users interact with these systems during
physical activities. HumanïComputer Interaction (HCI) is a ýeld that
combines insights from computer science, psychology, design, and
ergonomics to study and improve the interaction between humans and
technology [ʲʴ]. In the context of feedback systems, HCI emphasizes the
importance of usability, cognitive eʢciency, and clear communication
between user and interface according to Rogers et al. [ʲʴ]. They say feedback
should be designed to align with users cognitive and perceptual capabilities,
minimizing mental eʡort while maximizing the clarity and relevance of the
information provided.

This is particularly critical in situations involving real-time interaction or
multitasking, where poorly designed feedback can increase cognitive load or
disrupt task performance. Systems should support diʡerent types of users by

ŕ



oʡering þexibility and adaptability, such as allowing individuals to choose
between visual, auditory, or haptic feedback. In rehabilitation and motor
learning contexts, where users may face cognitive or physical limitations,
Rogers et al. argue that applying HCI principles can signiýcantly enhance
system accessibility and user engagement.
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ŏ Z×ĝæąÓąùąáı ÀÿÓ rıĖĝ×þ r×ĝĠď

In this chapter, the methodology used in the thesis is presented. It outlines
the signal processing steps applied to the EMG data, including the tools and
algorithms used for ýltering and step detection. It also describes the
development and implementation of the real-time feedback system, as well as
the structure of the user trials conducted to evaluate the diʡerent feedback
modalities. Finally, the chapter explains how the collected data was analyzed,
and the parameters chosen for assessing muscle activation and consistency.

ŏƕō n×Ė×ÀĒÍæ Z×ĝæąÓąùąáı

Based on the literature review presented in the Background Chapter ʱ, the
following method has been developed. Due to the signiýcant processing of a
raw EMG signal, described in Chapter ʱ.ʲ.ʱ, a sensor that delivers a
preprocessed and ýltered signal have been used, more speciýcally a Mʳʯ
Muscle Sense sensor from ANR Corporation [ʲʵ]. However, further ýltering
was necessary to aid in the pattern detection of the gait cycle. EWMA ýlter is a
well suited ýlter for that purpose as explained in Chapter ʱ.ʲ.ʲ. For Feedback
design three modalities were chosen, auditory, sound and vibration, based on
the previous research on this subject, discussed in Chapter ʱ.ʳ. Figure ʱ
presents a systematic overview of the methodological process, beginning with
literature review and ending with validation.

Figure ʱ: Overview of the methodological process, from literature review to validation. The
þow illustrates the main stages of the project and how subjective and objective outcomes were
analyzed.
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ŏƕŎ 5Z? réáÿÀù kĒąÍ×ĖĖéÿá

The EMG sensor used in this study was the Mʳʯ Muscle Sense from ANR
Corporation [ʲʵ]. This sensor outputs a pre-processed EMG signal with low
noise and high precision, making it suitable for detecting muscle activation
during movement. Although other EMG sensors are available, many require
additional signal processing before they can be used for real-time feedback.

A custom application was developed in Xcode to collect EMG data via
Bluetooth Low Energy (BLE). The app established a connection with the
sensor, displayed the signal in real time, and enabled data export for oʣine
analysis. To enable step recognition a smoothing ýlter were applied with the
goal to smooth out the raw signal so only one low peak and one top peak
represented a step, smoothing out the signal dip before a heal strike. Based on
chapter ʱ.ʲ.ʲ, a EWMA ýlter was chosen and tested with diʡerent � values to
ýnd the optimal ýlter for gait.

To identify steps, a peak detection algorithm was implemented to detect
low peaks, representing toe-oʡ. Despite ýltering there were some artifacts
that introduced false low peaks. To avoid counting these as a step two
conditions were tested.

First condition was aminimum interval of samples that had to pass between
two low peaks before a new step could be counted, illustrated in Figure ʲ. This
interval eʡected how fast a user couldwalk and had to allow a cadence up to ʰʲʯ
steps/min which is considered to be high intensity walking [ʲʶ]. Therefore an
interval of ʰʯ samples or smaller were tested.

Figure ʲ: Illustration of how the minimal interval of samples condition is applied, when the
window is set to ʸ

Second condition was a negative derivatives requirement between the
preceding samples before a plateau or a positive derivative, in order to classify
a sample as a low peak. This idea is illustrated in Figure ʳ with the example of
two consecutive negative derivatives. Variations that were tested was one
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negative derivative up to three negative derivatives. This condition was
introduced to reduce the risk of detecting false peaks due to noise, artifacts or
the brief dip in TA-activity before heel strike.

Figure ʳ: Illustration of how the negative derivative condition needs two consecutive negative
derivatives to count a low peak as a step.

ŏƕŏ *éąà××ÓÌÀÍ÷ rıĖĝ×þ ÀÿÓ 1×Ėéáÿ

Following EMG signal processing, a biofeedback application was developed
to provide real-time response based on muscle activation. The app was built
in Xcode using programmatic UIKit rather than Storyboards or SwiftUI, this
oʡered greater þexibility in user interface control. The target platform was
native iOS (SDK version ʰʷ.ʱ).

This application was designed for testing purposes rather than commercial
use. As a result, it does not include personalized features such as login or proýle
settings. Instead, the application was designed to automatically connect to an
Mʳʯ Muscle Sense sensor if one is in connecting mode nearby. The user could
manually set which feedback modalities were active and the desired threshold
value in the applications settings.

Based on previous research, presented in chapter ʱ.ʱ, three main feedback
types were implemented, all possible to achieve by only using a smartphone:

Å Visual: Three alternative formats for displaying EMG intensity.

Å Auditory: One feedback sound (beep) triggered on threshold exceedance.

Å Vibration: Two hapticmodes, one binary (a single pulse) and one dynamic
(change in vibration intensity depending on muscle activation).

To support interaction, the interface also included a live label showing the
current EMG value and detected step count. Recording functionality was
activated by the user via control buttons labeled òStartò, òStopò, òExportò, and
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òClearò. Step counting was only active during a recording session. Exporting a
session allowed the user to enter a ýle name and select a save location for a
.csv ýle for further analysis.

After the design process and coding the application the application was
tester to make sure all relevant functions worked for the purpose of the trials.
These functions included:

# Functions

ʰ BLE connection management

ʱ Real-time EMG display

ʲ Selection of feedback modalities and threshold tuning

ʳ Record raw EMG data and export .csv ýle

ʴ Step counting

Table ʰ: Functional requirements for the validation trials.

ŏƕŐ §ÀùéÓÀĝéąÿ

To evaluate the practical eʡectiveness of the feedback modalities
implemented in the application, a small user study was conducted. The goal
was to assess how diʡerent types of feedback modalities, visual, auditory, and
vibration, aʡect muscle activation and user experience during walking. Both
subjective impressions and objective EMG measurements of the TA muscle
were collected. The following subsections describe the participants, trial
procedures, and the analysis methods used to interpret the recorded data.

ŏƕŐƕō kÀĒĝéÍéďÀÿĝĖ

Five participants were recruited for the trial. All participants were considered
to have a visually normal gait and reported no injuries or medical conditions
aʡecting their lower extremities. The participants were between ʱʳ-ʴʷ years
old, ʲ male and ʱ female, as speciýed in Table ʱ.

Table ʱ: Age, gender, and preferred leg for sensor placement for each participant.

Participants Age Gender Leg carrying Sensor

ʰ ʱʵ Male Left
ʱ ʴʷ Male Right
ʲ ʲʰ Female Left
ʳ ʱʵ Male Right
ʴ ʱʳ Female Right

ŏƕŐƕŎ yĒéÀùĖ

To evaluate the eʡectiveness of the diʡerent feedback methods, trials were
conducted with participants walking on a treadmill while using the
application. The aim was to assess which type of feedback, visual, auditory, or
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