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Wearable MMG-plus-One Armband: Evaluation of
Normal Force on Mechanomyography (MMG) to
Enhance Human-Machine Interfacing
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Abstract- In this paper, we introduce a new mode of
mechanomyography (MMG) signal capture for enhancing the
performance of human-machine interfaces (HMIs) through
modulation of normal pressure at the sensor location. Utilizing this
novel approach, increased MMG signal resolution is enabled by a
tunable degree of freedom normal to the sensor-skin contact area.
We detail the mechatronic design, experimental validation, and
user study of an armband with embedded acoustic sensors
demonstrating this capacity. The design is motivated by the
nonlinear viscoelasticity of the tissue, which increases with the
normal surface pressure. This, in theory, results in higher
conductivity of mechanical waves and hypothetically allows to
interface with deeper muscle; thus, enhancing the discriminative
information context of the signal space. Ten subjects (seven ablebodied and three trans-radial amputees) participated in a study
consisting of the classification of hand gestures through MMG
while increasing levels of contact force were administered. Four
MMG channels were positioned around the forearm and placed
over the flexor carpi radialis, brachioradialis, extensor digitorum
communis, and flexor carpi ulnaris muscles. A total of 852
spectrotemporal features were extracted (213 features per each
channel) and passed through a Neighborhood Component
Analysis (NCA) technique to select the most informative
neurophysiological subspace of the features for classification. A
linear support vector machine (SVM) then classified the intended
motion of the user. The results indicate that increasing the normal
force level between the MMG sensor and the skin can improve the
discriminative power of the classifier, and the corresponding
pattern can be user-specific. These results have significant
implications enabling embedding MMG sensors in sockets for
prosthetic limb control and HMI.

I. INTRODUCTION
A. Motivation
Over the last few decades, surface electromyography
(sEMG) has been widely used as the standard myographic
modality for recording and decoding human motor intention
and muscle activity. This modality has been used to classify a
high number of actions (such as multiple gestures) while
maintaining a good level of accuracy [1]. There are several
techniques and algorithms in the literature regarding the use of
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EMG for gesture detection. For example, taking advantage of
deep neural network architectures, in [2], the possibility of
securing accuracy above 90% for 52 classes is shown for EMG
signals. In addition, more results on the use of advanced
machine learning techniques on data collected using a
sophisticated EMG system can be found in [3], [4], and
references therein. Despite the fact that by the use of sEMG a
high number of gestures can be classified with a high level of
accuracy, there are some significant challenges that exist with
the practical uses of this modality, such as (a) variations due to
skin conditions and impedance (for example due to sweating on
the sensor site), (b) high sensitivity to sensor positioning, (c) the
need for clean electrical electrode-skin contact surface, and (d)
expensive hardware requirements for electromagnetic noise
cancelation and sophisticated signal amplification [5]–[7].
Despite the reported high quality of myoelectric control under
the research laboratory environments, the challenges mentioned
above have restricted the use of EMG in commercial powered
prosthetic limbs and for in-home conditions. One result is that
many of the current prosthetic devices work only based on
sequential state machine rules, which take the commands of the
patient by only picking up the co-contraction of the muscles,
tracking which is straightforward. However, this technique
cannot realize an intuitive control. Thus, the abandonment rate
is high for several upper-limb prostheses devices due to the
unintuitive and cumbersome control [8].
As an alternative approach, mechanomyography (MMG) has
attracted a great deal of interest over the past years since it is a
low-cost myographic modality which records the mechanical
responses of the muscle activation as opposed to the electrical
activity of the motoneurons [9]. Measuring mechanical
responses can add some benefits in terms of usability under inhome and unconditioned environments. In the literature, MMG
has been acknowledged by the low sensitivity to the skin
condition and low variability of response over the time of use
under unstructured environments. This minimizes the need for
the skin to be cleaned, dry, and perfectly conditioned for the
whole duration of use.
At the same time, using MMG (instead of EMG) could result
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Fig. 1. Cross-section view of custom-made microphone MMG. The device is
comprised of 4 parts: a case used to hold the rest of the components together,
microphone, mylar film, and a stabilizing ring, which is used to stretch the film
and prevent the case from tilting. As the mylar film is disturbed, changes in
pressure within the acoustic chamber are captured by the MMG microphone,
which is isolated in a chamber filled with hot glue.

in the reduction of the potential physiological information rate
since it measures the mechanical response of an electrical
source, rather than directly measuring the electrical response.
Thus, MMG is mainly promoted for applications in which the
user intention should be decoded in a consistent manner and
under unstructured conditions rather than studying the
neurophysiology of the muscles. This makes MMG a good
candidate for in-home uses of prosthetic systems. The
mechanical responses are captured in the form of oscillations
produced by displacement and dimensional changes of muscle
fibers that occur during a contraction [10]. Examples of the use
of MMG technology are the evaluation of muscle fatigue [11],
muscle strength [12], balance [13], muscle functions [14], or the
analysis of the mechanical response of the muscle after exercise
[15]. Other applications of MMG technology include the
examination of neuromuscular disorders [16], and prosthetic
limb/robotic control [17]–[19].
In comparison to EMG, this mechanical method (i.e., MMG)
may be classically considered as a modality with a lower
information transfer rate, in particular regarding the
neurophysiology of the muscle activation and peripheral
nervous system. However, by using MMG, some practical
difficulties related to the use of EMG (in particular for in-home
uses) can be addressed, such as sensitivity to skin conditions or
sensitivity to electromagnetic noise caused by electrical devices
(e.g., elevators, air-conditioning systems, or fluorescents) [20].
This makes MMG a good alternative for practical applications
that require in-home compatibility, a non-invasive method, and
a low-cost solution for muscle monitoring while being robust to
electrode-skin conditions and requiring simple calibration and
placement procedure (with no need for skin preparation).
Research related to MMG is growing very fast to further
enhance the information rate of this modality. Understanding
limitations and potential of the signal, as well as factors that
play a major role in the MMG signal acquisition, could help
improve the performance and the accuracy of the classification,
intention detection, and human-machine interfaces.
B. Existing Challenges
MMG signals have been collected using different sensory
solutions, each with different frequency bandwidth and
information rate, such as accelerometers [21], piezoelectric

contact sensors [22], and microelectromechanical (MEM)
microphones [23]. Each one of these sensory solutions has
particular advantages and limitations. For example,
accelerometers have been found to provide a flatter spectrum
and higher bandwidth when compared with piezoelectric
contact sensors [22]. In addition, acoustic/microphone MMG
has shown to be more robust to motion artifact compared to
accelerometers, making it ideal for dynamic tasks [23].
Nonetheless, all of these MMG modalities have been found to
be affected by different factors, such as the length of the muscle
being tested, motion artifacts, or the thickness of the fat layers
of the dermis [9]. The limitations are more pronounced for
neurophysiological studies of motor unit action potentials [24].
It is imperative to mention that all the above-mentioned
MMG sensors have shown some level of sensitivity to contact
force. Although the effect of contact force has been reported as
an influential factor in the MMG response [21], [22], [25]–[28],
the literature around this topic is still not clear and is partly
heterogeneous. There is a need for a more detailed
understanding of the effect of normal force and the information
context of the MMG signal. Early studies on this topic [25],
[27], [29], made some observations regarding the effect of
contact force on the magnitude of a single-channel microphone
and piezoelectric MMG signal. Their observations suggest that
as higher pressure is applied to the sensor, higher MMG
amplitude values can be observed. These findings were in
agreement with those in [22] in which the MMG signal of a
piezoelectric sensor was evaluated under different conditions
by loading the sensor with values ranging from 0.5 N. to 1.5 N.
Although the literature suggests that contact force may have
some overall alteration on the quality of the MMG signal from
piezoelectric and microphone sensors, they do not provide
insight about how/if, with the use of different force levels, it
would be possible to tune the detection accuracy regarding the
user intent. In the case of the MMG accelerometer, there is a
very small number of studies about the effect of the contact
force. One of the early studies in this matter suggested a
heterogeneous response, including signal distortion for
acceleration-based MMG, when different weights ranging from
2 grams to 50 grams were placed over a single channel sensor
[21]. All these previously mentioned studies show evidence that
contact force plays an essential role in the signal quality and
magnitude for all MMG transducers (i.e., accelerometers,
piezoelectric contact sensors, and microphones). However,
there is a lack of systematic investigation about the effect of
contact force on the discriminative power of MMG activity.
This paper focuses on adding a new “dimension” to MMG,
which can further enhance the information rate, discriminative
power, and practicality of this bio-signal modality for the use in
prosthetic control. Analyzing the MMG activity at different
levels of contact-force can shed light on a new direction that
can be potentially exploited to get access to deeper muscle
information. This elucidates proposed paradigms of MMGplus-One modality and provides an understanding of the
mechanical behavior of this modality. The previously
mentioned challenges show a heterogeneous understanding of
the effect of normal force on MMG. This calls for further
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Fig. 2. (a) MMG armband design at lowest length L1 (13.5 cm). (b) MMG
armband with length extended to L2 (18 cm). Depending on the arm diameter
of each individual, the active length of the elastic cord is adjusted by the use
of the spring buckle to match the length of the armband to the arm diameter
of each participant. The length of the armband can be adjusted to values
ranging from 13.5 cm to 28.5 cm. Each segment can be slid along the cord to
be placed over the target muscles.

investigation which may result in a novel approach to enhance
the discriminative power of MMG.
C. MMG-plus-One Concept
The previously mentioned findings in the literature have
motivated the design of a novel armband using which the level
of contact force is systematically adjusted on multiple sensors
around the forearm. It is worth mentioning that there has been
minimal to no related investigation in the literature regarding
the use of different levels of contact force to extract richer
information for the classification of hand gestures. This paper
focuses on the mechatronic design of the MMG-plus-One
armband. The concept is motivated by the fact that, in theory,
the increase of the normal force at the point of contact with the
skin alters viscoelastic properties of the tissue (due to its
nonlinear nature), which can impact propagation of mechanical
waves related to muscle activations. We aim to utilize the
mentioned physical characteristic to modulate the information
content of the MMG signal modality, and consequently to
enhance the discriminative power for human intention
detection, when utilized for classification of multiple hand
gestures. We believe this feature can be used as an additional
tunable degree of freedom for MMG, which can be exploited to
enhance the performance of MMG-based man-machine
interfaces. It should be emphasized that the normal force not
only can result in higher viscoelasticity of the tissue, which
increases the conductivity of the mechanical wave from the
muscle to the skin, but it can also reduce the volume conduction
effect (signal damping due to the tissue between source and

sensor) which can enhance the signal to noise ratio. In this
paper, we investigate these properties through designing and
implementing a new wearable MMG technology that allows to
systematically increase the normal force at the point of contact
of each independent sensor without the need to unmount the
device. The prototype implemented and tested is an armband
composed of four MMG modules. The number of modules has
been selected considering the complexity of the system,
accuracy of the prediction, and potential artifacts (to prevent the
sensors from potentially capturing crosstalk from synergistic
and neighboring muscles during the recording, which could
hinder the focus of the investigation). The normal force applied
on each sensor of the armband can be adjusted onto three
distinct projection depths by the use of a particular mechanical
design. Additionally, the length of this wearable can be adjusted
to a wide range of dimensions thanks to the distinctive design
of the armband segments. The armband not only explores the
gradient of information distributed around the arm but also
allows to take into account the gradient of information caused
by the normal force. The focus of this study is to investigate for
the first time the effect of distributed normal force on the
information context of MMG. The armband design presented in
this paper can be exploited and scaled up or down in the future
for various applications with a different need for the number of
MMG sensors.
To summarize, in this study, we introduce the design,
implementation, and testing of a new wearable MMG armband
that has an additional degree of freedom for tuning the
discriminative power for the purpose of intention detection. The
proposed wearable MMG-plus-One armband takes advantage
of the potential effect of different pressure maps on the
discriminative power of the multidimensional signal space
(illustrated for the first time in this paper) to tune gesture
prediction accuracy. In this respect, analysis of the relationship
between MMG and three different levels of contact force has
been performed regarding the quality and discriminative power
of the microphone MMG signal for the classification of six
hand gestures. This paper reports the first findings of the
introduced armband.

Fig. 3. Increasing levels of protrusion for MMG design. From left to right,
custom-made sensor at levels of protrusion 1, 2 and 3. Pressure is controlled
by turning the protruding knob
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II. METHOD
A. Sensor Design
The MMG sensor introduced in this work has followed an
acoustic MMG structure, as presented in [23], [30]–[32]. The
dimensions and shape of the acoustic chamber have been
adjusted to the optimal measurements following the findings
presented in [30], a conical shape, a diameter of 7 mm, and a
height of 5 mm. The sensor consists of 4 components: a case,
used to hold all the parts together, a microphone (Knowles
SPU1410LR5H-QB), used to capture the MMG activity, a
portion of transparent mylar membrane of 3 μm, used to
amplify the changes in pressure in the acoustic chamber, and a
stabilizing ring, which dimensions have been adjusted to snapfit around the frontal side of the case, causing the mylar film to
remain firmly stretched at the same time as preventing the
sensor from shifting or tilting. As the mylar film is excited by
propagated muscle vibration, changes in air pressure in the
acoustic chamber are captured by the microphone, which is
placed on the backside of the case at the bottom of an isolation
chamber, which has been sealed and filled completely with hot
glue. Fig. 1 shows a schematic of the custom-made microphone
MMG sensor developed for this study.
B. Armband Design
A wearable armband, comprised of four MMG segments and
four separation segments, has been designed for the purpose of
this study. The four MMG segments of the proposed armband
allow to systematically increase the contact force between the
MMG sensor and the skin. The four separation segments
prevent the MMG segments from shifting by maintaining the
tension on an elastic cord, which holds all the components
together. In each one of the segments, two housing parts are
coupled together using socket head cap screws to form slots
through which the elastic cord is passed. To take into account
the variability of the arm diameters (between participants), and
to ensure similar initial conditions for all participants, a spring
buckle is attached to the elastic cord at one end of the armband
to allow for the use of larger or shorter lengths of the cord (see
Fig. 2). Prior to the experiment, the arm diameter of each
participant, at the level of the sensor location, was measured.
Depending on the arm diameter of each individual, the active
length of the elastic cord was adjusted by the use of the spring
buckle to match the length of the armband with the arm
diameter of each participant, ensuring the same conditions for
every participant. The length of the armband can be adjusted to
values ranging from 13.5 cm to 28.5cm. Thanks to the use of
the design, each segment was slid along the cord to be placed
over the target muscles.
Each one of the MMG segments is comprised of five parts: a
custom-made MMG sensor, as described in section II.A, a
compressible unit into which the sensor snap-fits, a rotational
mechanism which permits the investigator to increase the
contact force levels, a plunger onto which force is applied and
transmitted to the compressible unit, thereby compressing
spring to reach the different levels of projection, and two main
housing parts which hold all the components together. Force is
applied over the back of the plunger in order to protrude the

MMG sensor to the next levels. By the use of the spring, the
compressible unit is cyclically pushed out onto two increasing
levels of projection (see Fig. 3). Each one of these levels is
separated by 3 mm. The levels are reached once the force
applied on the plunger has enabled the turning of the rotational
unit to the corresponding slot. The use of ball bearings
facilitates the turning of the rotational unit and prevents the
rotation of the compressible unit, which holds the sensor in
place. The use of the spring makes it possible for the mechanism
to retract to the first level of projection after the highest level
has been reached.
C. Demographic data
Seven able-bodied right-handed individuals (5 males and 2
females) between the ages of 19 to 35 years old and three transradial amputees (2 males and 1 female) between the ages of 30
to 50 years old participated in this experiment that took place
on a single session per participant. All participants gave their
informed consent before taking part in the study. All
experiments were approved by the Imperial College Research
Ethics Committee (ICREC reference: 15IC3068).
D. Experimental Protocol
The experiments involve the collection of MMG activity
while participants are asked to perform different hand gestures.
Able-bodied participants were asked to perform six gestures,
and amputees were asked to perform four gestures. The
information is collected at different levels of contact force using
the proposed armband, designed to easily increase the level of
contact force between the skin and the MMG sensors. Three
levels of contact force were tested in able-bodied participants,
and two levels of contact force were tested in amputees. Four
MMG sensors are placed around the forearm using the proposed
stretchable armband (see Fig. 4). The six hand gestures used for
able-bodied participants were: Flexion, Extension, Pronation,
Supination, Adduction, Abduction. The four gestures used for
amputees were Flexion, Extension, Pronation, Supination. To
minimize the effect of motion induced artifact during the
experiment, participants were asked to hold the arm still while
performing the trials and their dominant arm was placed over
an armrest. Amputee participants did not use an armrest. The
armband was positioned around the forearm, and the MMG
segments were shifted accordingly in order to be placed over
the flexor carpi radialis (FCR), brachioradialis (BR), extensor
digitorum communis (EDC), and flexor carpi ulnaris (FCU)
muscles. A palpation method was used to locate the target
muscles. Considering the origin and insertion of each muscle,
the brachioradialis muscle was first palpated, and an MMG
sensor was placed over the widest area of the muscle in the
forearm. At this level of the forearm, the rest of the target
muscles (i.e., FCR, FCU, and EDC) were subsequently
palpated, and the sensors were placed accordingly around the
forearm. It should be noted that due to the differences between
neurophysiology of various subjects, we expect differences
between the performance of subjects, part of which can be
caused by differences between the muscle location, muscle
length, and skinfold thickness.
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Fig. 4. The armband is comprised of 4 MMG segments (4th segment not
visible) and four separation segments (2 segments not visible).

Data collection for both demographics consisted in the
following; the user’s dominant arm was positioned at rest midway in supination at the forearm, with the arm held
approximately 15 cm above from the surface of the table. The
seat was adjusted for the participant to rest the elbow at
approximately 90°. An armrest was used to rest the elbow while
the participants were asked to perform different gestures. Prior
to commencing the experiment, all participants underwent a
training trial which consisted of the participants performing five
repetitions of a randomly selected group of gestures with
intervals of 5 seconds between each contraction, taking
approximately 2-3 minutes per participant. For amputee
participants, in terms of the time duration after amputation and
the remaining muscle condition, the first participant had the
amputation 7 years ago and makes use of a body-powered
prosthesis on a day to day basis for activities of daily living
(ADLs) and for regular exercise on a handcycle, maintaining a
high level of activity. The second amputee participant had the
amputation 5 years ago and uses a Mitt prosthesis on average
every 3 days for ADLs, self-describing the activity level as
medium. The third participant had the amputation performed 6

Fig. 5. Illustration of data extraction. The first and last seconds of
information are discarded, and the remaining 3 seconds of data are extracted
for analysis.

years ago and uses primarily a Mitt prosthesis, self-describing
the activity level as medium. All amputee participants are
quadruple amputees and needed amputation after sepsis. The
first participant has a high level transradial amputation on the
tested limb. The other two participants have distal transradial
amputations.
After training, data collection was divided into three groups
with a 30-second resting period between each recording.
Groups were divided as follows: Flexion-Extension, PronationSupination, and Adduction-Abduction. Only the first two
groups apply for the amputees. Each group consisted of 5
repetitions of each gesture. Initially, participants were asked to
place the hand in the resting position. After initiating data
collection, participants were asked to maintain the resting
position for a period of 10 seconds before carrying out the first
contraction. Participants were then asked to perform the
sustained contractions for a period of 5 seconds with a 5-second
interval to rest between each contraction. At the end of each
trial, participants were asked to maintain the hand at rest for a
period of 10 seconds before stopping the recording to facilitate
data extraction. After the three groups of recordings finished,
each one of the MMG sensors was pushed out to the next level
of projection to increase the amount of contact force. Once all
four sensors had been pushed to the next level of contact force,
the process of data recording for the three groups of hand
gestures was performed again. This process was repeated two
times for able-bodied participants to record data of all hand
gestures for three levels of contact force. In order to avoid the
fatigue of the muscle and due to time restrictions, the amputee
data collection process was repeated only one time in order to
collect data of all gestures for two levels of force. The data
collection process took approximately 45-60 mins for ablebodied participants and around 30-40 mins for amputees.
E. Data Collection
The raw acoustic signals of the MMG channels were divided
into two sets of information for the purpose of training and
testing a classifier. For the purpose of this study, a hold-out
validation method was chosen since it shows a more realistic
view of the performance of the proposed MMG-plus-One
armband. In this regard, the testing is done on a completely
unseen dataset to maximize the validity of the technique and
strictly avoid any potential unwanted information leak between
the test and training sets. The first set (for training) contained
the first three trials of each hand gesture, and the second set (for
testing) contained the remaining two trials. Similar to the
existing literature on gesture detection for electromyography
[33], [34], and mechanomyography [17], [35], the signal was
analyzed during the steady-state phase of the contraction, thus
discarding the transient phases. This is a common practice in
the literature since signals during transient phases have a high
degree of stochastic non-stationarity, making the steady-state of
the signal more robust for classification and gesture detection
purposes [36], [37]. In addition, the duration of the transient
phases cannot be controlled accurately for systematically
training of the machine learning algorithms under practical
situations and without rigorous and excessive calibration. These
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Fig. 6. Sum of confusion matrices for all able-bodied participants. From left to right, confusion matrix for force level 1, 2, and 3, respectively.

are the main reasons based on which in the literature, and this
paper, the steady-state phase of the contractions is investigated.
It should be highlighted that detecting the transient phases of
the contraction has very recently attracted some interest, as
indicated in recent studies [38], [39]. The analysis of the
transient phase detection is a future direction of this paper and
is out of the scope of the article, due to the corresponding
neurophysiological differences. Therefore, for the purpose of
this study, the first and last seconds of information have been
discarded in order to leave out the analysis of the transient state.
Data segmentation was performed as follows: the onset and
offset of each gesture were manually marked and labeled in the
timeline of the trial by using an adjustable threshold value
which was tuned during the analysis of each one of the trials. In
this way, all the trials for each gesture were manually labeled
for every participant. Once the onset of a gesture was marked,
the following 1 second of information was discarded, and the
subsequent 3 seconds of data were extracted for analysis. The
timestamp of the remaining 1 second of information was
compared against the offset label to ensure that the participant
held the contraction for a period longer than the 3 seconds of
interest (see Fig. 5). This last second of information was
subsequently discarded.
Supported by the literature, most of the information context
of the MMG signal is below 150 Hz [40]. Frequencies between
1 Hz and 25 Hz have been reported for containing most of the
power of the signal [41]. Thus, it is widely accepted that the
region of interest for frequency analysis of the MMG signal
falls between 1 Hz to 150 Hz [27], [40], [42]. This frequency
window (1-150Hz) is used in this study, accordingly. A
sampling frequency of 1 kHz was used to capture the MMG
data. Signals were filtered using a second-order band-pass
Butterworth filter, then passed through a Hilbert transform
function. This data preparation process was performed for the
training and testing sets of data. The computation of the signalto-noise ratio (SNR) and the occupied bandwidth, within the
active range of frequencies of the MMG signal (i.e., 1-150 Hz),
was performed at each level of contact force for every
participant. These two parameters were derived from the power
spectral density estimation found using Welch's overlapped
segment averaging estimator.

F. Feature Extraction
A total of 213 spectrotemporal features are extracted for each
channel, including 200 features in the frequency domain and 13
features from the time domain. Data were segmented into
windows of 200 ms with no overlapping. Frequency features
were extracted using a fast Fourier transform. Time-domain
features formulated based on the literature [43]–[45] are:
• Root Mean Square
• Integrated Absolute Value
• Mean Absolute Value
• Modified Mean Absolute Value type 1
• Modified Mean Absolute Value type 2
• Simple Square Integral, Variance
• 3rd Temporal Moment
• 4th Temporal Moment
• 5th Temporal Moment
• Average Amplitude Change
• Difference Absolute Standard Deviation Value
• Difference Absolute Mean Value
After feature extraction, a Neighborhood Component
Analysis (NCA) was applied to extract the most relevant
features for classification purposes. NCA [46] is a relatively
new feature scoring technique that assigns a power weight to
each feature based on the discriminative power of the
corresponding feature. This technique enables ranking of the
features, comparing the importance of each feature based on the
discriminative power, and selecting features which contain
most of the power for classification. After feature scoring and
selection, using a hold-out validation method, features from the
first set of data were used to train a linear support vector
machine (SVM) classifier, and the second set of data was used
to test the performance of the model.
III. RESULTS AND DISCUSSIONS
In this work, the length of the armband was adjusted and
normalized based on the diameter of the limb of the user, to
maximize the similarity of conditions. Each participant is
compared to themselves. Different force levels are analyzed for
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(a)

(b)
Fig. 7. Accuracy of the classifier for all participants vs levels of force. (a)
Accuracy of able-bodied participants for three levels of force. (b) Accuracy of
amputee participants for two levels of force.

each participant to evaluate the relative behavior of the
information context of the signals. Two levels of normal force
were evaluated for amputee participants and three levels of
normal force were evaluated for able-bodied participants.
Observations related to contact force 1 (lowest force level):
Gesture classification was strong for Extension, Abduction, and
Flexion. Extension showed the highest performance. The
classification deteriorates for Adduction and Supination.
Adduction shows the lowest performance overall (see Fig. 6).
Observations related to contact force 3 (highest force level):
Force level 3 shows the highest performance for Abduction,
Flexion, and Supination across all force levels. Extension
shows the highest performance among all gestures.
Below, we report the pattern with relevant statistics based on
the accuracy of the classifier for the different levels of contact
force (see Fig. 7). For amputee participants, the median
accuracy of the classifier resulted in 78.33% for force level 1
and 90.83% for force level 2. The average accuracy yielded
81.39% and 90.28% for force levels 1 and 2, respectively. An
average improvement in accuracy of 8.89 % is observed with a
standard deviation of 0.12 and 0.06 when increasing the normal
force level from 1 to 2, respectively. The change in the pattern

of improvement was user-specific. For amputee participant-3,
the higher level of contact force increased the accuracy by 20%.
For amputee participant-1, improvement near to 5% was
observed and for amputee participant-2, the performance
remained similar for both levels of normal force. For ablebodied participants, the experiments showed a very interesting
pattern. For several participants, the increase in the level of
contact force shows a performance deterioration, while the
second increase of force considerably improves the
performance. For example, for participant-2 of the able-bodied
group, increasing the contact force from the first level to the
second reduces the performance from 79% to 73%. However,
the second increment of normal force increases the accuracy
from 73% to 81%. The results for able-bodied participants seem
to indicate that there is a strong relationship between the normal
force and the performance of MMG-based gesture detection.
The Wilcoxon signed-rank test shows that the observed
difference in performance between force level 2 and force level
3 is significant (p = 0.028). A statistically significant difference
between force levels 1 and 2, however, was not observed (p =
0.128). Results on amputee participants are encouraging, as a
relationship between normal force and classification accuracy
is demonstrated. Longer term evaluation on a larger subject
pool is planned commercially for translation. Characteristics of
performance among amputees, however, varies significantly
depending on underlying conditions triggering limb loss and
surgical procedure for amputation. Consequently, adjustment
to residual muscle performance and individual preference is of
critical import; we have also demonstrated this capacity.
Furthermore, results suggest accuracy is not linearly related the
normal pressure; instead, each participant may have an optimal
normal pressure to maximize the performance. Due to the userspecific signature of performance and the corresponding
nonlinear connectivity with the normal pressure, an average
behavior may not be representative of the overall performance.
However, for the purpose of objective assessment, the
following results are also given. For able-bodied participants, a

Fig. 8. Accuracy of classifier for force patterns. The x-axis represents the
different contact force patterns applied. The numbers represent the 3 different
levels of contact force applied over each target muscles around the arm
starting with the FCR muscle, followed by the BR, EDC, and FCU muscles.
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decrease in average accuracy of 6% and a subsequent increase
of 10% are observed for increments of normal force 1-2 and 23, respectively. The median accuracy resulted in 73.33%,
66.67%, and 72.78% for force levels 1,2, and 3, respectively.
The analyses of the SNR and occupied bandwidth were
performed at each level of contact force for every participant.
The average SNR values across all able-bodied participants
yielded 5.52 dB, 5.64 dB, and 6.16 dB for force levels 1, 2, and
3, respectively. In the case of the amputee data, the average
SNR values resulted in 5.76 dB and 5.86 dB for force levels 1
and 2, respectively. A calculation for the occupied bandwidth
was also performed for every level of force and averaged across
all participants. The estimated occupied bandwidth of the signal
of able-bodied participants for the levels of force 1, 2, and 3
resulted in 34.16 Hz, 35.13 Hz, and 31.52 Hz, respectively, with
the lower bound of the bandwidths at 1 Hz. The estimated
occupied bandwidth of the signal of amputee participants for
the levels of force 1 and 2 yielded 35.62 Hz and 34.54 Hz,
respectively, with the lower bound also at 1 Hz.
It should be highlighted that the focus of this paper is on the
discriminative power of the signal space (in particular for the
data collected from amputee users). This may connect in an
indirect manner to the SNR value and signal bandwidth. The
results above provide insight into the potential effect of
different levels of normal force on the MMG signal SNR and
bandwidth. A gradual improvement of the SNR value and
decrease in the bandwidth can be observed, as given above.
IV. FORCE PATTERN STUDY
To further expand our understanding of the effect of contact
force on mechanomyography, we conducted a separate user
study evaluating different contact force patterns
(heterogeneously distributed around the arm), for each sensor
around the forearm, while following the same data collection
protocol as described in section II.E. Five abled-bodied
participants who took part in the first section of this study
participated in this second experiment that took place on a
single session per participant.
In order to prevent the fatigue of the muscle and to avoid a
prolonged experiment, we selected two combinations of force
patterns between each of the contact force levels 1-2 and 2-3.
The first pattern alternates the location at which a higher and a
lower level of force is applied. Higher contact force is applied
over the FCR and the EDC muscles while a lower level of
contact force is applied over the BR and FCU muscles. The
second pattern consists of applying a higher level of contact
force over the FCR and BR muscles, while a lower level of
TABLE I
FORCE PATTERN DATA ANALYSIS
Force
Pattern
1111
2121
2211
2222
3232
3322
3333

SNR [dB]
3.827
3.734
3.190
3.569
3.268
3.474
4.162

Occupied Bandwidth
[Hz]
26.90 (1 -27.90)
26.41 (1 - 27.41)
28.50 (1 - 29.50)
27.53 (1 - 28.53)
30.46 (1 - 31.46)
29.13 (1 - 30.13)
26.38 (1 - 27.38)

Fig. 9. Amputee participant performing a trial of the experiment.

force is applied over the EDC and FCU muscles. The levels of
force 1, 2, and 3 applied over all muscles, as performed in the
previous experiment, were kept for comparison against the new
patterns. Results of the analyses of the SNR and bandwidth for
all the seven force patterns evaluated are reported in Table I.
The classification results of the evaluation of the different
contact force patterns can be seen in Fig. 8. The x-axis
represents the different contact force patterns applied. The
numbers represent the 3 different levels of contact force applied
over each of the target muscles around the arm in a
counterclockwise direction, starting with the FCR muscle,
followed by the BR, EDC, and FCU muscles. For example, the
fifth label indicating ‘3232’ represents the pattern of force using
contact force level 3 for the FCR muscle, contact force level 2
for the BR muscle, force level 3 for the ED muscle, and force
level 2 for the FCU muscle. As can be seen in the figure, results
show strong variations on the accuracy of the classifier within
each subject depending on the contact force pattern utilized. For
example, for participant number 5, the highest accuracy is
found for pattern ‘2121’ and the lowest accuracy is found for
pattern ‘3232’ with different variations in performance for the
rest of the force patterns. These variations in performance (as
high as ~30% for some participants) depend on the distribution
of contact force applied over specific sensors and support the
hypothesis that different levels of normal force affect the
discriminative power of MMG, suggesting that the best level of
normal force to be used with MMG depends on the
physiological factors of the subject. This shows that unlike
EMG, for MMG armbands and sensors, not only the location of
the sensor can be optimized for each user, but also the normal
pressure should be tuned to achieve the maximum possible
performance for each user.
V. CONCLUSION
We introduce a new method of augmenting the design of
wearable MMG systems focusing on enhancing the signal
quality and discriminative power based on the variation of the
distribution of normal force/skin contact. While the literature
on MMG signal capture is becoming more common, studies
have relied on the use of straps, tape, or non-conventional
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methods, which disregard the effect that contact force has on
the quality and discriminative power of the MMG signal. We
have shown that for MMG modality, not only the location of
the sensor is important, but also the normal pressure on each
sensor and the corresponding distribution can considerably
change the performance. We proposed and implemented a
novel mechanomyography armband which enables control of
the distribution of normal force in a heterogeneous manner.
Results suggest that the applied level of contact force
unequivocally alters the MMG discriminative power, SNR, and
bandwidth. Therefore, the distribution of the normal force
should be adjusted and further investigated. This paper reports
the first implementation of the mechatronic design of the novel
MMG-plus-One armband, which allows for variations of the
normal force field on the distributed mechanomyography
(MMG) sensory system around the limb. This investigation was
done with the goal of tuning the discriminative power and the
information context of the MMG signal space. The concept of
modulation of the normal force levels on the MMG sensor is
evaluated for the first time in this paper, with a focus on
enhancing man-machine interfacing and gesture intention
detection performance. The armband was tested on amputees
(see Fig. 9) and on able-bodied participants. Results showed a
unique user-specific pattern of performance modulation of the
man-machine interface and a high potential for enhancing the
accuracy of the system.
Future perspectives will focus on (a) collection of a clinical
dataset for testing the proposed armband on a larger group of
amputees to run a clinical statistical study, (b) analysis of the
effect of normal force distribution on acceleration-based MMG
for comparison, (c) evaluation of hand gesture detection during
the transient phase of the signal, and (d) incorporation of
multimodal sensing to address sensitivity to motion induced
artifacts (demonstrated in [18], [19]). Finally, the system has
been patented [47], providing a basis for subsequent
translational work for widespread patient use.
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