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Abstract—Monitoring forearm muscle activity is essen-
tial for estimating human intention in different applications,
such as virtual reality (VR), rehabilitation, and prosthetics.
While prior studies have mainly focused on recognizing
gestures or simultaneously classifying gestures and force,
predominantly using surface electromyography (sEMG), the
simultaneous classification of gesture, force, and hand aper-
ture within the same gesture has not yet been investigated.
This work extends previous approaches by evaluating a wear-
able displacement myography (DMG)-based system for the
combined recognition of hand gestures, four grasping force
levels, and multiple hand aperture levels, and by directly
benchmarking it against an sEMG system under identical
experimental conditions. Data from 13 healthy participants
were collected using the MyoLog armband with DMG sen-
sors and sEMG sensors while performing three grasp types
(pinch, key, and power) with objects of varying size and four
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force levels, generating 33 configurations. Across several classifiers, the DMG system achieved a peak accuracy of
93% + 2%, significantly outperforming EMG (64% + 10%). DMG showed superior discrimination of hand aperture levels
(98% + 3%), while EMG showed relatively better but still lower performance in force-level classification (82% + 11%).
The results are supported by separability analysis using the Fisher discriminant ratio, which demonstrated consistently
higher class separability for DMG. These findings highlight the suitability of DMG for applications requiring precise
recognition of hand aperture and force levels, offering a compact, computationally efficient, and stimulation-compatible
solution that overcomes several limitations of EMG-based systems.

Index Terms— Displacement myography (DMG), human-robot interaction, simultaneous gesture—force—aperture clas-

sification.
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[. INTRODUCTION

ONITORING hand movementsand their interaction

with objects is essential across a wide range of appli-
cations, including rehabilitation, upper-limb prosthetics, and
human-machine interfaces, such as virtual reality (VR) and
gaming [1], [2], [3], [4], [5], [6]. These applications relied
on accurately detecting hand gestures and postures to enable
intuitive interactions or assess functional recovery. Accurate
detection of hand gestures, grasping force, and hand aperture,
i.e., the degree of hand opening or closing, is critical for
enabling intuitive interactions, assessing functional recovery,
and providing accurate control in assistive devices. For exam-
ple, in a VR training simulation, users must manipulate objects
of different shapes and sizes naturally, which requires accurate
control of both force and hand opening. In rehabilitation, grip
strength and hand aperture serve as key indicators of hand
function recovery, correlating with functional performance
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and patient satisfaction [7], [8]. In prosthetic control, force
estimation prevents unintended slippage or excessive pressure,
while accurate hand aperture adjustment allows users to grasp
objects of different sizes, improving perception of muscle
contraction and fine motor control at the residual limb [9].

Traditional methods for tracking hand movements, such as
glove-based systems [10] and camera-based tracking [11], face
practical limitations including restricted portability, occlusion
issues, and discomfort during prolonged use. Glove-based
devices can interfere with natural hand movements, while
vision-based tracking systems are sensitive to lighting, camera
placement, and occlusion, limiting their applicability in real-
world settings. As a result, forearm-based sensing approaches
that capture muscle activity have emerged as practical and
unobtrusive alternatives [12].

Surface electromyography (SEMG) is the most commonly
used forearm-based technique, detecting electrical signals gen-
erated by muscle contractions to recognize hand gestures and,
in some cases, grasping force [12], [13], [14], [15], [16], [17].
High-density sSEMG (HD-sEMG) improves spatial resolution
and signal quality, enabling higher accuracy for gesture recog-
nition and simultaneous gesture—force estimation. Studies have
reported classification accuracies exceeding 90% for common
hand gestures, and some have demonstrated reliable simultane-
ous gesture—force recognition [16]. Despite these advantages,
SsEMG and HD-sEMG are sensitive to sweat, motion artifacts,
fatigue-induced signal degradation, and electrical interference,
and often require complex signal processing pipelines [18],
[19], [20]. These challenges reduce the reliability of real-time
prosthetic and rehabilitation systems, especially during pro-
longed or dynamic use.

Alternative forearm-based sensing modalities, such as force
myography (FMG) and mechanomyography (MMG), have
been explored to address some of these limitations [21],
[22], [23], [24]. FMG measures volumetric changes, pressure
variations, or alterations in light scattering caused by under-
lying muscle contractions, while MMG captures mechanical
vibrations generated by muscle fibers using accelerometers
or microphones. These approaches provide noninvasive ways
to monitor muscle activity, and studies have demonstrated
promising accuracies for gesture recognition and prosthetic
control. For example, FMG has been used to control robotic
hand orthoses with over 90% classification accuracy across
nine hand and wrist gestures [21], while MMG-based sys-
tems have achieved up to 98% accuracy using wrist-based
pneumatic MMG armbands for not-disabled participants [24].
Despite these successes, FMG and MMG systems still face
challenges in simultaneously detecting gesture type, graded
force, and hand aperture, limiting their utility in accurate hand
control applications.

Displacement myography (DMG) has recently emerged as
a promising alternative due to its simple structure, robustness
to skin conditions, and compatibility with electrical stim-
ulation [25], [26], [27]. DMG captures subtle mechanical
deformations in forearm muscles during activation, offering
a unique perspective on muscle function. Previous DMG
studies, including our previous work [27], have demon-
strated high accuracy for gesture recognition, with wearable

armband systems achieving 92%-96% accuracy across mul-
tiple gestures. Notably, DMG systems achieved comparable
performance to HD-sEMG while employing low-resource
machine learning models, minimal signal conditioning, and
improved wearability in terms of compactness and ease of
placement. Moreover, graded force discrimination and hand
aperture classification have not been previously explored using
DMG nor have direct, modality-matched comparisons with
SEMG been reported for these tasks. Addressing these gaps
constitutes a central focus of this study.

While previous research has largely focused on either
gesture recognition or simultaneous gesture—force estimation,
the combined recognition of gesture type, hand aperture,
and graded grasping force within the same grasp remains
unexplored. Simultaneous classification of these three factors
is critical for applications requiring accurate hand control,
such as prosthetic manipulation, rehabilitation assessment, and
immersive VR interactions. For example, in rehabilitation,
both grip strength and hand aperture serve as functional
indicators, and improvements in these metrics correlate with
better outcomes. In prosthetics, accurate recognition of all
three factors enables more intuitive device control, while,
in VR, it allows more natural and immersive interaction with
virtual objects.

To address this gap, we present the first evaluation of
a DMG-based wearable system capable of simultaneously
classifying hand gesture, hand aperture, and graded grasping
force. Data were collected from 13 healthy participants using
a MyoLog armband equipped with DMG and sEMG sensors,
performing three representative grasp types (pinch, key, and
power), four force levels, and multiple object sizes, yield-
ing 33 combinations. To evaluate classification performance,
we employed four widely used machine learning classifiers
[support vector machine (SVM), K -nearest neighbors (KNN),
linear discriminant analysis (LDA), and random forest (RF)].
The Fisher discriminant ratio analysis was also performed to
quantify class separability.

The main contributions of this work are: 1) demonstration
of simultaneous recognition of hand gesture, grasping force,
and hand aperture using a wearable DMG system and 2) a
modality-matched comparison with sEMG, in which both
DMG and sEMG sensors are positioned to monitor the same
underlying muscle groups in a circular armband configura-
tion, reflecting typical constraints in rehabilitation, prosthesis
field, and human-robot interaction applications. This study
demonstrates that DMG provides a compact, robust, and
stimulation-compatible solution for these scenarios.

Il. MATERIALS AND METHODS

A. MyoLog—A DMG-Based Wearable Sensor System

The MyoLog armband [27], shown in Fig. 1(a), is a
soft, wearable system consisting of an array of 14 sensor
modules embedded in a 3-D-printed flexible thermoplastic
polyurethane (TPU) band. The sensor modules are numbered
in the Fig. 1(a) from 1 (Chl) to 7 (Ch7) and from 8 (Ch8)
to 14 (Chl4), arranged in ascending order as indicated by
the arrows. Each sensor module features a flexible metama-
terial structure integrating a neodymium permanent magnet
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Fig. 1. Experimental setup. (a) DMG armband, comprising a permanent magnet and a magnetometer, was positioned on the forearm as described
in [27]. The sensor modules are numbered from 1 (Ch1) to 7 (Ch7) and from 8 (Ch8) to 14 (Ch14), arranged in ascending order as indicated by
the arrows. Six Trigno EMG sensors were evenly distributed around the forearm to record muscle activity. (b) Five 3-D-printed objects used in the
experiment (three cubes and two cylinders) corresponded to different gestures: key and pinch grasps (three cubes), power grasp (two cylinders),
and rest. (c) Experimental protocols for EMG and DMG sessions, together with the graphical interface that provided real-time visual cues to instruct

participants on the grasp type and task to execute.

(diameter = 6 mm and thickness = 2 mm) and a triaxis
magnetometer (MLX90393, Melexis Inc.). The magnetome-
ters are connected to a microcontroller via a multiplexer
(TCA9548A, Adafruit Inc.) on a computational board, which
is powered by an 850-mAh lithium-ion battery. Sensor outputs
are transmitted to a personal computer via Bluetooth. The
sensors measure magnetic field components along three axes
(x, y, and z), with the z-axis being particularly sensitive to
muscle deformations. Variations in the measured magnetic
field caused by muscle contractions are used to classify hand
gestures, aperture degrees, and grasping forces.

B. Experimental Setup

The experimental setup is shown in Fig. 1. The EMG sen-
sors and the MyoLog armband [see Fig. 1(a)] were placed over
the same forearm muscle groups to ensure that both modali-
ties captured comparable muscle activity patterns, enabling a
direct and statistically valid comparison between signals. Both
sensor systems were located on the dominant armband of the
participants, 4 cm below the elbow, in accordance with the
standard placement [28]. In this study, the MyoLog armband
was positioned on the forearm as described in [27], ensuring
consistent placement across subjects. Each sensor module
was mounted such that it was not fully collapsed at rest,
allowing approximately 2 mm of displacement during muscle
activation and, thereby, maximizing sensitivity to forearm
deformations. Regarding the EMG, six Trigno Delsys sensors
were equally spaced and arranged in a circular configuration
around the subject’s forearm of the dominant hand to ensure
a comprehensive measurement of both the flexor and extensor
muscles.

A MATLAB script (MATLAB R2022b) was developed
to record the output of both DMG and EMG modali-
ties. The subjects grasped five objects: three cubes (small:
30 x 25 x 10 mm, medium: 30 x 25 x 20 mm,
and big: 30 x 25 x 30 mm) and two cylinders (small:
radius = 20 mm and height 100 mm; big: radius =
40 mm and height 100 mm), as shown in Fig. 1(b),
and printed using polylactic acid or polylactide (PLA). The
objects were designed with progressively increasing thickness
to induce different degrees of hand aperture. In addition, they

were realized also to distribute the force uniformly over the
force-sensitive resistors (FSRs) 402 long tail (Interlink Inc.),
located inside the objects to measure the grasping force. One
FSR sensor was placed inside the cubes, and two were inside
the cylinders. A custom board with an Arduino Nano was
designed to process and condition the FSR sensors’ output
signals. Finally, the wrist was stabilized using an elastic tape
to ensure consistent positioning across subjects during data
acquisition. Although such stabilization does not fully reflect
real-time or daily-life conditions, the primary objective of this
study was to validate the sensing prototype under controlled
and reproducible conditions and to compare the two sensing
modalities within the same experimental framework.

C. Experimental Protocol

The experimental design is shown in Fig. 1(c). The experi-
ments aimed to evaluate the performance of the DMG device
in simultaneously discriminating gestures, force levels, and
different levels of hand aperture in comparison with the sSEMG
sensor system. The subjects performed three types of grasps
(power, key, and pinch), in addition to a rest position, as shown
in Fig. 1(b). The two cylindrical objects were used for the
power grasp, while the three cubic objects [see Fig. 1(c)]
were employed for the pinch and key grasps. As described in
Section II-B, the objects were specifically designed to enable
different levels of hand aperture: two for the power grasp (two
cylinders) and three for the pinch and key grasps (three cubes).

The experiments are carried out in two sessions, one using
DMG and the other using EMG, with seven subjects starting
with EMG and six with DMG. Between the two sessions,
a time of at least 1 h was considered to avoid muscular fatigue.

In the first part of each session, subjects were initially asked
to clean the skin surface with alcohol and then guided by the
experimenter and a graphical interface to perform the eight
grasping gestures shown in Fig. 1(b) at their maximum force
(MF). The subjects had to hold the five objects for 3 s and
repeat it three times. The MF based on maximum voluntary
contraction (MVC) exerted by each subject was recorded and
used to determine the force levels for the next phase.

In the second part of each session, participants performed
power, pinch, and key grasps on each object at four force
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levels, i.e., 0%, 25%, 50%, and 75% of their MF, as well as a
rest condition. MF was defined as the average of three MVCs
recorded during the calibration phase. All force targets (25%,
50%, and 75% MF) were computed relative to this subject-
specific baseline. This resulted in a total of 33 gesture classes
(eight grasping gestures, as shown in Fig. 1(b), performed
at four force levels, plus rest). A graphical interface, shown
in Fig. 1(c), guided them through the task using a colored
bar, where red indicated rest, yellow signaled preparation
to grasp, and green indicated the phase where they had to
maintain a constant grip within £10% of the target force for
3 s. Each grasp was repeated three times, with fixed time
intervals of 5 s for rest, 7 s for preparation, and 3 s for
grasp execution. To prevent fatigue, a 10-s rest was introduced
between different force levels and grasps. The order of force
levels and grasps was randomized to avoid systematic bias.

D. Participants

Thirteen subjects (ten males and three females; 12 right-
handed and one left-handed) without physical impairment
were recruited for this study. All procedures and experiments
were approved by The University of Melbourne, Human
Research Ethics Committee, project ID 26442. Volunteers
were informed about the study, provided with a participant
information form, given the opportunity to ask questions, and
asked to sign a consent form.

E. Data Collection

DMG and EMG signals were continuously recorded
throughout each trial to capture muscle deformation and
electrical activity during hand gestures. EMG data were
acquired using the Delsys Trigno system, operating in the
standard backward-compatibility mode with a native sampling
frequency of 1111.11 Hz (commonly reported as ~1111 Hz).
This corresponds to the manufacturer’s internal acquisition
rate used for compatibility with legacy Delsys hardware and
software configurations. DMG signals were sampled at 10 Hz,
which provides sufficient temporal resolution to capture slow
muscle displacement dynamics without redundant data, in
accordance with the literature [29], [30], [31], [32]. Unlike
EMG, which contains high-frequency electrical activity, DMG
does not exhibit relevant spectral content above 5-8 Hz. Each
trial lasted 15 s and consisted of both grasping and rest phases,
during which force measurements were simultaneously logged
in real time to track grasp levels.

Force data were collected using FSR sensors connected to
an Arduino Nano, which sampled analog readings at ~ 10 Hz.
All data streams were time-synchronized using timestamp-
based alignment, ensuring precise temporal matching between
EMG, DMG, and FSR signals. This synchronization protocol
enabled consistent cross-modal comparisons and minimized
potential temporal mismatches that could otherwise affect
classification.

F. Data Processing and Analysis

Once the signals were reordered and synchronized across
modalities, only the EMG signals underwent conventional

postprocessing, whereas DMG signals were used directly,
given their inherent stability and low noise levels, as already
demonstrated in [27].

For EMG post-processing, the raw signals were first
notch-filtered at 50 Hz to remove power-line interference and
then bandpass filtered using a fourth-order Butterworth filter
with cutoff frequencies of 10-450 Hz, applied at a sampling
frequency of 1111 Hz. The signals were subsequently full-
wave rectified, and their envelopes were computed using a
150-ms window with 50-ms overlap. From each segment, five
standard time-domain features were extracted: mean absolute
value (MAV), slope sign changes (SSCs), waveform length
(WL), root mean square (rms), and variance (VAR) [15].
This process yielded a 30-D feature vector per window (five
features for each of the six EMG sensors). Finally, EMG
features were z-score normalized across trials for each subject
to reduce intersubject variability. These steps follow best
practices in EMG pattern recognition.

In contrast, DMG signals were used directly without fil-
tering. DMG captures slow, large-scale tissue deformation
through magnetic field displacement, resulting in inherently
low-noise, low-frequency signals (<10 Hz). Prior studies [27]
demonstrated that DMG does not benefit from high-pass filter-
ing or feature engineering and is robust to motion artifacts. For
the DMG signals, each timestamped sample acquired at 10 Hz
(100 ms) was treated as a single input vector to the classifier,
corresponding to the instantaneous muscle deformation pattern
across sensors. The input dimensionality for DMG was 42
(14 sensors x 3 magnetic field components). As the recording
sessions were synchronized via timestamps, DMG samples
were temporally aligned to the corresponding force and EMG
values.

G. Separability Analysis

A class separability analysis was performed to evaluate how
a group of data was separated from another one and, thus, how
it is possible to discriminate muscular activation clusters in
two conditions: 1) degree of hand aperture and 2) force levels.
Such an analysis is important prior to classification because it
provides an understanding of whether the data contain enough
discriminative information to separate the classes of interest,
to ensure that the classification problem is feasible from a
physiological and computational perspective.

In order to achieve this objective, two variances were
evaluated by the interclass scatter matrix (Sp), which measures
the distance between different classes, and the intraclass scatter
matrix (Sy, ), which calculates the spread of samples within the
same class [33], as

Sp = in;(mj —m) (mj; —m)"

S =D (xjuc = mj) (xjs —m;)” ey

j=1k=1
where ¢ is the number of classes, x;x(j = 1,...,¢c,k =
1,...,n;) represents the kth sample of the jth class (i.e.,

one observation of EMG or DMG corresponding to a specific
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Fig. 2. Representative example of the DMG and EMG trend. The

14 z-direction magnetic field signals of the magnetic sensors located
in (a) DMG armband and (b) six EMG sensors data during the execution
of three hand gestures: rest, key small at 50% MF, and power small at
50% MF.

condition), m ; is the mean vector of the jth class (the “center”
of all samples belonging to that class), m represents the overall
mean calculated from all samples, and n; is the number of
samples in the jth class. The ratio between the two matrices,
named the Fisher discriminant ratio (FDR) [34], [35], was
then obtained. If the FDR value was much greater than 1, the
classes were well-separated; if the FDR was equal to 1, there
was a moderate level of separability between the classes; if
the value was equal to 0, the classes were not separated.

H. Classification Algorithms and Performance Measures

Four widely recognized machine learning classifiers [27]
were employed, i.e., SVM, KNN, LDA, and RF. Considering
both EMG features and DMG data, a leave-one-trial-out cross-
validation approach was applied to evaluate the performance
of the classification models. For each iteration of the cross-
validation process, for each subject, one trial was excluded
from the training set and used as a test set to assess model
performance [36]. By adopting this validation strategy, each
trial in the dataset was considered an independent and pre-
viously unseen instance during model evaluation and ensures
that no identical temporal segment from a given trial appeared
in both training and testing. This approach ensures that the
classifier’s performance reflects its true generalization capa-
bility, mimicking real-world operation where new data differ
from those encountered during training. It provides a more
reliable assessment of how the model would perform in online
or real-time applications, where incoming signals are unknown
a priori.

Three metrics, i.e., accuracy, precision, and recall, extracted
and averaged over the 33 combinations, presented in
Section II-C, were calculated. They are labeled as a combi-
nation of two letters and a number: the two letters indicate
the type of grasp [key (K), pinch (P), and power (Po)] and the
object dimensions [small (S), medium (M), and big (B)], while
the number indicates the force percentage (0%, 25%, 50%,
and 75%). Since the dataset is balanced across classes, the

three metrics already provide a comprehensive evaluation of
the model’s performance. In this context, the F'1 score, which
combines precision and recall, would offer redundant informa-
tion and was, therefore, not included in the analysis. The clas-
sification of 33 combinations encompasses all combinations of
hand aperture degrees and force levels, thereby covering the
range of real-world activities. In addition, it is paramount to
stress the two modalities under high-demand conditions and
provide evidence of the classification robustness.

To mitigate potential bias related to the different number
of sensors between EMGs and the Myolog armband,
an additional analysis was conducted to classify the
33 gesture combinations by using only six sensor modules.
These ones were identified in a previous study [27], based
on the signal-to-noise ratio (SNR) computed during an MVC
task. The results showed that six sensor modules (Ch. 5, 6,
8, 9, 13, and 14, indicated in Fig. 1) exhibited the highest
SNR values and were located over the extensor carpi ulnaris
(ECU) and flexor carpi ulnaris (FCU) muscles, in accordance
with the literature [28], [37].

An additional analysis was carried out to evaluate how well
the DMG and EMG sensor systems can distinguish between
different force levels when the hand aperture level is kept
constant and, conversely, how well they can recognize different
hand aperture levels when the force level is fixed. Only the
classifiers that achieved the best performance in the initial
gesture recognition analysis (involving the classification of
33 gestures) were considered for this evaluation. The accuracy
was then calculated individually for each class.

I. Statistical Analysis

A statistical analysis was carried out to evaluate the per-
formance of the two sensor modalities (DMG and EMG).
A Wilcoxon’s nonparametric statistical test was applied to
the results, selected based on the nonnormal data distribution
confirmed by the Shapiro—Wilk test and the paired nature of
the samples. The significance level (p-value) was set at 0.05.

[1l. RESULTS

This section presents the results of the proposed approach,
in particular: 1) an example of the DMG and EMG trends to
provide insight into the differences and similarities of the two
modalities (see Section III-A); 2) the performance of the DMG
and EMG data in classifying the 33 combinations considering
all the DMG channels and just six channels (see Section III-B);
3) the outcomes of the separability analysis (see Section III-C);
and 4) the results of the ability of both systems to distinguish
between different hand aperture degrees and force levels (see
Section III-D).

A. DMG and EMG Signals

Fig. 2 illustrates an example of the EMG and DMG signals
for three tasks (rest, key small 50% MF and power small
50% MF) of subject 2. The 14 magnets of the DMG device
provided three components of the magnetic field (x, y, and
2); however, only the z-component is displayed since it is the
most sensitive to muscle deformation. Considering the EMG,
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Fig. 3. Classification results of 33 configurations. Confusion matrices of the classifiers that returned the best results for the two modalities. (a) LDA
for DMG and (b) RF for EMG. Each class label represents a combination of two letters and a number: K = Key, P = Pinch, and Po = Power; S =
Small, M = Medium, and B = big; and numbers indicate the force percentage (0 = 0%, 25 = 25%, 50 = 50%, and 75 = 75%).

the filtered signals of all six sensors were reported, whereas
the DMG signals are displayed in their raw form without any
processing, as discussed in Section II-F. Both EMG and DMG
data were subtracted with respect to the rest class.

The DMG data [see Fig. 2(a)] showed stable and
low-amplitude signals during the rest phase, reflecting minimal
muscle deformation. In the 50% MF key small, there was
a noticeable and consistent variation in the signal amplitude
across all channels. In the 50% MF power small task, the
signals showed distinct profiles that highlight differences in
muscle deformation patterns for the two gestures. Notably, the
reduction in amplitude observed in some channels compared to
rest can be explained by the deformation-based sensing prin-
ciple of DMG. The DMG signal is approximately proportional
to the local radial displacement of the muscle surface

Spma (1) o< Ad(1). 2

Assuming approximately constant muscle volume, mus-
cle shortening is typically accompanied by radial expansion,
whereas lengthening corresponds to a reduction in cross-
sectional area. Because muscle contraction involves complex
and spatially nonuniform tissue deformation due to anatomical
constraints and multimuscle coordination, some regions may
experience relative unloading rather than expansion (Ad(¢) <
0), resulting in a decrease in amplitude.

The EMG signals [see Fig. 2(b)], which captured the elec-
trical activity of the muscles, exhibited a higher level of
noise compared to the DMGs, despite the implementation of
a filtering process. Such consideration was in line with the
literature [22] and the intrinsic nature of the two modalities.
During the rest phase, the signals exhibited low-amplitude
fluctuations, which were characteristic of baseline noise. Dur-
ing the 50% MF key small task, there was a marked increase
in amplitude and variability, especially for channels 5, 1,
and 6, located on the flexor muscles of the forearm. Similarly,
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Fig. 4. Results of the FDR and accuracy in discriminating force

and degree of hand aperture. Separability analysis results. (a) FDR
values for distinguishing between different force levels while keeping
the hand aperture levels constant and (b) for distinguishing between
different levels of hand aperture while maintaining a constant force level.
Accuracy of the LDA classifier (DMG data) and the RF classifier (EMG
data) (c) distinguishing between different force levels while keeping the
hand aperture level constant and (d) distinguishing between different
degrees of hand aperture while maintaining a constant force level. In the
x-axis, each tick label represents a combination of two letters indicating:
K = key, P = pinch, Po = power, S = small, M = medium, and B = big.

the 50% MF power small task showed elevated activity with
patterns distinct from the previous phase, reflecting differences
in muscle recruitment.

B. Classification Results of 33 Configurations

The offline analysis, reported in Table I, presents the aver-
age and standard deviation of performance metrics (accuracy,
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TABLE |
PERFORMANCE PARAMETERS (MEAN £+ STANDARD DEVIATION) OF FOUR CLASSIFIERS (LDA, KNN, SVM, AND RF) CALCULATED FOR EACH OF
THE 33 PERFORMED GESTURES

LDA kNN SVM RF
Metric DMG EMG DMG EMG DMG EMG DMG EMG
Accuracy  0.93+0.02  0.56+0.10 0.89+0.04 0.474+0.08 0.85£0.04 0.63+£0.10  0.894+0.04  0.64-£0.10
Precision  0.94+0.04 0.55+0.07 0.89£0.06 0.46+0.09 0.86+0.08 0.62+0.08 0.90£0.06  0.63+£0.07
Recall 0.93+0.05 0.55+0.09 0.894+0.06 0.46£0.09 0.85+0.06 0.62+0.09 0.89+0.06  0.64+0.10
TABLE Il

ACCURACY VALUES (MEAN £+ STANDARD DEVIATION) OF EMG AND DMG IN DISCRIMINATING BETWEEN DIFFERENT
FORGE LEVELS, REPORTED FOR EACH GESTURE

Modality Key small Key medium Key big Pinch small Pinch medium Pinch big Power small Power big

DMG 0.90+£0.16 0.93£0.10 0.90+£0.13 0.97£0.07 0.98+0.07 0.94+0.08 0.90£0.12 0.93+0.09

EMG 0.7940.16 0.8440.17 0.8540.17 0.761+0.17 0.8610.14 0.8240.18 0.784+0.14 0.88+0.11
TABLE Il In addition, to provide a visual representation of class

ACCURACY VALUES (MEAN + STANDARD DEVIATION) OF EMG AND
DMG IN DISCRIMINATING BETWEEN DIFFERENT HAND APERTURE
DEGREES, REPORTED FOR EACH FORCE LEVEL

Modality 0%MF 25%MF 50%MF 75%MF
DMG 0.99+0.01  0.99£0.05 0.98+0.03  0.97+0.05
EMG 0.81+£0.12  0.80£0.16  0.804+0.09  0.80+0.09

precision, and recall) for four classifiers (LDA, RF, SVM,
and kNN) in discriminating among 33 gestures. A statistical
comparison between the EMG and DMG modalities was con-
ducted for each classifier, revealing a statistically significant
difference across all performance (p-value = 5.39 x 1077).
In addition, the confusion matrices for the classifier that
returned the best results in the two modalities (LDA for DMG
and RF for EMG) are shown in Fig. 3.

Finally, an analysis was conducted to verify whether the
superior number of DMG channels used in the classification
could have influenced the results. When considering only
six sensor modules, the classification accuracies were LDA:
0.92 £ 0.04, KNN: 0.91 £ 0.001, RF: 0.91 = 0.003, and SVM:
0.90 £ 0.003. Since these results were only slightly lower
than those obtained using all sensor modules, the analysis was
ultimately performed using the complete set to validate the
overall performance and robustness of the MyoLog device as
a whole, in line with the objective of this study.

C. Separability Analysis

A class separability analysis was conducted to assess how
well different classes were separated in a dataset. In particular,
the FDR was calculated and is shown in Fig. 4. The FDR
value for both EMG and DMG in discriminating between the
force levels by keeping the hand aperture degrees fixed and the
different degrees of hand opening while maintaining the force
level constant are reported in Fig. 4(a) and (b), respectively.
The results were extracted for each subject on a logarithmic
scale. The DMG returned a mean value of the order of 10° for
both graphs (956.6 & 1.10 x 10 and 1.52 x 103 & 1.54 x
103), in line with the results obtained in [27], while, for the
EMG, the mean value was approximately in the order of 10?
(121.58 £ 76.75, 122.74 £ 54.20).

separability, a scatter plot of a representative subject was
included in which the high-dimensional feature space for EMG
and data space for DMG was projected into a 2-D manifold
using t-distributed stochastic neighbor embedding (t-SNE).
This visualization was generated separately for force level
discrimination (Fig. 5(a) for EMG and 5(c) for DMG) and
aperture degree discrimination (Fig. 5(b) for EMG and 5(d)
for DMG), allowing an intuitive inspection of the clustering
structure of the data.

D. Classification Results of Force Levels and Degree of
Hand Aperture

In this section, the capability of the two systems in dis-
criminating between different force levels while maintaining
a constant degree of hand aperture and in discriminating
between different degrees of hand aperture while maintaining a
constant level of force is reported. In particular, the classifiers
that returned the best results in the first analysis (LDA for
DMG and RF for EMG), shown in Table I, were used to
evaluate the performance of the sensors in discriminating
force levels [see Fig. 4(c)] and degrees of hand aperture [see
Fig. 4(d)]. Regarding force levels discrimination, the mean
accuracy value was equal to 0.82 & 0.14 for EMG and 0.94 £+
0.07 and DMG. The results showed a statistically significant
difference between the EMG and the DMG for pinch small
(p = 0.00048), pinch medium (p = 0.0024), pinch big (p =
0.039), and power small (p = 0.0024). On the other hand, the
mean accuracy was equal to 0.80 & 0.12 for EMG and 0.98 £+
0.03 and DMG, with a statistically significant difference at
all force levels (p = 0.00048, 0.00024, 0.00024, 0.00048).
Finally, the mean accuracy value of EMG and DMG was
reported for each degree of aperture of the hand (see Table II)
and force levels (see Table III).

IV. DISCUSSION
This study evaluated the performance of the DMG device
in discriminating simultaneously gestures, force levels, and
different hand aperture levels and compared the results with
the EMG.
A first analysis, reported in Table I, was conducted to
evaluate the performance of four widely recognized classifiers
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Fig. 5. Visual representation of data separability. t-SNE projection of

(a) and (b) EMG feature space and (c) and (d) DMG data illustrating
class clustering for (a) and (c) force levels and (b) and (d) finger aperture
degrees. (b) and (d) Each label shows a combination of two letters: K =
key, P = pinch, Po = power, S = small, M = medium, and B = big.

in discriminating among 33 configurations. It was evident that
the DMG outperformed EMG, regardless of the classifier and
metric considered. For EMG, RF showed the best performance
across all metrics, followed by SVM, while KNN and LDA
performed comparably lower. Regarding the DMG, RF slightly
outperformed KNN and SVM, while LDA yielded higher
results. As demonstrated in Fig. 3, the confusion matrix for the
RF for EMG and LDA for DMG revealed that the rest class
achieved the highest level of accuracy (0.74 EMG and 0.99
DMG). Regarding DMG, the 0% MF was the easiest to detect
compared to the other three force levels of the same gesture,
except for pinch big, since 0%, 50%, and 75% MF returned
the same accuracy value (0.56). This trend was not replicated
by EMG since the results were shown to be strictly dependent
on the class performed. However, it was evident that the power
gesture of grasping the biggest object (power big) returned the
highest value compared to the other groups, regardless of the
force level (0.59, 0.48, 0.52, and 0.59 for 0%, 25%, 50%, and
75% MEF, respectively). It is worth noting that, although several
studies in the literature have reported higher SEMG accuracies
for gesture and force recognition tasks, those works typically
address gesture or/and force classification, as also reported in
Section I. To the best of our knowledge, no previous study has
systematically investigated the simultaneous discrimination of
gesture, multiple force levels, and hand aperture, as pro-
posed in the present 33-configuration framework. This broader
classification setting represents a distinct evaluation scenario
compared to conventional paradigms.

To evaluate the robustness of the DMG system, an additional
analysis was conducted using only six DMG channels (see
Section III-B) instead of the full sensor set. The resulting
classification accuracies were comparable to those achieved
with all channels, with only a slight decrease when using the
full set. This indicates that the DMG system is robust and does
not rely on an excessive number of sensors to capture relevant
muscle activity. The key channels, located over the flexor and
ECU muscles, contained most of the information necessary

for gesture discrimination. Nevertheless, the full sensor con-
figuration was maintained in subsequent analyses to maximize
performance and fully validate the device’s capabilities.

To further investigate the discriminative power of the sen-
sors, the FDR was calculated for both DMG and EMG
data [Fig. 4(a) and (b)]. FDR quantifies the separability of
classes, with values greater than 1 indicating a higher like-
lihood of achieving accurate classification. The DMG data
consistently showed FDR values above 1 across nearly all
gestures, force levels, and hand apertures, reflecting clear
differentiation between classes. EMG data also produced FDR
values above 1, but with lower averages, indicating relatively
less separability. These results demonstrate that DMG captures
more distinct patterns of muscle deformation than EMG,
particularly for hand aperture, which explains its superior
performance in classification tasks.

These observations are consistent with the qualitative distri-
bution of the data shown in the t-SNE projections (see Fig. 5)
for a representative subject. In particular, in the MyoLog
armband data [see Fig. 5(c)], samples sharing the same force
level do not collapse into a single compact cluster; rather,
they are organized into multiple well-defined subclusters, each
associated with a different finger aperture degree. In Fig. 5(d),
when the aperture degree is fixed, four groups correspond-
ing to the different force levels can be identified although
they appear more closely spaced and partially overlapping
compared to Fig. 5(c). Conversely, the EMG projections [see
Fig. 5(a) and (b)] exhibit a less structured clustering pattern,
with broader and more overlapping point distributions. This
behavior is consistent with the lower FDR values observed
for EMG and further supports the higher separability power
of DMG data.

Overall, these analyses show that DMG is both robust and
highly discriminative. Even with fewer sensors, the system
maintains high performance, and its superior class separability
supports accurate simultaneous recognition of hand gestures,
grasping force, and hand aperture. Together, these findings
confirm the suitability of DMG for applications requiring pre-
cise upper-limb intention decoding, such as prosthetic control,
rehabilitation, and immersive VR interactions.

After evaluating the capability of the dataset to be separable
in terms of force and degree of hand aperture discrimination,
the accuracy of the classifiers that have returned the best
results in the first analysis (LDA for EMG and RF for DMG)
was extracted and reported in Fig. 4(c) and (d) and Tables II
and III. Considering the discrimination between the force
levels, the DMG outperformed EMG across all classes, and the
accuracy gap between the sensors seemed more pronounced
for pinch small, pinch medium, pinch big, and power small
since there is a statistically significant difference between the
two modalities. The outperformance of DMG on EMG was
also confirmed in hand aperture degrees discrimination for
each force level since a statistically significant difference was
observed between the two modalities.

A further salient consideration can be extrapolated from the
results. In fact, the DMG sensors demonstrated a higher accu-
racy in discriminating the degrees of hand aperture than the
force levels. Different hand aperture degrees probably involved
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distinct and localized changes in muscle shape and tissue
deformation; consequently, the intrinsic nature of this modality
in detecting muscular displacement [22] could effectively
capture these spatial patterns. In contrast, EMGs exhibited
an inverse trend. Such results could be explained by the fact
that smaller motor units were shown to be activated initially,
and larger ones were subsequently recruited as the force level
increased [38], [39]. This sequence of events resulted in a
substantial increase in the amplitude and density of the EMG
signal, thereby facilitating the discrimination of varying force
levels.

These findings underscore the remarkable capabilities of
DMG in monitoring muscle activity, demonstrating its sub-
stantial advantages in applications that demand accurate
discrimination, such as fine motor control tasks, gestures, and
force recognition. Its compact design and ease of integration
make it particularly suited for applications requiring mobility
and convenience, ensuring accessibility for a wide range of
users and environments. In addition, it can be used with
electrical stimulation, currently employed to provide sensory
feedback to amputees [40], whereas EMG-based approaches
may suffer from interference due to their electrical nature.
However, EMG confirmed and demonstrated its ability to
accurately classify levels of grasping forces, underlining its
utility in scenarios involving varying levels of muscle activa-
tion, such as dynamic force control in prosthetics.

Despite these encouraging results, some limitations of this
study should be acknowledged. First, DMG sensors may
be susceptible to magnetic or electromagnetic interference;
however, this can be mitigated through appropriate shielding,
such as a Faraday cage, to protect the system from external
magnetic fields. Second, given the influence of wrist posture
and limb position on hand gesture classification reported in
previous studies [41], [42], the wrist was stabilized using
an elastic tape, and participants were instructed to maintain
a constant posture during data acquisition. This choice was
made to ensure controlled and reproducible conditions, and
is consistent with common practice in offline prosthetics and
HRI studies, where subjects are typically required to keep the
limb in a fixed position across tasks [43], [44], [45]. While this
approach enabled a fair comparison between sensing modali-
ties under standardized conditions, it may limit generalizability
to real-world scenarios involving dynamic wrist rotations,
limb movements, and trunk compensations. Indeed, several
studies have shown that performance degradation can occur
when such variations are not incorporated into the training
phase [46]. Although including limb position changes during
training often results in lower offline accuracy due to increased
signal variability, it can significantly improve robustness and
generalization in online applications.

V. CONCLUSION AND FUTURE WORKS
This work provides the first demonstration of simulta-
neous classification of hand gesture, grasping force, and
hand aperture using a DMG-based wearable system. Across
33 combined classes, DMG consistently outperformed EMG in
accuracy, class separability, and robustness, particularly in dis-
criminating aperture levels. Therefore, DMG-based wearable

systems could be considered a viable alternative to existing
options because of their compact, user-friendly, and wearable
design, and compatibility with electrical stimulation.

Future work will focus on testing the device under dynamic
conditions, including wrist rotations and limb repositioning,
during real-time functional tasks. In this context, it will also
be necessary to systematically investigate the optimal sampling
frequency for real-time DMG acquisition, as previous studies
on FMG [30] have shown that higher sampling rates are
required to accurately capture transient muscle deformation
and motion-related artifacts during dynamic activities. From
a technological perspective, the DMG system will also be
explored using a regression-based approach to estimate con-
tinuous force levels rather than discrete classes, enabling
smoother and more natural real-time control, particularly for
prosthetic applications.
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