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Abstract—In this work, we present a hardware-software
solution to improve the robustness of hand gesture recog-
nition to confounding factors in myoelectric control. The
solution includes a novel, full-circumference, flexible, 64-
channel high-density electromyography (HD-EMG) sensor
called EMaGer. The stretchable, wearable sensor adapts to
different forearm sizes while maintaining uniform electrode
density around the limb. Leveraging this uniformity, we
propose novel array barrel-shifting data augmentation (AB-
SDA) approach used with a convolutional neural network
(CNN), and an anti-aliased CNN (AA-CNN), that provides
shift invariance around the limb for improved classifica-
tion robustness to electrode movement, forearm orien-
tation, and inter-session variability. Signals are sampled
from a 4x16 HD-EMG array of electrodes at a frequency
of 1 kHz and 16-bit resolution. Using data from 12 able-
bodied participants, the approach is tested in response to
sensor rotation, forearm rotation, and inter-session sce-
narios. The proposed ABSDA-CNN method improves inter-
session accuracy by 25.67% on average across users for
6 gesture classes compared to conventional CNN classifi-
cation. A comparison with other devices shows that this
benefit is enabled by the unique design of the EMaGer
array. The AA-CNN yields improvements of up to 63.05%
accuracy over non-augmented methods when tested with
electrode displacements ranging from -45° to +45° around
the limb. Overall, this paper demonstrates the benefits of
co-designing sensor systems, processing methods, and
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inference algorithms to leverage synergistic and interde-
pendent properties to solve state-of-the-art problems.

Index Terms— artificial intelligence (Al), biomedical, data
augmentation, deep learning, flexible PCB, hand ges-
ture recognition (HGR), electromyography (EMG), HD-EMG,
prosthesis control

[. INTRODUCTION

He human hand is a highly dexterous and functional

tool that allows us to perform a wide range of precise
actions within our environment. While it has many degrees of
freedom (DoF) [1], human-machine interfaces often reduce
these actions to a limited number through an intermediate
control modality, such as a computer mouse and keyboard
or device-specific controllers. An alternative and promising
approach is to use sensors to directly extract control signals
from the body, which can result in a more intuitive control
experience [2]. In this study, we leverage muscle activity
via surface electromyography (EMG) signals to improve the
quality of hand gesture recognition with the goal of higher
fidelity control of assistive robotics [3], augmented/virtual
reality, or other robotics applications.

While new applications are rapidly emerging, the topic of
EMG-based (also known as myoelectric) control has been
extensively studied in powered prostheses. The OpenBionics
Hero Arm and Ottobock Bebionic Hand are popular examples
of commercially available myoelectric hands. Yet, despite
their increasingly anthropomorphic mechanical capabilities, a
variety of issues, including limitations in their control systems,
continue to lead to low rates of adoption and prosthesis
abandonment [4], [5]. These limitations include unintuitive
gesture selection, high latency response and limited tactile
feedback. In fact, decades-old myoelectric control schemes
are still used in many commercial prostheses, with only one
or two electrodes employed for single DoF activation [6],
[7]. Experimental studies have used an increased number of
electrodes and developed more sophisticated algorithms, but
the added DoFs and functions tend to compromise ease-of-
use and robustness.

Currently, pattern recognition (PR) is the most prominent
approach in the literature for next-generation myoelectric
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control [8] and it is gaining traction commercially, with notable
products from companies such as Coapt Engineering and
Ottobock. The established pattern recognition methods may
perform well in controlled environments, but research has
shown that they often lack robustness to various confounding
factors stemming from practical conditions [9]. Additionally,
substantial inter-subject variance in physiological properties
and behaviours have driven increasing interest in data-driven
methods such as deep learning, which may better facilitate
adaptability [10], [11]. With an increasing reliance on quality
data, sensors may play a critical role, but relatively little
research has explored the design of appropriate sensor systems
to empower and maximally leverage modern algorithms.

This paper presents a novel adjustable high-density EMG
(HD-EMG) armband, called EMaGer, designed to enhance
gesture recognition in wearable EMG applications. This flex-
ible sensor provides an improved and more generalizable fit
to different limb sizes, while maintaining a uniform electrode
distribution around the forearm. A key contribution of this
research lies in the utilization of the armband’s spatial distri-
bution uniformity to enable a novel array barrel shifting data
augmentation (ABSDA) method for neural network training
in EMG PR. This technique enhances the model’s gesture
recognition robustness, specifically addressing the challenges
associated with electrode position shifts during typical use or
when donning and doffing the device between sessions. Addi-
tionally, this work proposes anti-aliasing mechanisms for the
CNN to further improve the ABSDA method’s effectiveness.
The purpose of this work is to provide novel sensing solutions
and data-driven methods for wearable EMG PR, which suffers
from poor robustness to confounding factors such as sensor
displacement and wrist rotation. Leveraging hardware and
software co-design, the presented work offers a more reliable
wearable EMG control interface for safety-critical applications
such as powered prostheses. The paper is structured as follows:
II. Related Work, III. Sensor and Data, IV. Processing and
Deep Learning Inference, V. Methodology, VI. Experimental
Results, VII. Discussion, and VIII. Conclusion.

[I. RELATED WORK
A. EMG Sensors

Interfacing electronic circuits with the body to capture
biological signals is a challenging task. First, the molecular
processes happening inside the body are much different from
what happens in an analog circuit or digital computer, even
though they may be conceptually similar. Second, the human
body is flexible, and shaped through a complex mix of curves
and unique patterns, making it hard to affix rigid hardware
in a symbiotic manner. While converting biological potentials
to electrical signals has been extensively studied in EMG
research, often less discussed is the mechanical adaptation
required to maximize system performance. This is a particular
challenge when it comes to myoelectric prostheses and fitting
multiple sensors around the forearm in a efficient and con-
sistent manner. Flexible electronics and printed circuit board
(PCB) technologies offer promising solutions for wearable
biomedical sensors.

Traditional EMG sensing solutions use single-row armband,
like the extensible Myo armband [12], or separate electrodes
[13]. These solutions use a small number of channels, usually
less than eight, for ease of use, clinical constraints and hard-
ware limitations. HD-EMG proposes to use dense electrode
grid arrays to capture more information about the user’s
muscle activity. An example of such system is the strip-
based 128-channel disposable Ag/AgCl assembly used in [14].
While the density is quite high, using multiple parts that
must be carefully placed individually is hard to reproduce,
impractical for regular use, and often results in uneven spatial
distribution. Moreover, these systems are often not wearable
because they require external acquisition instruments. Another
research group developed an all-in-one fully embedded gesture
recognition system using a silver ink-based electrode array
[15]. The sensor used has 64 channels spread around the
arm at a fixed distance from each other, but the rectangular
design ignores the conic shape of the forearm, thus resulting
in poor fit. At least one of three phenomena can happen
when using a non-stretchable rectangular array: the electrodes
around the smallest diameter of the limb may not maintain
contact with the skin, there may be a gap caused by uneven
electrode distribution at the junction of the two extremities of
the sensor, or there may be an overlap at this same location.
Jiang et al. [16] used disposable electrode arrays which also
results in big gaps between the arrays and the loss of EMG
information and spatial information. In our previous work,
[17], we used an electrode array that only covered the flexor
muscles, losing valuable information from the extensor mus-
cles. Learning from these works by combining their strengths
and weaknesses, is key to developing the next generation of
HD-EMG sensors.

Another way to improve sensor-based systems is to use a
multi-modal approach, whether for redundancy or complemen-
tary properties. Alternatives to EMG in wearable muscle ac-
tivity measurement include magnetomyography, force myog-
raphy [18], electrical impedance tomography, sonomyography,
near infrared sensing [19] and more [20]. These different types
of sensors can be used to supplement or complement each
other. For instance, Wei et al. [21] have added ultrasound
sensors to compensate for EMG signal-to-noise ratio and
motion sensitivity limitations. However, multi-modal solutions
may increase system complexity and power requirements.
With the current work, we address specific EMG limitations
and investigate the extent of performance that can be achieved
with this single-mode method.

B. Confounding Factors

Hand gestures can be differentiated by their unique muscle
activation patterns identifiable by EMG signal’s variation. Fig.
1 shows examples of 1-to-1 correspondence between hand
gestures and their muscle activity represented by a grid of elec-
trodes. Gesture recognition using EMG signals has routinely
provided excellent results in offline studies, often nearing
100% accuracy in controlled environments [22]. However, it
is well known that gesture recognition is far more challenging
under realistic scenarios due to a number confounding factors
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[9]. While it is possible to distinguish many gestures using
EMG, confounding factors can introduce exogenous potentials
and change the underlying musculature, altering the signal
patterns upon which classifiers rely. Confounding factors are
broad, but notably include limb position, electrode-shift, and
inter-session effects. Addressing them may provide meaningful
benefit to the end-user.

The limb position effect encompasses the changes in EMG
patterns that occur when performing the same gesture with
the limb in different positions (e.g., limb at side), or forearm
orientations (e.g., forearm supinated). In the case of different
limb positions, the potentials generated while maintaining the
limb’s position against the force of gravity are superimposed
onto gesture-specific potentials. This effect is magnified during
limb movement, and it cannot be removed with traditional
high-pass motion artefacts filters due to the interfering fre-
quencies overlapping the useful EMG spectrum. The forearm
orientation effect usually results in even larger drops because
the underlying structure of the muscle fibers shifts relative
to the electrodes across orientations [9]. Current successful
strategies to improve robustness to limb position and forearm
orientation variability usually involve collecting training exam-
ples from numerous limb and forearm configurations; however,
this comes at the cost of user time and effort [23]. Collecting
these examples through online adaptation improves robustness
to limb position but still requires compliance with a specific
protocol or serious game [24]. Algorithmic approaches, like
developing less sensitive features (time domain power spectral
descriptors [25]), have also provided some additional robust-
ness to the limb position effect without requiring new data
from the user. The design of hardware to minimize the limb
position effect, however, is an under-explored area.

Much like how underlying muscle topology changes be-
tween forearm orientations decrease performance, a similar
situation arises when electrode position changes, making the
observed potentials deviate from those used during training. A
strategy for robustness to this variation is to collect exemplars
from numerous electrode positions in the neighbourhood of
the typical position [26]. Transfer learning has also been
applied to recalibrate after an electrode shift occurs, providing
an alternative method that requires only a small amount of
training data from the end-user [27], [28], [29]. Algorithmic
solutions have also been proposed to improve robustness
by using dilated neural networks that have larger receptive
fields [30], or by extracting common spatial patterns that are
shift invariant [31]. Although algorithmic solutions have been
explored to combat electrode shift for HD-EMG systems,
the proposed algorithms have not been explored, or jointly
optimized, for use with specific hardware.

The inter-session effect is another confounding factor that
represents the changes that occur between different uses of the
device; these changes are driven by relative electrode shifts
when re-donning the system and time-varying physiological
mechanisms [32]. These physiological mechanisms are mod-
ulated by bioenergetic factors (blood oxygenation, energetic
reserves, muscle fatigue), electrophysiological factors (sweat,
skin impedance, tissue filter effect) or behavioural factors
(contraction intensity, gesture modulation) [33]. As such,

performance has been shown to degrade by 20-30% over the
course of a day [34]. Given that current HD-EMG systems
are poor candidates for general human computer interaction
or assistive devices due to lengthy setup time, inter-session
effects are an underexplored area.

C. Machine Learning

Machine learning methods are at the core of EMG gesture
recognition systems. Methods like linear discriminant analysis
(LDA) [16], support vector machine (SVM) [12], random
forest [18] and k-nearest neighbors [15] have proven to be ef-
fective in gesture recognition tasks. Moreover, interesting work
has been done to extend these methods. For instance, Moin et
al. [15] have used hypervectors as a new representation for a
nearest neighbors classifier and Guo et al. [35] have merged
SEMG with MMG using a LDA classifier with hand selected
features. The recent push in favor of deep neural networks
has also brought forth new interesting approaches. Current
solutions that involve processing all sensors simultaneously
with a convolutional neural network represent the different
nodes of the sensor network as pixels of an image [14],
[17]. CNN is particularly effective for such multi-channel
HD-EMG processing, thanks to its ability to automatically
extract complex spatial patterns. Other deep learning solu-
tions use the temporal features of the signal instead. For
example, Temporal Convolutional Networks (TCN) have been
shown to be effective to learn the temporal dependencies
in SEMG sensors with few electrodes [13]. More complex
architectures have also been proposed to exploit spatial and
temporal features conjointly. For instance, Wei et al. [21]
used a multi-modal approach where a CNN-LSTM network
is used to extract spatial-temporal features from the sEMG
signal. Simultaneously, they use a traditional CNN with A-
mode ultrasound (AUS) signal. Then, both sets of features are
fused together with a Transformer network.

D. Data Augmentation

Data augmentation aims to increase the training data set size
in machine learning applications, with artificial or transformed
data [36] that helps create a synthetic but realistic variance.
It is generally employed to mitigate overfitting issues and
compensate for limited data availability. In EMG pattern
recognition using deep learning, preventing overfitting and
ensuring robustness to confounding factors usually requires
substantial subject-specific training data, thus creating a bur-
den on the end-users. In this respect, data augmentation is a
promising approach to overcome data limitations and improve
methodological robustness.

A number of data augmentation strategies have been em-
ployed to improve gesture recognition accuracy. Tsinganos et
al. [37] explored methods such as the addition of Gaussian
noise, magnitude warping, wavelet decomposition, and a com-
bination thereof. The study was conducted with the Ninapro
[38] and putEMG [39] datasets to increase the amount of
training data for low-dimensional EMG CNN hand gesture
classifiers. Magnitude warping and wavelet decomposition
were shown to produce up to 16% improvement compared
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to no data augmentation. Campbell et al. [40] demonstrated a
one-shot learning data augmentation method using SinGAN,
where a 200 ms window of data was transformed into a
time-frequency representation used to train a gesture-specific
signal generator. The signal generators were used to create
numerous synthetic EMG samples with well-behaved local
patterns learned from the training sample. When these syn-
thetic samples were used to augment within-subject models,
an improvement of 5% was found in comparison to training
with a full repetition of real data. While providing evidence
for improving user-supplied signal variability through these
augmentation strategies, the effectiveness of such strategies
to improve robustness to confounding factors remains under-
addressed.

Yang et al. [41] explored six data augmentation strategies
(reversing 2 electrodes, reversing all of the electrodes, swap-
ping 2 electrodes, mirroring all electrodes, rotating electrodes,
and disabling 2 electrodes) for multi-DoF wrist movement
decoding using a CNN with an 8-electrode system. The overall
approach demonstrated promising results for multi-DoF wrist
movements under multiple test cases. However, while it was
shown to improve the baseline accuracy and robustness to
specific data anomalies, it is unclear how the data augmenta-
tion contributed to mitigate the impact of confounding factors.
For instance, an inter-session, multi-day test was used to
evaluate the fine-tuning strategy rather than data augmentation.
It is worth independently investigating the latter, notably for
higher-dimensional EMG and fine hand gesture recognition.

Wu et al. [30] used image processing methods to shift
image-converted HD-EMG data in different directions, thus
augmenting the training set. A dilated CNN was then used
to achieve more robust classification against electrode shift.
The method used a 10x10 electrode array and tested re-
silience to shifts of up to 7-10 mm around the reference
position. The proposed network and augmentation method
showed promising results in this case. The square form factor
of the sensor, however, limits the spatial information and
displacement range, as the method crops actual data and
duplicates existing data to fill in the shifted array. To avoid
such induced artifacts, further investigation and joint design
of the algorithms and hardware sensors are warranted.

For armband-type EMG sensors, the electrodes may shift
longitudinally (along the limb length) or radially (around the
axis). Longitudinal shifts occur when replacing the sensor at
different distances from the wrist. Radial shifts occur when
the sensor is rotated around the limb, or during wrist rotation
(pronation/supination). In this paper, the full-circumference
EMaGer sensor is designed to enable spatial techniques, such
as the proposed ABSDA method, to improve robustness to
radial electrode shift for a given longitudinal position. This
co-design enables ABSDA to leverage the sensor architecture
to generate new data points by matrix permutation, without
introducing artefacts within the HD-EMG data.

I1l. SENSOR AND DATA
A. High-Density Electromyography

This work leverages the advantages of HD-EMG to add
spatial resolution and geometric structure to the traditional
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Fig. 1: Visualization of EMG intensity maps for the six hand
gestures used in this work. The maps reflect the mean absolute
value of each channel, computed over a 5 second window.

Fig. 2: Depiction of the forearm muscles and how information
is spread around the arm rather than parallel to it, explaining
the design choice of the 4x16 electrode layout.

EMG sensing methods. By building the sensor with equidistant
and closely spaced electrodes, we create a versatile sensing
pattern that is invariant to sensor placement and where no
information is lost due to blind spots. By leveraging spatial
correlations, HD-EMG can be more robust to shifting caused
by wrist movement or electrode displacement [42]. In this
work, the HD-EMG sensor samples data in a 4x16 grid that
can be seen as a snapshot of forearm muscle activation at a
certain time “t”. Fig. 1 shows typical muscle activation images
for the 6 gestures studied in this work. The 4 electrode axis is
longitudinal to the forearm while the 16 electrode axis wraps
around its circumference. The importance of maximizing
circumference density rather than longitudinal density was
proven in [43]. As depicted in Fig. 2, the majority of finger
muscles are longitudinal to the limb. Therefore, electrodes in
the same column along this axis gather similar information.
Conversely, electrodes in a same row, perpendicular to forearm
length, capture signals from different muscles and gather more
unique information.

B. Bracelet Idea and Concept

The HD-EMG cylindrical sensor, EMaGer, facilitates the
conversion of the EMG signals to a representation that can
be naturally processed with spatial algorithms (Fig. 3). The
newly designed hardware aims to solve the various electrode
coverage issues often present in other sensors as discussed
in Section II-A. The inspiration behind the design of this
novel electrode array combines elements of the Thalmic
Lab Myoarmband (discontinued), typical disposable HD-EMG
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Fig. 3: Cylindrical data reprensentation of EMaGer. The
curved geometry is split and flattened into a 2D array.

Fig. 4: Pictures of EMaGer. The accordion geometry allows
the electrode to evenly spread around the varying arm cir-
cumference caused by the conic shape of the forearm. Rubber
bands are optionally added to enhance electrode contact.

electrode arrays, and previous works such as [29] and [15].
The key idea is to produce an array of electrodes capable
of representing the full forearm muscle activity as accurately
and reliably as possible. The devices mentioned above all have
positive attributes, but none of them matches the five important
design criteria followed by this work:

1) The electrode array must be spread out evenly around
the full circumference of the forearm to create a uniform
image representation of finger muscle activity.

2) The system must be invariant to bracelet positioning to
enable independent and robust donning by any user.

3) The system must be durable and reusable.

4) The contact between the skin and the electrodes must be
reliable and constant to allow users to move around their
arm and wrist without risk of electrode displacement or
the introduction of motion artifacts.

5) The system must be easy to don and adjust to fit most
forearm sizes for versatility (and research ease).

Similar to how socks stretch to our feet, the electrode
array must conform to the irregular shape of the forearm.
Therefore, the elastic bracelet/armband form factor was chosen
as seen in Fig. 4. Designing the sensor this way essentially
creates a bracelet that can be donned as easily as a watch
by the user, without requiring precise placement by a trained
professional. The system captures 360° of the forearm like
the Myoarmband, but with the increased density of HD-
EMG electrode grids. Therefore, EMaGer has all the attributes
necessary to quickly develop and test HD-EMG myoelectric
control solutions.

C. Bracelet Details and Fabrication

To build an HD-EMG sensor with the characteristics de-
scribed above, flexible and stretchable materials had to be
used. For this reason and to keep the number of wires to
a minimum, EMaGer uses a 64-channel, 4x16, electrode
array on a custom flexible PCB and medical bandage. The
number of channels was constrained by power consumption,
embedded computing, and wireless transmission bandwidth
limitations. The 4x16 configuration was chosen to be capable
of representing the data as a rectangular matrix and to provide
satisfactory resolution around the circumference of the arm.
The flexible PCB consists of 64 signal pads and 16 intercon-
nected reference pads as shown on Fig. 5a. Polyimide was
chosen for the flexible material to isolate the copper traces
since it can be manufactured with a thickness of ~0.1 mm
and remain very malleable. Moreover, polyimide is resistant
to high temperatures enabling the safe use of hot plates for
soldering electrodes and connectors onto the PCB. In addition
to polyimide, fiberglass (FR4) stiffeners (Fig. 5c) are used at
strategic locations to add support and fixation points for the
fabric and force the bracelet into an accordion shape. Stiffeners
also provide a solid base of support for soldering electrodes
and connectors onto the flexible PCB and prevent unwanted
and destructive bending at those locations. The medical ban-
dage consists of an off-the-shelf stretchable fabric to support
the flexible PCB (Fig. 5b). Combining the two by shaping the
PCB in an accordion-like manner enables not only flexibility
to mold around the forearm, but also extensibility to stretch
the bracelet to the appropriate size and keep electrode density
consistent around the arm as required by design criterion
#1. This even electrode distribution property directly answers
design criterion #2 by allowing the bracelet to be placed in any
orientation around the forearm without compromising gesture
recognition accuracy. To assemble the two materials together,
both sewing and gluing were tested. Sewing has the advantage
of not being permanent but is more time consuming, and
the threads may break. Gluing is faster and more robust, but
it cannot be undone. Overall, using specialized fabric glue
provided the most satisfactory results (Fig. 5h) and was used
on the final prototypes to respect design criterion #3. Other
key components of the full assembly are the 3D electrodes
(Fig. Se, 5f, 5g). These small double-sided gold-plated rigid
PCBs are soldered individually onto the pads of the flexible
array to protrude into the user’s skin and ensure a more
reliable skin-electrode interface to preserve signal integrity.
Electroless nickel immersion gold (ENIG) was used to coat
the dry electrodes because it prevents oxidation and does
not require conductive gel. To follow design criterion #4, in
addition to the elastic fabric and the 3D electrodes, rubber
bands are added to prevent the electrodes from sliding on
the skin and consequently minimize motion artifacts. Finally,
attaching the fully assembled bracelet around the arm uses
a simple hook and loop system to facilitate the donning and
doffing on a wide range of forearm size as requested by design
criterion #5.
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Fig. 5: Assembly of the bracelet. a) Flexible PCB and connectors (Conn). b) Medical bandage and fabric glue. ¢) Stiffners
used for support. d) A column of signal (sig) and a reference (ref) pads where electrodes are soldered. e) Signal electrodes (7
mm diameter). f) Reference electrodes (3.5 mm X 6 mm). g) ENIG plated electrodes soldered on the flexible PCB to improve
skin contact. h) Fully assembled EMaGer bracelet at rest. i) Stretched EMaGer keeping uniform electrode density.

Interface
MISO B Rate MUX

Fig. 6: Detailed circuit schematic of the system pipeline.
EMG signals are sampled through EMaGer and numerically
processed by specialized electronics. Data are finally used for
gesture classification by co-designed deep learning algorithms.

D. System Components and Architecture

Fig. 6 shows the full system pipeline. After the signal is
sensed by the electrodes in the bracelet, the 64-channel Intan
RHD2164 headstage, a specialized bioinstrumentation chip,
is used for the analog-to-digital conversion (ADC) with a
sampling rate of 1 kHz. The voltage range of the ADC is
46.39 mV with a resolution of 0.195 uV for each step of
the 16-bit quantification. Each channel is amplified with a
gain of 192 V/V. The integrated circuit also features internal
analog programmable filters, which are set to bandpass filter
the signals between 20 and 300 Hz to prevent aliasing and filter
out motion artifacts. This ADC sampling process is controlled
by a Cypress PSoC6 low power microcontroller (MCU). The
MCU communicates with the Intan chip through a low-voltage
differential signalling (LVDS) to serial peripheral interface
(SPI) converter. The PSoC6 then transfers the digitized data
to a computer through the Universal Asynchronous Receiver
Transmitter (UART) protocol. The data are either used right

away for real-time gesture classification or stored for later
offline algorithm training. A custom Bluetooth wireless so-
lution (not tested here) is in progress, to make EMaGer more
comfortable and easier to use.

V. PROCESSING AND DEEP LEARNING INFERENCE
A. Signal Processing and Neural Network

The digital signal processing chain begins with direct cur-
rent (DC) offset removal. This is integrated into the pipeline
using a 20 ms buffer to subtract the moving average from
each channel. In a second step, a second-order infinite impulse
response (IIR) notch filter with a quality factor Q = 30 is
used to remove the 60 Hz power line interference. Then, each
channel is processed with a 20 ms mean absolute value (MAV)
filter to extract the envelope of the signals, which correlates
with contraction intensity. Finally, the concurrent samples of
each channel are aggregated and transformed into 4x16 frames,
which are then fed to the classifier.

A CNN is used for classification, where 2-dimensional
convolution masks are used to extract meaningful patterns in
the HD-EMG array space. The top part of Table I summarizes
the chosen CNN architecture, which is adapted from previous
work in real-time hand gesture recognition from frame-based
HD-EMG data [29]. This deep learning architecture was
compared to state-of-the-art work in [29] and in [44].

A second version of the CNN was also tested in this work
to improve the model’s shift invariance. Convolution layers
are known to be equivariant to translation, however, recent
work [45] has shown that CNNs can better learn absolute spa-
tial locations by leveraging boundary effects like 0-padding.
Moreover, the fully connected layers used at the end of the
network for classification are not invariant in translation. This
is reinforced by the fact that the EMG data from a session
is highly localized in space. Several solutions have been
proposed to alleviate these shortcomings. A global pooling
layer can be used before a fully connected layer to remove
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TABLE |
CNN ARCHITECTURE
CNN
Layer [ Hyper-parameters [ Add. layers | Activation
Conv2D 32, 3x3 filt., 0-pad. Batch norm. Leaky ReLU (0.01)
Conv2D 32, 3x3 filt., 0-pad. Batch norm. Leaky ReLU (0.01)
Conv2D 32, 5x5 filt., 0-pad. Batch norm. Leaky ReLU (0.01)
Dense 256 units Dropout (0.5) | Leaky ReLU (0.01)
Dense 6 units Softmax
AA-CNN

Layer [ Hyper-parameters [ Add. layers | Activation
Conv2D 32, 3x3 filt., 0-pad. Batch norm. Leaky ReLU (0.01)
BlurPool | stride=1, filter size=4
Conv2D 32, 3x3 filt., 0-pad. Batch norm. Leaky ReLU (0.01)
BlurPool | stride=1, filter size=4
Conv2D 32, 5x5 filt., 0-pad. Batch norm. Leaky ReLU (0.01)
BlurPool | stride=1, filter size=4
Dense 256 units Dropout (0.5) | Leaky ReLU (0.01)
Dense 6 units Softmax

spatial dependencies from the fully connected network [46],
[47], [48]. Circular convolution layers [49] may be utilized
to eliminate the effect of padding. However, these solutions
are better suited for bigger networks with large inputs. The
modified version of the CNN presented above implements
anti-aliasing [50] in the network to improve the model’s shift
invariance while keeping the same small architecture suitable
for real-time inference on embedded devices [29]. This takes
the form of additional BlurPool layers after each convolution
layer block to effectively apply a low-pass filter on the output
of the convolution layers. This anti-aliased CNN (AA-CNN)
architecture is summarized in the bottom part of Table I.

Majority voting is then used after the neural network to
stabilize the results when processing sequences of HD-EMG
data. Simple majority voting accumulates the inference results
in a first-in first-out (FIFO) circular buffer and outputs the
most frequently predicted class.

B. Array Barrel Shifting Data Augmentation (ABSDA)

Because the proposed cylindrical sensor has a continuous
surface, its data must be split at an arbitrary junction point
to form a 2D array representation (Fig. 3). To mitigate the
effects and artifacts of that process, the array barrel shifting
data augmentation method consists of adding permutations of
the original dataset (Fig. 7). This radially shifts the electrode
channels, moving the split junction across the surface to
prevent overfitting on a given junction position, which does
not exist in the physical sensor. The array element positional
shift (AEPS) can be parameterized. In this work, most cases
use an AEPS range of +2, i.e. {-2, -1, +1, 42}. This can be
visualized in Fig. 8 where ABSDA-shifted reference data are
shown alongside equivalent physically shifted sensor data.

While the convolution feature extraction layers are transla-
tion equivariant [51], the array delimitation introduces bound-
aries and border effects which may affect the extraction of
features that overlap the junction discontinuity. The following
dense layers can then overfit on position-specific information
on the sensor’s circumference. Augmenting the data with the
proposed ABSDA method exposes the neural network to array
delimitation variance during training, consequently mitigating

0 1 0 0] [d, & by ¢
d, a b, c
001 0f_ |% % %2 %
al bl Cl dl / X 000 1 - d3 a3 b3 C3 \
a2 bz CZ d2 71 00 07 ¥d4 ay b4 C47 _
a3 by c3 dg N [0 0 1 0] e o ‘& b
a4 b4 C4 d4 X 0 0 0 1 - CZ dZ a2 b2 /
Original sample 1000 C3 d; ag by
0 l- 0 Q_ ¢ dy a by
Permutation matrices

Transformed samples

Fig. 7: Array barrel shifting data augmentation (ABSDA).
Permutations shift the matrix horizontally, re-introducing over-
flowing columns at the other end. This is a simplified example
for a 4x4 array and element position shifts of {+1, +2}.

Shift Physical Shift Artificial shift Shift Pearson
(degrees) (Manual) (ABSDA) (AEPS) Correlation
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Fig. 8: A comparison in observed sensor activity (mean
absolute value of EMG) between physical shift (sensor rotation
experiment) and our data augmentation technique (ABSDA).
The Pearson correlation shows the high degree of correlation
between the manual and synthetic data augmentation methods.

its impact on test performance. In practice, this leads to more
robust inference when subjected to sensor rotations on the
radial axis, which corresponds to translations within the 2D
array space.

V. METHODOLOGY

A. Datasets

To evaluate the performance of the proposed sensor in a
gesture recognition task, data were gathered using the EMaGer
system and compared with the Hyser PR dataset [16], [52] and
the CapgMyo DB-b dataset [14]. Both datasets resemble the
one presented here since they contain data from multiple users
over more than one session and include gestures comparable to
the ones used in this work (Table II). Six gestures were chosen
from each set to match those used in this work, namely close
fist, thumbs up, chuck grip, index extension/point, fine pinch,
and rest (as shown in Fig. 1). The six gestures selected are of-
ten used as functional grip motions in myoelectric prostheses.
The selection of a small subset of common gestures ensures
that the experiment focuses on the robustness of the system
rather than general accuracy and classification capabilities. For
the Hyser dataset, gestures 1, 2, 30, 31, 32, and 33 (as labelled
in [14]) were selected. For CapgMyo, gestures 1, 2, 3, 6, 7,
and 8 (as labelled in [16]) were chosen.
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For the original dataset produced in this work, 12 able-
bodied participants (ages 20-46, 9 males and 3 females) were
recruited in accordance with relevant guidelines, regulations,
and experimental protocols, as approved by the Laval Univer-
sity Research Ethics Committee (approbation number: 2019-
268 A-1 R-3 / 23-11-2022). The recordings can be described
in three parts:

1) Inter-session data (EMaGer-A): These data include 2
sessions for each of the 12 users, where each session
consists of 10 repetitions of 5-second contractions for
each of the 6 gestures. The cuff was removed and
replaced between sessions to create natural changes in
sensor location.

2) Sensor rotation data (EMaGer-B): These data were
gathered from 3 users, and include the equivalent of 9
sessions per user with the same scheme for each session
(6 gestures X 10 repetitions X 5 seconds). For each of
the 9 sessions, the angular position of the bracelet was
changed, as depicted in Fig. 9. The 9 positions create a
range of electrode shift of up to £45°, or the equivalent
of 2 columns of electrodes shifted by half a position
for each increment.

3) Wrist rotation data (EMaGer-C): These data were
gathered from 3 users, and include the equivalent of 3
sessions per user with the same scheme for each session
(6 gestures X 10 repetitions X 5 seconds). Each session
consists of one of 3 different forearm rotation positions:
pronation, neutral, and supination as shown in Fig. 10.

For all three datasets, the same preprocessing steps outlined
in Section IV-A were applied for consistency, the only excep-
tion was the choice of the 50 Hz or 60 Hz notch filter cutoff
frequency to account for the difference in power line noise
frequencies.

B. Assessment of Signal Quality

To assess the EMG signal quality recorded by EMaGer, the
time series and frequency spectra from all 64 channels were
visually inspected to identify obvious powerline interference
or motion artefacts. A Welch Power Spectrum Density (PSD)
was then used to evaluate each of the datasets in terms of
general contraction behaviors/properties (resting noise floor,
active contraction strength, EMG spectrum profile) [15]. For
a systematic approach, the channels and users with the best
signal-to-noise ratio (SNR) were evaluated from each dataset
and reported in Section VI. The PSDs were calculated using
the closed fist hand gesture for the signal component and
the resting state for the noise floor. The PSDs were further

TABLE Il
DATASET PROPERTIES
EMaGer-A | CapgMyo [14] | Hyser [16]
Subjects 12 10 20
Sessions 2 2 2
Repetitions 10 % 5s 10 x 3 s 2% 4s
Gestures 6 8 34
Electrodes 4x16 8x16 16x16
Sampling Rate 1000 Hz 1000 Hz 2048 Hz

normalized by the O Hz component of the noise floor of each
dataset.

C. Intra- and Inter-Session Testing

A major source of performance degradation in myoelectric
control is doffing and donning of the sensors, which can cause
electrode displacement. Even when experimental protocols
attempt to replace sensors consistently, some level of inter-
session mismatch is to be expected. The inter-session data
(EMaGer-A) were therefore used to evaluate the EMaGer
sensor and the ABSDA strategy developed to combat this
effect. Using the same CNN architecture for all systems to
isolate the employed sensor as the main contributing factor
in the test outcomes, the results of the EMaGer system were
compared with those of the published CapgMyo and Hyser
datasets with and without using the ABSDA approach (across
an AEPS parameter range of +2) as follows:

1) Intra-session: algorithm trained and tested using data
split from the same session (details about data splitting
are included below). Results were averaged across the
two sessions.

2) Inter-session (without ABSDA): algorithm trained on
session A, tested on session B, and vice-versa. Results
were averaged across the two cases.

3) Inter-session (with ABSDA): algorithm trained on
ABSDA-augmented data from session A, tested on ses-
sion B, and vice-versa. Results were averaged across the
two cases.

The following additional test cases were studied using only
the EMaGer dataset to gather more specific insights:

4) Intra-session (train augmented): algorithm trained and
tested on split same-session data, but with the training
set augmented.

5) Intra-session (test augmented): algorithm trained and
tested on split same-session data, but with only the test
set augmented.

6) Intra-session (train and test augmented). algorithm
trained and tested on split same-session data, with both
training and test sets augmented.

Regarding data splitting, in the intra-session test cases, a
leave-one-out cross-validation (LOOCYV) strategy was used by
alternately training the model on (n — 1) gesture repetitions,
holding the remaining one as the test set. In the inter-session
test cases, the LOOCV approach was executed across sessions,
with one session used for training and the other for testing, and
conversely. All of these evaluations were run independently for
each subject and then aggregated to obtain the overall statistics
for each condition. In all cases, both the CNN and AA-CNN
algorithms were tested.

For these comparative test cases specifically, only the middle
1 second of each repetition in the EMaGer-A dataset are used.
This new subset will be later referred as EMaGer-Al. This
is done for consistency and data balancing purposes as the
CapgMyo dataset also uses middle 1 second segments. An
exception is however made for the Hyser dataset, since its
data are already limited with only 2 repetitions per gesture and



CHAMBERLAND et al.: NOVEL WEARABLE HD-EMG SENSOR WITH SHIFT-ROBUST GESTURE RECOGNITION USING DEEP LEARNING - DRAFT 9

Fig. 9: The nine sensor positions used for the EMaGer-B
dataset. The total range covered is 90°. Each increment is
~11.3°, representing the width of half an electrode position.

e

PronationfliNeutralliSupination

Fig. 10: The three forearm rotations used for the EMaGer-C
dataset. An example of the “thumbs up” gesture is shown in
each orientation.

TABLE Il
COMPOSITION OF DATA SUBSETS USED FOR COMPARISON
EMaGer-A1 | CapgMyo [14] | Hyser [16]
Subjects 12 10 20
Sessions 2 2 2
Repetitions 10x1s 10x1s 2%4s
Gestures 6 6 6
Electrodes 4x16 8x16 16x16
Sampling Rate 1000 Hz 1000 Hz 2048 Hz

session. The employed subsets for these tests are described in
Table III.

D. Sensor Rotation Test

To evaluate the robustness of the ABSDA-CNN method to a
wider range of electrode shifts, it was tested using incremental
physical rotations of the cuff (EMaGer-B dataset). With the
algorithm trained on the reference 0° position subset, it was
then tested on each increment of the physically shifted sensor
data. The following rotation increments around the limb were
used: -45°, -33.8°, -22.5°, -11.3°, +11.3°, +22.5°, +33.8°,
and +45°. To establish a baseline performance metric, the
algorithm was also tested on the 0° position using the same
leave-one-out strategy as for the intra-session cases presented
in section V-C. In all cases, the CNN and AA-CNN algorithms,
without augmentation, are compared to those with the ABSDA
approach over different AEPS parameter ranges (1, £2, £3,
and +4).

E. Wrist Rotation Test

Robustness to the effect of forearm orientation was evalu-
ated using the EMaGer-C dataset, where the EMG data were

TABLE IV
INTRA- AND INTER-SESSION TRAINING PARAMETERS
Learning Early Max. Num. | Batch
Rate Stopping of Epochs Size
EMaGer CNN 5e-b 0.995 15 64
EMaGer AA-CNN 2e-4 0.995 15 64
Hyser CNN 5e-6 0.995 15 64
Hyser AA-CNN le-6 0.995 15 64
CapgMyo CNN 5e-6 0.992 15 64
CapgMyo AA-CNN 5e-6 0.992 15 64
TABLE V
SENSOR AND WRIST ROTATION TEST TRAINING PARAMETERS
Learning Early Max. Num. | Batch
Rate Stopping | of Epochs Size
EMaGer CNN 5e-b 0.992 15 128
EMaGer AA-CNN 2e-4 0.992 15 128

recorded for 3 forearm rotation angles: -90° (supination), 0°
(neutral position), +90° (pronation). The algorithm was trained
on the 0° reference subset, and then tested separately on the
-90° and +90° subsets. As with the sensor rotation test, the
accuracy is compared to the neutral position with and without
augmentation, and for different AEPS parameter ranges (£1,
+2, £3, and +4).

F. Neural Network Training

The CNN and AA-CNN models were implemented with
PyTorch [53] and trained on a RTX 3080 graphics processing
unit (GPU) card from NVidia on a system with 32 GB
of RAM. For all cases, training was performed by gradient
descent using the AdamW optimizer [54] with cross-entropy
loss function. Training is done using early stopping based on
training accuracy with a maximum number of epochs of 15 in
case the training did not converge fast enough. The learning
rate and batch size were empirically chosen for each network.
A plateau scheduler monitored the training loss to optimize
the learning rate, with a reduction factor of 0.5, patience of 3
epochs, threshold of le-4 and a minimum learning rate of one
tenth the initial one. When building the data loaders, only the
training data were shuffled. The random seed in PyTorch was
set to 20. The specific training parameters for each experiment
are presented in Table IV for the intra- and inter-session tests,
and in Table V for the sensor and forearm rotation tests.

VI. EXPERIMENTAL RESULTS

Fig. 11 shows a ~1 second example of EMaGer data for a
dynamic “close fist” gesture for all 64 channels after DC offset
removal and 60 Hz noise filtering. The signal amplitude of an
average channel is approximately 2 mV,. Fig. 12 shows the
results from the PSD analysis in dB. It can be seen that the
signals from the three datasets follow a similar general curve,
peaking in the 50-100 Hz range as expected for EMG signals.
At higher frequencies, the EMaGer power lies between that
of the CapgMyo and Hyser signals for the active closed fist
gesture. The noise floors are also similar. Overall, CapgMyo
has a better SNR over the full range compared to EMaGer
(visible by the higher ratio between the corresponding active
gesture and noise floor lines), but EMaGer outperforms the
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Fig. 11: An example of the 64-channel EMG signals for a gesture sequence of rest to closed hand and back to rest.

Hyser data. In the important low frequencies (below 100
Hz), EMaGer compares favorably to both systems. Although
positive, it should be noted that many other factors in addition
to the sensor type impact this result (e.g. users, protocols,
recording environment, etc.).

Table VI presents the results for the inter-session gesture
recognition test described in Section V-C. The results are
reported using majority voting windows of 1 ms and 150 ms.
For EMaGer and CapgMyo, which both have a sampling rate
of 1 kHz, the 1 ms corresponds to a single window, and thus
no real majority vote. With Hyser’s data, the higher 2 kHz
sampling rate makes it a 2-vote window (in case of a tie, the
first incoming prediction is chosen). The average accuracy and
standard deviation are reported for both the CNN and the AA-
CNN. The distributions for the full user groups are displayed
in Fig. 13, again for 1 and 150 ms majority voting. A longer
window yields better results, but sacrifices latency with an
induced slower transient response. The two cases thus give a
frame of reference ranging from no majority voting (I ms)
to a latency that falls within the optimal range of 100-175 ms
[55]. It should be noted that in a real-time pipeline, the 150 ms
majority voting window does not equate to a 150 ms latency,
because it can be implemented in a FIFO circular buffer. The
actual transient response may thus fall within the 150 ms, as
soon as a simple majority is reached.

The results of the sensor rotation test are displayed on Fig.
14 for the CNN, and on Fig. 15 for the AA-CNN architecture.
The results of the wrist rotation test are presented in Fig. 16
for the CNN, and in Fig. 17 for the AA-CNN. The results for
both majority voting windows of 1 and 150 ms are displayed.

VII. DISCUSSION

In this work, we present the new 64-channel EMaGer HD-
EMG sensor system. Compared to the state-of-the-art, shown
in Table VII, the original design offers a comprehensive
solution for full (flexor + extensor) forearm muscle coverage.
It features flexible and extensible properties to ensure an
adjustable fit that retains uniform electrode density. The self-
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Fig. 12: This graph shows the Welch Power Spectral Density
for all three datasets. Closed fist gestures (signal) are repre-
sented by the solid lines. Neutral hand gestures (noise floor)
are represented by the dash lines.

contained armband array form factor facilitates its use in wear-
able HD-EMG applications. We also present a novel barrel-
shifting data augmentation (ABSDA) approach enabled by the
sensor’s uniform distribution of channels around the forearm.
Their combined performance in the presence of confounding
factors highlights the benefits of co-designing hardware and
software to solve outstanding challenges in human-machine
interaction. This is particularly true with the prominence of
data-driven solutions in the era of artificial intelligence (AI).
The hardware-software synergy of the cylindrical sensor with
ABSDA tackles critical myoelectric interface issues related
to electrode positioning and displacement [9], which are no-
tably observed in inter-session scenarios. Maintaining accuracy
across sessions is typically addressed in the literature with
calibration and domain adaptation methods [14], [56], [57].
With ABSDA, however, the inadequacy of the source data is
addressed directly and improvements in inter-session gesture
recognition are observed without the burden of additional data
requirements or further algorithm training.

As observed in Table VI, the combination of ABSDA
with the uniformly distributed cylindrical flexible EMaGer
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TABLE VI
CLASSIFICATION RESULTS FOR THE INTRA- AND INTER-SESSION ANALYSES WITH AND WITHOUT ABSDA AUGMENTATION, MAJORITY VOTING, AND
ANTI-ALIASING

CNN Accuracy (%) AA-CNN Accuracy (%)
[ Test case Dataset MV s [ MV 50ms MV s [ MV 50ms
1. Tntra-session CapgMyo 94.83 + 1.99 98.28 + 1.17 91.89 + 2.89 97.49 + 1.23
(Baseline) Hyser 92.09 £ 3.90 95.67 &+ 3.73 87.96 £ 5.74 94.02 £+ 4.72
EMaGer-Al 88.50 £ 6.51 94.82 £+ 3.86 85.16 &+ 8.17 92.57 + 6.56
9. Inter-session CapgMyo 46.83 + 21.78  50.79 4+ 24.50 | 49.83 &£ 1696  55.13 £+ 19.79
(without augmentation) Hyser 6532 + 18.15  69.97 4+ 20.29 | 69.87 + 13.35  76.67 £+ 15.12
EMaGer-Al | 48.25 +£25.79 5292 4+ 29.65 | 53.12 £ 2232 59.81 £ 26.71
3. Inter-session CapgMyo 3550 £9.50  37.78 & 12.48 | 41.55 &£ 11.04 4842 £+ 13.16
(with ABSDA augmentation) Hyser 66.00 + 12.85 71.93 + 15.09 | 68.10 + 11.92  75.02 &+ 14.51
EMaGer-Al | 67.87 £+ 16.28 7830 + 17.20 | 64.89 + 16.74  75.07 + 19.34
4. Intra. (train aug.) 85.62 £+ 8.10 93.81 +5.29 | 81.68 £ 10.59  90.36 + 8.99
5. Intra. (test aug.) EMaGer-Al 43.14 £+ 6.06 46.68 £+ 6.09 52.19 + 9.30 58.09 + 9.95
6. Intra. (train/test aug.) 85.64 + 8.08 9430 + 5.10 | 82.00 £ 10.78  91.18 + 9.12
CNN Acc. Difference (%) AA-CNN Acc. Difference (%)
Accuracy change CapgMyo -48.00 -47.49 -42.06 -42.36
without augmentation Hyser -26.78 -25.70 -18.08 -17.36
(test 2 - test 1) EMaGer-Al -40.26 -41.90 -32.07 -32.76
Inter-session accuracy CapgMyo -11.43 -13.01 -8.28 -6.71
gain with augmentation Hyser +0.68 +1.96 +2.79 +5.05
(test 3 - test 2) EMaGer-Al +19.61 +25.67 +11.77 +15.26
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(b) CNN with 150 ms majority voting

Fig. 13: Inter-session accuracy distributions across all users for each dataset, with and without augmentation. X-axis labels
with the '+’ suffix indicate that they are augmented with ABSDA. The boxes range from the first and third quartile with the
whiskers extending to Q1 - 1.5IQR and Q3 + 1.5IQR, or min./max. if closer. The median is represented by a middle bar, and

the mean by a dot.

sensor leads to a 25.67% accuracy increase in inter-session
gesture recognition (comparing test cases 2 and 3, with 150
ms majority voting). When ABSDA is paired with other
sensors, however, the opposite effect may be observed. This
is particularly notable for the CapgMyo which sees a drop of
13.01% (with 150 ms majority voting). The latter sensor uses
8 strips of 2x8 electrode arrays spread around the limb. This
results in uneven electrode density along the circumference,
rendering the ABSDA-CNN method not only ineffective, but
destructive. This is an important consideration for the design
of future devices, as it is clear that design choices may limit
the potential benefits of such data augmentation techniques.
Although there is high variance in accuracy across the different
users of each dataset, the impact of ABSDA-CNN on the
results distributions can be observed in Fig. 13.

Further investigation using the EMaGer dataset indicates
that the ABSDA-CNN method is relatively stable for the intra-
session case (test case 4). Keeping the test set as is, the result
shows that applying the augmentation to the training set did
not meaningfully degrade the baseline accuracy (as obtained
in test case 1). Test cases 5 and 6, however, reinforced that
unless trained with augmented data, the CNN fails to maintain
accuracy in presence of shifted test data (augmented test set).
When ABSDA is applied to both training and test data, it
preserves the baseline performance (only a 0.52% and 1.39%
drop for the CNN and AA-CNN 150 ms MV cases, relatively
to baseline). This suggests that the strong inter-session benefits
of ABSDA are non-destructive for the intra-session case.

Inter-session gesture recognition may result in a shift in
electrode position when users reposition the sensor. Thus, a
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(a) CNN with 1 ms majority voting

(b) CNN with 150 ms majority voting

Fig. 14: Sensor rotation test with CNN for different levels of augmentation (AEPS). Classification accuracy is measured for
different sensor position shifts in terms of rotation angle around the limb.

(a) AA-CNN with 1 ms majority voting

(b) AA-CNN with 150 ms majority voting

Fig. 15: Sensor rotation test with AA-CNN for different levels of augmentation (AEPS). Classification accuracy is measured
for different sensor position shifts in terms of rotation angle around the limb.

broader portrait of the EMaGer and ABSDA-CNN method’s
robustness to electrode shift is presented with the sensor
rotation test in Fig. 14 and Fig. 15. The traditional CNN
approach suffered an accuracy drop of 70 to 80% when
the sensor was shifted 45° away from its original position.
However, when ABSDA was applied with an AEPS parameter
of at least £2, the CNN proved to be more robust across the
shifting range. A small plateau can be observed between the 0°
and +11.3° positions, which may be attributed to the muscle
structure asymmetry, or width and alignment of the muscle
belly relative to the electrodes. This suggests some leeway
within a certain electrode shift range where performance can
be maintained. When it comes to the anti-aliased CNN (AA-
CNN), though it did not show improvements in Table VI, a
notable improvement to the “Augmented” curves can be seen
in Fig. 15, compared to the regular CNN in Fig. 14. This
discrepancy may be due to the fact that the former inter-session
results were subject to smaller position shifting than the sensor
rotation test, and that the AA-CNN is specifically effective for
larger shifts. Looking at the no augmentation curves, it can

be seen that the AA-CNN yields barely any effect by itself.
Another notable observation is that the AA-CNN brings the
“Augmented (£1)” curve up to the others, while it was closer
to the “No augmentation” with the CNN. This indicates that
the network anti-aliasing extends the effective range for lower
AEPS values of ABSDA.

Regarding the wrist/forearm rotation tests in Fig. 16 and Fig.
17, neither ABSDA nor the AA-CNN show clear improve-
ments over the baseline “No augmentation” CNN method.
Accuracy even decreased in some cases. Our hypothesis is that
during pronation or supination, the resulting covariate shift
in the HD-EMG representation is less pronounced than the
synthetic shift added in the data augmentation. Consequently,
more variance is added to the training set compared to what
is observed in the test set, which in turn leads to slightly
lower test accuracy. As for the AA-CNN, its so-called “blur
pooling” has a similar effect where filters are designed to
reduce positional bias in order to support more variance in
the data. In the case where there is less expected variance, as
in the forearm rotation test, it results in lower accuracy than
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(a) CNN with 1 ms majority voting

(b) CNN with 150 ms majority voting

Fig. 16: Forearm rotation test with CNN. Classification accuracy is reported for the 3 different forearm orientations, when

training with only the neutral posture.

(a) AA-CNN with 1 ms majority voting

(b) AA-CNN with 150 ms majority voting

Fig. 17: Forearm rotation test with AA-CNN. Classification accuracy is reported for the 3 different forearm orientations, when

training with only the neutral posture.

the baseline CNN method. Still, these results suggest that the
base CNN + EMaGer method has a greater innate robustness
to forearm rotation than previously reported research [9].

Overall, the strong left-right symmetry observed in Fig. 14,
Fig. 15, Fig. 16 and Fig. 17 demonstrates that the direction
of the sensor or forearm rotation has generally a negligible
effect on the observed decrease in accuracy and that the
most significant metric is the amount of rotation from the
training reference position. The symmetry also demonstrates
the invariant effectiveness of the proposed ABSDA method to
mitigate the effect of rotation on the accuracy.

While successful in improving robustness to radial electrode
shifts, it should be noted that ABSDA does not address
possible accuracy degradation due to longitudinal shifts. In ap-
plications such as wearable prosthetics, moulded limb sockets
can ensure consistent lengthwise positioning of the sensor on
the arm, with wrist pronation and supination remaining as a
source of radial shift. Other applications of wearable sensors
may however see more pronounced changes in longitudinal
position. Future work will thus investigate the sensitivity of the
system in those cases and explore possible transfer learning

or data augmentation methods to expose the model to such
variance during training. Another limitation to discuss is the
detection of finer, more dexterous, hand gestures and mo-
tions as may be achieved with multi-DoF regression schemes
[58]. Proposing continuous and proportional control, such ap-
proaches promise a more fluid and flexible control experience
with a potential for better user adaptation and synergy [59].
Whereas the ABSDA method works well, as demonstrated, in
the gesture classification problem, its application to regression
models for finer motions has not been explored. The proposed
sensor and data augmentation scheme do not appear incompat-
ible with regression data and training frameworks, but it should
be investigated further if fine continuous control is desired.

VIII. CONCLUSION

This work proposes a novel integrated method of hard-
ware and algorithm to improve robustness to limb rotation,
electrode shift, and inter-session confounding factors in EMG
hand gesture recognition. The EMaGer armband HD-EMG
sensor design combined with ABSDA-CNN (with network



14 IEEE TRANSACTIONS ON BIOMEDICAL CIRCUITS AND SYSTEMS, VOL. XX, NO. XX, XXXX 2023
TABLE VI
STATE-OF-THE-ART COMPARISON
[14] [35] [12] [18] [13] [15] [19] [16] [21] This Work
Year 2017 2017 2017 2019 2019 2021 2021 2021 2022 2023
Publication | SENSORS JSEN ICORR FBIOE TBCAS NATURE ISWA TNSRE TCYB TBCAS
sEMG SEMG
Technology sEMG MMG sEMG FMG sEMG sEMG NIR sEMG AUS sEMG
Multimodal No Yes No No No No No No Yes No
Nb. of 128 4/4 8 63 8 64 14 256 4/4 64
Channels
Type Bi. Bi. Bi. Uni. Bi. Uni. Uni. Uni. Bi. Uni.
Form Multiple Separate | Single-row | Multiple Separate Printed Single-row | Multi Grid | Single-row Armband
Factor Strips Sensors Armband Strips Electrodes Grid Array Armband Array Armband Array
Muscle Full Full Full Full Full Full Full Full Full Full
Coverage
Cg:::;f]e Dense Sparse Sparse Dense Sparse Dense Sparse Dense Sparse Dense
Flexible No No No No No Yes No Yes No Yes
Extensible No No Yes No No Yes Yes No Yes Yes
‘Wearable No No Yes - Yes Yes Yes No No Yes
Nb. of 8 13 5 6 8 21 4 34 20 6
Gestures
Hypervectors
Algorithm CNN LDA SVM Boruta TCN Nearest MLP LDA MMCANet CNN
Neighbors

anti-aliasing) advances the state-of-the-art by tackling these
robustness issues, which are one of the major obstacles to
user adoption. As demonstrated through experimental and
simulation testing, the results are made possible by the unique
synergy of sensor properties, data augmentation technique, and
deep learning. This contribution is promising for the wider
adoption of myoelectric human-machine interfaces, particu-
larly for prosthetic devices where amputee needs are better
satisfied with a more intuitive and reliable gesture control.
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