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Abstract—Surface electromyography (sEMG) is a non-
invasive diagnostic tool for identifying muscle diseases,
which is also utilized in portable smart devices to recognize
body mass compositions. Human skin tissue composition
varies from person to person. Therefore, the strength of
muscle stimulation that reaches the skin surface varies
with skin formation, resulting in a variation of signal-to-
noise ratio (SNR). Electrodes used in sEMG have inherent
filtering capabilities and the cutoff frequencies depend on
the dimension of the electrodes. In this article, we propose a
novel electrode array composed of tiny electrodes, mimicking
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the arrangement in high-density sEMG, that can modulate electrode size and leverage the natural filtering property of
electrodes to maximize the SNR. The arrangement is similar to the arrangement of image pixels on a digital screen and
hence called “pixelated.” The proposed scheme is very adaptive to varied skin composition as well as body location and
hence behaves like an intelligent agent. We used a statistical SNR prediction algorithm, which validated the proposed
idea. While determining the ideal electrode layout, the suggested concept significantly reduces the signal sample
duration and can avoid additional computational overhead once the optimal arrangement is identified. Moreover, it offers
a substantial advantage over traditional signal processing techniques, which need constant processing to filter out
noise and improve the intelligent signal with digital filters and transceiver amplifiers. Because of truncated processing
cost, the proposed array is suitable for wearable devices driven with low-power embedded microcontrollers, where high

computational requirement often proves to be prohibitive.

Index Terms— Biomedical application, electrodes, electromyography (EMG), signal processing.

[. INTRODUCTION

LECTROMYOGRAPHY (EMG) is a fascinating field
Eof biomedical science that delves into the intricacies
of our body’s electrical signals, providing valuable insights
into muscle function and neuromuscular disorders. EMG
acts as a key to understanding the connection between
our nerves and muscles. It detects electrical signals during
nerve stimulation, revealing how muscles generate tiny
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electrical currents before movement. Electrodes on the skin
or comparable minimally invasive devices in the muscle can
measure the EMG signal. Needle electromyography (nEMG)
and surface electromyography (sEMG) are the two options
for EMG measurements. Needle-shaped electrodes can directly
measure electric potentials in the fibers, making nEMG more
accurate than SEMG. sEMG is increasingly popular since it
is noninvasive and may be given by nonmedical personnel
without harming the patient [1].

The factors that have the greatest impact on the EMG signal
fall into three primary categories [2], [3]. This classification
is established so that EMG signal analysis methods may be
optimized and consistent equipment can be created. First, the
causative factors can be extrinsic or intrinsic. The extrinsic
causative factors are the shape of the electrode, the distance
between electrode detection surfaces, the location of the
electrode relative to the motor points in the muscle, the
location of the muscle electrode on the muscle surface relative
to the lateral edge of the muscle, and the orientation of the
detection surfaces relative to the muscle fibers. Physiological,
anatomical, and biochemical factors are known to be intrinsic
causative factors. The number of active motor units, fiber type
composition, blood flow, fiber diameter, depth and location
of active fibers, and amount of tissue between the surface
of the muscle and the electrode are some intrinsic causative
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factors that influence EMG measurements. For example,
a substantial layer of fat and skin tissue on top of muscle adds
effective resistance between the fibers and the electrode. This
impedance significantly attenuates the amplitude and changes
the phases of the induced signal in the skin tissue compared to
the original action potential [4], [5]. Physical and physiological
phenomena that are influenced by one or more causal variables
are intermediate factors. This may be due to the bandpass
filtering characteristics of the electrode and its detection
volume, the superposition of action potentials in the measured
EMG signal, and the conduction velocity of the action
potential that propagates across the muscle fiber membrane.
Intermediate factors can be caused by even crosstalk from
adjacent muscles. Deterministic factors are directly influenced
by intermediate factors. The number of active motor units,
motor firing rate, and mechanical interaction between muscle
fibers are some deterministic factors that have a direct bearing
on the information in the EMG signal [6].

sEMG is measured using a variety of methods, and the
amplitude of the sEMG signal ranges from microvolts to
low millivolts [6]. In addition, the SEMG signal’s amplitude
and temporal-frequency domain features are influenced by
variables such as timing and intensity of muscle contraction,
electrode’s distance from the active muscle area, quality
of overlaying adipose tissue, properties of electrode and
amplifier, and quality of contact between electrode and
skin [7]. The resulting variability of sEMG signal among
patients can be decreased by putting the electrodes over the
same skin region in subsequent recording sessions. Moreover,
the issue of decreasing variability across participants can
be addressed by techniques involving normalizing the EMG
signal [8], [9]. Many of the pressing concerns regarding the
collection and processing of SEMG signal have lately been
addressed in a multinational consensus initiative known as
SENIAM: sEMG for noninvasive assessment of muscles [10].

The ratio between the detected EMG signal and undesired
noise contributions from the surroundings is frequently used
to describe the quality of the measured EMG recording.
Assuming that amplifier design and analog-to-digital (A/D)
conversion method used in the sEMG instrument surpass
acceptable requirements [11], this signal-to-noise ratio (SNR)
is almost entirely dictated by the electrodes, where the
parameters of the electrode—electrolyte—skin interface exert
a dominating influence. Therefore, impedance consistency
plays a crucial role in determining the accuracy of EMG
measurements. While the role of the magnitude of muscle
impedance on the SNR of the measured sEMG signal is not
critical, the stability of impedance over time and the balance
of impedance between electrode sites have a significant effect
on this ratio, both in terms of noise levels and spatial
resolution [10]. It is also critical that the electrode—skin
impedance remains constant during the measuring period.
The SNR, such as the spatial resolution of the recorded
EMG signal, will wander if the impedance drifts during
the time of measurement. Recent research suggests that
the relative amount of electrode—skin impedance influences
the energy of the recorded EMG signal. For example,
compared to high electrode—skin impedance (>100 k£2),

low interface impedance (<10 k€2) results in a higher level
of energy for EMG frequency components below 100 Hz [7].

Due to the introduction of numerous artifacts or noise
components, the identifying features of real EMG signal
elements originating in the muscle are often lost. In addition,
the characteristics of the EMG signal are determined by
the subject’s internal structure, which includes individual
skin formation, blood flow velocity, skin temperatures, tissue
structure (muscle/fat ratio), measurement site, and other
factors. These influential factors are often responsible for
generating various sorts of noise elements evident in EMG
signals. This may also have an impact on the outcome of
feature extraction and, as a result, the diagnosis made with
EMG signals. Various noise removal approaches suitable for
EMG signal capture have been developed, which address noise
sources such as inherent noise in electrodes [12], movement
artifacts [13], [14], electromagnetic noise [15], crosstalk [16],
and electrocardiographic artifacts [17].

Mechanical disruption of the electrode charge layer and
skin deformation cause surface electrode motion artifacts
[18]. Electrodes relative to the skin cause motion artifacts.
Recessed electrodes use conductive gel or paste to prevent
this. The layer dampens mechanical disturbances from
electrode—skin relative motion, minimizing signal interference.
The second motion artifact is caused by skin potential.
Reducing skin impedance eliminates this motion artifact,
but recessed electrodes cannot [18]. Tam and Webster [14]
suggested abrading the top skin layers to reduce skin
impedance. Burbank and Webster [19] found that puncturing
skin reduces skin impedance. Online and offline signal
conditioning eliminates EMG motion artifacts [20]. The
measuring equipment commonly includes a high-pass filter
to remove the dominant frequency component in motion
artifact power density, which is often less than 20 Hz.
To avoid myoelectric signal loss, the filter’s corner frequency
is usually 10 Hz and should not exceed 20 Hz. Filtering
may alter the original signal at frequencies approaching the
cutoff frequency. Hamilton and Curley [21] investigated an
adaptive skin impedance-based method for eliminating motion
artifacts in ambulatory electrocardiography (ECG) recordings.
The adaptive method reduced artifacts by 12.5 dB in
preliminary tests, but skin stretch sensors were too expensive
to employ. Ng et al. [22] introduced remote healthcare low-
noise capacitive electromyography using the CEMG biosensor.

Signal recordings in EMG can be susceptible to interference
from magnetic or electric power lines [18]. This susceptibility
arises due to the closed loop formed by the electrode
leads, the subject, and the signal amplifier. When a time-
varying magnetic field passes through this loop, the electrode
leads generate a current that is proportional to the time
derivative of the field and the area enclosed by the loop.
In addition, both the electrode leads and the subject become
capacitively coupled to the surrounding electric field, resulting
in the generation of small displacement currents in both.
The interference potential at the electrodes is detected
by the amplifier because the electrode impedance is lower
than the amplifier’s input impedance. This occurs as the
subject’s displacement current travels through the ground
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electrode via skin impedance, resulting in a common-mode
voltage at the recording electrode. The differential amplifier
should exclude any common-mode signal from the EMG
signal when bipolar recording electrodes are used. In real-
life recordings, the skin impedances at the two electrodes and
the amplifier input impedances are not precisely matched, and
the common-mode rejection ratio is finite [23]. The “driven
right leg circuit” suggests active grounding to solve this
problem [23], [24]. This circuit employs a feedback amplifier
that sends the body’s common-mode voltage negatively (phase
reversed) to a third electrode, lowers it, and reduces power
line interference. In a related study, Gokcesu et al. [25] and
Robertson et al. [26] successfully utilized a real-time power
line interference removal technique to boost SNR.

Even with suitable skin preparation at the electrode’s
recording locations and well-designed apparatus, power line
interference in the acquired EMG signal may not be
sufficiently attenuated, requiring offline processing to remove
artifacts. A narrow fixed notch filter centered on the fundamen-
tal frequency can be used to filter the EMG (50 or 60 Hz). This
method works well for simple biofeedback applications that
require only an estimated amplitude estimation. Nevertheless,
notch filtering will remove signal and power line components,
affecting the spectrum content and signal waveform. Ferdjallah
and Barr [27] introduced three adaptive digital notch filters to
track and remove 60-Hz noise from biological data. Notwith-
standing their advantages over fixed notch filters, adaptive
filters still remove signal and noise from EMG signals.
Baratta et al. [28] proposed a method for eliminating power
line artifacts in time-domain EMG. It involves analyzing the
fundamental frequency component of power line interference
in a silent section of the recording and then subtracting a
sinusoidal waveform with the same amplitude and phase as
the interfering signal. This method assumes the constancy of
the power line artifact’s amplitude and phase during recording.

Our study addresses the tradeoff between electrode
dimensions and noise reduction in an autonomous fashion.
Increasing the dimension of electrodes will introduce a
reduction in noise, while a decrease in the dimensions will
preserve signal features up to many higher order frequencies.
In this work, a novel pixelated electrode arrangement is
proposed, which will be compatible with high-density sSEMG
sensors. The proposed method allows EMG sensors to
modulate their effective surface area in order to maximize
the SNR in multiple subjects having different types of tissue
composition for skin and muscles. The investigated protocol
can eliminate the effect of overlaying tissues and minimize
the noise effect significantly. As the low-pass filtering effect
caused by electrodes influences the features in both space and
time of the observed SEMG signal, this method can eliminate
noise elements of the measured EMG signal.

[I. METHODOLOGY
A. Transfer Function
Fig. 1 shows a typical relationship between the unit action
potential generated in the muscle and the potential produced on
the skin. Here, all points in space may be characterized using
cylindrical coordinates (r, ¢, z) where r, ¢, and z have their

X1

Y1

Fig. 1. Surface electrode model.

usual meaning in the cylindrical coordinate system. In this
situation, Z1 is the axis of a muscle fiber. (r, 0, 0) is the
geometric center of the electrode in the cylindrical system. The
potential generated on the surface of the muscle fiber (denoted
as the cylindrical shape in Fig. 1) is V(a, z) where a is the
radius of the muscle fiber. The electrical potential induced
on top of the skin, assuming axial symmetry, is indicated by
the symbol V(r, z) where r is the collective thickness of the
skin and other fat tissue. The resulting impulse response and
transfer function for circular electrodes are specified by (1)
[29] and (2) [30]. For example, the following equation applies
to the impulse response hg(x, y) of a circular electrode:

1

2 9
Tr
0, otherwise

if x> 4+y* <r?

hg = )

where r is the radius of the electrode.
The transfer function of a circular electrode in the frequency
domain can be obtained from the Fourier transform of the

previous equation
25 (27 v [ f2H 1)
Zn'r'\/fx2+fyz

where f represents the frequency, Ji(x) is the first-order
Bessel function of the first kind, and f, and f, are the
frequency component in the x- and y-directions [30]. On the
other hand, the rectangular electrode has an impulse response
hg(x,y), which takes the following form [31]:

HE(r’f)mfy): (2)

1
—, if—a/2<x<aj2and —b/2<y<b/2
]’ZEI ab

0, otherwise
3)
where a and b are the sides of the electrode. The corresponding

frequency-domain transfer function can also be found from its
Fourier transform [31]

He(a, b, f., f,) = sinc(raf,) - sinc(zbf,). 4)

Fig. 2 shows the difference between the transfer functions
of the two types of electrodes. It can be observed that
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Fig. 2. Filtering effect for (a) circular electrode with 5 mm diameter and (b) rectangular electrode with 5-mm sides.

the circular electrode has larger unwanted ripples in the
frequency distribution, whereas these unwanted components
get largely suppressed by rectangular electrodes with similar
spatial dimensions. For the proposed application, rectangular
electrodes are chosen over circular electrodes since the former
achieve better noise suppression with low interelectrode
distance.

B. Size Effect

Fig. 3 demonstrates how a change in size affects the perfor-
mance achieved by the electrodes. As increasing the electrode
dimension has a reciprocal relationship with the cutoff fre-
quency allowed through the electrode, it allows manipulation
of the electrode’s inherent filtering capability. This property
has been exploited in the presented work to modulate the cutoff
point and eliminate irrelevant frequency components from the
acquired signal.

This strategy may lead to smaller electrode areas being
preferred as the low-pass filtering associated with electrode
size has an impact on features in both space and time of
the detected SEMG signal. However, a smaller electrode also
lowers the SNR of the SEMG signal. Therefore, a compromise
has to be achieved while choosing the area that can sufficiently
satisfy the two conflicting requirements.

C. Relationship Between Bandwidth and
Electrode Length

The frequency-domain transfer function of the rectangular
electrode in (4) can be manipulated to take the following form:

sin{rr (afx + bfy)} + sin{rw (afx — bfy)}
2m2abf, f, '

HE(a’ bv f)m fy) =
(&)

Now, at cutoff frequency, let us consider f, = f,. and
fy = fyc and the impulse response should be equal to (1/ V2).
Furthermore, if we assume that a = b, the cutoff frequencies
along both the axes become equal (f. = f,), and as a result,
we arrive at (6) which represents an implicit function

sinraf,) = V2r2a* f2. (6)

Consequently, by solving (6), the data of Fig. 4 are obtained
that represents an inverse relationship between bandwidth and
electrode length for a square electrode.

D. Theory for Estimating SNR

To properly assess the best electrode configuration, an
assessment tool is required that can distinguish between
different qualities of signal condition. In this work, SNR
has been adopted as a judgment factor to evaluate electrode
arrangements. The SNR estimation method is based on article
by Agostini and Knaflitz [32]. In this method, a time series
{X;} is considered where i = 1,2,...,N with N the
number of samples. The time series has a sampling frequency
of 2000 Hz and a duration of 30 s. Thus, the number of
samples (N) is 60 000 (2000 x 30). Thereafter, the series { X}
is divided into M (= N/r) epochs where r has value of 10.
Thus, the series takes the form of

o Xt

We now obtain the auxiliary time series representing the
normalized sum of squares by the following equation:

(X} = {X1j, X5, .. j=12,...,10.

10 2
C(k):Zl—g’, k=1,..., M. (7
j=1

After obtaining the histogram of the series as log;, C, the bins
of the histogram are defined as

max(log,, C) — min(log,, C) .
' SNoms T minlog )

Here,m =1,3,...,2, Nbins—1 (8)

bins(m) = m

where Nbins represents the number of bins.
In general, selecting between 50 and 100 bins is a reasonable
decision [32].

We now look for local maxima in the curve that interpolates
the histogram’s frequencies, as shown in Fig. 5. The absolute
maximum and the highest relative maximum are then
determined. In Fig. 5(b), the maximum point on the left is
related to noise (/yoise), Whereas the maximum point on the
right is associated with signal (Isgna). Here, I represents
an intermediate parameter that has no physical significance.
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Fig. 4. Relationship between bandwidth and electrode length for a
square electrode.

Averaging five bins around /s, the mean power of noise is
estimated as

Zf";‘;e::f_z bins(i).freq(i)
I, xisc+2 M
Z,‘meg freq(i)

and the root-mean-square value of background noise eise can
be defined as

€))

Pnoise =

€noise = v Proise- (10)

Finally, the SNR is estimated in decibels with the help of

Psignal - Pnoise

SNR = 10.log,, (11)

P, noise

E. Intelligent Pixelated Electrode Array

A novel pixelated electrode arrangement is proposed in
this work that can change the effective size of the electrode
by arranging them in an array and connecting them through
ultrahigh conductive electronic switches. The purpose of
this article is to demonstrate the working principle of the
proposed electrode arrangement in a simulation environment.
The practical implementation of this electrode is out of the
scope of this article. Since this experiment is done in a
simulated environment, we used a publicly available EMG
dataset, which is electromyographic stimulations recorded
from multiple volunteers. We demonstrate that the output

Low-pass filtering effect achieved by rectangular electrode depending on sides a and b. (a)
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-0.22

signal of the proposed system has a higher SNR compared
to the SNR of the original signal. Since each electrode
element itself can function as an inherent low-pass filter,
this property is utilized to regulate noise levels from the
EMG records. From Fig. 4, it was evident that changing the
electrode size can effectively modulate the cutoff point and
the allowed bandwidth through the electrode. By leveraging
this feature, the base setting of the intelligent electrode array
is established. The proposed electrode arrangement is termed
pixelated as it employs unit pixel-type elements with size in
micrometer level instead of using one large electrode. Fig. 6
shows the proposed electrode array arrangement with details
where each pixelated electrode is connected to its neighboring
pixels through ultralow resistivity electronic switches. As the
size dependence of the cutoff frequency shown Fig. 3, it
was clearly observed that as the electrode becomes larger,
it gets more and more frequency selective. Therefore, instead
of collecting all frequency components, the required area
of bandwidth can be focused on through adjusting the
effective electrode size. Moreover, this strategy is expected
to eliminate most of the noise components from the signal
and hence increase the SNR. However, with significantly
large dimensions, the electrode will no longer capture ac
components of the emerged EMG signal and rather receive
only dc elements. Thus, with an increase in effective electrode
surface area, the SNR will reach a maximum attainable
level and start to decrease afterward. This setting at the
maximum SNR level is considered as the optimum setting
of electrode sizes under the specified set of application
conditions.

At the beginning of the operation, the setup has to go
through a calibration phase that will perform the operations
described above and find the optimum electrode setting. This
calibration phase takes place in five sequential steps, which
are discussed as follows.

1) Step I: All the interlinked electronic switches are turned

off so that each electrode pixel can function individually.
In this setting, the effective electrode length is ¢,
as shown in Fig. 6. An ADC will sample signal content
from the ¢ sized electrodes and estimate SNR through
the algorithm shown in Section II-D.

2) Step 2: Since the electrode response is highly dependent
on shape, square electrodes are considered over circular
electrodes to ensure minimum interelectrode distance.
At the nth iteration, the CPU will electronically connect
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(a) Amplitude versus time series graph of a synthetic EMG signal truncated to t = 3 s with SNR = 25 dB. (b) Histogram of Log;oqC with

enoise = 14V, SNR = 25 dB. The blue bars represent the bins that the algorithm uses to estimate the parameters.

Switch

Fig. 6. Pixelated electrode array: the orange colored strips are ultrahigh
conductive electronic gates. The red-colored electrodes are the center
electrodes and the green-colored ones are the peripheral electrodes.
Here, ¢ signifies the interelectrode distance, while ¢ signifies the size of
each pixel.

n? electrodes to maintain a square shape. At this stage,
the effective electrode length is n * ¢.

3) Step 3: At this stage, the SNR level of n % ¢ sized
electrodes is calculated through the method discussed
in Section II-D.

4) Step 4: Afterward, the CPU will evaluate whether the
current SNR level is better than the (n —r — 1)th iteration
where r is the memory parameter of the system. Thus,
the CPU has to store the SNR levels of previous r
number of iterations in the memory. If the current SNR
level is better than the previous iterations, the CPU will
again go to Step 2. Otherwise, it will move to Step 5.

5) Step 5: The best achievable SNR is obtained as
max(SNR,,_,_1, SNR,,_,, SNR,_,4,...,SNR,_;) and
the electrode size with best SNR level is considered

e 7

e Time required for
finding optimal
electrode size = at >

e [Here a << 1 when
compared to a large
signal signal length t]/

at

t sec

e Time required for
continuous digital
‘ filtering = t

Fig. 7. Benefit of our proposed mechanism compared to digital filtering
techniques.

as the optimum setting under the specified application
conditions.

F. Benefits of the Proposed Method

The proposed mechanism uses only a fraction of the infinite
time series signal to calculate and determine the optimal
electrode setup. In Fig. 7, o denotes the fraction of time
series data ¢ that is required for finding optimal electrode
configuration. For a significantly large signal (for continuous
health monitoring), « <« 1. Thus, computation power is
needed only for «of seconds, whereas, in the traditional
digital filtering method, continuous processing is required.
This makes our proposed method a good candidate for low-
power health monitoring systems.

I1l. EXPERIMENTAL SETUP

Our experiment was done in the simulation environment.
The software was built on python. The properties of the
electrodes are mimicked with the transfer functions derived
in Section II. To measure the performance of the SNR
estimator, synthetic EMG signals were generated with additive
white Gaussian noise by varying amplitude to mimic muscle
contraction and muscle stimulation.
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Fig. 8. (a) Performance analysis of the SNR estimator: the SNR level
can be estimated with high accuracy within the wide range of 4-32 dB.
(b) Finding the optimal electrode size for achieving maximum SNR level.

To validate the proposed algorithm, we tested the method
on the putEMG dataset [33]. We considered signals from the
database to be action potentials generated in the muscle fiber.
Our algorithm estimated the best achievable SNR for signals
from various patients. The optimal dimension of the electrode
is also calculated by the scheme.

IV. RESULTS AND OBSERVATION

This section is divided into two segments. The first segment
discusses the accuracy and effective region of the SNR
estimator, which is used to validate the proposed scheme.
The second segment focuses on the performance of the
proposed scheme based on the SNR values obtained from
the SNR estimator. We find that, within the optimal operation
range of the SNR estimator, our proposed scheme increases
the SNR of the EMG signal. However, the SNR does not
increase indefinitely, it drops after a certain peak value,
and this peak value is considered as the maximum SNR
that our proposed scheme can provide. However, we cannot
provide any comparison with other SNR improving electrodes
available in the market since our proposed scheme is entirely

a new idea and similar ideas have never been implemented
before.

A. Performance of SNR Estimator

To analyze the performance of the SNR estimator,
a synthetic signal with varying SNR level is generated,
which is shown in Fig. 5. The higher amplitude segments
of the synthetic signal signify muscle unit action potential
during muscle contraction or expansion. In contrast, the lower
amplitude segments in the EMG signal represent the condition
of muscle relaxation. Here, synthetic cyclic signal segments
with a length of 30 s are created, which have a cycle time
of 1 s. They are produced by combining a random process
that mimics noise level with a sequence that models the
SMES generated during muscle activity. Background noise is
generated as a Gaussian process with zero mean and a standard
deviation of 1 V, whereas the SMES flash is created as a
Gaussian sequence with zero mean and a standard deviation
of 10GNR/20) 1 v,

The SNR level of the synthetic signals is varied, while the
predicted SNR level is compared with the actual reading.
The resulting performance is demonstrated in Fig. 8(a)
where the red line represents the theoretically best possible
performance and the blue curve visualizes the estimator’s
readings. From Fig. 8(a), it is evident that the estimator
remains highly accurate within a wide SNR range (from 4 to
32 dB). The performance of the SNR estimator for real-life
data is very satisfactory and maintains consistency.

B. Optimum Electrode Setting

As the source of real-life EMG signal datasets, the putEMG
database has been used in this work. The putEMG dataset
provides signals for 44 patients. Fig. 9(a) shows a sample
EMG signal included in the dataset. The sampled signal is
passed through the pixelated electrode array and the output
from the arrangement is passed on to the SNR estimator.
Fig. 9(b) shows the histogram plot of log C values calculated
during SNR estimation as discussed in Section III. It is
evident that the histogram plot produces features that match
the plot generated with the synthetic signals. Here, two peaks
remain visible in the plot where the left peak corresponds to
Inoise and the right one corresponds to Igigna. Ultimately, the
SNR estimator estimates the SNR level with the help of the
histogram plot.

The algorithm to obtain the optimal electrode setting is
employed several times on the same signal while varying
the electrode size by ¢ units as was shown in Fig. 6. For
each size setting, the SNR estimator provides a predicted
SNR value, which is considered acceptable if it lies within
the high accuracy range presented in Fig. 8(a). The estimated
SNR readings with varying electrode settings are shown in
Fig. 8(b) where it can be observed that the SNR level reaches
a maximum value of 23 dB at an electrode setting of 12.1 mm.
Afterward, the SNR level decreases with size because, and
with increased length, the electrode becomes highly frequency
selective and eliminates intelligent signal elements while
keeping unwanted signals such as dc components. Once the
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Fig. 9. (a) Sample signal from putEMG dataset: higher amplitude denotes muscle stimulation, while lower amplitude depicts muscle relaxation.

(b) HHistogram plot of LogC values obtained from the putEMG dataset sample.

TABLE |
OPTIMAL ELECTRODE SETTING OF SAMPLES
OF PUTEMG [33] DATASET

Best achievable SNR | Electrode  Length | Total Connected
(dB) (mm) Pixels in X axis
22.8 12.1 121

232 11.6 116

21.1 12.3 123

20.3 10.9 109

22.6 9.7 97

20.7 9.6 96

21.2 11.5 115

optimal electrode setting is found, the states of the electronic
switches can be stored and no further computational overhead
will be spent to maximize SNR level.

In Table I, the results obtained from seven different patients
on putEMG [33] dataset are shown. We considered the time
series signals from the putEMG dataset as action potentials
generated on the muscle fiber. By estimating the SNR level
through the SNR predictor and following the proposed scheme,
the best achievable SNR level [as can be visualized from
Fig. 8(b)] is determined. Our scheme provides the optimal
electrode dimension to achieve this maximum SNR level.
In our experimentation, each pixel electrode was considered
to be 100 um. Dividing the optimal electrode dimension by
the size of each pixel electrode, one can calculate the total
number of pixel electrodes to be connected.

In the proposed algorithm, the circular and rectangular
surface electrode model and SNR estimator have been
employed to carry out an independent analysis of sEMG
signal for intelligent and low-overhead SNR optimization.
As examples of ultralow resistive switches mandated in
the design, GaN heterojunction field-effect transistor (HFET)
switch having a gate length of 1 um and gate width of
40 mm could provide a resistance of 20 mQ [34]. A gate
totem pole of bare 50-m£2 30-V Si NMOSFETs (STN4NFO03L)
could be incorporated into GaN HFET half-bridge multichip
modules (MCMs) in order to considerably minimize both gate

resistance and inductance [34]. In addition, a new 900-V, 10-
m$2 SiC MOSFET chip has been demonstrated, tested, and
assembled with only 1.25-2.5-m£2 ON-resistance at 25 °C in a
>400 A, half-bridge power module, depending on the number
of chips per switch position (i.e., eight or four). The SiC
MOSFET chip has reported a measured breakdown voltage
>1kV and a specific Rps(ON) of 2.3 mQ-cm?. It was possible
to assemble the chips in 16 power modules and characterize
them up to 175 °C [35].

V. FUTURE WORK

This article demonstrates a simulated intelligent electrode
array capable of improving the SNR level of the acquired
EMG signal. The practical implementation for this pixelated
electrode design is beyond the scope of this article. However,
further work is required to make substantial improvements
in the proposed scheme. Even though the proposed scheme
has been validated with real-life data, future research could
involve evaluating the performance and potential limitations
of the electrode array in real-world scenarios with the EMG
data from a diverse group of individuals. An advanced
machine learning algorithm can be used in the future in
order to estimate SNR, detect and categorize muscle activity,
and uncover patterns in the data. The proposed scheme
has the potential to be integrated with prosthetic devices,
which can provide more natural and accurate movement [36].
In the proposed scheme, the pixel electrodes are connected
with ultralow resistive switches that can be made using
nanomaterials such as graphene, carbon nanotubes, or metal
oxide nanoparticles [37]. Moreover, MEMS technology might
be utilized to incorporate ultralow resistance switches into
the electrode array. MEMS switches can be fabricated using
standard semiconductor processing techniques and can be
integrated directly into the electrode array [38]. While the
focus of the current study is on SEMG sensors, the pixelated
electrode array could also be utilized for other applications,
such as electroencephalography (EEG) and ECG [39].

Authorized licensed use limited to: Stevens Institute of Technology. Downloaded on September 07,2026 at 18:01:37 UTC from IEEE Xplore. Restrictions apply.



5150

IEEE SENSORS JOURNAL, VOL. 24, NO. 4, 15 FEBRUARY 2024

TABLE II
COMPARISON BETWEEN SNR (dB) AFTER ACQUIRING DATA WITH
SQUARE ELECTRODE AND PIXELATED ELECTRODE ARRAY [33]

Actual Signal SNR (dB) | SNR(dB) after proposed scheme
13.36 22.93
14,92 19.66
16.86 20.47
15.23 23.24
14.44 21.86
16.78 20.21

VI. COMPARISON

Table II shows substantial improvement over the traditional
square electrode while using our pixelated electrode array
system. The field on the first column specifies the SNR level
of the EMG signal taken by a square electrode from the
subject’s forearm. The benchmarking process utilized the idle
hand gesture data of six healthy, nondisabled patients extracted
from the putEMG dataset [33]. For different patients, the
improvement of SNR by our proposed scheme ranges from
20.4% to 71.41%. The differences in percent improvement are
unique due to the unique arrangement of pixelated electrodes
for each patient’s EMG signal. For each patient, the optimum
electrode setting for maximizing SNR level is different. The
second column from Table II shows the maximum achievable
SNR from our scheme. This phenomenon can be largely
attributed to the natural filtering property of square electrodes.
In contrast to a related study by Velasco-Bosom et al. [40],
which utilized a 4 x 4 array of 1.5 x 1.5 mm electrodes
fabricated with PEDOT:PSS composites material for high-
quality spatiotemporal EMG recordings, our focus is on
optimizing SNR rather than achieving mm spatial resolution.
Velasco-Bosom et al. [40] reported a peak SNR of 15.6 dB
during the movement of the middle finger, but direct
comparison is challenging due to differences in the locations of
EMG measurements and variations in the experimental setup.
Another study by Kim et al. [41] introduced a stretchable
SEMG sensor array with SNR values of 9.18 (water attach-
ment) and 20.77 dB (conductive gel attachment). However,
the experimental environment and dataset differ significantly
from ours, making direct conclusions inappropriate.

Our approach stands out in its emphasis on SNR
optimization, showcasing patient-specific improvements and
distinct advantages over existing studies. While spatial
resolution is crucial in some applications, our tailored focus
on SNR enhancement provides valuable contributions to the
field of EMG signal processing.

VII. CONCLUSION

This article presents an algorithm for optimizing the SNR
of sEMG signals. It was evaluated with a putEMG dataset
intended for assessing hand gesture recognition methods using
the SEMG signal. As demonstrated by the obtained results, the
proposed intelligent pixelated electrode arrangement enables
precise and stable measurement of effective electrode length
and, consequently, the number of electrodes required to be
switched on for real-world applications. In addition, the
proposed SNR estimator performs exceptionally for SNR

values between 4 and 32 dB (Fig. 8). Although there is
room for improvement in the design for a more precise
estimator, the optimum and satisfactory performance indicate
that the presented approach would be effective in future
applications involving operator-independent processing of
comparable biomedical signals.
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