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ABSTRACT
Electromyography (EMG) signals are widely used

in biomedical and rehabilitation applications; however,
they frequently suffer from power-line interference (PLI),
which compromises signal quality and impacts subse-
quent analysis. Therefore, it is important to be able to
accurately estimate a signal-to-noise ratio (SNR) to assess
data quality and guide the method of noise removal.
This study investigates the effects of feature number
and window size on the accuracy of SNR estimation
in the EMG signal contaminated by the PLI signal.
The EMG signal is contaminated with synthetic 50 Hz
interference at controlled noise levels. Eight features
are derived from windows of differing lengths, and
the SNR was estimated utilizing 23 regression-based
models. Results indicate that waveform activity (WA)
and kurtosis (KURT) were found to be the best for
estimating SNR. Using window sizes between 250 ms
and 2000 ms, these features produced RMSE values from
3.95 to 3.17, demonstrating that larger windows enhance
estimation accuracy. In addition, the application of
the proposed model is preliminarily validated with real-
world facial EMG signals.

Keywords: Electromyography (EMG), Signal-to-Noise
Ratio (SNR), Power-Line Interference, Feature Optimiza-
tion, Window Size

1. INTRODUCTION
Electromyography (EMG) signals play an essential

role in rehabilitation [1-2], diagnosis of neuromuscular
diseases [3-4], human-machine interaction [5-6], and
facial expression recognition [7-9]. The accuracy and
reliability of EMG-based systems depend heavily on
the signal quality. However, EMG recordings are
corrupted by several types of noise, including motion
artifacts, electrode impedance fluctuations, and power-
line interference (PLI) originating from surrounding
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electrical equipment operating at 50 or 60 Hz. The quality
of the electrode–skin interface strongly influences the
magnitude of 50/60 Hz PLI [10].

Common signal processing approaches for removing
PLI from EMG signals include notch filters, comb filters,
and adaptive filters. Strzecha et al. [11] proposed the
removal of 50 Hz PLI and its harmonics using a 40th-
order comb filter with a 3-dB stopband width of ±0.5
Hz. Nagasirisha et al. [4] combined a sine-adapted whale
optimization algorithmwith leastmean square (LMS) and
recursive least squares (RLS) adaptive filters to eliminate
PLI.

Several advanced signal processing techniques have
been proposed to mitigate this problem. Chen et al. [12]
introduced a synchrosqueezed wavelet transform–based
approach to suppress PLI. The method demonstrates im-
proved time–frequency localization with effective noise
reduction in EMG recordings. In addition, Ladrova et al.
[13] reports a comparison of PLI removal performance
among notch filtering, adaptive noise cancellation, and
wavelet-based methods.

Recent research has increasingly focused on opti-
mization and decomposition techniques to enhance EMG
signal reconstruction in noisy environments. Ma et
al. [14] employed variational mode decomposition
combined with sub-band thresholding, demonstrating
superior filtering performance compared with conven-
tional empirical mode decomposition methods. More
recently, Koppolu and Chemmanagat [15] proposed
an automated pipeline utilizing mode decomposition
techniques to remove both PLI and motion artifacts,
thereby improving pattern recognition performance for
myoelectric prosthesis control.

This study aims to develop an efficient and accurate
estimation of the signal-to-noise ratio (SNR) in EMG
signals contaminated by PLI signals, enabling its use as
a quantitative indicator of contamination level. Conven-
tional filtering methods typically rely on fixed or model-
based noise assumptions and may introduce signal dis-
tortion or remove physiologically relevant information
when improperly applied. In contrast, the proposed SNR
estimation framework provides an objective criterion for
determining the necessity of filtering and for evaluating
its effectiveness. Since the true SNR is generally
unknown in practical recordings, direct estimation from
observed EMG signals offers a significant advantage for
adaptive preprocessing and signal quality assessment.

Existing SNR estimation approaches have been pro-
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posed, ranging from model-based methods to statistical
and feature-driven estimators. These methods often
rely on extracting time-domain and frequency-domain
features from the EMG signal to infer the underlying
noise level. However, the performance of such estimators
strongly depends on the selection of signal features and
the size of the analysis window used. Inappropriate
window size or excessive feature inclusion can degrade
estimation accuracy, increase computational cost, and
limit real-time applicability. Despite its importance,
there has been limited investigation into how the number
of features and the choice of window size jointly affect
SNR estimation performance, particularly under PLI
conditions.

To address this gap, this study investigates the opti-
mization of feature number and window size for accurate
and computationally efficient SNR estimation in EMG
signals contaminated by PLI signals. The EMG signals are
simulated and processed with varying window lengths
and feature subsets to systematically analyze their impact
on SNR estimation accuracy. The outcomes of this
research provide insights into the trade-off between
temporal resolution and estimation robustness, offering
guidelines for designing real-time EMG monitoring and
denoising systems.

2. MATERIALS AND METHODS

This section presents the overall methodology used to
develop and evaluate the proposed SNR estimation for
EMG signals contaminated with PLI signals. The study
consists of four main steps. First, synthetic EMG and
PLI signals were generated under controlled conditions
to simulate noisy environments. Next, a set of commonly
used time-domain features was calculated from the EMG
segments to represent their signal characteristics. Sev-
eral regression models were then employed to estimate
the SNR values based on the extracted features. Finally,
an optimization strategy was designed to fine-tune the
regression models and improve estimation accuracy
across various SNR levels. The following subsections
provide detailed descriptions of each step.

2.1 Signal Generation

This section describes the details on generating syn-
thetic EMG (𝑥(𝑖)) and PLI (𝑣(𝑖)) signals. On the one hand,
we created a synthetic EMG signal using white Gaussian
noise that has a length of 2000 samples and used it as
input to a band-pass filter with the frequency response
[16]

𝐻(𝑓) =
𝑗𝑓 2

𝑈 𝑓
(𝑓𝐿 + 𝑗𝑓)(𝑓𝑈 + 𝑗𝑓)2 , (1)

where the lower bound, 𝑓𝐿, was sampled from a uniform
distribution between 30 and 60 Hz. The upper bound, 𝑓𝑈 ,
was subsequently defined as 𝑓𝑈 = 𝑓𝐿 + 𝑐, where 𝑐 was
independently drawn from a uniform distribution within
the range of 30 to 100 Hz. Consequently, 𝑓𝑈 spans a

range from 60 to 160 Hz. The duration of the synthetic
EMG signal corresponds to 2 s of sampling at 1000 Hz.

On the other hand, a synthetic PLI signal was
produced from a sinusoidal wave exhibiting a random
phase and frequency ranging from 49.5 to 50.5 Hz, in
increments of 0.25 Hz. The synthetic PLI signal was
scaled to achieve predefined noise levels and was added
to generate the contaminated signal x(i)+ v(i) to achieve
the SNR in the range of [-20, 20] dB. The SNR is defined
in decibels (dB) as:

𝑆𝑁𝑅 = log10 (
𝑃𝑠
𝑃𝑛 ) , (2)

where the signal power 𝑃𝑠 represents the average power
of the clean EMG signal and the noise power 𝑃𝑛
represents the average power of the added PLI signal.
While 𝑃𝑠 can be expressed as

𝑃𝑠 = 1
𝑁 ∑

𝑁
𝑖=1 𝑥2(𝑖), (3)

𝑃𝑛 is given by

𝑃𝑛 = 1
𝑁 ∑

𝑁
𝑖=1 𝑣2(𝑖). (4)

The controlling 𝑣(𝑖) allowed for generating EMG
datasets with known ground-truth SNR values, which
were then used as regression targets for model training
and evaluation. This procedure ensures consistency be-
tween the theoretical SNR definition and the supervised
learning framework. A total of 400 synthetic EMG signals
contaminated with PLI signals were generated.

2.2 Feature Calculation
In the feature calculation step, eight frequently used

features described in Table 1 are determined from the
EMG signals contaminated with PLI signals at various
SNRs to characterize the signal properties affected by
noise. The eight features were selected for their
sensitivity to PLI, ability to characterize EMG signal
statistics, and suitability for implementation. Energy-
related features (EMAV, IEMG, DOV, MAX, and MIN)
capture amplitude and power variations associated with
SNR changes, while variability-based features (WA and
MEOP) reflect local fluctuations induced by sinusoidal
interference. The higher-order statistical feature, KURT,
was included to characterize distributional changes be-
tween quasi-periodic PLI and stochastic EMG activity.
Together, these features provide complementary infor-
mation with low computational complexity, supporting
efficient signal quality assessment. The brief details of
each feature are as follows.

The EMAV feature computes the weighted average of
the absolute values of the EMG signal x(i). The weight
p(i) depends on the position in the signal: p = 0.75 for the
central portion (0.2𝑁 ≤ 𝑖 ≤ 0.8𝑁) and p = 0.5 otherwise.
This weighting scheme emphasizes the importance of the
middle segment of the signal while reducing the impact
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Table 1: List of Features (FEs) Used in This Study.

of its edges.
The WA calculates the number of times the absolute

difference between consecutive signal values exceeds a
specified threshold, reflecting the signal’s rapid varia-
tions. The IEMG feature, on the other hand, is the total
sum of absolute values of the signal, representing the
overall energy.

TheMEOP feature determines the proportion of signal
values that exceed a specified threshold (default: 0.016).
It is useful for identifying active regions of the signal.
TheDOV featuremeasures the variance of the differences
between consecutive signal values. It highlights the
variability in the signal’s amplitude changes.

The KURT feature measures the peakedness of the
signal’s distribution. A high kurtosis value indicates
the presence of sharp peaks, while a low kurtosis value
suggests a flatter distribution. Finally, the MAX and MIN
features represent the highest and lowest values of the
signal within a segment, respectively. These features
indicate the peak activation and resting levels of the
muscle activity.

2.3 Regression Models

This study utilized eight primary regression model
categories, comprising twenty-three submodels, to exam-
ine the correlation between input features and the SNR
target, as shown in Table 2. The models included Linear
Regression (LR), Regression Tree (RT), Ensemble of
Regression Trees (ERT), Support Vector Machines (SVM),
Efficient Linear Regression (ELR), Gaussian Process
Regression (GPR), Neural Networks (NN), and Kernel
Approximation Regression (KAR) models. Each group
exemplified a unique modeling philosophy, ranging from

Table 2: List of Regression Models Used in This Study.

straightforward linear assumptions to intricate nonlin-
ear and probabilistic frameworks, thereby facilitating a
thorough assessment of predictive performance across
various data characteristics.

The LR model uses interaction, robust, and stepwise
selection methods to identify linear relationships. The
RT and ERTmodels applied nonparametric and ensemble
earning to handle nonlinear patterns and reduce over-
fitting through bagging and boosting. The SVM and
ELR models aim to improve accuracy and computational
efficiency. The SVM used linear, polynomial, and
Gaussian kernels to model nonlinear data, while the ELR
optimized training for large datasets. The GPR model
applies probabilistic inference with different kernels to
represent various data smoothness levels. The NNmodel,
ranging from narrow to tri-layered architectures, cap-
tures complex and hierarchical nonlinear relationships.
Finally, the KAR model efficiently handled nonlinear
relationships by mapping data into higher-dimensional
feature spaces. This transformation allows linear or
SVM-based regression to perform effectively in the new
domain.

2.4 Performance Evaluation

To evaluate how well the trained regression models
generalized to new data, each model is tested using an
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independent dataset that is not included in the training
process. This assessment aimed to verify the model’s
ability to predict the SNR of EMG signals contaminated
by PLI signals. After the regression model is trained,
its predicted SNR is evaluated with two standard error
metrics: root mean square error (RMSE) and coefficient
of determination (𝑅2). The RMSE quantifies the average
magnitude of prediction error by calculating the square
root of the mean squared difference between the actual
SNR x(n) and the predicted SNR 𝑥̂ (𝑛) over N samples:

𝑅𝑀𝑆𝐸 =
√√√
⎷

1
𝑁

𝑁

∑
𝑛=1

(𝑥(𝑛) − 𝑥̂(𝑛))2. (5)

𝑅2 measures how well a regression model explains
the variability of the true SNR data. It indicates the
proportion of variance in the actual SNR values captured
by the model’s predictions. An 𝑅2 value of 1 means
perfect prediction, while a value close to 0 indicates a
weak ability of the model to explain the variation in the
data. The 𝑅2 equation is given by:

𝑅2 = 1 −
∑𝑁

𝑛=1 (𝑥(𝑛) − 𝑥̂(𝑛))2

∑𝑁
𝑛=1 (𝑥(𝑛) − 𝑥̄(𝑛))2 . (6)

where 𝑥 is the mean of the actual SNR values.
These RMSE and 𝑅2 together provide a clear picture

of a model’s predictive performance. RMSE shows how
big the average SNR prediction errors are, with lower
values meaning more accuracy. R² shows how well the
model explains the variability in the target data, with
higher values meaning stronger explanatory power. In
general, a successful prediction model is characterized
by a low RMSE and high R², meaning that its predictions
closely match the true values and effectively capture the
underlying patterns in the data.

2.5 SNR Estimation and Optimization Strategy
The proposed method for estimating SNR consists of 8

main stages. Details on each stage are as follows.
• Stage (1): Generate the EMG signals contaminated
with the PLI signals using uniformly random SNR in
the range [-20, 20] dB, as detailed in Section 2.1. Three
hundred pairs of synthetic EMG and PLI signals were
randomly selected.

• Stage (2): Normalize each contaminated EMG segment
x𝑗 to have unit energy, as described by

𝑥𝑖 =
𝑥𝑗

√∑𝑁
𝑖=1 𝑥2

𝑗

, (7)

where 𝑁 is the length of the signal.
• Stage (3): Produce 8 features from x𝑖 as described by
the equations in Section 2.2 (Table 1).

• Stage (4): Normalize each feature by

𝑧 = 𝑓 − 𝜇
𝜎 , (8)

Fig. 1: Simulated signals under three SNR conditions: -20
dB, 0 dB, and 20 dB.

where 𝑓 is a feature, 𝜇, and 𝜎 are the mean and
standard deviation of each feature, respectively.

• Stage (5): Train the regression models described in
Section 2.3 (Table 2) with the normalized features from
Stage (4). The input vectors and target vectors will
be randomly divided into three sets as follows: 70%
will be used for training; 15% will be used to validate
that the model is generalizing and to stop training
before overfitting; and the last 15% will be used as a
completely independent test of generalization.

• Stage (6): Evaluate performance between the actual
SNR target and the estimated SNR from the regression
model using the RMSE and 𝑅2 described in Section 2.4.

• Stage (7): Investigate the appropriate number of
features and the appropriate size of window for feature
calculation.

• Stage (8): Validate the proposed method with a real-
world facial EMG signal.

3. RESULTS

3.1 Estimation Accuracy

Figs. 1 and 2 illustrate the effects of different
SNR conditions on simulated signals generated using
the method given in Section 2.1 and their spectral
characteristics. Fig. 1 presents the simulated signals at
SNR levels of -20 dB, 0 dB, and 20 dB. The results indicate
that higher SNR values produce clearer EMG signals with
less PLI interference. Fig. 2 compares the corresponding
power spectral densities (PSDs) of these signals. The
results demonstrate that lower SNR conditions cause
higher spectral peaks at 50 Hz PLI, whereas higher SNR
levels preserve the dominant frequency components and
overall spectral structure of EMG signals, which are
broadband.

Table 3 shows a performance comparison of various
regressionmodels for SNR estimation. This table presents
a comprehensivemodel selection analysis, comparing the
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Table 3: Performance Comparison of Various Regression
Models for SNR Estimation.

Fig. 2: Power spectral density (PSD) comparison of simu-
lated signals at three SNR levels: -20 dB, 0 dB, and 20 dB.

performance of numerous regression models and their
various submodels using the RMSE and the 𝑅2 metrics.
The results indicate that the GPR is one of the optimal
overall choices. The GPR with the Matern 5/2 submodel

Fig. 3: Predicted Versus True Response of the GPR with
Rational Quadratic Submodel (n = 300).

achieves the best performance metrics: the lowest RMSE
of 3.16 and a high 𝑅2 of 0.91. Other effective submodels
include LR Interaction and SVM Medium Gaussian, both
of which also achieved an 𝑅2 of 0.91 with slightly higher
RMSE values.

Conversely, the analysis highlights models that are
poorly suited for this estimation task. The NN using
the Wide submodel delivered the worst fit across the
entire selection, resulting in the highest RMSE of 4.77
and the lowest 𝑅2 of 0.80. Similarly, the RT with the
Fine submodel also performed poorly (RMSE=4.01, 𝑅2 =
0.86).

Fig. 3 shows the predicted versus true responses for
the GPR model using the Rational Quadratic submodel
with n = 300. The plot demonstrates a nearly linear
correlation between the predicted and true responses,
particularly within the SNR range of -20 to 0 dB. The
results indicate that the model accurately captures the
underlying signal behavior in this range.

3.2 Effect of Feature Number

This section presents the results of the feature re-
duction analysis described in Stage (7) of Section 2.4.
Table 4 summarizes the performance of the GPR model
with the rational quadratic submodel across various
feature subsets, labeled FE1 through FE8. The analysis
aimed to determine a minimal feature set that maintains
high predictive performance, using RMSE and 𝑅2 as
evaluation metrics. Most combinations of features did
well, with 𝑅2 values between 0.91 and 0.92. The best
results came from using a subset that included FE1-FE2
and FE4-FE8, which had a minimum RMSE of 3.16 and
an 𝑅2 of 0.92. Simpler subsets such as FE2 combined
with FE6 also performed well (RMSE = 3.17, 𝑅2 = 0.92).
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Table 4: Regression Model Performance Based on Various
Feature Subsets (Feature Reduction Analysis).

Table 5: Influence of Window Size on Regression Model
Performance Metrics.

This result indicates that substantial feature reduction
is possible without compromising accuracy. However,
using only a single feature, such as FE6, led to the poorest
performance, with the highest RMSE of 3.54 and the
lowest 𝑅2 of 0.90, highlighting the benefit of combining
multiple features.

3.3 Effect of Window Size

This section presents the results of the window size
analysis described in Stage (7) of Section 2.4. Table 5
summarizes the performance of the GPR model with the
rational quadratic submodel. The table demonstrates
the impact of window size on the performance metrics.
Specifically, it tracks the RMSE and the 𝑅2 value across
four different window sizes ranging from 2000 ms down
to 250 ms. The results reveal a clear and consistent trend:
larger window sizes yield superior model performance.
The best result is observed at a window size of 2000 ms,
where the model achieves the lowest RMSE of 3.17 and
the highest 𝑅2 of 0.92. Conversely, reducing the window
size progressively increases the error, resulting in the
worst performance (RMSE of 3.95 and 𝑅2 of 0.87) at the
smallest size of 250 ms. This suggests that for this specific
application, utilizing a broader data segment is critical for
capturing robust features, which significantly enhances
the overall accuracy and of the estimation model.

4. DISCUSSION

This study systematically analyzed the effects of
feature number and window size on the accuracy of SNR
estimation in EMG signals contaminated by synthetic

Fig. 4: Boxplot illustrating the distribution of extracted
EMG features across various SNR levels.

PLI signals. The results highlight the strong dependency
of estimation performance on these two parameters and
offer useful suggestions for the design of efficient EMG
quality monitoring systems. The following discussion
provides further insight.

4.1 Estimation Accuracy

Table 3 presents a performance comparison of 23
regression models for SNR estimation using eight feature
values. The RMSE values range from 4.77 to 3.16,
while the 𝑅2 values range from 0.80 to 0.91. Only
two of the 23 models exhibit RMSE values greater than
4 and 𝑅2 values below 0.87. These findings suggest
that many regression models achieve comparable and
satisfactory accuracy. Therefore, additional performance
metrics, such as computation time andmodel size, should
also be considered when selecting a suitable regression
model, particularly for real-time or resource-constrained
applications.

4.2 Effect of Number of Features

Table 4 presents a performance comparison of SNR
estimation using different numbers of features with the
GPR model based on the rational quadratic submodel.
When the number of features varies from 1 to 8, the
RMSE values range from 3.54 to 3.16, while the 𝑅2

values range from 0.90 to 0.92. Even with just two
features, FE2 (WA) and FE6 (KURT), the model still
does well, with an RMSE of 3.17 and an 𝑅2 of 0.92.
These results indicate that we can reduce the features
without significantly compromising accuracy due to
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their redundancy. Therefore, two optimal features, WA
and KURT, are sufficient for practical implementation.

To assess the effectiveness of the WA and KURT
features for SNR estimation, boxplots of their values
across different SNR levels are presented in Fig. 4. The
top panel of Fig. 4 illustrates the WA feature, while
the bottom panel depicts the KURT feature. A clear
separation of feature values is observed within the SNR
range of −20 to 0 dB. These results are consistent with
the plot in Fig. 3, which demonstrates an approximately
linear relationship between the predicted and true SNR
values.

4.3 Effect of Window Size

Table 5 presents a performance comparison of four
window sizes for SNR estimation using FE2 (WA) and FE6
(KURT) features when the regression method is the GPR
model based on the rational quadratic submodel. As the
window size decreases from 2000 to 250 ms, the RMSE
increases from 3.17 to 3.95, while the R² decreases slightly
from 0.92 to 0.87. These results indicate the increased
accuracy for larger windows.

This performance improvement can be explained by
the statistical properties of feature estimation. Larger
window sizes provide a more reliable statistical represen-
tation of the EMG signal and the superimposed PLI. The
investigated features, namely KURT, are moment-based
descriptors whose estimation accuracy depends on the
number of samples within the window. From a statistical
perspective, increasing the window size increases the
sample size, thereby reducing the variance of feature
estimates according to the law of large numbers. This
leads to more stable feature values and improves the
regression model’s ability to map features to the true
SNR.

In addition to statistical stability, the spectral char-
acteristics of the PLI signal also contribute to the
observed trend. The PLI component is a narrowband,
quasi-stationary sinusoidal signal at 50 Hz. A longer
window captures a greater number of interference cycles,
allowing its energy contribution to be more accurately
reflected in time-domain statistics. In contrast, short
windows may contain only a few cycles, causing fluctu-
ations in estimated power and reducing the consistency
of SNR-related features.

Finally, the stochastic and burst-like nature of EMG
signals makes short windows more sensitive to transient
amplitude variations unrelated to noise level. These
local fluctuations introduce variability that weakens the
relationship between extracted features and SNR. Larger
windows mitigate this effect by averaging transient vari-
ations, thereby improving robustness while preserving
overall signal characteristics.

For wearable applications, a window length of ap-
proximately 500–750 ms offers a practical compromise
between accuracy and latency. While longer windows
improve statistical stability and estimation reliability,
they also introduce latency that may affect real-time

Fig. 5: Facial EMG signal partitioned into EMG-dominant
(red dashed box) and PLI-dominant (blue dashed box)
regions.

feedback. This limitation can be mitigated by employing
overlapping sliding windows, such as 50% overlap, which
allow frequent updates without sacrificing estimation
performance. Nevertheless, smaller window sizes pro-
vide faster response times and may be preferable in
applications where rapid adaptation is prioritized over
maximum estimation accuracy.

4.4 Validationwith aReal-World Facial EMGSignal

Theproposedmethodwas validated using a real-world
facial EMG signal recorded from the anterior belly of the
digastric during a smiling facial expression performed
by a 22-year-old male volunteer. The EMG signal was
sampled at 1024 Hz. The study protocol was approved
by the Human Research Ethics Committee of the Faculty
of Medicine, Prince of Songkla University (REC.67-516-
38-2). Written informed consent was obtained from the
participant prior to data collection.

Fig. 5 shows an example of a real-world facial EMG
signal. The red dashed box indicates the EMG segment
corresponding to the smiling expression, while the blue
dashed box represents the PLI segment during the rest
period. The SNR, calculated as the ratio of the signal
power in the red segment to that in the blue segment,
was 2.38 dB.

When the EMG segment in the blue box was used as
input to the GPR model employing the rational quadratic
submodel (FE2+FE6), the resulting estimated SNR was
4.01 dB. Compared with the manually calculated SNR of
2.38 dB, the estimated value is greater by 1.63 dB. This
difference may be due to the estimation model being
trained using Gaussian noise, whereas the manual SNR
calculation was based on data containing both Gaussian
noise and PLI contamination.

For comparison, a synthetic EMG signal contaminated
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Fig. 6: Comparison Between Real-World and Simulated
EMG Signals (SNR = 4.01 dB).

with a synthetic PLI component at an SNR of 4.01 dB
was generated. Its waveform and corresponding PSD
are shown as red lines in Fig. 6 (top) and (bottom),
respectively. The real-world facial EMG segment from
the red box in Fig. 5 is plotted in Fig. 6 (top) with
a blue line, and its corresponding PSD is depicted with
a blue line in Fig. 6 (bottom). The results indicate a
similarity between the synthetic and real-world signals,
demonstrating the feasibility of applying the proposed
method to real-world EMG data.

4.5 Limitations and Future Work
In practical EMG systems, such as myoelectric pros-

thetic control, fatigue monitoring, and rehabilitation
robotics, real-time signal quality assessment is essential
to ensure reliable performance. The optimized config-
uration identified in this study (250 ms window with
two features) can be readily implemented in embedded
processors for adaptive filtering or data quality feedback.
Moreover, since the features used are computationally
simple, the proposed approach can operate continuously
with minimal processing delay. However, applications
requiring higher estimation accuracy than that achieved
by the proposed framework may necessitate the de-
velopment of more advanced algorithms or enhanced
modelling approaches.

Although synthetic power-line interference allows
precise control over noise levels and repeatability, real-
world EMG signals may contain more complex inter-
ference patterns, such as harmonics or nonstationary
disturbances. Future work should extend the analysis
to experimentally recorded PLI-contaminated EMG data

and evaluate model generalization under variable elec-
trode placements and muscle types.

5. CONCLUSION

This study presented a systematic optimization of
feature numbers and window sizes for SNR estimation
in EMG signals contaminated by PLI signals. Using
synthetic PLI and a regression-based estimation model,
the results demonstrated that both parameters strongly
affect estimation accuracy. Of the eight features tested,
waveform activity (WA) and kurtosis (KURT) were found
to be the best for estimating SNR. When combined with
window sizes ranging from 250 ms to 2000 ms, these
features achieved RMSE values between 3.95 and 3.17,
indicating improved estimation accuracy with larger
windows. In addition, the application of the proposed
model is preliminarily validated with real-world facial
EMG signals. These findings provide practical guidelines
for the design of real-time EMG quality monitoring and
adaptive denoising systems, contributing tomore reliable
signal processing in biomedical and rehabilitation appli-
cations.
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