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Abstract

This paper presents a methodology for the comparative analysis of invasive electromyo-
graphic (iIEMG) signals based on motor unit action potential (MUAP) extraction and char-
acterization. The approach includes preprocessing, automatic MUAP detection, waveform
segmentation, feature extraction, and statistical comparison. Three iEMG categories—
healthy, myopathic, and neuropathic—were analyzed in LabVIEW. Extracted features
include amplitude, active duration, number of zero-crossings, and symmetry ratio. Results
reveal clear distinctions between normal and pathological signals, supporting the method-
ology’s relevance for neuromuscular investigation. The study focuses on signal analysis
and interpretation, with automatic classification reserved for future work.

Keywords: EMG; MUAP; signal analysis; LabVIEW; wavelet denoising; peak detection;
myopathy; neuropathy; invasive EMG

1. Introduction

Electromyographic (EMG) signals reflect muscle fiber activity and are widely used
for assessing neuromuscular function [1,2]. They result from the superposition of motor
unit action potentials, capturing both normal physiology and pathological alterations [3],
and are valuable in diagnosis, monitoring, rehabilitation, and research [4-6]. Direct in-
terpretation of raw EMG is challenging due to its stochastic, non-stationary nature and
high inter-subject variability [7]. Signal morphology is influenced by needle electrode
placement, contraction type, tissue composition, and experimental noise [8], while motion
artifacts and power line interference can obscure meaningful activity [9]. Reliable analysis
requires preprocessing, segmentation, and characterization of elementary components [10].
Decomposition into motor unit action potentials (MUAPs) isolates individual motor unit
activity and provides physiologically interpretable descriptors for comparing healthy and
pathological signals [11-13]. Wavelet-based processing is effective for EMG due to its
transient nature, providing time—frequency localization for denoising while preserving
MUAP morphology [14-16]. Daubechies wavelets are preferred for their compact support,
resembling typical MUAP shapes [17]. This study proposes a comparative framework for
EMG analysis, including wavelet denoising, automatic MUAP detection, feature extraction,
and statistical evaluation, implemented entirely in LabVIEW [18]. The focus is on signal
processing and interpretation, with automatic classification reserved for future work.
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2. Materials and Methods
EMG Data and Processing Workflow

The study considered three categories of invasive EMG (iIEMG) signals- healthy, my-
opathic, and neuropathic- sourced from the publicly available PhysioNet database [19].
These signals were collected using a 25 mm concentric needle electrode placed into the
tibialis anterior muscle of each subject. The signals were originally recorded at 50 KHz
and then downsampled to 4 KHz, with analog filtering (20 Hz high-pass, 5 KHz low-pass)
applied during acquisition. Signals were stored as text files and processed offline in Lab-
VIEW, converting raw samples into numerical arrays and waveform representations, with
visualization via Waveform Graph indicators [11].

A uniform processing pipeline was applied to all categories to enable reliable com-
parison, focusing on the extraction and evaluation of MUAP features, recognized as key
descriptors of neuromuscular function [10,18].

The workflow comprises four main stages: signal import, wavelet-based denoising,
automatic detection of significant peaks for MUAP extraction within fixed windows, and
computation of morphological features followed by comparative statistical analysis. This
structured approach ensures methodological consistency and aligns with established EMG
processing frameworks [6,11].

3. EMG Signal Preprocessing
Wavelet Denoising

Preprocessing was based on wavelet denoising, suitable for the non-stationary nature
of EMG signals and short-duration MUAP events that must be preserved [8,14]. Unlike
conventional filters, wavelet transforms provide time—frequency localization, enabling
noise reduction while maintaining waveform morphology [12].

Denoising was implemented in LabVIEW using a Daubechies db4 wavelet at de-
composition level three, with soft-thresholding based on Stein’s Unbiased Risk Estimate
(SURE) [17]. Representative time windows illustrate the local effects on signal morphology,
achieving a balance between noise attenuation and preservation of relevant features [6].

The denoised signals (Figure 1) improved visibility of waveform components, facilitat-
ing more reliable MUAP peak detection for further analysis [13].
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Figure 1. Comparison between raw and wavelet-denoised EMG signal segments for the healthy EMG
signal category.

4. MUAP Detection and Extraction
4.1. Peak Detection

Automatic MUAP detection was performed by identifying significant peaks in the
wavelet-denoised EMG signal. An adaptive threshold was defined as a multiple of the
standard deviation of the processed signal (threshold = k-c), where k was selected in the
range of 3 to 4. In the present implementation, a value of 30 was used, allowing the

https://doi.org/10.3390/engproc2026148039


https://doi.org/10.3390/engproc2026148039

Eng. Proc. 2026, 148, 39 3o0f7

retention of waveform events that clearly exceed the background variation level of the
signal, consistent with common EMG detection strategies [11,13].

To prevent multiple detections of the same event, a minimum distance of approxi-
mately 20 samples was imposed between consecutive peaks. The detected peaks were
visually marked in the LabVIEW interface and used as reference points for MUAP extrac-

tion (Figure 2). This approach enables reliable localization of motor unit activity in noisy
EMG environments [18].
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Figure 2. Automatic peak detection in the wavelet-denoised myopathic EMG signal used for MUAP
localization.

4.2. MUAP Extraction

Following peak detection, fixed-length temporal windows centered on each peak
were extracted to isolate individual MUAP waveforms. A window size of 40 samples
(£20 samples around the peak) was selected to capture the relevant morphology while
minimizing the inclusion of unrelated signal components, in line with established MUAP
analysis practices [10]. The extracted segments were organized in matrix form, where
each row corresponds to a single MUAP. This structure facilitates both visual inspection
and quantitative analysis of waveform characteristics. The resulting MUAPs exhibited
distinct morphological patterns across the analyzed signal categories, supporting their use
in comparative evaluation (Figure 3).
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Figure 3. Representative extracted MUAP waveforms for the healthy, myopathic, and neuropathic

EMG signals. (Different colors represents individual extracted MUAP waveforms and do not indicate
different classes or variables).
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5. MUAP Feature Extraction

For each extracted MUAP, four morphological features were computed using Lab-
VIEW. The peak-to-peak amplitude was defined as: A = max(x) — min(x) and reflects the
magnitude of electrical activity generated by the motor unit. The active duration was
calculated as the number of samples for which the signal magnitude exceeded 10% of the
maximum absolute amplitude: Ix| >0.1-max(|x|), representing the temporal extent of the
MUAP’s active region [10,14]. The number of zero-crossings corresponds to the number of
sign changes in the waveform, with higher values indicating increased morphological com-
plexity or fragmentation [6,15]. The symmetry ratio quantifies the balance between positive
and negative waveform components, providing an additional descriptor of MUAP shape.

For each feature, descriptive statistics and graphical distributions were generated for
all three signal categories, supporting comparative analysis of healthy, myopathic, and
neuropathic EMG patterns [18].

6. Comparative Statistical Analysis
6.1. Statistical Analysis

Boxplot analysis of MUAP amplitude (Figure 4a) reveals a clear separation between
neuropathic signals and the other two categories. Neuropathic MUAPs exhibit substan-
tially higher amplitudes, whereas healthy and myopathic signals remain within a lower
amplitude range with partial overlap. This pattern aligns with known phenomena such as
enlarged motor units and reinnervation in neuropathic conditions.

Active duration distributions (Figure 4b) indicate that healthy signals are relatively
compact, myopathic signals show slightly reduced durations, and neuropathic signals
present increased variability, reflecting differences in the temporal spread of MUAP activ-
ity. The number of zero-crossings (Figure 4c) provides insight into waveform complexity.
Myopathic signals exhibit higher zero-crossing counts, suggesting greater waveform frag-
mentation, while healthy signals remain centered around moderate values. Neuropathic
signals display lower central values, indicating reduced complexity.

(a) MUAP Amplitude (c) MUAP Zero-crossings
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. Hem
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Figure 4. Comparative boxplot representation of the extracted MUAP features: (a) amplitude,
(b) active duration, (c) zero-crossings, and (d) symmetry ratio for healthy, myopathic, and neuro-
pathic EMG signals.

Symmetry ratio analysis (Figure 4d) complements these observations. Extreme values,
sensitive to low-amplitude components, were excluded for clarity. The resulting distribu-
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tions highlight distinct morphological differences between categories: myopathic signals
show higher median symmetry ratios, while neuropathic signals are lower.

6.2. Statistical Indicators

Descriptive statistics for the extracted MUAP features are summarized in Table 1,
providing a quantitative comparison among the three signal categories. Both mean and
median values were considered in order to obtain robust estimates while reducing the
influence of outliers. For the healthy signal, amplitude remained within a low-to-moderate
range (mean 0.456, median 0.417), active duration averaged approximately 20 samples, zero-
crossings had a mean value of 5.47, and the median symmetry ratio was 2.01. The myopathic
signal showed a slightly higher amplitude (mean 0.531, median 0.506), a slightly shorter
active duration (mean 18.31), an increased number of zero-crossings (mean 8.22, median 8.0),
and a higher median symmetry ratio (3.28), suggesting greater waveform fragmentation
and a more pronounced asymmetry between positive and negative components. The
neuropathic signal was distinguished primarily by its markedly higher amplitude (mean
5.51, median 5.40), while active duration remained at 17.63 samples, zero-crossings had
a mean value of 4.73, and the median symmetry ratio decreased to 0.711. These results
indicate a clearly distinct waveform morphology for neuropathic MUAPs compared with
the healthy and myopathic categories.

Table 1. Statistical descriptors of the extracted MUAP features.

Feature Statistic Healthy Myopathic Neuropathic
Amplitude Mean 0.456 0.531 5.51
P Median 0.417 0.506 5.40
Active durati Mean 20.0 18.31 17.63
ctive duration Median 200 180 18.0
Zero-crossings Mean 5.47 8.22 493
& Median 5.0 8.0 5.00
Symmetry ratio Median 2.01 3.28 0.711

6.3. Comparative Interpretation

The results indicate that amplitude is one of the most discriminative MUAP features,
particularly for separating neuropathic signals from healthy and myopathic ones. The pro-
nounced increase in amplitude observed in neuropathic signals aligns with reinnervation
phenomena and the formation of enlarged motor units.

Active duration provides complementary information on the temporal characteristics
of MUAPs. Myopathic signals exhibit slightly shorter durations, whereas neuropathic
signals show increased variability, reflecting altered neuromuscular activity.

The number of zero-crossings is particularly relevant for assessing waveform com-
plexity. Higher values in myopathic signals suggest increased fragmentation, while healthy
signals remain within moderate complexity levels. Finally, the symmetry ratio should
be interpreted cautiously due to sensitivity to extreme values. Nevertheless, neuropathic
signals consistently display a distinct balance between positive and negative waveform
components compared with healthy and myopathic signals.

7. Discussion

The proposed methodology enables a reproducible analysis of iEMG signals using
MUAPs as the fundamental units. Compared with direct inspection of raw signals, this
approach isolates elementary events and computes physiologically meaningful descriptors.
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All processing stages were implemented in LabVIEW, providing an intuitive environment
for signal import, visualization, denoising, detection, segmentation, and statistical analysis,
making the framework suitable for both research and educational purposes.

Limitations include signal quality, wavelet denoising parameters, threshold selection,
and extraction window size. Certain features, particularly the symmetry ratio, may be
affected by low-energy components. Despite these constraints, the selected MUAP features
provide coherent and physiologically meaningful comparisons across healthy, myopathic,
and neuropathic signals.

8. Conclusions

This paper presented a complete framework for the comparative analysis of iEMG
signals based on MUAP extraction and characterization. In this study, invasive EMG
(iEMG) recordings, sourced from the publicly available PhysioNet database [19], were
utilized. The method, implemented entirely in LabVIEW, integrates wavelet-based denois-
ing, automatic peak detection, fixed-window MUAP extraction, and statistical analysis of
morphological features.

The results demonstrate that the proposed approach effectively differentiates between
healthy, myopathic, and neuropathic EMG signals. Among the analyzed features, ampli-
tude proved particularly effective in identifying neuropathic patterns, while the number
of zero-crossings highlighted the increased waveform complexity associated with myo-
pathic signals.

The methodology is suitable for both educational and research applications and may
serve as a foundation for future development of computer-assisted neuromuscular analysis
tools. As a natural extension of this work, the extracted MUAP features may be used as
input variables for automatic classification algorithms. The obtained results indicate that
amplitude represents a highly discriminative feature for identifying neuropathic signals,
while the number of zero-crossings is particularly relevant for detecting myopathic patterns.
Active duration and symmetry ratio provide complementary information, contributing to
the overall characterization of EMG signal classes. These findings support the development
of intelligent systems for distinguishing between healthy and pathological EMG signals.
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