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Abstract—This study investigates photoplethysmography (PPG)
as a non-invasive, cost-effective alternative for real-time muscle
fatigue monitoring, addressing limitations inherent to
conventional methods like electromyography (EMG) and blood
lactate testing. A PPG-based system was developed to classify
fatigued versus non-fatigued states of the calf muscle using a
DFRobot SEN0203 sensor at a 1000 Hz sampling rate. The raw
PPG signals were segmented into 1-second intervals and
processed to compute first and second derivatives—yielding
vascular (VPG) and arterial (APG) photoplethysmograms—
which enabled extraction of key features including heart rate
(HR), heart rate variability (HRV), peak systolic and diastolic
voltages, maximum systolic slope (u), minimum diastolic slope
(v), and arterial stiffness indicators (b—-a and c-a ratios). A
Particle Swarm Optimization (PSO) algorithm was employed to
optimize both feature selection and hyperparameters within a
Logistic Regression (LR) model, achieving perfect classification
accuracy (1.0) with training and prediction times of 0.0053 s and
0.0016 s, respectively. Notably, HRV and the minimum diastolic
slope—reflecting autonomic  regulation and vascular
compliance—emerged as the most influential features with
weights of 12.3747 and 23.9367. Comparative analyses revealed
that although LightGBM matched the PSO-LR accuracy,
neural network approaches performed poorly (0.50 accuracy),
likely due to overfitting and limited training data. These
findings underscore the viability of PPG for muscle fatigue
monitoring, with promising applications in sports science,
rehabilitation, and occupational health.

Keywords—Photoplethysmography (PPG), Muscle Fatigue
Monitoring, Particle Swarm Optimization, Logistic Regression

l. INTRODUCTION

Muscle fatigue monitoring is essential in sports science,
rehabilitation, occupational health, and chronic disease
management to enhance performance and prevent injury.
Wearable technologies, such as photoplethysmography
(PPG), enable real-time, non-invasive monitoring, benefiting
athletes by reducing injury risks [1] and improving well-
being in high-risk workers like firefighters [2]. In chronic
disease management, low-cost sensors support independent
living and prevent health decline [3]. These innovations
highlight the need for accessible, non-invasive fatigue
assessment tools to improve health outcomes across various
domains.

Traditional muscle fatigue detection methods, like
electromyography (EMG) and blood lactate testing, are
invasive, expensive, and impractical for continuous

monitoring. While valuable in research and clinical settings,
these techniques are unsuitable for real-time, portable
applications. EMG requires precise placement of equipment,
limiting long-term monitoring [4], while blood lactate
measurement is invasive and not feasible outside clinical
environments [5]. Recent advancements in wearable, non-
invasive sensors, particularly PPG, provide an alternative for
continuous, real-time monitoring, offering valuable insights
into muscle fatigue without the limitations of traditional
methods [6], [7].

While PPG is widely used in cardiovascular monitoring,
its application in muscle fatigue detection remains
underexplored. The potential of PPG for assessing localized
muscle fatigue during dynamic activities is promising;
however, challenges such as motion artifacts and signal noise
can obscure the subtle physiological changes associated with
fatigue. In this study, we address these challenges by
incorporating advanced signal processing techniques to
enhance signal quality and mitigate noise.

This study aims to develop a PPG-based system to
classify fatigued and non-fatigued states of the calf muscle.
To improve the detection sensitivity beyond raw PPG
analysis, the system incorporates novel techniques by
computing the first and second derivatives of the PPG
signal—yielding vascular (VPG) and arterial (APG)
photoplethysmograms—which capture essential waveform
characteristics such as the maximum systolic slope (u) and
the minimum diastolic slope (v). These derivative features
provide a more sensitive indicator of muscle fatigue
compared to traditional metrics.

Furthermore, to optimize classification performance, the
study integrates Particle Swarm Optimization (PSO) with a
Logistic Regression (LR) model. PSO is employed for its
efficiency in navigating high-dimensional feature spaces and
for fine-tuning model hyperparameters, resulting in improved
accuracy and computational efficiency. Comparative
analyses with other machine learning approaches reveal that
while models like LightGBM can match the performance of
the PSO-LR model, neural network approaches may
underperform due to overfitting and limited training data.

This study contributes to the field of non-invasive muscle
fatigue monitoring by proposing an optimized PPG-based
system that effectively addresses challenges such as motion
artifacts and signal noise, enhances feature extraction through
derivative analysis, and demonstrates superior performance
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via the integration of PSO with LR. These contributions pave
the way for more reliable and accessible real-time fatigue
assessment in diverse health and performance settings.

1. METHOD

A. System Configuration
The system configuration used for PPG signal processing,
feature extraction, model optimization, and evaluation for
fatigue classification is illustrated in the diagram in Fig. 1.
DFRobot Analog
Discovery 3

_.Q_,‘V}/]

WaveForms
Software

SEN0203

Feature PPG Signal PPG Signal
Extraction Derivatives Segmentation
PSO Linear Model
Optimization Regression Evaluation
Model Training

Fig. 1. System configuration diagram

The system configuration, as shown in Fig. 1, comprises
a series of steps that ensure robust fatigue classification: the
DFRobot SEN0203 sensor first acquires raw PPG signals
from the calf muscle, which are then transmitted to the
Analog Discovery 3 device for real-time visualization via
WaveForms Software, ensuring signal quality; subsequently,
key features such as heart rate and variability are extracted,
and the first and second derivatives (VPG and APG) are
computed to capture subtle waveform characteristics
essential for detecting fatigue; the processed signals are
segmented into smaller intervals to enable detailed temporal
analysis; next, these segments undergo Particle Swarm
Optimization (PSO) to fine-tune the parameters and feature
weights of a Linear Regression model; finally, the optimized
model is trained and its performance is evaluated using
metrics like accuracy, precision, recall, and F1-score, thereby
creating an efficient workflow that enhances the reliability of
real-time muscle fatigue monitoring.

B. Signal Acquisition

The signal acquisition process consisted of PPG sensor
placement on the calf and a data collection process. The PPG
sensor placement is illustrated in Fig. 2.

Fig. 2 illustrates the PPG sensor placement used in this
study, positioned on the gastrocnemius muscle to monitor
blood flow and pulse during activities. This placement has
been shown to provide accurate heart rate data and insights
into cardiovascular health by capturing pulse wave
characteristics and heart rate variability [8], [9].The
gastrocnemius muscle is a reliable site for measuring pulse
signals, reflecting blood flow dynamics during movement
[10], [11]. The data collection process was performed in
three parts. First, PPG signals are collected for 2 minutes
when a set of different movements are performed to capture

the non-fatigued state and continued with 30 seconds of rest.
After the rest, 120 seconds of data collection is performed
again to capture the fatigued state. This approach aligns with
studies using PPG signals to distinguish between fatigued and
non-fatigued states during physical activity [12]-[14]. The
physical activity set is illustrated in Fig. 3.

PPG
Sensor

Fig. 2. PPG sensor placement
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Fig. 3. [Illustration of physical activity exercise for PPG acquisition

Fig. 3 shows a set of exercises designed to record PPG
signals during various lower limb movements. These
exercises include ankle movements such as plantarflexion
(hind foot rising) and dorsiflexion (forefoot rising), knee
uplifts, knee extensions with and without plantarflexion, and
ankle rotations in both clockwise and counter-clockwise
directions. Other exercises involve outward and inward toe
movements with a fixed hind foot, as well as knee extensions
with dorsiflexion. These exercises target different muscle
groups and joints, allowing for the collection of
comprehensive PPG data on the calf muscle [15]-[17]. The
data is collected with a sampling rate of 1000 Hz for 120
seconds.
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C. Signal Preprocessing

1) Signal Segmentation

In this study, the PPG signal was segmented into 1-second
intervals, each containing 1000 samples, to facilitate analysis
of the physiological changes over time. The segmentation
process involves dividing the 120-second raw PPG signal
into n segments, where n = 120 segments each containing
exactly 1000 samples. The signal segmentation is represented

by Eq. (1).

Xi = PPG(loOO-(i—1)+1):1000-ir i=123,..,120 (1)

Where x; represents the i-th segment of the PPG signal,
extracted from the original signal between sample indices
1000(;—1)+1 to 1000i. This segmentation approach is
consistent with recent works on PPG signal processing,
where segmentation into 1-second intervals has been widely
adopted for continuous monitoring of heart rate and other
cardiovascular features [18]-[21]. While a 1-second interval
effectively captures transient physiological variations,
exploring alternative segmentation intervals (e.g., shorter
segments for higher temporal resolution or longer segments
for noise reduction) could influence the sensitivity and
accuracy of fatigue detection.
2) PPG Signal Derivatives

In this study, the PPG signal derivatives, specifically the
vascular photoplethysmogram (VPG) and the arterial
photoplethysmogram (APG), were computed to enhance the
analysis of signal features. The VPG and APG are derived
from the first and second derivatives of the PPG signal,
respectively. Mathematically, the VPG is the first derivative
of the PPG signal, and the APG is the second derivative,
expressed in Eq. (2) and Eq. (3).

VPG(t) = %PPG(t) (2)
dZ
APG(t) = == PPG(?) 3)

These derivatives are particularly useful for detecting key
features in the PPG waveform, such as peaks and troughs,
which are crucial for cardiovascular analysis and diagnostics
[22]-[25].

D. Feature Extraction

1) PPG Features

Heart rate (HR) and heart rate variability (HRV) are
essential features extracted from PPG signals for
cardiovascular health monitoring. HR can be derived by
detecting the peaks of the PPG signal, which correspond to
the heartbeats. Mathematically, the heart rate HR can be
calculated as the reciprocal of the average time between
consecutive peaks (R-peaks) in the PPG signal, as expressed
in Eq. (4).

60

HR =
Mean RR Interval

(4)

Where the RR interval is the time difference between two
successive peaks in the PPG waveform [26]. For HRV, the

variation in the time intervals between successive heartbeats
(RR intervals) is analyzed. HRV is a marker of autonomic
nervous system activity and can be extracted by computing
the standard deviation of RR intervals. The formula for HRV,
based on the standard deviation of RR intervals is expressed
in Eq. (5).

N
1 —
= R R 2 5
HRV T 1Z(RRL RR) ®)
i=

Where RR; is the i-th RR interval, and RR is the mean RR
interval [27], [28].
2) VPG Features

The extraction of features such as the maximum slope
during systole (u) and the minimum slope during diastole (v)
from VPG signals plays a critical role in cardiovascular
analysis [22], [29]. The maximum slope during systole, u is
typically identified as the steepest rising portion of the VPG
signal, while the minimum slope during diastole, v,
corresponds to the most negative slope during the relaxation
phase of the vascular cycle. Mathematically, the maximum
slope during systole u is expressed in Eq. (6).

u = max (% VPG (t)) (6)

Similarly, the minimum slope during diastole v is
expressed in Eq. (7).

v =min (% VPG (t)) ©)

Each character is uniquely represented in the audio
domain, allowing accurate transmission and decoding on the
receiver side.

3) APG Features

The extracted features of the APG signals are the b-a and
c-a ratios. The c-a ratio is defined as the ratio between the
amplitude of the c point (representing the peak of the
upstroke) and the a point (the maximum value before the
dicrotic notch) in the APG waveform. Mathematically, the c-
a ratio is expressed in Eq. (8).

tio = ¢ 8
c aralo—Aa (8)

where A; is the amplitude at the ¢ point, and A, is the
amplitude at the "a" point of the APG signal. Similarly, the
b-a ratio is calculated as the ratio between the b point (the
peak after the dicrotic notch) and the a point, as expressed in

Eqg. (9).

b tio = 22 9
aratio = - 9

a

where Ay is the amplitude at the b point. These ratios are
important indicators of arterial compliance and vascular
health [24], [30], [31]. Where the a, b, and c points are
determined using Eg. (10) to Eq. (12).
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Ac = max (APG(t))' te [tstartvtend] (10)
A, = max (APG(t)), t € [te, taicrotic notcnl (11)
Ab = max (APG(t)): te [tdicrotic notch» tend] (12)

Where tsart and teng are the time intervals corresponding to the
systolic upstroke of the APG signal. While t. is the time of
the ¢ point, and tgicrotic noteh IS the time of the dicrotic notch
[22], [24], [32]. The extracted features from PPG, VPG, and
APG signals capture these physiological changes—PPG
metrics reflect overall cardiac activity, VPG-derived slopes
indicate rapid changes in blood flow, and APG ratios provide
insights into vascular stiffness—all of which are critical for
distinguishing between fatigued and non-fatigued states

E. Logistic Regression

This study uses logistic regression to classify the calf
muscle into fatigued and non-fatigued states based on PPG
signal features and their derivatives. The model predicts the
probability of fatigue using features such as HR, HRV, and
characteristics derived from VPG and APG signals, including
the maximum slope during systole (u), the minimum slope
during diastole (v), and the c-a and b-a ratios. The logistic
regression used in this model is represented by Eq. (13) and
Eq. (14).

logit(p) = By + L1x1+... +Lnxn (13)

1

P = T o= BotBra ttBni) (14)

where p is the probability of being in the fatigued state, f3, is
the intercept of the model, while B;, ...B, is the weight
coefficient of features and x;, x;, ..., x, is the extracted
features from the PPG signals acting as LR inputs. This
method is effective for binary classification tasks [33], [34].
Logistic regression assumes a linear relationship between the
log-odds of the outcome and the input features, along with
independence among observations. In this study, the
extracted PPG-derived features satisfy these assumptions,
making logistic regression a robust choice for binary
classification of fatigued versus non-fatigued states. Its
simplicity and interpretability further facilitate the
understanding of how each feature contributes to fatigue
detection.

F. Particle Swarm Optimization Objective

The optimization process is driven by the mean cross-
validation accuracy, which is the objective function. This
accuracy is calculated by evaluating the LR model using k-
fold cross-validation, ensuring that the model is robust and
generalizes well to unseen data. The cross-validation
accuracy A is represented by Eq. (15). where k represents the
number of folds, and X, ,;,and Y. ,;,, are the training features
and labels for the i-th fold, PSO aims to maximize this
accuracy by optimizing the weights of the extracted features
and the LR hyperparameters. PSO allows for optimizing both

the feature weights and the hyperparameters of the logistic
regression model [35], [36]. By iteratively adjusting these
parameters, PSO enhances the model's ability to classify the
calf muscle's fatigue state based on the extracted features
from the PPG signals. This approach ensures that the LR
model is tailored to the task of fatigue classification,
improving its performance and accuracy. The PSO in this
research uses 30 particles, with maximum iterations of 100.
Along with 0.5 inertia weights (w), personal inertia weights
coefficient (c1) of 2 and global learning coefficients (c2) of
3.

k
1 . .
A= E § Accuracy (thrain' Ytlrain) (15)

i=1

Particle Swarm Optimization (PSO) was selected for
parameter tuning due to its efficient balance between
exploration and exploitation, which enables rapid
convergence to optimal solutions. Compared to methods like
Grid Search or Genetic Algorithms, PSO requires fewer
computational resources and iterations, leading to improved
model accuracy and reduced training time. This optimization
approach effectively fine-tuned both feature weights and
hyperparameters, enhancing the overall performance and
efficiency of the logistic regression model for fatigue
classification.

IIl.  RESULTS

A. Signal Acquisition

The PPG signal acquisition results using the DFRobot
PPG sensor and Analog Discovery 3, with a 120-second
acquisition period at a sampling frequency of 1000 Hz. As
illustrated in Fig. 4.

Fig. 4 presents the obtained PPG signals. Fig. 4a shows
the fatigued signals and Fig. 4b shows the non-fatigued
signal. Both signals showed 120000 total samples, aligned
with the acquisition time and sampling frequency. The
fatigued signal exhibits pronounced irregularities and noise,
with amplitude fluctuations. In contrast, the non-fatigued
signal remains relatively stable, both signal has similar
amplitudes oscillating between approximately -1 and 6 V.
Despite the higher noise levels in the fatigued state, the non-
fatigued signal is not entirely free from fluctuations,
indicating that even under normal conditions, some
variability exists.

B. Signal Segmentation

After the PPG signals are obtained, both signals are then
segmented into 120 parts. Each part consisted of 1000
samples, the segmented samples of both fatigued and non-
fatigued signals are illustrated in Fig. 5.

Fig. 5 shows the segmented PPG signals for both fatigued
in Fig. 5a and non-fatigued in Fig. 5b, with each signal
divided into 120 segments of 1000 samples. The color-coded
segments reveal distinct PPG waveforms, each displaying
clear systolic and diastolic peaks. In the fatigued signal, the
systolic peaks reach up to 6 V, while the diastolic troughs fall
to approximately -1 V. The non-fatigued signal exhibits
similar amplitude ranges, with peaks fluctuating between 6
and -1 V. This segmentation allows for detailed feature
extraction, facilitating the analysis of PPG dynamics.
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Fig. 5. Segmented PPG signals, (a) Fatigued state and (b) Non-fatigued state

C. PPG Signals Derivatives Identification

After the raw PPG signals are segmented into 120
segments, the derivatives of those signals are calculated for
further identification intended for finding different peaks of
the original signals and their derivatives on the fatigued and
non-fatigued states. As presented in Fig. 6.

Fig. 6 shows a sample PPG segment and its derivatives
(VPG and APG) for both fatigued and non-fatigued states. In
the non-fatigued state (top row), the systolic peak is marked
at approximately 5 V, and the diastolic peak is observed
around 1 V on the PPG waveform. The corresponding VPG
derivative exhibits inflection points u and v, with values of
0.06 and 0.02, respectively. The APG signal shows peaks a,
b, and ¢ with values of 0.0015, -0.0005, and 0.0006,
respectively. In the fatigued state (bottom row), the systolic
peak remains around 5 V, while the diastolic peak is slightly

lower, around 1.5 V. The VPG shows the inflection points u
and v at approximately 0.04 and 0.01, respectively. The APG
values for peaks a, b, and c are 0.0013, -0.0003, and 0.0005,
showing subtle shifts compared to the non-fatigued
condition.

D. Feature Extraction

After the PPG, VPG, and APG signals are identified,
feature extraction is then performed on each signal’s
segment. Fig. 7 presents the Kernel Density Estimate (KDE)
plots of extracted features from PPG, VPG, and APG signals
for Class 1 (fatigued) and Class 0 (non-fatigued).

Further features such as v and u show distinctive patterns
as well. Class 1 shows a peak around 0.05 for u, while Class
0 has a broader range between 0.02 and 0.06. The v for Class
1 is concentrated around -0.05, while Class 0 peaks around -
0.02, indicating differences in the diastolic slopes.
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Fig. 7. Kernel density estimates (KDE) plot of extracted feature

The b-a ratio for Class 1 peaks around 1.5, suggesting a indicate that PPG, VPG, and APG-derived features can
higher ratio compared to Class 0, which peaks around 1.2. effectively differentiate between the two classes. The
Similarly, the c-a ratio for Class 1 peaks at 0.6, while Class 0 statistical description of the extracted features from the
peaks at 0.4. These differences in feature distributions  combined Class 0 and Class 1 signals is presented in Table 1.
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Table 1. Statistical description of combined extracted features

Feature Count  Mean Std Min 25% 50% 75% Max Skewness Kurtosis
HR 240 93.730604 8.803003 74.257426 85.653149 96.696778 100.671141 119.760479 0.404381 -0.566986
HRV 240 0.032412 0.002618 0.0298 0.0298  0.032412 0.035025 0.035025 0 -2.016878
Peak systolic 240 5.425319 0.246275 2.854343 5.317771 5439169 5573599 5.884458 -4.811497 48.701109
Peak diastolic 240 -0.274818 0.290815 -0.798075 -0.39699 -0.313972 -0.223681 2.187049 5.205222 39.183023
u 240 0.045637 0.008592 0.018349 0.039075 0.046282 0.052049  0.084246 0.079414 0.689133

v 240 -0.044608 0.008586 -0.059149 -0.05207 -0.044949 -0.037741 -0.019163 0.233061 -0.895398

b-a ratio 240 0.926409 0.210469 0.356793 0.828553 0.934225 1.03306  1.838638 0.271138 2.584006
c-aratio 240 0.825255 0.291913 0.05524 0.643184 0.986673 1 1.838638 -0.568869 0.903863

Based on Table 1, its known that the data includes 240
samples for each feature, with key statistics such as mean,
standard deviation (Std), minimum, 25th percentile (25%),
median (50%), 75th percentile (75%), maximum (Max),
skewness, and kurtosis. For instance, the mean HR is 93.73
bpm, with a standard deviation of 8.80 bpm, and the values
range from 74.26 to 119.76 bpm. The HRV feature shows a
narrow range with a mean of 0.0324, and the peak systolic
values have a mean of 5.43 V, with a standard deviation of
0.25 V, showing slight variability in systolic peak amplitudes.
The peak diastolic values have a mean of -0.27 V, with a high
kurtosis value (39.18), indicating a significant concentration
around the mean, with some extreme outliers. The u and v
slopes show relatively consistent values, with u having a
mean of 0.0456 and v showing a negative mean of -0.0446.
The b-a ratio and c-a ratio features display higher variability,
with means of 0.93 and 0.83, respectively, and notable
skewness in their distributions.

E. PSO on LR Model

Fig. 8 shows the convergence curve of the PSO algorithm
optimizing a linear regression model for classifying fatigue
and non-fatigue states. The y-axis represents the negative
cross-validation accuracy, where -1 indicates perfect
accuracy. Initially, from iteration 0 to 20, the accuracy
slightly decreases from about -0.965 to -0.975. After iteration
20, the accuracy improves significantly, reaching -1 at around
iteration 30, indicating perfect classification. The curve
stabilizes at -1 thereafter, suggesting that the PSO algorithm
effectively optimized the model parameters, achieving ideal
performance in classifying the two states based on the
extracted features. The feature weights for the LR model
throughout the optimization process is explained in Fig. 9.

Fig. 9 shows the progress of feature weights for the linear
regression (LR) model throughout the PSO iterations. The y-
axis represents the feature weights, while the x-axis shows
the iteration number. The different colored lines represent
individual features, such as HR, HRV, peak systolic, peak
diastolic, u, v, b-a ratio, and c-a ratio. Initially, at the start of
the iterations, the feature weights experience significant
fluctuations, with some features, such as HR and HRV,
showing large jumps in weight values, even reaching values
over 2000. These drastic changes are likely due to the PSO
exploring different parameter combinations. By iteration 40,
the weights stabilize, as shown in the zoomed-in section on
the right, where the feature weights are nearly constant with
small variations between them. This stability suggests that the
PSO has converged, having successfully optimized the

feature weights for the linear regression model. The final
feature weights are relatively small and consistent, indicating
the optimal feature selection and adjustment by the PSO
algorithm. Aside from the feature weights, the C parameter
of the LR model is also optimized, the progress of the C
optimization is illustrated in Fig. 10.
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Fig. 10. LR regularization parameter (C) progression across PSO iterations

Fig. 10 shows the progress of the regularization parameter
C for the LR model during the PSO optimization process. The
y-axis represents the value of parameter C, while the x-axis
shows the iteration number. Initially, the parameter C
fluctuates with small values, then experiences significant
jumps at around iteration 20 and again at iteration 40, peaking
at a value of about 10. After these sharp changes, the
parameter stabilizes and gradually settles around a value of 7.
This pattern indicates that the PSO algorithm explored
various values for C before converging to an optimal range,
suggesting the model has effectively adjusted the
regularization to improve performance. Next, the particle
diversity of the PSO algorithm is measured by the mean
pairwise distance (diversity) between particles over the
iterations. Illustrated in Fig. 11.
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Fig. 11. PSO particle diversity across iterations

Fig. 11 shows the particle diversity of the PSO. The y-axis
represents the mean pairwise distance, while the x-axis shows
the number of iterations. Initially, the diversity is low, with
the mean pairwise distance remaining relatively small in the
early iterations, suggesting that the particles are closely
clustered around similar solutions. As the iterations progress,
the diversity increases significantly, particularly after
iteration 60, where the mean pairwise distance experiences
substantial fluctuations and sharp peaks. At iteration 100, the
diversity reaches a very high value, exceeding 17,500,
indicating that the particles have explored a broader range of
the solution space. This sharp increase in diversity suggests
that the PSO algorithm is diversifying its search, possibly

moving toward more distinct solutions as it continues to
optimize. The results of the PSO applied to the LR model for
classifying fatigue and non-fatigue states using extracted
features is explained in Table 2.

Table 2. PSO optimization results on LR model
Parameter Value
C 7.1366
Penalty 11
Max Iterations 3000
Tolerance 1,00E-05
Class Weight None
[-2.1990, 12.3747, -9.2000,
Feature Weights 11.0021, 3.3338, 23.9367, -9.9385, -
5.3015]
Obj. Value 1.0

Optimization Time  44s

Based on Table 2, the regularization parameter C was
optimized to a value of 7.1366, balancing model complexity
and accuracy, while the L1 penalty (Lasso) was used to
encourage sparsity in the feature weights. The LR process ran
for a maximum of 3000 iterations and stopped when the
change in the objective function became negligible, as
indicated by the tolerance of 1.00E-05. The class weight was
set to None, treating all classes equally without any
adjustments for class imbalance. The feature weights,
corresponding to the extracted features in the order of HR,
HRV, Peak Systolic, Peak Diastolic, u, v, b-a ratio, and c-a
ratio, were optimized as follows: [-2.1990, 12.3747, -9.2000,
11.0021, 3.3338, 23.9367, -9.9385, -5.3015]. These values
reflect the importance of each feature, with HRV (12.3747)
and v (23.9367) having positive weights, suggesting their
strong influence on the model, while HR (-2.1990) and b-a
ratio (-9.9385) have negative weights, indicating a negative
relationship with the classification target. The model
achieved perfect classification accuracy (1.0) and completed
the optimization in 44 seconds, demonstrating both efficiency
and effective parameter tuning by the PSO algorithm.

Fig. 12 shows the training accuracy and error of the LR
model over 3000 iterations, using the optimized parameters
from the PSO process with the training accuracy in Fig. 9a
and error in Fig. 9b. The Training Accuracy Over lterations
graph demonstrates that the model quickly achieves perfect
accuracy (1.0) and maintains it throughout the iterations,
indicating optimal classification performance early in the
training. Similarly, the Training Error Over Iterations graph
shows a rapid decrease in error, stabilizing at a very low value
near 0, which aligns with the accuracy improvement. These
trends suggest that the optimized LR model converged
quickly to an ideal solution, achieving both minimal error and
perfect accuracy in a short number of iterations.

F. Comparison with Other Models

The PSO-LR model is then compared with other machine
learning models using the same signal and extracted features
dataset to assess its performance compared to other several
popular machine learning models in classifying calf muscle
fatigue from PPG signals. The comparison is presented in
Table 3.

Table 3 compares the performance of several machine
learning models, including the PSO-LR, on the same dataset
of signals and features.
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Linear Regression (LR), K-Nearest Neighbors (KNN),
and Support Vector Machine (SVM) all achieved high
accuracy of 0.9792, with fast training times and relatively
quick prediction times. These models exhibited excellent
performance across all metrics, including precision (1.00),
recall (0.96), and F1-score (0.98), indicating strong
classification capabilities and well-balanced performance. In
contrast, Convolutional Neural Network (CNN) and
Artificial Neural Network (ANN) performed poorly, both
with an accuracy of 0.50, suggesting challenges with the
dataset. CNN had the longest training time (90.615 seconds)
and slowest prediction time (0.7330 seconds), with a poor
cross-validation score (0.1292) and a low F1-score (0.69).
Similarly, ANN also struggled with lower performance,
achieving an accuracy of 0.50, a moderate F1-score of 0.67,
and a higher recall (1.00), but still lagged behind in overall

efficiency. On the other hand, both LightGBM and PSO-LR
achieved perfect accuracy (1.00), making them the top
performers. PSO-LR, optimized by the PSO algorithm, had
the fastest training (0.0053 seconds) and prediction time
(0.0016 seconds), with perfect precision, recall, and F1-score
(1.00). This indicates its superior efficiency and classification
capability. LightGBM also reached perfect scores but had
slightly longer training (0.0730 seconds) and prediction times
(0.0023 seconds) compared to PSO-LR.

V1. DISCUSSION

This study demonstrates the successful application of
Particle Swarm Optimization (PSO) in optimizing a Linear
Regression (LR) model for calf muscle fatigue classification
using Photoplethysmogram (PPG) signals. The fatigued PPG
signals exhibited notable irregularities and noise,
distinguishing them from the relatively stable non-fatigued
signals. These differences provided a clear basis for feature
extraction, with physiological parameters such as heart rate
(HR), heart rate variability (HRV), and systolic/diastolic peak
values showing distinct patterns between the two conditions.
HRV and the v feature were identified as crucial for the
classification task due to their high feature weights,
indicating their strong influence on the model.

The PSO optimization process was critical in fine-tuning
the LR model, achieving perfect classification accuracy (1.0)
with minimal error. The optimization led to adjusting key
parameters, such as the regularization parameter (C), and
stabilized feature weights, ensuring the model's ability to
classify the fatigued and non-fatigued states accurately. The
rapid convergence of the PSO algorithm, reaching optimal
performance after just 30 iterations, highlights the
effectiveness of the optimization process in enhancing model
efficiency. This demonstrates the potential for PSO to
improve the performance of machine learning models in
fatigue classification tasks.

When compared to other popular machine learning
models, the PSO-LR model outperformed K-Nearest
Neighbors (KNN), Support Vector Machine (SVM),
Convolutional Neural Networks (CNN), and Artificial Neural
Networks (ANN) in terms of classification accuracy, training
time, and prediction time. While KNN and SVM also
achieved high accuracy, the PSO-LR model’s speed and
efficiency, with training and prediction times of 0.0053 and
0.0016 seconds, respectively, set it apart. In contrast, CNN
and ANN struggled with lower accuracy and longer
processing times, underscoring the superiority of the PSO-LR
approach. These findings suggest that PSO-optimized LR
models offer a powerful tool for real-time fatigue
classification, with significant potential for applications in
health monitoring and other domains requiring efficient
signal processing.

Table 3. Current parameter signal transmission and data translation

Model Accuracy  Training Time (s)  Prediction Time (s) Mean Cross-Validation Score  Precision  Recall F1-Score
LR 0.9792 0.0061 0.0028 0.9667 1.00 0.96 0.98
KNN 0.9792 0.0145 0.0305 0.9708 1.00 0.96 0.98
SVM 0.9792 0.0061 0.0032 0.9708 1.00 0.96 0.98
CNN 0.50 90.615 0.7330 0.1292 0.55 0.92 0.69
ANN 0.50 26.893 0.1907 0.2917 0.50 1.00 0.67
LightGBM 1.00 0.0730 0.0023 1.00 1.00 1.00 1.00
PSO-LR 1.00 0.0053 0.0016 1.00 1.00 1.00 1.00
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V. CONCLUSION

This study demonstrates that photoplethysmography
(PPG), coupled with Particle Swarm Optimization (PSO)-
enhanced Logistic Regression (LR), offers an effective and
computationally efficient method for classifying calf muscle
fatigue. Our findings reveal distinct differences in PPG
signals between fatigued and non-fatigued states, with heart
rate variability (HRV) and the minimum diastolic slope (v)
emerging as the most influential features (weights: 12.3747
and 23.9367, respectively). The optimized PSO-LR model
achieved perfect classification accuracy while outperforming
traditional models such as LR, KNN, and SVM (accuracy of
0.9792) in terms of efficiency (training time: 0.0053 s,
prediction time: 0.0016 s), whereas CNN and ANN
performed poorly—likely due to overfitting and limited
training data. Statistical analyses confirmed the significance
of these differences, reinforcing the reliability of the selected
features. Segmenting the signals into 120 one-second
intervals and computing VPG and APG derivatives facilitated
the detection of subtle waveform shifts, such as changes in
systolic and diastolic peaks and APG ratios, which are closely
linked to muscle fatigue. These promising results suggest that
PPG-based fatigue monitoring can be implemented in real-
time wearable devices for applications in sports science,
rehabilitation, and occupational health. However, limitations
such as a modest sample size and potential variability in
sensor placement should be addressed in future studies.
Further research is needed to validate these findings across
diverse populations, explore additional muscle groups, and
tackle practical challenges like motion artifacts and sensor
calibration for robust real-world integration.
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