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ABSTRACT Knee-related conditions, such as anterior cruciate ligament injuries and meniscal ruptures,
significantly affect mobility and quality of life. Although range-of-motion exercises are important for reha-
bilitation, interpreting electromyography signals related to these knee motions remains challenging owing to
the complexity and variability of muscle activation patterns. This study investigated the classification of knee
motion phases (resting, holding, and flexion/extension) by using surface electromyography signals from the
biceps femoris and semitendinosus muscles in subjects with and without knee issues. Electromyography
signals were preprocessed by removing outliers using the median absolute deviation and Kalman filtering.
The motion phases were classified using a Support Vector Machine and Random Forest models within a
subject-independent leave-one-subject-out evaluation framework. For subjects without knee issues, Random
Forest performed with higher classification accuracy than Support Vector Machine for both muscles, with
significant differences confirmed by McNemar’s test (p < 0.05). For subjects with knee issues, both
classifiers performed with comparable mean accuracies of approximately 90% for both muscles, with no
statistically significant difference between models (p > 0.05), despite the Random Forest exhibiting slightly
more temporally coherent time-series segmentation. The results demonstrate that electromyography-based
motion phase classification is feasible under strict subject-independent evaluation. Random Forest showed
greater robustness in healthy subjects, whereas both classifiers performed equivalently under pathological
conditions, enhancing their potential application in intelligent rehabilitation and clinical motion assessment
systems.

INDEX TERMS Electromyography signal, feature extraction, machine learning, random forest, signal
classification, support vector machine.

I. INTRODUCTION

The knee plays an important role in daily routine by enabling
movement, supporting body weight, and maintaining bal-
ance [1], [2]. Flexion and extension allow for limited lateral
and minimal medial rotations. Hence, range of motion (ROM)
exercises are important for enhancing circulation, reducing
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stiffness, and strengthening the surrounding muscles [3], [4].
As alpha motor neurons are responsible for conveying motor
commands from the central nervous system, electromyog-
raphy (EMG) signals provide information regarding muscle
contractions [5], [6], [7], [8]. The quadriceps and hamstrings
are the main stabilizers of the knee, with the hamstrings
(biceps femoris, semitendinosus, and semimembranosus)
contributing to flexion and extension movements [9], [10].
Muscle tension results from contractions triggered by motor
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signals. Gait involves a coordinated sequence of graded
contractions and relaxations of the muscles in both lower
limbs [11]. The EMG signal remains close to zero when the
muscle is at rest or inactive [12]. During prolonged postures,
the EMG signal increased and stabilized during knee exten-
sion. The EMG signal decreases as the knee flexes toward
a 90-degree resting position [8]. The relationship between
changes in flexion and extension angles and knee motion is
illustrated in Fig. 1.

Degree
The subject holds his or her
posture for some period of time
Kneel|extension ,/ Knee flexion

\ Time
Take a break before
starting the next process

Before starting
physical therapy

FIGURE 1. Angle changes with knee activities conducted [13].

Accurate EMG processing is important for classification
because signals are complex and sensitive to noise. Kalman
filters offer a computationally efficient solution for EMG
signal processing. However, precise adjustments are required
to prevent the loss of critical signal information [14], [15].
Kalman filters are superior to Butterworth and lowpass fil-
ters in preserving the original EMG waveform [16], [17],
[18], [19]. When properly tuned, the Kalman filter keeps
the temporal patterns of muscle activity more visible; thus,
it clarifies activation patterns, optimizes feature extraction,
and enhances classification performance.

Traditional EMG preprocessing commonly relies on fixed
band-pass filtering [20], which effectively reduces broadband
noise but neglects transient, high-amplitude spike artifacts
arising from electrode motion, cable disturbances, and inter-
mittent loss of skin—electrode contact [18]. These transient
artifacts can distort short-term signal features and compro-
mise the classifier robustness, particularly for dynamic and
functional movements. Therefore, although band-pass and
Butterworth filters are widely used, they do not explicitly
address spike-induced contamination, which leads to mis-
classification and reduced reliability in EMG-based motion
recognition systems.

Recent studies have shown that the application of Support
Vector Machines (SVM) is highly effective in classifying
EMG signals. The SVM can accurately differentiate complex
patterns in muscle activity by defining the optimal hyperplane
and applying kernel-based methods for feature separation.
These approaches have consistently achieved classification
accuracies exceeding 90% for tasks such as knee-angle
prediction, hand-gesture recognition, and limb-movement
classification [21], [22], [23]. The EMG datasets in these
studies incorporated signals from the vastus lateralis, biceps
femoris, gastrocnemius lateralis, semitendinosus, and tibialis
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anterior muscles, providing comprehensive insights into
lower-limb kinematics [24]. Furthermore, previous research
has recorded and interpreted two-channel surface EMG sig-
nals from the vastus lateralis and vastus medialis muscles
using an EMG sensor during knee extension ROM monitor-
ing [13]. In addition, a previous study classified ten finger
movements using EMG signals from two arm sensors [25].
The Random Forest algorithm was implemented for fea-
ture selection according to the Gini importance. The model
achieved a 97.5% accuracy in hand movement classification
using the most significant features [25]. This study employed
SVM and Random Forest algorithms to classify EMG signals,
demonstrating strong accuracy and reliability [26], [27], [28].

Models such as artificial neural networks, support vector
machines, random forest models, extreme learning machines,
and linear discriminant analysis have demonstrated strong
performances [29], [30]. The SVM achieved accuracies above
90% in classifying various EMG data for monitoring robotic
manipulators [29], [30]. The random forest model achieved
96.3% accuracy in recognizing three simple hand gestures
from 10 subjects by comparing the k-nearest neighbor (kNN),
Discriminant Analysis (DA), Naive Bayes (NB), and SVM
classifiers. Random Forest classifier operates by design-
ing multiple decision trees from random data samples and
determines the final output through majority voting [30].
Convolutional Neural Networks (CNNs) have been employed
as the core method for extracting spatial features from
multi-channel and high-density EMG signals. Advanced
approaches, such as LSTM and GRU, enable the capture
of temporal dynamics of muscle activation sequences [31].
Transformer-based and attention-driven models exhibit a
strong capability to manage long-range temporal dependen-
cies and improve the generalization across different users.
In addition, Graph Neural Networks (GNNs) are utilized to
model the specific spatial relationships between electrodes,
whereas multimodal fusion frameworks mitigate variabil-
ity caused by changes in posture and session timing [31].
Despite their high performance, these deep models remain
computationally intensive and often unsuitable for embedded
and real-time applications. This limitation has motivated the
development of lightweight, adaptive, and resource-efficient
classification approaches [31], [32], [33].

Feature extraction includes waveform length, mean abso-
lute value, root mean square (RMS), standard deviation,
minimum, and maximum, with the latter two identified as
the most significant [34]. The decision tree achieved 100%
training, 99% testing, and 99% validation accuracy among
the five classifiers, including linear discriminant analysis,
logistic regression, decision tree, support vector machine, and
k-nearest neighbor [35]. EMG signals from wearable sensors
were used to classify the six activities using a random forest
classifier for human activity recognition. The holdout method
showed the highest accuracy, 82.08% from left-right biceps
femoris signals, whereas running obtained 89.2% precision
and 88.3% recall when both muscles were combined [36].
In addition, from the decomposed EMG signals, a set of
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complementary features was extracted to capture the ampli-
tude, temporal, and structural characteristics relevant to the
muscle activation patterns. Specifically, the RMS value,
fourth-order autoregressive (AR) model coefficients, wave-
form length, and wavelet-based features have been employed
in previous studies [37], [38], [39].

Previous studies have demonstrated a strong linear rela-
tionship between the mean RMS value of EMG signals
and corresponding muscle contraction amplitudes [40].
High correlations were observed at both the group and
muscle levels, with particularly strong associations in the
limbs. These findings indicate that RMS features reliably
reflect subject-specific muscle activation [40]. Moreover,
time-domain methods, such as AR modeling, capture the
time-varying dynamics of the neuromuscular system during
active contraction. The analysis highlighted that the pre-
diction error variance of the AR model displays temporal
trends that correlate with the muscle force production. They
successfully differentiated healthy, neuropathic, and myo-
pathic signals by estimating temporal trends using first-order
regression [41]. Time—frequency techniques, specifically
wavelet decomposition, address the nonstationary nature
of muscle signals [18]. Wavelets allow the extraction of
frequency-specific information while maintaining temporal
alignment.

Howeyver, several recent EMG-based studies lack a detailed
explanation of feature extraction and signal processing
[42], [43]. Furthermore, previous EMG signal analyses
lacked clarity in outlining the steps and features implemented
for classification [21], [44]. This study proposes the devel-
opment of a spike-aware EMG preprocessing framework
that selectively removes transient impulsive artifacts using
robust statistical detection and Kalman filtering, while pre-
serving physiological muscle-activation dynamics to enhance
feature-extraction and motion-phase classification accuracy.
EMG data from individuals with and without knee issues
were analyzed to establish a reliable baseline and evalu-
ate the robustness of the model. Although deep learning
approaches have shown high performance in EMG clas-
sification [31], these models are often limited by their
reliance on large-scale datasets, high computational latency,
and intensive hyperparameter optimization [33]. This makes
it difficult to apply subject-independent scenarios and spe-
cific knee motion studies with limited data. Additionally,
this study aimed to classify knee motion phases, specif-
ically resting, holding, and flexion/extension, using EMG
signals recorded from the biceps femoris and semitendi-
nosus muscles and compared the performance of SVM and
Random Forest classifiers across healthy and knee-impaired
subjects.

The EMG preprocessing approach and feature extraction
methods are described in Section II. A performance compar-
ison between the Support Vector Machine and the Random
Forest Classifier is provided in Section III, while the results
are discussed in Section IV.
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Il. METHODOLOGY

A. EMG SIGNAL OF KNEE FLEXION AND EXTENSION

The EMG data utilized in this research were obtained from
the UCI Machine Learning Repository and administered by
Creative Commons Attribution 4.0, which allows the use of
data with proper citations [45]. The dataset consisted of signal
recordings from 22 male subjects aged 18 and above, with
11 individuals with knee issues, including anterior cruciate
ligament (ACL) injuries, meniscal ruptures, and sciatica pain,
and 11 without knee issues [46]. Data were collected from
four surface electromyography (SEMG) channels, includ-
ing the rectus femoris, biceps femoris, vastus medialis, and
semitendinosus, along the goniometer channel. The subjects
performed three physical tasks: walking, seated leg exten-
sion, and upward leg flexion. These tasks are common daily
rehabilitation activities that do not require external equip-
ment. The exercise focused on in this study was seated leg
extension [45]. The sSEMG signals were standardized to zero
mean and unit variance to prevent overfitting and to accelerate
model convergence during training.

In this study, surface EMG signals were recorded from the
biceps femoris and semitendinosus muscles of both healthy
subjects and subjects with knee-related issues to classify
knee flexion/extension, resting, and holding phases. These
two muscles were selected because they exhibit the most
stable and distinct EMG signal patterns among the mus-
cles evaluated in this study. Each dataset was required to
contain observable cycles of resting, flexion/extension, and
holding to identify temporal changes in EMG activity and
meet the study requirements. The datasets had to be suffi-
ciently long to fully represent complete movement cycles,
particularly for the holding phase, which usually occurs
over a short duration and is more difficult to map and
affects classification accuracy. Datasets containing excessive
spikes and artifacts that obscured the clarity of the motion
cycles were excluded to ensure reliable classification of the
flexion/extension and holding phases. For example, EMG
recordings from the biceps femoris and semitendinosus mus-
cles of the ninth and tenth healthy subjects were excluded
because the datasets were insufficient in length and failed to
exhibit clear cyclic patterns corresponding to resting, flex-
ion/extension, and holding. Fig. 2a shows the EMG signal of
the biceps femoris of Subject 9. These recordings exhibited
relatively uniform energy levels, providing little meaningful
information for classification. Semitendinosus muscle data
from the second knee-related issue subject in Fig. 2b were
excluded because of severe signal spikes that prevented reli-
able cycle interpretation. After applying the inclusion and
exclusion criteria, 39 EMG datasets of the biceps femoris and
semitendinosus muscles were obtained.

Motion-phase labels were generated using a data-driven,
unsupervised labeling strategy. After spike removal and
Kalman filtering, the EMG signal is segmented into fixed-
length windows. The comprehensive feature set for each
window was extracted, including time-domain statistics,
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FIGURE 2. Representative EMG signals excluded from analysis: (a) Healthy Subject 9, (b) Knee-Issue Subject 2.

AR coefficients, and wavelet energy features to capture
different aspects of muscle activation. K-means clustering
(k = 3) was implemented only on the training windows to
identify the distinct EMG activation patterns. These clusters
were subsequently mapped to the resting, flexion/extension,
and holding phases by ranking the cluster centroids based
on the mean activation levels, with lower activation cor-
responding to rest and higher activation corresponding to
movement-related states. The test windows were labeled by
assigning them to the nearest training cluster centroid to
avoid data leakage. The simple temporal constraints were the
correct physiological transitions between phases, ensuring
consistency with expected biomechanical motion sequences.

B. NOISE FILTERING VIA SPIKE REMOVAL AND KALMAN
FILTERING
Before any simulation started, all previous outputs, variables,
and figures were cleared to establish a controlled experimen-
tal environment, preventing residual data from influencing
the subsequent analyses and visualizations. All random pro-
cesses were initialized with a fixed seed to ensure consistent
and repeatable results across the iterative runs.
High-amplitude impulsive spikes are frequently observed
in surface EMG recordings in the dataset because of inher-
ent noise sources such as motion artifacts, electromagnetic
interference, and muscle crosstalk [47]. Although these arti-
facts are brief and non-physiological, failing to mitigate
them can distort feature extraction and significantly degrade
classification performance. A robust, window-based spike
detection and interpolation strategy was employed. The EMG
signal was segmented into non-overlapping windows of
fixed length, consistent with the feature extraction window.
Surface EMG signals were acquired at a sampling frequency
of 1000 Hz, which was sufficient to capture the full spectral
content of lower-limb muscle activity. Each window was
processed independently to maintain the local signal statistics
and avoid temporal smearing across segments. In this study,
the window size was varied from 200 to 600 samples, with
increments of 10 samples per trial, to determine the optimal
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window length. The maximum duration of transient impulse
artifacts was evaluated at two thresholds, 10 and 20 samples,
for each window size tested within the 200 to 600 sample
range. However, when the EMG signal is free from noise
and spikes, it can be analyzed using a wide range of window
sizes. By contrast, the presence of significant noise and spikes
restricts the range of usable window sizes.

Median absolute deviation (MAD,,) for each window in (1)
was insensitive to large outliers. This property makes it suit-
able for EMG signals, in which large but sparse artifacts
can inflate classical statistical measures and lead to excessive
signal distortions.

MAD,, = |x,, [n] — 5| 1)

Xy = The median of the EMG signal
The samples were labeled as abnormal when they
surpassed the scaled MAD threshold defined in (2).

lxy [n] — x| > 5 x MAD,, @

A scaling factor of five was selected to ensure high sen-
sitivity to impulsive artifacts while minimizing the risk of
false detection of physiologically meaningful EMG bursts.
This adaptive thresholding method automatically adjusts to
local signal amplitude variations and eliminates the require-
ment of manually tuned global thresholds. The detected
outlier samples were grouped into contiguous segments to
isolate transient spikes from physiological muscle activ-
ity effectively. The identified spikes were replaced using
piecewise cubic Hermite interpolating polynomial (PCHIP)
interpolation based on neighboring valid samples. In stan-
dard spline techniques, the PCHIP interpolation preserves
the natural morphology of the EMG signal without intro-
ducing an overshoot or oscillations. It can perform down-
stream feature extraction because the amplitude distortion
introduced by conventional filtering methods can bias the
features.

The Kalman filter minimizes the mean squared error when
estimating the state of a dynamic system using noisy and
uncertain measurements. It operates in two main phases:
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prediction and update. In the prediction step, the filter esti-
mates the next system state and its corresponding error
covariance based on the previous state estimate and the sys-
tem model. External control inputs were not considered for
the EMG signal processing. Hence, only the state transition
model and process noise are used to predict the state and error
covariance.

In the update step, new measurement data were incorpo-
rated to refine the predicted state. Residual measurements
were computed to determine the difference between actual
and predicted measurements. The innovation covariance is
calculated to account for the measurement uncertainty, fol-
lowed by the computation of the Kalman gain. It balances the
influence of the prediction and measurement. The predicted
state estimate and error covariance were updated using the
Kalman gain. The first-order Kalman filter attenuates residual
high-frequency noise while retaining the temporal structure
of the EMG signal.

The process noise covariance, Q, was set to a small fraction
(0.001) of the signal variance to promote smooth tempo-
ral behavior while preventing excessive attenuation of true
muscle activation.

The measurement noise covariance, R, was set propor-
tional to the variance of the observed EMG signal (scaled
by 0.1), representing the combined effects of sensor noise,
motion artifacts, and residual interference. This choice

ensures that the filter places greater confidence in the esti-
mated latent state than in individual noisy measurements.

The relative scaling between Q and R (with R> Q) was
selected to achieve stable smoothing behavior and preserve
the EMG burst morphology while effectively reducing noise
across all subjects. Because the Kalman filter was used
solely as a preprocessing step rather than a predictive model,
further parameter optimization was not performed to avoid
overfitting and signal distortion.

C. NORMALIZATION AND FEATURE EXTRACTION

Knee motion is categorized into resting, flexion/extension,
and holding at specific angles based on the EMG signal. Fig. 3
shows a flowchart of the EMG signal classification. Normal-
ization using the min-max method scales the EMG data to the
[0,1] range. This normalization promotes consistency among
features without altering their relative magnitudes in (3) while
also limiting the influence of outliers and placing all fea-
tures on a common scale. Moreover, an appropriate window
size is selected for the EMG signal, x, because different
signals require different window lengths to achieve reliable
classification.

Different datasets require appropriate window sizes for
the classification. Although certain datasets achieve a high
classification accuracy across multiple window sizes, others
are restricted to a limited range. The usable window size
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FIGURE 3. Flowchart of the classification of EMG signal using support vector machine (SVM) & random forest.
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depends on the degree of the EMG signal fluctuation. Larger

time windows help smooth out rapid variations, but obscure

short muscle contractions. Smaller window sizes capture

transient muscle bursts more accurately but increase sensi-

tivity to noise. x,, implies the normalized EMG data.
x—min(x)

3

o = max (x) —min(x)

Feature extraction involves transforming raw data into
useful features that reflect the underlying structure of the
muscle activity. The features applied in this study were the
root mean square (RMS), standard deviation, maximum and
minimum values, robust minimum (5th percentile), waveform
length, autoregressive (AR) model coefficients (order 4), and
wavelet-based energy features (order 4).

RMS (Feature 1) provides a stable estimate of the EMG
amplitude and is robust to zero-mean fluctuations. Dur-
ing rest, RMS values were minimal, while holding, RMS
remained moderate and stable. During flexion/extension,
RMS increases notably because of dynamic muscle acti-
vation. The standard deviation (Feature 2) represents the
variability in the muscle activity related to dynamic contrac-
tions. A high standard deviation indicated greater fluctuations
in muscle activity, particularly in relation to movement and
transitions. Conversely, a low standard deviation indicates
steadier muscle states, such as holding and resting.

The maximum value (Feature 3) is aligned with bursts of
muscle activity, such as strong contractions during intense
muscle actions. The maximum value detects moments of high
exertion, particularly during rapid muscle contraction. These
are characteristic of the flexion/extension phases.

The minimum value classifies periods of minimal muscle
activity, whereas the true minimum is highly sensitive to
residual noise and artifacts. The 5th percentile (Feature 4)
offers a robust lower-bound estimate of the baseline activity,
enhancing stability across subjects and trials.

Waveform length (Feature 5) indicates the cumulative
length of the EMG signal within a window. More intense
activities, such as sustained contractions, result in a higher
waveform length compared with less active and relaxed
states. A low waveform length is a strong indicator of muscle
stability when differentiating between flexion/extension and
resting phases.

The AR model of order four (features 6-9) offers an
effective trade-off between the representational power and
overfitting. AR coefficients capture variations in signal
dynamics across different motion phases without requiring
an explicit Fourier-based analysis. Equation (4) shows the
windowed EMG signal sample at a discrete time index, x,, [7],
model order, p, AR coefficients, ay, log index, k, and residual
noise, e [n].

p
X[l =D ax,[n—kl+eln], p=4 €
k=1
The Discrete Wavelet Transform (features 10-13) using

the Daubechies-4 (db4) wavelet decomposes the EMG signal
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into multiple frequency subbands, enabling joint time—
frequency analysis. The energy of each subband reflects
frequency-specific muscle activation patterns: low-frequency
components correspond to sustained contractions, while
high-frequency components represent rapid muscle activation
during flexion/extension. Flexion and extension use the same
features and patterns during classification; therefore, they
were not classified in this study.

Each EMG window is represented by a 13-dimensional
feature vector consisting of amplitude-based features (RMS,
maximum value, and robust minimum at the Sth percentile),
variability and complexity measures (standard deviation
and waveform length), parametric spectral descriptors (AR
coefficients), and time—frequency energy features (wavelet
subband energies). The different motion phases exhibited
distinct EMG signatures:

o Resting:
Low RMS, low standard deviation, minimal waveform
length, and low wavelet energy across all bands

« Holding:
Moderate RMS, low variability, stable AR coefficients,
and dominant low-frequency wavelet energy

« Flexion/Extension:
High RMS, high standard deviation, waveform length,
distinct AR patterns, and elevated high-frequency
wavelet energy

The feature importances of SVM and Random Forest was
visualized through graphs to understand the contribution of
each feature to EMG signal classification across different
models. Because the SVM classifier utilizes a nonlinear
Radial Basis Function (RBF) kernel, the resulting model
lacks explicit feature weights for direct interpretation. Feature
relevance randomly shuffles the values of a single feature in
the test set while keeping all others constant and measures the
decrease in classification accuracy. The features that caused
the most significant decline in performance were identified
as the primary drivers of the decision-making process of the
model.

Random Forest calculates feature importance by mea-
suring the contribution of each feature to reduce the
classification error. It uses permutation importance, where the
values of a feature are shuffled, and the increase in prediction
error is measured, as shown in (5). T is the number of trees in
the ensemble. AEy ; represents the increase in error caused
by permutation feature (f) in tree (¢). Feature importance
was averaged over all trees in the forest to provide a reliable
assessment. An increase in error upon permuting a feature
indicates that the feature is more important for accurate
classification.

1 T
Importance; = T Zl:l AEy, 5)

D. STANDARDIZATION OF FEATURES AND K-MEANS
CLUSTERING

Standardization (z-score scaling) transforms each feature to
have a mean of zero and standard deviation of 1. This enabled
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each feature to contribute equally to the model. Larger-scales
features could dominate the analysis without standardization,
preventing the model from detecting meaningful patterns.
This process improves the performance of machine learning
algorithms by eliminating the bias caused by varying the
feature scales. This helps the gradient-based optimization
methods converge more efficiently.

The EMG feature windows were split before clustering and
model training using a time-ordered hold-out strategy. All
overlapping windows remained within the same range. The
dataset was partitioned sequentially without shuffling. The
first 80% of the time-ordered windows were used for training,
and the remaining 20% were reserved for testing. Feature
extraction in (6) was performed using non-overlapping win-
dows of a fixed length, ensuring that the adjacent samples
were statistically independent and that no raw EMG samples
were shared between the training and testing sets. xj is the
feature vector, L is the window length, and k is the window
index.

xp= D0y [k — 11L+1 : kL]) ©6)

The Leave-One-Subject-Out (LOSO) cross-validation
strategy was applied to ensure that the model evaluation
reflects genuine generalization across individuals. Each sub-
ject was completely excluded from training once, and testing
was performed on this subject. This prevents shared EMG
statistics, muscle patterns, or motion signatures from affect-
ing the classifier. This ensures that the evaluation reflects true
generalization across individuals.

The motion-phase labels were generated using a data-
driven unsupervised labeling strategy applied exclusively to
the training data. K-means clustering was performed with
K=3, based on physiological considerations of lower-limb
EMG activity. No test samples were included in the clustering
process, thereby preventing any form of label leakage or
information transfer from the evaluation set. Within each
subject, the feature windows may overlap, but LOSO ensures
that no overlapping windows exist between subjects, thereby
avoiding cross-subject leakage. Centroids for clustering and
statistical normalization were computed and limited to train-
ing subjects, and the test subjects remained completely
unseen.

The resulting groups were mapped to meaningful motion-
phase classes based on the mean EMG activation level of
each cluster centroid. Clusters were categorized based on
their average activity levels, such that the cluster with the
lowest mean activation was assigned to resting, the inter-
mediate cluster to holding, and the highest-activation cluster
to movement in (7). This mapping introduces physiological
interpretability rather than supervision. This ensured that the
final evaluation was untainted and unbiased by keeping the
test data separate. ji,, is the m-th component of the centroid
vector for cluster k, d is the feature dimensionality, and m is
the feature index.

_ 1 d
M= e ™
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Each test feature vector was categorized by mapping it
to the nearest training centroid using the minimum-distance
criterion. The test data remained completely unseen, thereby
removing label leakage and maintaining the integrity of the
evaluation protocol by freezing centroids learned from the
training set. The feature vector for the i-th data point is
assigned to cluster j. Equation (8) shows the formula for
cluster j, where puy is the centroid of the kth cluster. x; is the
data point.

j = argming| [x; — wil * ®)

Once the motion-phase labels were established, super-
vised classifiers (SVM and Random Forest) were trained
using the labeled training data. Model evaluation was con-
ducted using a held-out test set. This design produced a
clear two-stage learning pipeline: (1) unsupervised, phys-
iologically grounded label generation using training data
only, followed by (2) supervised classification and unbiased
testing. This structural separation ensures that the high classi-
fication accuracy reflects genuine model generalization rather
than being inflated by data leakage, clustering bias, or inci-
dental correlations between sets. Let the dataset be denoted as

D = {(xi, v}, ©))

where y; denotes the corresponding motion-phase label.

The dataset is partitioned into distinct training and test-
ing subsets. Inverse-frequency class weighting is applied
within the SVM optimization to recognize the imbalanced
distribution of motion phases in EMG data as resting states
occur more frequently than active states. This approach
assigns higher penalties for misclassifying minority classes,
such as holding and dynamic movements. This prevents the
model from developing a bias toward the dominant resting
phase. The classifier achieved more balanced performance
and maintained a greater number of classifiers.

Equation (10) delineates the weighted loss minimization
in the SVM. &; is a slack variable that allows misclassifi-
cation. C is a regularization parameter that calibrates the
trade-off between margin maximization and error minimiza-
tion. w; represents the class-dependent weight assigned to
each sample and is typically derived from the inverse fre-
quency of each class. Misclassification errors from minority
classes incur more substantial penalties than those from the
majority of resting classes.

1 2 N
min Sl +C > wiki (10)
subject to : y; (wai +b) >1-&i,§>0 (11)

Both classifiers employed inverse-frequency class weight-
ing to handle the naturally imbalanced distribution of motion
phases in EMG data. These weights were embedded into
both the SVM and Random Forest training objectives, ensur-
ing that the minority motion phases (holding) retained their
diagnostic significance and are not overshadowed by the
dominant resting class.
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Systematic hyperparameter tuning was performed by using
a held-out validation strategy. Hyperparameter optimization
was performed on the training data, whereas the final assess-
ment was conducted on the unseen test set. The box constraint
parameter C € {0.1,1,10} and kernel scale € {0.1,1,10}
for the SVM classifier were systematically explored. The
trained model was evaluated by using a held-out test set for
each hyperparameter combination. The configuration with
the highest classification accuracy is selected as the optimal
model. Furthermore, the Random Forest classifier was eval-
uated by varying the number of decision trees {50,100,200}.
Each forest used bootstrap aggregation with majority vot-
ing for the final predictions, ensuring a fair and consistent
comparison across both the classification frameworks.

E. SUPPORT VECTOR MACHINE (SVM) AND RANDOM
FOREST

The classification framework leverages SVMs to identify
an optimal hyperplane for class separation. The input data
are mapped into a high-dimensional feature space, allowing
the decision boundary to be implicitly defined by support
vectors rather than by an explicit weight vector by employing
kernel functions. The error-correcting output code (ECOC)
approach trains multiclass models by decomposing multi-
class problems into multiple binary classification problems
and increasing the accuracy and error tolerance. Each binary
classifier was trained using a specific subset of the dataset,
and its individual outputs were subsequently integrated to
produce the final prediction. SVM uses the one-vs-all method
to learn a hyperplane for each class. Multiclass classifica-
tion decomposes the three-class problem into multiple binary
SVM classifiers by using a one-versus-all strategy. All binary
classifiers evaluate the sample, and the class with the highest
confidence is selected. The SVM model uses each feature
vector, applies a decision function, and assigns it to the class
with the highest score among the binary classifiers.

Random Forest creates multiple decision trees and com-
bines their predictions to enhance the classification accuracy
and reduce overfitting. Decision trees recursively split data
into subsets based on feature values, with each internal node
representing a decision and each leaf node representing a
class label. The criteria for splitting nodes in decision trees
are the Gini index and the entropy. Equation (12) calculates
the Gini index at node. p; denotes the probability of class i at
node. The Gini index calculates the impurity level of a node.
It reaches 0 when all samples belong to one class (pure) and
reaches a maximum when the classes are evenly distributed.
A high Gini index indicates a lack of clear separation, sug-
gesting that the resulting split offers minimal information
gain. Conversely, a lower Gini index signifies a greater node
purity, confirming that the selected feature effectively dis-
criminates between classes and yields a more homogenous
partition.

.. L
Gini=1 — Di (12)

i=1
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Node entropy, as defined in Equation (13), provides a quan-
titative measure of the information gain achieved at each split.
Entropy equals 0 as the node achieves perfect homogeneity.
The elevated entropy levels signify a high degree of class
diversity, requiring further splittings to reduce the uncertainty
within the EMG signal classification.

k
Entropy = > pilog; (i) (13)

A random subset of the training data is selected by replace-
ment to train each tree. If there were N samples in total,
each tree was trained on N samples. At each split in the tree,
only a random subset of features is evaluated at each decision
node. This dual-randomization strategy ensures that each tree
remains unique. Random Forest aggregates these independent
predictions through a majority voting consensus in (14).

y=mode (h; (x), ..., hr (x) (14)

Random Forest is equally robust when configured for
regression tasks. The model generates a continuous output
by calculating the arithmetic mean of all the individual tree
predictions in (15). Ensemble averaging effectively reduces
the variance and stabilizes the final estimate.

R 1 T
F= 2 (15)

The Random Forest model utilizes bootstrap sampling to
cultivate an ensemble of diverse learners, which collectively
predict class labels for each input sample. Predictions are
made through averaging, making Random Forest resilient
against overfitting and effective for EMG signal classifica-
tion. Class weights were embedded into the SVM hinge-loss
objective and Random Forest split criteria. This adjustment
neutralized the inherent bias toward the dominant resting
state. Both models were trained using identical LOSO splits
with the same features. This standardization ensures that
any performance disparities are a direct consequence of the
underlying model architecture rather than artifacts in the data
distribution.

F. PERFORMANCE EVALUATION

The Random Forest and SVM models were compared
through a multi-faceted assessment, utilizing the feature
importance and performance data detailed in Table 1. The
McNemar test was employed to ensure that the observed
differences in accuracy represented statistically significant
shifts in predictive behavior rather than random variation.

IIl. RESULTS AND DISCUSSION

The EMG signal dataset was collected from subjects with
and without knee issues. Representative subjects from each
group were selected to illustrate the comparison between
the original and filtered signals, feature importance analysis,
and performance comparison between the SVM and Random
Forest classifiers. For all 39 subjects, the biceps femoris
and semitendinosus muscles were analyzed and presented in
terms of per-subject LOSO accuracy, overall classification
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FIGURE 4. Comparison between the original and filtered EMG signal: (a) Healthy subject 3, (b) Knee-Issue subject 2, (c) Knee-Issue subject 10.

TABLE 1. Result presentation format.

Result element Display format
Original vs  filtered EMG Figures
comparison

Feature importance Bar plot

SVM  vs Random  Forest Figures
comparison

Per-Subject LOSO Accuracy Figures

Overall classification performance  Tables (mean + standard deviation)
accuracy

McNemar’s test Text

accuracy, and statistical significance evaluated using McNe-
mar’s test.

A. COMPARISON OF ORIGINAL AND FILTERED EMG
SIGNALS

Fig. 4 shows the original and filtered EMG signals for
different subjects. Three subjects were selected for com-
parison of the filtered EMG signal with the original EMG

Feature Importance

signal. EMG data for subjects 3 and 10 were obtained
from the semitendinosus muscle, whereas data for subject 2
were acquired from the biceps femoris muscle. The median
absolute deviation estimates the dispersion without being
influenced by the spikes. Most spikes and noise were removed
because the median absolute deviation-based outlier rejec-
tion eliminated impulsive artifacts, whereas the Kalman filter
attenuated stochastic high-frequency noise through recursive
optimal state estimation. Thresholding at 5 x MAD flags only
extreme deviations, which detects impulsive artifacts and
replaces them using local shape-preserving interpolation. The
Kalman filter attenuates Gaussian noise, minor fluctuations,
and high-frequency jitter, thereby creating a smoother signal
while suppressing high-frequency signals.

B. SUBJECT WITHOUT KNEE ISSUES FOR THE BICEPS
FEMORIS AND SEMITENDINOSUS MUSCLE

Based on Fig. 5, the feature importance distributions obtained
from the SVM and Random Forest models were highly simi-
lar; therefore, only one representative feature importance plot
was presented for different subjects.
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FIGURE 5. Feature importance of healthy subject: (a) semitendinosus subject 1, (b) semitendinosus subject 3, (c) biceps femoris subject 4.
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FIGURE 6. Comparison between random forest and SVM: (a) semitendinosus subject 1, (b) semitendinosus subject 3, (c) biceps femoris subject 4.

Feature importance reflects the contribution of each feature
to the classifier’s decision-making process. Muscle activation
patterns exhibit significant inter-subject variability, driven by
unique signal characteristics. As illustrated in Figs. 5a and 5b,
the feature importance distribution was relatively balanced,
indicating that the classifier leveraged a synergistic combi-
nation of descriptors rather than a single dominant variable.
Motion phases are separable through the multi-dimensional
representations of amplitude, temporal, and spectral data.
However, the RMS value and AR coefficients showed lower
importance scores owing to the similar average muscle acti-
vation levels across motion phases and the limited differences
in short-term temporal dynamics between classes.

Fig. 5c reveals that Feature 2 (standard deviation) emerged
as the primary contributor to classification of the motion
phases. Subject 4 demonstrated a clearer separation between
the holding, resting, and flexion/extension phases, likely due
to highly distinct motion transitions. Subject 4 exhibited
more well-defined motion phases than those in Figs. 5a
and 5b, which contained more noise during classification,
resulting in improved discriminative clarity. The time-series
comparison in Fig. 6 maps the SVM and Random Forest
predictions directly onto the normalized EMG signal. The
plots highlight different signal segments, colored based on
the predicted class, such as resting, flexion/extension, and
holding, providing insight into muscle activity dynamics over
time. These figures show a direct comparison between the
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models, showing that each model classifies various EMG
segments.

As illustrated in Fig. 6, the SVM model misclassifies a
small fraction of the flexion/extension phase as the resting
phase. In addition, a minor portion of the resting phase is
misidentified as an active flexion/extension. This clustering
overlap highlights a subtle boundary ambiguity between the
minimal active movement and the true static phases. The
Random Forest model performed better, with more accurate
and distinct segmentation of the EMG signal phases, making
it more suited for the task than the SVM model. The Random
Forest model demonstrates a more accurate and stable clas-
sification, with a clear segmentation between the activity
and non-activity states. The transitions between classes were
more aligned with expected muscle activity patterns.

TABLE 2. LOSO classification accuracy and MCNEMAR'’S test results for
SVM and random forest.

Models Biceps Semitendinosus
femoris
Overall SVM 81.79% £  75.99% + 15.58
classification 12.10
performance
accuracy Random 88.59% + 82.50% =+ 13.49
forest 9.30
McNemar’s test 0.0422 0.0072
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FIGURE 7. Per-subject LOSO Accuracy (a) biceps femoris (b) semitendinosus.

Joint angle measurements were used solely to derive
physiologically meaningful motion-phase labels, whereas
classification accuracy was computed by comparing the
EMG-based predictions against these angle-derived reference
labels.

Certain subjects exhibited lower classification accuracy
owing to signal noise and discrepancies between the EMG-
based classification and corresponding joint angle measure-
ments. While the recorded joint-angle signals are smooth
and exhibit minimal fluctuation, EMG signals reflect the
underlying neuromuscular activation, which does not always
directly correspond to joint kinematics or limb position.
Consequently, EMG activity varies even when the joint
angle remains constant, leading to unavoidable misclassifica-
tions in certain motion phases. This physiological mismatch
between muscle activation and joint kinematics contributes
to the classification ambiguity and highlights the inherent
challenges of EMG-based motion phase recognition.

The lower standard deviation observed for Random Forest
indicates more stable generalization across subjects, whereas
the larger variability for SVM suggests greater sensitivity to
inter-subject EMG differences. The Random Forest consis-
tently outperformed the SVM for both muscles, achieving
higher mean accuracy and lower inter-subject variability
(Table 2). McNemar’s test revealed statistically signifi-
cant differences between the classifiers for both muscles
(p < 0.05), confirming that the observed performance gains
were not attributable to chance. These results demonstrate the
robustness of Random Forest for EMG-based motion phase
classification in subject-independent settings.

Fig. 7 shows the per-subject LOSO accuracy for the
semitendinosus and biceps femoris. Accuracy was computed
solely by comparing the predicted labels with angle-derived
labels at the window level. It is used only to generate motion-
phase labels, which are then treated as ground-truth targets to
evaluate classification accuracy. Joint angle signals were used
for motion-phase labeling and were not provided as input
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features to the classifiers. Across both muscles, Random
Forest achieved higher mean classification accuracy than
SVM under the subject-independent LOSO evaluation pro-
tocol.

C. SUBJECT WITH KNEE ISSUES FOR THE BICEPS
FEMORIS AND SEMITENDINOSUS MUSCLE

Figs. 8a and 8b demonstrate a relatively uniform distribution
of feature importance, indicating that the classification relies
on a combination of multiple features. The comparatively
lower contribution of the RMS and fourth-order AR coeftfi-
cient is attributed to the similar mean activation levels across
motion phases. Fig. 8c reveals a pronounced dominance
of standard deviation, implying that the EMG signal vari-
ability differs substantially between motion phases, thereby
enhancing its discriminative power.

The time-series plots in Fig. 9 compare the predictions of
the SVM and Random Forest models for the normalized EMG
signal. Different segments of the signal are colored accord-
ing to the predicted class, representing muscle activity over
time. This visualization facilitates side-by-side assessment
of the two models to distinguish between physiological rest
and active muscle states. SVM incorrectly classified a small
segment of the flexion/extension phase as the holding phase.
A minor portion of the resting phase is misidentified as active
flexion/extension. The Random Forest model shows coherent
segmentation and is more accurate at classifying different
states (Resting, Holding, Flexion/Extension) than the SVM
model, making it better suited for the task. The divergence
in the results highlights the advantage of Random Forest
ensemble-based voting over SVM hyperplane optimization
when processing complex, imbalanced signal characteristics
inherent in this study.

The performance of SVM remains highly contingent on
the precise calibration of the kernel function, regularization
parameters, and class-weighting schemes. Random Forest
demonstrates superior handling of non-linear dependencies
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and class skew, largely because of its ensemble-based logic.
This reduces overfitting and enhances generalization across
varied signal profiles by aggregating the outputs of the
diverse decision trees. Fig. 10 shows the per-subject LOSO
accuracy for the biceps femoris and semitendinosus in the
SVM and Random Forest classifiers. Both models achieved
robust performance, with classification accuracies consis-
tently surpassing the 80% threshold, as shown in Fig. 10a.
The extracted EMG features from the biceps femoris contain
sufficient discriminative information for knee issue classi-
fication. Random Forest consistently demonstrated higher
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accuracy than SVM for the majority of subjects, reflecting
its ability to capture nonlinear relationships and feature
interactions inherent in EMG signals. Subjects S3, S5, S7,
and S8 reached accuracies close to 95%, reflecting highly
stable muscle activation patterns and a strong correlation
between EMG features and knee movement states (Fig. 10a).
Moreover, the lower accuracies for subjects S1 and S6 were
caused by elevated noise levels and transient motion artifacts
that obscured the underlying activation patterns. Overall, the
Random Forest classifier demonstrated a performance com-
parable to that of the SVM for most subjects. Random forest
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FIGURE 10. Per-subject LOSO Accuracy (a) biceps femoris (b) semitendinosus.

achieved noticeably higher accuracy for subjects S4, S6, and
S8, suggesting better robustness to nonlinearity and feature
interactions in the EMG signals, as shown in Fig. 10b. How-
ever, for a few subjects, such as S1 and S10, SVM marginally
outperforms Random Forest, indicating that margin-based
decision boundaries are still effective when EMG patterns
are relatively consistent, as shown in Fig. 10b. The lower
accuracy observed at S6 and S9 can be attributed to EMG
noise and the weaker correspondence between muscle acti-
vation and joint kinematics. Although the knee joint angle
signal remained smooth, the EMG reflected neuromuscular
activation. This mismatch can lead to ambiguous feature
distributions and increased misclassification.

TABLE 3. LOSO classification accuracy and MCNEMAR'S test results for
SVM and random forest.

Models Biceps Semitendinosus
femoris
Overall SVM 89.94% £ 90.15%+6.04
classification 6.51
performance
accuracy Random 90.35% £ 90.28% +5.23
forest 8.72
McNemar’s test 0.8388 0.8597

Table 3 summarizes the subject-independent classification
performance of the SVM and Random Forest classifiers for
the biceps femoris and semitendinosus muscles using the
LOSO evaluation framework. Both classifiers achieved high
and comparable accuracies for both muscles. For the biceps
femoris, SVM and Random Forest yielded mean accura-
cies of 89.94% £ 6.51 and 90.35% =+ 8.72, respectively.
Similarly, for the semitendinosus muscle, SVM achieved
90.15% =+ 6.04, while RF achieved 90.28% =+ 5.23. These
results indicate that the extracted EMG features are highly
informative for knee-related classification tasks and can
be generalized across subjects. The results in Tables 2
and 3 are obtained using the LOSO evaluation framework.
Classification accuracy is defined as the percentage of
correctly classified EMG windows relative to the ref-
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erence motion-phase labels. All values are reported as
mean = standard deviation across subjects. Cross-paper com-
parisons are inherently constrained by variations in hardware
platforms, data acquisition setups, signal processing tech-
niques, precision levels, and experimental workloads across
different studies. Therefore, these comparisons should be
interpreted as indicative rather than directly equivalent.
Small standard deviations indicate stable performance
across individuals, even when accounting for the inherent
physiological variability in EMG amplitudes between sub-
jects. Although the Random Forest maintained a marginal
lead in the mean accuracy across both muscle groups, the per-
formance difference between the two classifiers was minimal.
Both margin-based (SVM) and ensemble-based (Random
Forest) learning approaches demonstrated a clear systematic
advantage in terms of the overall accuracy under the LOSO
evaluation. McNemar’s test was conducted on the pooled
LOSO predictions. McNemar’s test of pooled predictions
yielded p-values for the biceps femoris (p = 0.8388) and
semitendinosus (p = 0.8597) muscles, that far exceeded the
« threshold of 0.05. There were no statistically significant dif-
ferences between the two classifiers in either muscle groups.
Therefore, the null hypothesis that both models exhibit
equivalent classification performances cannot be rejected.
While the Random Forest displayed superior temporal
coherence to produce a more stable segmentation of motion
phases in the time-series analysis, the qualitative edge did not
convert into a statistically significant quantitative advantage
under LOSO cross-validation. Both the SVM and Random
Forest models achieved comparable mean accuracies with
remarkably low inter-subject variance across the biceps
femoris and semitendinosus muscle groups. Qualitative dif-
ferences in time-series behavior are localized boundary
artifacts that are visually distinct and exert a negligible
influence on aggregate window-level accuracy metrics.

IV. CONCLUSION

This study successfully developed an EMG-based motion
phase classification for subjects with and without knee issues
using signals acquired from the biceps femoris and semitendi-
nosus muscles. Signal preprocessing for the combination
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of median absolute deviation-based impulsive artifact rejec-
tion with Kalman filtering suppresses transient spikes and
high-frequency noise while maintaining physiological signal
morphology.

Feature importance analysis indicated that classification
performance was not driven by a single dominant descriptor
but emerged from the synergistic contribution of multiple
feature domains. However, in several subjects, standard devi-
ation emerged as a dominant contributor, indicating that
variability in muscle activation is a key discriminative fac-
tor for motion phase recognition. In addition, the RMS
and higher-order autoregressive coefficients exhibited lower
importance when the mean activation levels and short-term
temporal dynamics were similar across motion phases. This
highlights the necessity of a holistic feature set that cap-
tures both the intensity and the underlying variability of
neuromuscular activity.

The Support Vector Machine reached mean LOSO accu-
racies of 81.79% = 12.10 for the biceps femoris and
75.99% =+ 15.58 for the semitendinosus, whereas the Random
Forest achieved 88.59% =+ 9.30 and 82.50% =+ 13.49, respec-
tively, for subjects without knee issues. McNemar’s test
confirmed a statistically significant divergence in perfor-
mance (p < 0.05), favoring the Random Forest over the
margin-based alternative. More sophisticated management of
inter-subject variability and high-dimensional feature inter-
dependence was achieved by the intrinsic stochasticity of
the ensemble approach. The model produces more stable
classification outputs with reduced uncertainty at the decision
boundaries. This enables true resting periods to be distin-
guished from minimal muscle activation, a task in which
traditional classifiers often struggle with class-label jitter.

Both classifiers achieved high and comparable per-
formances for subjects with knee issues. SVM yielded
mean accuracies of 89.94% + 6.51 (biceps femoris) and
90.15% =+ 6.04 (semitendinosus), whereas Random Forest
achieved 90.35% =+ 8.72 and 90.28% = 5.23, respectively.
McNemar’s test revealed no statistically significant differ-
ences (p > 0.05), indicating an equivalent classification
capability under the LOSO protocol. Although Random
Forest produces more temporally coherent segmentation in
time-series visualizations, quantitative analysis shows com-
parable mean accuracies and low inter-subject variability for
both the biceps femoris and semitendinosus muscles. Both
margin and ensemble-based learning approaches can reliably
capture EMG-derived motion-phase dynamics in subjects
with clearer activation patterns.

The main limitation of the current study is the sample
size of the dataset, which influences the generalization to
more diverse populations. Although these findings vali-
date the feasibility of EMG-based classification for knee
kinematics using the biceps femoris and semitendinosus,
the scope remains restricted to the knee joint under the
defined experimental protocol. The models were trained and
evaluated exclusively on knee motion phases derived from
joint angle measurements, and no experimental validation
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was conducted on other joints or multi-joint functional tasks.
Therefore, conversion of this framework to holistic biome-
chanical analysis and knee rehabilitation systems remains an
area of active investigation rather than fact.

Despite these limitations, the Random Forest model shows
strong potential for application in classifying EMG signals
from other muscle groups, such as the shoulder, wrist, and
elbow. This enables the development of multi-joint reha-
bilitation and assistive systems. The results also provide a
foundation for generalizing machine learning—based EMG
classification methods to other biomedical signal domains.

Future research should prioritize the integration of multi-
joint datasets and more varied clinical scenarios to rigorously
assess the scalability and cross-joint robustness of the pro-
posed system. Such investigations are necessary before
broader clinical and assistive applications can be developed.
Future research could focus on real-time EMG signal classifi-
cation for integration into knee rehabilitation devices and on
incorporating additional datasets to improve model reliability.
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