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Abstract: Fatigue plays a critical role in sports science, significantly affecting recovery, training
effectiveness, and overall athletic performance. Understanding and predicting fatigue is essential to
optimize training, prevent overtraining, and minimize the risk of injuries. The aim of this study is
to leverage Human Activity Recognition (HAR) through deep learning methods for dimensionality
reduction. The use of Adversarial AutoEncoders (AAEs) is explored to assess and visualize fatigue in
a two-dimensional latent space, focusing on both semi-supervised and conditional approaches. By
transforming complex time-series data into this latent space, the objective is to evaluate motor changes
associated with fatigue within the participants’ motor control by analyzing shifts in the distribution
of data points and providing a visual representation of these effects. It is hypothesized that increased
fatigue will cause significant changes in point distribution, which will be analyzed using clustering
techniques to identify fatigue-related patterns. The data were collected using a Wii Balance Board
and three Inertial Measurement Units, which were placed on the hip and both forearms (distal
part, close to the wrist) to capture dynamic and kinematic information. The participants followed
a fatigue-inducing protocol that involved repeating sets of 10 repetitions of four different exercises
(Squat, Right Lunge, Left Lunge, and Plank Jump) until exhaustion. Our findings indicate that the
AAE models are effective in reducing data dimensionality, allowing for the visualization of fatigue’s
impact within a 2D latent space. The latent space representation provides insights into motor control
variations, revealing patterns that can be used to monitor fatigue levels and optimize training or
rehabilitation programs.

Keywords: fatigue; human activity recognition; deep learning; adversarial autoencoder; inertial
measurement unit; ground reaction force

1. Introduction

Fatigue is an important factor in sports science that can significantly influence recovery,
training effectiveness, athletic performance, and overall athlete well-being. Understanding
and predicting fatigue is essential to optimize recovery protocols and training plans, ulti-
mately improving performance outcomes. Monitoring fatigue also plays a crucial role in
preventing overtraining and reducing the risk of injuries. Fatigue states reflect the body’s
rate of adjustment to changes during demanding tasks, such as physical exercise [1], and
highlight the dynamic interaction between physiological systems and their adaptation over
time [2]. Given its multifactorial nature, the assessment of fatigue involves both qualitative
and quantitative approaches [3,4].

Qualitative methods to assess fatigue mainly involve subjective evaluations through
surveys and questionnaires. Common tools include the Recovery Stress Questionnaire
(REST-Q) [5] and the Profile of Mood States (POMS) [6]. These questionnaires are widely
used by coaches due to their ease of implementation [7]. They help capture an individual’s
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perceived state of fatigue, covering aspects such as stress levels and recovery quality [8].
However, the results can be biased by variations in individual effort perception, which are
influenced by psychological, physiological, and experiential factors [9].

While qualitative assessments are useful, they are often complemented by quantitative
measurements that directly capture physiological and biomechanical markers. Methods
like surface electromyography (sEMG) provide valuable insight into muscle activation
patterns [10], but require controlled environments and time-consuming data processing.
Another approach involves using force plates to measure the Ground Reaction Force (GRF)
and variations in the Center of Pressure (CoP). GRF provides insights into the mechanical
interaction between the body and the ground [11], allowing the assessment of movement
patterns, injury risk [12], and performance optimization [13]. Fatigue-induced changes,
such as increased muscle activation variance, can be detected by analyzing the CoP and
GRF [14–16].

Low-cost alternatives to traditional force plates include the Wii Balance Board (WiiBB),
which provides a reliable solution to estimate the Center of Pressure (CoP) variation
through its four sensors [17]. The WiiBB has been validated for postural assessment
in both young [18] and elderly populations [19]. Another alternative sensor for fatigue
assessment is the Inertial Measurement Unit (IMU), which integrates accelerometers and
gyroscopes. IMUs are widely used in biomechanics for rehabilitation and performance
enhancement [20], providing valuable information on human physical activity [21,22],
particularly in relation to fatigue-induced changes during physical tasks [23,24].

Human Activity Recognition (HAR) is a specialized research area that combines
machine learning and sensor data to analyze and monitor human movements [25,26]. Using
multimodal sensor data, HAR can offer real-time feedback and personalized monitoring,
which is particularly valuable for fatigue assessment. Despite its advantages, HAR often
focuses on classification tasks [27], which, while informative, may not capture the nuanced
changes in motor control associated with fatigue.

Recent advances in HAR [27] have enabled multimodal sensor analysis [28], with a
primary focus on classification tasks [29]. Although these classification techniques provide
valuable information, they are often limited in offering a comprehensive understanding
of activity and fatigue. Therefore, to effectively interpret the complexities of fatigue, it
is essential to move beyond classification and closely examine the nuances of changes in
motor control, thus fully capturing and understanding the underlying dynamics of fatigue.
Several studies have shown that data visualization improves decision-making processes
for both experts and non-experts [30–32]. Effective visualization techniques, especially
those based on dimensionality reduction, are important for understanding the underlying
patterns and features of high-dimensional data. By transforming complex data into more
interpretable formats, dimensionality reduction not only facilitates the interpretation of
fatigue patterns and interactions, but also makes these insights more accessible to non-
professionals. Thus, effective data visualization plays a crucial role in both understanding
fatigue and communicating complex findings more effectively.

Given the high dimensionality and complexity of sensor data, effective data visualiza-
tion through dimensionality reduction is crucial. These techniques not only facilitate the
interpretation of complex data, but also improve decision-making processes for experts
and non-experts [30,31]. By transforming high-dimensional sensor data into interpretable
formats, dimensionality reduction would provide clearer information on activities and
fatigue patterns [33,34].

This study uses data from Wii Balance Boards and Inertial Measurement Units (IMUs)
to compare the effectiveness of different sensor combinations in assessing fatigue. Adver-
sarial AutoEncoders (AAEs) are employed for dimensionality reduction of sensor data,
enabling the visualization of fatigue’s impact in a two-dimensional latent space. The focus
is on understanding how fatigue affects motor control by analyzing changes in the distribu-
tion of data points within this latent space. The goal is to assess motor changes associated
with fatigue and provide a visual representation of these effects. It is hypothesized that in-
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creased fatigue will cause significant changes in point distribution, which will be analyzed
using clustering techniques to identify fatigue-related patterns.

2. Methods

For this study, a group of 30 healthy male participants was recruited. Eligible partici-
pants were healthy adult men between 20 and 30 years of age with no current injuries or
disabilities affecting upper or lower limb function. Only physically active individuals capa-
ble of safely performing the prescribed exercises were included. Participants with medical
conditions that could interfere with participation or affect physical task performance were
excluded from the study.

The participants were divided into two groups: Group A (n = 20; age: 24.1 ± 2.9 years,
height: 173.9 ± 7 cm, weight: 66.6 ± 9.1 kg) and Group B (n = 10; age: 23.4 ± 2.5 years,
height: 175.5 ± 7 cm, weight: 68.2 ± 13.3 kg). The data from Group A were used to train the
initial machine learning models, ensuring that the model could capture a wide variability
of motion across different activities. The data from Group B were then used to fine-tune
the models and perform fatigue analysis, providing additional information to evaluate the
models’ ability to detect fatigue-related changes in motor control.

The experiment was approved by the local ethics committee of the University of
Tokyo. All participants provided their written consent in accordance with the Declaration
of Helsinki on Human Experimentation.

2.1. Experimental Protocol

For this experiment, four different lower body fitness exercises were considered:
“Squat”, “Lunge Left”, “Lunge Right”, and “Plank Jump-in”. All exercises were performed
in sets of 10 repetitions. Group A performed a set of 10 repetitions for each exercise.
Group B performed sets of 10 repetitions for each exercise repeatedly until they reached
complete fatigue. Between individual repetitions, participants took 1 to 2 s of rest, 15 to 20 s
of rest between sets (only Group B) and a 5 min rest period between different exercises. To
minimize bias due to fatigue, the order of the exercises was randomized for both groups.
From this point on, only Group B will be used and fatigue analysis will be performed.

WiiBB (Nintendo Co. Ltd, Kyoto, Japan) and IMU sensor (Movella Inc., Henderson,
NV, USA) data were collected at 30 and 60 Hz, respectively. Three IMU sensors were used:
one on the hip and the other two on each distal part of the forearms to mimic the presence
of a smartwatch.

Each repetition of each exercise was segmented and interpolated to 192 frames using
cubic spline interpolation. To ensure precise segmentation, synchronized video footage
was also collected. The boundaries of each repetition were detected using accelerometer
data to detect periods of movement and stillness that were then fine-tuned manually with
the video data to ensure precision.

2.2. Database

The total GRF and CoP were retrieved from WiiBB sensors [33]. The x-axis of the CoP
represents the anteroposterior axis, while the y-axis represents the mediolateral axis. To
remove bias due to the initial position for each repetition, the initial Center of Pressure
of the mediolateral (X) and anteroposterior (Y) axes was subtracted and the GRF was
normalized with the mass of the subject m.

Before each exercise, a static calibration was conducted using a T-pose to perform
inertial to segment (I2S) calibration and correct any misalignment of the IMU sensors that
may have occurred during previous activities. During the T-pose, it was assumed that
all body segments were aligned with the world reference frame, allowing the sensor data
to be adjusted accordingly. The orientation of each IMU sensor in relation to the inertial
reference frame was used to determine how it should be aligned with the segments of the
body. Then, gravity was removed from the accelerometer signals and the acceleration was
normalized according to the participant’s height h.
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For each repetition, data from all sensors were gathered in a matrix Xl :

Xl =


f (1)1 ... f (1)n

f (2)1 ... f (2)n
... ... ...

f (m)
1 ... f (m)

n

 ∈ Rm×n (1)

with m = 196 representing the number of frames and n the number of time-series variables
(Table 1).

The data from the Wii Balance Board and the IMU were filtered using a low-pass
filter with a cutoff frequency of 15 Hz and a filter order of 4 to remove high-frequency
noise, ensuring that only the relevant lower-frequency components associated with human
movement were preserved [35].

Then, a dataset Ds is created for each participant with R as the total number of
movements and the corresponding output label yl of Xl represented as a binary one-hot
vector, as follows:

Ds = {Xl, yl}R
l=1 (2)

Table 1. List of databases considered in this study.

Database Description

DB0 WiiBB

DB1 WiiBB + 1 IMU (hip)

DB2 WiiBB + 3 IMUs (hip + forearms)

DB3 1 IMU (hip)

DB4 3 IMUs (hip + forearms)

2.3. Standardization

The input data were standardized according to their type (GRF, CoP, acceleration, or
angular velocity). To do so, the global mean (µ) and the standard deviation (σ) for each type
of data were calculated from the training data from our datasets from Group A for each
fold [33]. These statistics were then used to standardize both datasets, ensuring consistency
across them as follows:

zi =
xi − µ

σ
(3)

2.4. AutoEncoder

An AutoEncoder (AE) is a type of artificial neural network used for unsupervised
learning, where label information is not provided. Its goal is to compress the input data into
a lower-dimensional latent space and then reconstruct the original data, thereby learning
a new representation of the input. An AE is composed of two main parts connected by
a latent space z. The encoder (4) compresses the input data to z. It maps the input to
the latent space through several layers of neurons, where each layer applies a non-linear
transformation to the input. The decoder (5) reconstructs the input data from z at its output
as closely as possible. This structure allows the AE to effectively reduce the dimensionality
of the data while preserving its essential features.

fEncoder : X ∈ Rm×n → z ∈ Rd (4)

fDecoder : z ∈ Rd → X ′ ∈ R f×n (5)

The encoder output layer is designed with 2 neurons, creating a two-dimensional
latent space (z ∈ R2), allowing the critical feature of the input to be condensed into a
lower-dimensional space. The data distribution is then embedded within this latent space.
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In order to obtain a continuous and structured latent space, regularization is applied to
shape it according to a specific prior distribution. We are applying this regularization
through an Adversarial AutoEncoder approach [36].

2.5. Adversarial Autoencoder

An Adversarial AutoEncoder (AAE) combines the principles of AE with the adver-
sarial training mechanism introduced in Generative Adversarial Networks [37]. This
integration constrains the encoding distribution q(z|X) to match a desired prior distribu-
tion p(z), resulting in an aggregated latent space distribution q(z) that aligns with p(z).
This alignment allows for a flexible approach to both unsupervised and semi-supervised
clustering. The discriminator (7) operates in the latent space z. The structure is defined
as follows:

fAutoEncoder : X ∈ Rm → z ∈ Rd → X ′ ∈ Rm (6)

fDiscriminator : z ∈ Rd → w ∈ R1 (7)

fAdversarial Network : X ∈ Rm → z ∈ Rd → w ∈ R1 (8)

In summary, an AAE is composed of two main components: an AutoEncoder and
an Adversarial Network, with the encoder being shared between them. Meanwhile, the
Adversarial Network, which includes a discriminator, works to refine this latent space. The
discriminator’s role is to distinguish between the true data distribution and the distribution
generated by the encoder. During training, the encoder adjusts to fool the discriminator,
effectively improving the quality of the latent representations by making them more similar
to the true data distribution. This adversarial process improves the encoder’s ability to
capture meaningful features in the latent space.

In this study, we used two different AAE models with semi-supervised training. The
first model, abbreviated as Res-SSAAE, incorporates basic residual blocks in both the en-
coder and the decoder [38]. These residual connections help mitigate the vanishing gradient
problem and facilitate the training of deeper models to improve the overall performance.
Furthermore, inspired by the conditional Generative Adversarial Network [39], a second
model, abbreviated as Cond-SSAAE, extends the Res-SSAAE by integrating a conditional
input corresponding to the activity label embedded through an embedding layer along
with the sensor data. This conditional approach refines the representations of the model
that could potentially lead to better separation in the latent space of the different activity.
Unlike the first model, this conditional method does not function as a predictive model
but rather as a cluster analysis model, since the activity performed needs to be known
beforehand during both training and inference.

2.6. Training, Validation and Test Dataset

A user-independent k-fold cross-validation was performed with K = 4 folds, where
each fold included 12 subjects for training and 4 subjects for validation (both from Group A).
During training, the Kullback–Leibler (KL) divergence of the latent space for each activity
is computed relative to a prior Gaussian distribution. The mean of the KL divergence
values across the four activities is then calculated. The model weights are saved at the
point corresponding to the lowest mean KL divergence, ensuring optimal representation
of the latent space throughout the training process. This procedure stops the training
when the KL value of the validation set begins to increase, preventing overfitting. During
training, a learning rate of 0.0001 and the Adam optimizer [40] are used to update the
model parameters. Multiple models were trained using this method to optimize the
hyperparameters of the models. Subsequently, the same cross-validation was applied with
the selected hyperparameters.

The model was then fine-tuned using the data from Group B for 10 epochs with a learn-
ing rate 10 times lower than the base one. Finally, the set composed of the 10 participants
in Group B was used for latent space analysis. This methodology is used for analytical
purposes. By initially training the base model on Group A, we enable the model to capture
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essential movement features. Fine-tuning the model with the data from Group B allows
it to adapt to the specific characteristics exhibited during fatigue, which may be outside
the distribution of Group A, ensuring that the model effectively reflects the nuances of
fatigue in physical activity. Finally, using the entirety of Group B data for testing provides
a comprehensive evaluation of the model’s behavior, facilitating deeper insights into how
fatigue impacts performance and movement patterns. In general, this methodology sup-
ports our goal of understanding the effects of fatigue rather than focusing only on the
predictive methodology.

2.7. Hyperparameters

The architecture of the AAE consists of three main components: the encoder, the
decoder, and the discriminator and was inspired by previous research on AAEs for
HAR [33,34]. The encoder model consists of three residual convolutional layers with 16, 32,
and 64 output channels, respectively. Each residual layer contains a set of two convolutional
layers with the ReLU activation function [41], a kernel size of 5 × 1, without pooling, and
a skip connection between the input and the output of the layer without convolution. A
max-pooling operation of kernel size 2 × 1 is performed between each residual block. The
output of the last residual block is then connected to a dense layer with 128 neurons with
the ReLU activation function. Finally, a linear layer composed of 2 neurons is added to
create the latent space. The decoder is designed to be symmetric with the encoder. The
models incorporate a dropout rate of 0.1 and apply batch normalization on all layers to
improve training stability and performance. The discriminator consists of two dense layers,
each with 512 neurons with the sigmoid activation function.

2.8. Cluster Evaluation

To assess the effectiveness of our fatigue monitoring approach, we evaluate the clus-
tering of data points corresponding to each set of repetitions performed for each activity
independently. Each set of 10 repetitions will form a cluster of 10 2D points. By examining
and comparing these clusters, we aim to understand how fatigue influences the distribution
and organization of data points within the latent space through several indices.

The Silhouette score [42] evaluates the performance of the clustering by measuring
how similar an object is to its own cluster compared to the others. This index calculates the
difference between the mean intra-cluster distance and the mean distance to the nearest
cluster for each point [43]. A score close to 1 indicates well-separated clusters, while values
near 0 suggest overlapping clusters.

The Davies–Bouldin index [44] quantifies the quality of the clustering by measuring
the ratio of inter-cluster scatter to inter-cluster separation. For each cluster, the maximum
similarity to any other cluster is retained, and the DB index is the average of these maximum
similarities across all clusters. Lower DB values indicate better clustering, as the clusters
are more compact and better separated.

In addition, the area of the confidence ellipse is used to evaluate the surface of each
cluster. The confidence ellipse captures the region within which a certain percentage of
data points exists [45], assuming a multivariate normal distribution that contains 95% of
the data points. The confidence area ellipse helps to identify if there are any significant
changes in the surface area of the clusters over time. The Euclidean distance between the
centroids’ clusters is also evaluated.

Using all of the confidence area ellipse, the cluster indices, and the distance, we can
comprehensively analyze the clusters: the ellipse will offer insights into the surface changes
within each cluster, while the cluster index allows us to compare the current cluster (i.e., ith
cluster) with the initial cluster (i.e., cluster 0) to detect any significant shifts or variations in
the latent space. This dual approach ensures a thorough evaluation of how fatigue impacts
the clustering of our data.
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2.9. Linear Regression

Linear regression analysis is performed on all previously mentioned indices by ana-
lyzing their value across the sets. Before performing the regression analysis, it is necessary
to standardize these indices for each participant separately. This standardization ensures
that the indices, which may have different value ranges, are standardized to a common
scale between the participants.

In addition, it is important to consider the different number of sets performed by each
participant. For example, if one participant completes 50 sets, while another completes
only 10, the total number of sets does not provide a consistent basis for analysis. To address
this, the data are normalized by expressing the number of sets as a percentage of completion.
By standardizing the indices and normalizing the number of sets, accurate assessments can
be made regarding how changes in fatigue impact clustering metrics across participants.

A linear regression will be performed to model the relationships between variables
and reveal trends across sets to assess the statistical significance of the change in index
value (independent variable) on the percentage of completion (dependent variable). For
regression analysis, an α level of 0.05 is considered a threshold for statistical significance.

3. Results

For each database, we performed cross-validation k = 4, resulting in four distinct mod-
els for each type of model (Res-SSAAE and Cond-SSAAE). Given that there are 4 models,
4 physical activities and 4 indices, a total of 64 linear regressions are performed per database
(4 models × 4 activities × 4 indices). The number of significant p-values (p < 0.05) across all
four models for each type of model is then reported as the ’p-value counter’. This provides
a summary of the significant results found for each database, separately for Res-SSAAE
and Cond-SSAAE. These results are presented in Table 2 in the column “p-value K”.

Additionally, the column of the “p-value ensemble” display the mean value for each
index, calculated by averaging the index values in all k = 4 models for each database,
effectively treating them as an ensemble to capture a more generalized result across all
the models. Given that there are 4 activities and 4 averaged indices, a total of 16 linear
regressions are performed per database.

Table 2. Assessment table.

DATABASE Model Type p-Value Counter p-Value Ensemble

DB0
Res-SSAAE 32/64 9/16

Cond-SSAAE 34/64 9/16

DB1
Res-SSAAE 41/64 11/16

Cond-SSAAE 44/64 12/16

DB2
Res-SSAAE 42/64 11/16

Cond-SSAAE 42/64 11/16

DB3
Res-SSAAE 43/64 13/16

Cond-SSAAE 43/64 12/16

DB4
Res-SSAAE 44/64 15/16

Cond-SSAAE 44/64 13/16

Figure 1 presents the linear regression results for all the indices computed for the group
of participants, as well as for each exercise individually (with one exercise per row) for the
Res-SSAAE models and DB0. Similarly, Figures 2 and 3 show the same linear regression
results, but for DB3 and DB4, respectively. Each plot includes not only the p-values but also
the R² values, which indicate the proportion of variance explained by the model, and the
regression coefficients.
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Figure 1. Linear regression outcomes for computed indices by exercise, with each column representing
an index and each row representing a different exercise for DB0 (WiiBB). Each graph displays the
linear coefficient, R², and p-value for the corresponding regression, with values in green indicating
statistical significance (p < 0.05) and values in red indicating non-significance.
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Figure 2. Linear regression outcomes for computed indices by exercise, with each column representing
an index and each row representing a different exercise for DB3 (1 IMU on the hip). Each graph
displays the linear coefficient, R², and p-value for the corresponding regression, with values in green
indicating statistical significance (p < 0.05) and values in red indicating non-significance.
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Figure 3. Linear regression outcomes for computed indices by exercise, with each column represent-
ing an index and each row representing a different exercise for DB4 (3 IMUs on the hip and forearms).
Each graph displays the linear coefficient, R², and p-value for the corresponding regression, with val-
ues in green indicating statistical significance (p < 0.05) and values in red indicating non-significance.

Figure 4 presents the latent space obtained for each database and model for K = 0. The
latent space accuracy on the test set for Res-SSAAE is 94.31, 98,42, 99.51, 99.50, and 98.00%
for DB0, DB1, DB2, DB3, and DB4, respectively. For Cond-SSAAE, the latent space accuracy
is 98.52, 98.69, 98.59, 99.45, and 99.57% for DB0, DB1, DB2, DB3, and DB4, respectively.
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Figure 4. Latent space representations for Res-SSAAE (right column) and Cond-SSAAE (left column)
across all databases. Each row represents a different database. The points are colored green, red,
blue, and purple to represent LungeRight, LungeLeft, Plank Jump-in, and Squat, respectively. The
corresponding accuracy for each latent space is displayed in the corresponding graph.

4. Discussion

The purpose of this study was to use WiiBB and IMU data to evaluate the use of
data dimensionality reduction models called AAEs to propose alternative classification
approaches for fatigue detection [24]. The models were trained in semi-supervised and
conditional settings. The encoder generated a 2D latent space and the evolution of clusters
corresponding to sets of 10 repetitions in different sets of exercises performed by partici-
pants until exhaustion were analyzed. Finally, this study investigated various combinations
of sensor data (WiiBB and/or IMUs) to assess their respective performance.

In terms of the database results (Table 2), both the Res-SSAAE and Cond-SSAAE
models show a general upward trend in the p-value counter (which represents the number
of significant linear regressions) as the number of sensors increases. For example, the
lowest “p-value ensemble” counter is observed for DB0, which consists of only the Wii
Balance Board (WiiBB), with 9 of 16 computed indices being significant for both models.
For example, with the Res-SSAAE model, this value increases to 11 for DB1 (WiiBB + 1 IMU
on the hip), 11 for DB2 (WiiBB + 3 IMUs on the hip and forearms), 13 for DB3 (1 IMU on
the hip), and 15 for DB4 (3 IMUs on the hip and forearms), respectively. These results
demonstrate that the use of IMUs, particularly when combined with the Wii Balance Board,
is more effective than using the Wii Balance Board alone in detecting shifts in the latent
space associated with fatigue. Furthermore, a clearer trend in linear regression performance
is observed with DB1 and DB2 compared to DB0, as shown in Figures 1–3, representing
DB0, DB1, and DB2, respectively. This improvement in performance is further enhanced
when multiple IMUs are combined with the Wii Balance Board.
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In the latent space, it is observed that the Right and Left Lunges are poorly sepa-
rated, as shown in Figure 4 for DB0 (Wii Balance Board). When activity cannot be clearly
differentiated in the latent space, the model may struggle to make further distinctions,
limiting its ability to identify fatigue-related patterns properly. This is evidenced in the
corresponding “p-value counter” and “p-value ensemble” in Table 2. Additionally, the
Plank Jump-in activity is also difficult to analyze effectively using only the Wii Balance
Board. However, when three IMUs are used, the analysis improves across all activities.
These results could be associated with a limitation of the Wii Balance Board, which is
its low sampling rate (30 Hz), that is potentially insufficient for capturing fast, dynamic
movements like Plank Jump-ins. Moreover, Wii Balance Board center-of-pressure velocity
measurements have a proportional error that increases with speed [46], further limiting its
accuracy for high-velocity tasks.

In Table 2 (p-value ensemble), Res-SSAAE shows a higher p-value counter for DB2,
DB3, and DB4, suggesting that Cond-SSAAE may not be the preferred option when a model
ensemble is available. In contrast, Cond-SSAAE appears to be the preferred choice for DB0
and DB1. This can be explained by the addition of the conditional label as an input, which
allows the model to better separate the activity clusters in the latent space when fewer
sensors are used. This improved separation leads to higher accuracy, as confirmed by the
reported results. For example, for DB0, Res-SSAAE and Cond-SSAAE achieve accuracies of
94.31% and 98.52%, respectively.

In addition, each significant linear regression observed is associated with indices
that evolve in the expected direction as fatigue increases, as shown in the latent space.
For example, the area of the ellipse tends to increase, indicating greater variability in the
data as fatigue progresses, which is reflected in the latent space by a wider dispersion of
data points. The Silhouette score increases, reflecting better separation between clusters,
while the Davies–Bouldin index decreases, confirming tighter and more distinct clusters.
Additionally, the Euclidean distance between the clusters increases, further validating the
separation. These trends confirm that significant changes in these indices consistently point
to a shift in motor control patterns associated with fatigue observed in the latent space.

Despite the statistical significance of the linear regression results, the relatively low
R² values presented in Figures 1–3 suggest that the relationship between fatigue and the
cluster index may not be as robust as initially perceived. This indicates that while the
indices are correlated with the percentage of completion until fatigue, other underlying
variables likely influence these results. One possible factor is the presence of confounding
variables. Specifically, differentiating between mental and physical fatigue could be crucial,
as these types of fatigue may affect motor control in different ways. The current model may
not fully capture this distinction, which could explain the weaker correlations between
fatigue and the indices. Another potential issue lies in the presence of noise within the
latent space, which may also contribute to the low R² values. Noise can arise from various
sources, including measurement errors, sensor variability, and the inherent variability in
human motor control. Furthermore, the relatively small sample size in this study may
limit the model’s ability to generalize, reducing statistical power, and potentially resulting
in a less stable representation of the latent space. These factors may obscure the true
relationship between fatigue and motor control and affect the performance of the model.
Finally, the model itself may not fully capture the complexity of fatigue dynamics and
motor control. The relationship between fatigue and indices may be more complex and
more sophisticated modeling techniques and more diverse datasets may be needed to better
capture the underlying patterns and improve the model’s ability to accurately reflect the
variability in the data.

One limitation of this study is the Gaussian assumption imposed on each cluster in
the latent space, which may constrain the model’s ability to fully capture the variability in
the data. The Gaussian distribution forces each cluster to assume fixed shapes and sizes,
limiting the flexibility of the model, particularly when the data deviate from a normal
distribution, such as in the presence of outliers. This constraint may particularly limit
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the detection of more complex or non-linear relationships, thus restricting the ability
of the model to capture the full spectrum of variability associated with fatigue. Future
work should explore alternative distributions to better accommodate outliers and more
accurately represent the true variability within the latent space. Non-Gaussian distribution-
based approaches could provide a more nuanced representation of the data, improving
the model’s ability to detect fatigue and other dynamic changes that may not align with a
Gaussian distribution.

Although the model has shown some effectiveness in analyzing fatigue-related activity,
further development is needed to assess its ability to generalize to new participants. The
current dataset is limited in size, which may restrict the model’s ability to capture the
full range of variability in fatigue during human activity. This small sample size could
also contribute to the relatively low R² value observed, as it struggles to account for the
diversity of fatigue patterns between participants. A larger dataset would help create a
more robust latent space, allowing the model to better distinguish fatigue patterns and
capture more subtle relationships in the data. This would improve the predictive capability
and generalization of the model, leading to a higher R² value. Moreover, expanding the
participant population to include more diverse groups (such as women and individuals
with varying levels of sports experience) could further enhance the model’s capability
and broaden its applicability. Furthermore, data augmentation techniques, such as time-
series warping or jittering, could be applied to artificially expand the dataset, helping
the model generalize better. It is important to note that both models were fine-tuned on
the entire dataset with a primary focus on cluster analysis rather than prediction. It is
also essential to note that the semi-supervised model can be used for predictive tasks,
while the conditional model, which requires labels as input, is limited to the analysis of
known activity. Future works would involve transitioning from an analysis framework to a
predictive one, allowing it to effectively classify and predict outcomes for unseen data to
ensure robustness and reliability in real-world applications.

5. Conclusions

This study used data from Wii Balance Boards and Inertial Measurement Units (IMUs)
to compare the effectiveness of different sensor combinations in capturing fatigue-related
changes. The objective was to explore the use of Adversarial AutoEncoders (AAEs) for
dimensionality reduction to assess and visualize the impact of fatigue in a two-dimensional
latent space. The focus was on understanding how fatigue affects motor control by an-
alyzing changes in the distribution of data points within the latent space. The results
demonstrated that both the semi-supervised and conditional AAEs effectively regularized
the latent space by clustering each activity. However, the linear regression performance of
the indices was found to be weak, suggesting the need for further optimization. Addition-
ally, the small sample size and the lack of diversity in the population may have limited the
model’s ability to generalize.

To address these limitations, future work should explore alternative cluster distri-
butions, incorporate data augmentation, evaluate additional metrics, and use larger and
more diverse datasets. Implementing data augmentation and experimenting with different
latent space priors could further enhance the ability of the model to capture complex
data structures and improve robustness. These improvements would enable the model to
better detect subtle variations in motor control and fatigue, making it more applicable to
real-world scenarios.

In general, this study highlights both the potential and challenges of using AAEs
in Human Activity Recognition (HAR) to visualize and assess motor control variations
associated with fatigue. This approach not only provides information on the dynamics
of fatigue, but also lays the foundation for future work in training optimization and
performance enhancement, with potential applications in sports and rehabilitation for
personalized feedback.
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24. Jiang, Y.; Hernandez, V.; Venture, G.; Kulić, D.; Chen, B.K. A Data-Driven Approach to Predict Fatigue in Exercise Based on
Motion Data from Wearable Sensors or Force Plate. Sensors 2021, 21, 1499. [CrossRef] [PubMed]

25. Yang, J.; Lee, J.; Choi, J. Activity Recognition Based on RFID Object Usage for Smart Mobile Devices. J. Comput. Sci. Technol. 2011,
26, 239–246. [CrossRef]

26. Twomey, N.; Diethe, T.; Fafoutis, X.; Elsts, A.; McConville, R.; Flach, P.; Craddock, I. A Comprehensive Study of Activity
Recognition Using Accelerometers. Informatics 2018, 5, 27. [CrossRef]

27. Ordóñez, F.J.; Roggen, D. Deep Convolutional and LSTM Recurrent Neural Networks for Multimodal Wearable Activity
Recognition. Sensors 2016, 16, 115. [CrossRef]

28. Wang, J.; Sun, S.; Sun, Y. A Muscle Fatigue Classification Model Based on LSTM and Improved Wavelet Packet Threshold. Sensors
2021, 21, 6369. [CrossRef]

29. Stewart, T.; Narayanan, A.; Hedayatrad, L.; Neville, J.; Mackay, L.; Duncan, S. A Dual-Accelerometer System for Classifying
Physical Activity in Children and Adults. Med. Sci. Sport. Exerc. 2018, 50, 2595. [CrossRef]

30. Card, S.; Mackinlay, J.; Shneiderman, B. Readings in Information Visualization: Using Vision to Think; Morgan Kaufmann Publishers
Inc.: San Francisco, CA, USA, 1999.

31. Friendly, M. The Golden Age of Statistical Graphics. Stat. Sci. 2008, 23, 502–535. [CrossRef]
32. Ward, M.; Grinstein, G.G.; Keim, D. Interactive Data Visualization: Foundations, Techniques, and Applications; A K Peters:

Natick, MA, USA, 2010.
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