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Abstract: Measuring breathing changes during exercise is crucial for healthcare applications.
This study used wearable capacitive sensors to capture abdominal motion and extract breath-
ing patterns. Data preprocessing methods included filtering and normalization, followed by
feature extraction for classification. Despite the growing interest in respiratory monitoring,
research on a deep learning-based analysis of breathing data remains limited. To address this
research gap, we optimized CNN and ResNet through systematic hyperparameter tuning,
enhancing classification accuracy and robustness. The optimized ResNet outperformed the
CNN in accuracy (0.96 vs. 0.87) and precision for Class 4 (0.8 vs. 0.6), demonstrating its
capability to capture complex breathing patterns. These findings highlight the importance of
hyperparameter optimization in respiratory monitoring and suggest ResNet as a promising
tool for real-time assessment in medical applications.

Keywords: deep learning; respiratory signal; wearable sensor; convolutional neural network;
residual networks

1. Introduction
Respiratory changes during exercise are critical indicators in healthcare fields, such as

sports monitoring. Previous studies have suggested that fast inputs, including central
command, primarily regulate respiratory signal during exercise [1]. This regulation may
explain the strong association between respiratory signal and perceived exertion across
various exercise conditions. Emerging evidence highlights that respiratory signal can effec-
tively reflect the level of effort during cycling exercise [1–3]. In this way, respiratory signal
serves as a prominent indicator of physical effort during exercise, surpassing the relevance
of other commonly monitored physiological variables [4]. For example, respiration during
exercise is primarily regulated by central command, along with input from muscle afferent
fibers and metabolic signals [5]. Respiration is influenced by inputs that operate at distinct
timings in response to sudden changes in exercise intensity. Rapid increases in respiration
at the onset of exercise are driven by fast inputs, including central command and afferent
feedback, while metabolic stimuli contribute to respiration with a delayed response [6].
Evidence indicates that respiratory signal more accurately represents physical effort com-
pared to blood lactate, particularly in conditions such as post-exercise muscle damage [7],
glycogen depletion [8], and in individuals with McArdle’s disease [9]. Thus, respiratory
signal provides corresponding data on physical effort during exercise.

Moreover, measuring respiratory signals is not an easy task, making wearable devices,
data preprocessing, and analysis methods such as deep learning critical factors in the mea-
surement process. Wearable devices come in a variety of forms, including clothing, bracelets,
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and belts, each with their own advantages and disadvantages. Wearable respiratory sen-
sors have gained significant attention for their ability to non-invasively monitor breathing
patterns. Recent advancements, including deep learning-assisted portable biosensors,
have enabled real-time respiratory analysis using compact and cost-effective devices [10].
Among these, clothing-based wearables are particularly well suited for everyday use.
By utilizing lightweight and flexible materials, they allow for unrestricted movement,
enabling the convenient measurement of body activity data, such as respiratory monitoring.
For instance, a study developed a resistive sensor that can measure changes in breathing
caused by emotional states. This was achieved by detecting changes in waist circumference,
showing that clothing-based sensors can effectively capture respiratory changes associated
with bodily movements [11]. Another study investigated textile-based sensors that measure
breathing through contact resistance changes between fibers, even under different postural
conditions [12]. Research on respiratory monitoring using clothing-based sensors is on the
rise. However, while the classification of breathing patterns and data processing methods
are critical, these aspects remain relatively underexplored.

Typically, respiratory signal estimation is directly performed from previously de-
tected respiratory signals using deep learning, particularly Convolutional Neural Networks
(CNNs) [13,14]. A CNN is a computational model composed of multiple processing lay-
ers capable of learning data representations [15]. This model enables tasks such as image
classification, image segmentation, and action recognition. Despite their high applicability,
CNNs occasionally encounter issues where neurons “die” during the learning process and
fail to recover [16,17]. Additionally, as the model introduces more parameters, overfitting may
occur, or training errors may increase [18]. To overcome these challenges, various methods
have been proposed, one of which involves using a Residual Network (ResNet) [19,20]. Deep
learning is utilized not only in medical image analysis but also in the classification of bio
signals using wearable sensors, making it particularly useful for processing time series such
as breathing patterns [21]. The key distinction of ResNet lies in the inclusion of shortcut
connections within convolutional layers. These connections help address common CNN
issues, allowing the gradient to backpropagate more effectively, thereby accelerating the train-
ing process [22]. As demonstrated, different training methods have distinct characteristics,
and selecting the appropriate deep learning model that aligns with the research objective is
essential. Additionally, choosing suitable parameters based on the characteristics of the data
can significantly impact the accuracy of the results. Therefore, the selection of an appropriate
deep learning model and parameter configuration that fit the research objective is crucial.

In this study, respiratory data generated during physical activity were trained using
deep learning models such as CNN and ResNet to identify the most suitable approach
for improving prediction accuracy. To measure respiration during exercise, a wearable
respiration sensor was developed. The sensor was designed to be positioned at the front
and back of the torso, specifically near the xiphoid process, to measure changes in capac-
itance caused by thoracic expansion and contraction during breathing. The respiration
changes were observed according to different exercise conditions. To accurately classify and
detect these changes, a comparative analysis of CNN and ResNet models was conducted.
The method that demonstrated higher accuracy was considered the most appropriate for
the given dataset. These findings highlight the development of an optimized system for
selecting deep learning models that best suit the characteristics and objectives of the dataset,
ultimately enhancing prediction accuracy. The research process is illustrated in Figure 1,
providing a clear visualization of the study’s workflow. This diagram helps readers easily
understand the research objectives.
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Figure 1. A schematic of the proposed work.

2. Materials and Methods
2.1. Respiration Measurement System
2.1.1. Breathing Mechanism

Understanding the mechanism of breathing is essential for accurate respiratory mea-
surement. Equally important is the selection of a sensor measurement method that effec-
tively corresponds to this mechanism. Various methods exist for measuring respiration,
including monitoring airflow through the nose, capturing respiratory sounds, and track-
ing abdominal movement. Among these, this study focuses on measuring abdominal
movement. This approach was chosen because it is the most suitable for wearable sensor
applications and can be easily implemented in daily life.

In this method, respiration is measured using capacitive values (C) derived from abdom-
inal movement (Equation (1)). The principle of measurement is as follows: when inhaling, air
enters the lungs, causing the lungs to expand. This expansion leads to the spreading of the
ribcage and the subsequent expansion of the thorax and abdomen. Conversely, when exhaling,
air exits the lungs, the ribcage contracts, and the abdomen compresses. This process results
in variations in abdominal volume, which correspond to changes in the distance between
electrodes in a capacitive sensing system. By analyzing these differences in capacitive values,
respiration can be assessed.

The two sensors were placed on the front and back of the body near the xiphoid
process, where the abdominal movements caused by breathing can be most effectively
measured. When the abdomen expands, the distance between the electrodes (d) is denoted
as d0, and during contraction, it is d f . The difference between these distances, ∆d, is
used to analyze respiration (Equation (2)). The measurement principle and the breathing
mechanism are illustrated in Figure 2 [23].

C =
εA
d

(1)

∆d = d f − d0 (2)
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2.1.2. Fabrication of Wearable Sensors

The electrodes were designed to have a rectangular shape with dimensions of 100 mm
in width and 50 mm in height. The connectors for measurement were circular, measuring
20 mm × 20 mm. The stitch connecting the sensors to the connector was made in a zigzag
pattern with a total length of 335 mm. The placement of the sensors is shown in Figure 3a,
where the distances relative to reference points can also be observed. The area density of
the embroidery (line/mm) was set to 6 for the sensor electrodes and 4.5 for the connectors.
As the connection line consists of stitch lines, it does not have an embroidery area density.
Regarding the stitch pattern, the electrodes and connectors were designed with a running
stitch for the top thread and a fill stitch for the bobbin thread, while the connection line
used a zigzag stitch.
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The stitch length for the electrodes and connectors was set to a width of 2 mm and a
height of 4 mm, whereas the connection line had a width of 5 mm and a height of 1 mm. Finally,
the total amount of thread used was 9526 stitches for the electrodes and 606 stitches for the
connectors. This information is provided only for embroidered area measurements. Detailed
specifications of the sensors are provided in Table 1 [24].

Table 1. Specifications of the wearable sensors.

Parameter Electrodes Connection Line Connectors

Dimension (width × height) 100 × 50
(
mm2 ) 335

(
mm2 ) 20 × 20

(
mm2 )

Density (line/mm) 6 - 4.5
Shape of stitch Running, fill Zigzag Running, fill

Length of stitch (mm) 2, 4 5/1 (width/height) 2, 4
Number of stitches 9526 - 606

The electrodes of the sensors were directly embroidered onto fabric (87% polyester,
13% spandex) (Sumnfit, Seoul, Republic of Korea) using silver-coated thread (AMANN,
Bönnigheim, Germany) and an embroidery machine (BROTHER, Bridgewater, NJ, USA).
Silver-coated thread was used as the top thread, while 100% rayon embroidery thread was
used as the bobbin thread. The top thread was placed on the inner side of the garment,
which encounters the body, while the bobbin thread remained on the outer side. To protect
the outer side, a polyurethane (PU) film was heat-bonded onto the surface.
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As shown in Figure 3a [23], rectangular electrodes were directly embroidered onto the
front and back of the garment near the xiphoid process. The electrode placement was chosen
to align with the areas of the abdomen that exhibit the most significant volume changes during
respiration. To prevent any obstruction to breathing during measurements, the connector
was positioned at the bottom hem of the garment, allowing seamless connection to the
measurement device. The connectors were symmetrically aligned on both the front and back
of the garment. To connect the electrodes and the connectors, a zigzag stitch was used, creating
a straight pathway from the rectangular electrodes to the circular connectors.

The silver-coated thread consists of 34 twisted nylon filaments. This thread is widely
used in wearable applications due to its compatibility with embroidery [25] and sewing
machines. It has also been evaluated as safe in cytotoxicity tests following the biological
evaluation standard for medical devices (DIN EN ISO 10993-5) [26]. Therefore, it is suitable
for placement on the inner side of garments where it comes into direct contact with the skin.
In this regard, ply refers to the unit indicating the number of strands twisted together to
form a thread. A single-ply thread consists of one twisted strand, while a triple-ply thread
consists of three twisted strands. As shown in Figure 3b [27], the resistance of the thread
decreases as the number of twists increases, demonstrating that the thread used in this
study minimizes measurement errors caused by resistance.

2.2. Experimental Setup and Acquistion

The experiment was conducted to measure breathing under different intensity lev-
els through cycling. The measurement process involved wearing a garment-based sensor
and using an indoor cycling apparatus (XAMEN KANGTO FITNESS FOUPWENT CO,
Xiamen, China). For precise measurements, an LCR meter (KEYSIGHT, Santa rosa, CA, USA)
and the Keysight Benchvue program (KEYSIGHT, Santa Rosa, CA, USA) were employed
instead of simple devices.

The intensity levels were divided into four categories: resting state (no activity),
low intensity, moderate intensity, and high intensity. Low intensity corresponded to
an average speed of 15–20 km/h, moderate intensity to 20–30 km/h, and high intensity to
30–40 km/h. Each intensity level was measured for 5 min, followed by a 1 min rest period
before proceeding to the next measurement. The schematic diagram of the measurement
setup is shown in Figure 4a [23], and the actual measurement process is illustrated in
Figure 4b. The temperature was measured at room temperature (18 ◦C to 20 ◦C), and the
experiment was conducted at approximately 60% humidity.
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2.3. Signal Processing with Deep Learning

Signal processing was conducted using MATLAB R2023a. The data, representing
the capacitive values of the sensor corresponding to respiration, were normalized to a
range between −3 and 3 to enhance model generalization and improve training stability.
Using the normalized data, classification results were analyzed with CNN and ResNet to
determine the most suitable algorithm for the dataset used in this study. Figure 5 illustrates
the hierarchical structures of the networks, where 5a represents the CNN architecture and
5b depicts the ResNet architecture.
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A CNN is an algorithm that processes multiple layers sequentially. The CNN used
in this study consists of seven convolutional blocks, each containing convolution, normal-
ization, ReLU, and dropout layers. After repeating these blocks seven times, the network
concludes with a global pooling layer and a fully connected layer for final classification.
Through the pooling layer, features can be directly extracted, and hierarchical learning
makes it effective for capturing complex data. However, as mentioned in the introduction,
issues such as neuron death and non-recovery occasionally occur during this process.
To address these limitations, ResNet, which has a similar structure but overcomes such
challenges, is one of the alternative algorithms.

The structure of ResNet consists of two residual blocks, each containing two sets
of convolutional blocks. A distinguishing feature of ResNet is its ability to learn the
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residual function F(x), which represents the difference between the input (x) and the
output (y), unlike conventional neural networks. The mathematical representation of the
residual function is provided in Equation (3), where H(x) denotes the target function.
Furthermore, as illustrated in Figure 5b, simple skip connections ensure that information is
preserved during transmission, preventing performance degradation even as the network
depth increases. The mathematical formulation of these skip connections can be found in
Equation (4). After the residual blocks, the network concludes with global pooling and a
fully connected layer, like CNN, to produce the final classification results.

F(x) = H(x)− x (3)

y = F(x) + x (4)

The total dataset consists of 157 samples, with 100 sets used for training, 24 sets for
validation, and 23 sets for testing. Both algorithms classify four classes using a single input.
The dropout rate is set at 0.5, with a filter size of 5 and 32 filters. The maximum number of
epochs is configured as 200 for CNN and 1000 for ResNet. The initial learning rate is set to
0.0005 for CNN and 0.001 for ResNet.

Table 2 includes all materials and methods used in this work together with their purposes.

Table 2. Summary of analyzed materials and test devices used.

Component Remark Manufacture Purpose

Electrodes Silver-coated outer nylon
cores covered by PU

AMANN,
Bönnigheim, Germany

Creating sensing area of
upper and lower plates

Embroidery machine PR670E BROTHER, Bridgewater,
NJ, USA

Sewing electrodes,
connection wires,
and connectors

Indoor cycling apparatus MKHB-01
XAMEN KANGTO FITNESS

FOUPWENT CO,
Xiamen, China

Device for measuring
respiration based on

exercise intensity

LCR meter E4980AL KEYSIGHT, Santa rosa,
CA, USA

Measurement of capacitance
values based on respiration

MATLAB R2023a MathWorks, Natick, MA, USA
Data classification and

optimization using
deep learning

3. Results and Discussion
Breathing data were collected under four conditions, resting, low intensity, moder-

ate intensity, and high intensity, based on changes in cycling speed. Using this dataset,
classification was performed using both CNN and ResNet algorithms, and their results
were compared to determine the most suitable algorithm for this classification task.
Figure 6 sequentially presents the capacitive data measured by the respiratory sensor for
each condition: (a) resting, (b) low intensity, (c) moderate intensity, and (d) high intensity.
Additionally, the results were derived by comparing accuracy, precision, recall, and the
F1-score. Accuracy refers to the proportion of correctly predicted samples out of the total
samples. Precision measures the proportion of true positive predictions among all positive
predictions, while recall measures the proportion of true positive instances among all actual
positive instances. The F1-score represents the harmonic meaning of precision and recall.
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3.1. Analysis of Results from CNN Algorithms

During the process of result derivation, the parameters and the number of blocks
were adjusted to identify the most suitable configuration. In the initial model, CNN-1,
the baseline number of blocks was set to seven, with the hypothesis that increasing the
number of blocks would enhance training capacity and ultimately improve final accuracy.
Deep learning training was conducted under this assumption.

Contrary to expectations, the training results failed to identify meaningful patterns,
resulting in significantly low validation and test accuracy of 25%. Instead, all predictions
were classified as resting (Class 1) breathing. These outcomes are visualized in Figure 7,
where (a) displays the training results window, and (b) presents the confusion matrix.
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This result suggests that increasing the number of blocks led to overfitting, thereby de-
grading generalization performance. Additionally, it may be attributed to information loss
during propagation due to neuron deletion, which was previously identified as an issue.

In the second training session (O-CNN), improvements were made by fixing the num-
ber of blocks at seven and varying the number of epochs between 150 and 300 to identify
the point where accuracy steadily increased without overfitting. Ultimately, the most
stable gradient was achieved at 200 epochs. The final validation accuracy reached 79.16%,
while the test accuracy was 83.92%. Additionally, the final loss value decreased to 0.89.
Therefore, this model represents the optimized CNN (O-CNN) configuration, and the
validation accuracy results along with the final loss value graph are shown in Figure 8a,b,
respectively. These findings suggest that a deeper network than the CNN classification
algorithm and an approach capable of preserving information throughout propagation are
required to achieve the optimal outcome for this dataset.
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3.2. Analysis of Results from ResNet Algorithms

Training with ResNet also involved varying the number of epochs to test for accurate
improvements. Compared to CNN, ResNet utilizes a deeper network, requiring a longer
training duration to achieve higher accuracy. Accordingly, the training was conducted with
epochs ranging from 1000 to 2000, with the initial training set to approximately 2000 epochs.
Unlike CNN, ResNet demonstrated superior initial performance, achieving a validation
accuracy of 87.5% and a notably low loss value of 0.4. Both the testing and validation curves
showed similar trends with gradual gradients. The test accuracy reached an impressive
91%. These results indicate that ResNet effectively overcomes the limitations of CNN by
leveraging skip connections to mitigate neuron loss, leading to higher accuracy. The results
are illustrated in Figure 9a,b.
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The test results were further improved when we used the optimized ResNet (O-ResNet),
with the number of epochs reduced to 1000 for retraining. While the validation accuracy
remained similar at 87%, the loss value decreased significantly to 0.003, and the test accuracy
increased to 95%. These results suggest that an excessive number of epochs can negatively
impact test performance and confirm that ResNet is more suitable for classifying this dataset
compared to CNN. These results can be observed in Figure 10.
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The comparative analysis of CNN and ResNet in this study highlights the effective-
ness of deep learning architectures in respiratory signal classification. While both models
share similar layer structures, ResNet’s skip connections play a crucial role in preserving
important features during training, thereby enhancing classification performance. The
ability of ResNet to maintain higher accuracy across different training conditions under-
scores the importance of selecting appropriate network structures and training parameters.
These findings demonstrate that deep learning model selection and optimization are critical
factors in achieving robust classification performance for physiological signal processing.

3.3. A Comparison to the State of the Art

The proposed models’ performance is presented in comparison with existing deep
learning-based studies on similar datasets, as shown in Table 3. The results indicate that
the optimized CNN (O-CNN) model achieved an accuracy of 83.92%, while the optimized
ResNet (O-ResNet) model attained an accuracy of 95%. Although our models did not
surpass all previously published studies, they demonstrated performance comparable to
the highest accuracy levels reported in the literature.

A review of related research reveals that many studies focus on combining models op-
timized for specific datasets or conducting comparative analyses with existing architectures.
However, there remains a lack of studies exploring parameter tuning experiments and
the application of deep learning to respiratory signal-based data analysis. These findings
highlight the necessity of this research and underscore the importance of optimizing deep
learning models for specific datasets.

While our models did not achieve the highest reported accuracy, they successfully
reached the performance range of state-of-the-art studies. More importantly, this study
contributes to the field by identifying dataset-specific optimal models through adjustments
in the number of epochs and network blocks, demonstrating the significance of tailored
optimization in deep learning applications.
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Table 3. A comparison with state-of-the-art deep learning models.

Authors Model Accuracy (%)

[28] Convolutional Neural Network—Mixture of Experts (CNN-MoE) 84.6
[29] Deep Convolutional Autoencoder (CAE) 94.2
[30] Convolutional Autoencoder for Multi-Person Activity Sensing (CAE-MAS) 97.13
[31] Artificial Hydrocarbon Network (ANN) 98.24
[19] ResNet-18, ResNet-34, ResNet-50, ResNet-101, ResNet-152 96.43
[32] Convolutional Neural Network (CNN) 94.5
[33] Residual Neural Network (ResNet) 99.99
[20] ResNet-RS (Improved ResNet Scaling Strategies) 86.2

Optimized Convolutional Neural Network (O-CNN) 83.92
Optimized Residual Neural Network (O-ResNet) 95

3.4. Classification Analysis Across Different Breathing Intensities

The classification of the four types of breathing was analyzed based on accuracy,
precision, recall, and F1-score to evaluate how well each breathing type was classified.
The results of the classification using O-CNN are presented in a confusion matrix, as shown
in Figure 11. The four classes are as follows: Class 1 represents resting, Class 2 represents
low-intensity breathing, Class 3 represents moderate-intensity breathing, and Class 4
represents high-intensity breathing.
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Figure 11. Confusion matrix of O-CNN.

The accuracy of the model is observed by examining the true positive (TP) values
along the diagonal of the confusion matrix, with an overall accuracy of 0.87. The precision
values for each class are 1.0, 0.85, 1.0, and 0.6, respectively. Similarly, the recall values
for the classes are 0.83, 1.0, 0.75, and 1.0. Finally, the F1-scores for the classes are 0.9,
0.92, 0.86, and 0.75, in the same order. Both precision and recall values above 0.7 are
generally considered satisfactory. Based on these results, the O-CNN metrics demonstrate
satisfactory performance overall. However, for Class 4, the precision is significantly low at
0.6, indicating reduced reliability in classification. Additionally, the F1-score for Class 4 is
also relatively low at 0.75, suggesting that O-CNN performs the least effectively for this
specific class. The detailed metrics can be found in Table 4.
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Table 4. Classification performance metrics of O-CNN.

Metric Class 1 Class 2 Class 3 Class 4 Macro Average

Precision 1.0 0.85 1.0 0.6 0.86
Recall 0.83 1.0 0.75 1.0 0.9

F1-score 0.9 0.92 0.86 0.75 0.86
Accuracy 0.87

The results of the O-ResNet classification showed an accuracy of 0.95. The precision values
were as follows: 1.0 for Class 1, 1.0 for Class 2, 1.0 for Class 3, and 0.8 for Class 4. The recall
values were 1.0, 0.86, 1.0, and 1.0, respectively. Finally, the F1-scores were 1.0 for Class 1, 0.92 for
Class 2, 1.0 for Class 3, and 0.89 for Class 4. These results indicate strong overall performance,
with all metrics exceeding 0.7, which is generally considered a good threshold.

A detailed analysis revealed the following:
Class 1 achieved a perfect score (1.0) across all metrics, demonstrating that O-ResNet

enables flawless classification for this category.
Class 2 showed a slightly lower recall compared to precision, indicating a minor

shortfall in correctly predicting actual positive instances from the dataset.
Class 3 exhibited perfect scores across all metrics, confirming its reliable classification.
Class 4 had the lowest precision (0.8) among all metrics. As shown in the confusion matrix

(Figure 12), while all other classes were classified with 100% accuracy, Class 4 was classified with
an 80% accuracy rate. Nevertheless, since all metrics exceed 0.7, this is considered satisfactory.
When precision and recall were harmonically averaged, Class 4 achieved an F1-score of 0.89,
which is close to 1.
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These results demonstrate that O-ResNet classification is well suited for this dataset,
particularly as indicated by the F1-score, which accounts for both precision and recall.
Furthermore, the results reflect the strong performance of the O-ResNet model, indicating
appropriate parameter selection and effective use of the data. All evaluation metrics are
summarized in Table 5.

To further assess the effectiveness of the O-ResNet model, its performance was com-
pared to that of O-CNN using standard deep learning evaluation metrics. Accuracy,
precision, recall, and the overall F1-score were used for comparison, and the results were
analyzed for each breathing intensity. When comparing accuracy, O-CNN achieved 0.87,



Processes 2025, 13, 747 13 of 15

while O-ResNet achieved 0.96, both of which are considered satisfactory. A closer examina-
tion of the metrics revealed that the precision for Class 4 was 0.6 in O-CNN but significantly
improved to 0.8 in O-ResNet. These findings indicate that O-ResNet enhances precision
and demonstrates its suitability and reliability for the classification task in this study.

Table 5. Classification performance metrics of O-ResNet.

Metric Class 1 Class 2 Class 3 Class 4 Macro Average

Precision 1.0 1.0 1.0 0.8 0.95
Recall 1.0 0.86 1.0 1.0 0.96

F1-score 1.0 0.92 1.0 0.89 0.95
Accuracy 0.96

In this study, a wearable respiratory sensor was employed to classify breathing pat-
terns of varying intensities across cycles using deep learning techniques. The results
demonstrate that wearable respiratory sensors can effectively capture and differentiate
breathing patterns in both physical activities and daily life. The enhanced classification
performance of O-ResNet highlights its potential for detecting abnormal breathing patterns,
which could be valuable for health monitoring applications.

Despite these promising results, several challenges remain. First, the dataset used in this
study was relatively small and was collected under controlled conditions, which may limit its
generalizability. Future research will address this limitation by incorporating a more diverse
dataset, considering various exercise conditions, postures, and sensor placements. Second,
while O-ResNet demonstrated strong performance, it may encounter difficulties in processing
more complex breathing patterns or real-time applications. To overcome these challenges,
future work will explore alternative models, such as LSTM or GAN, which may enhance clas-
sification accuracy, particularly for long-term respiratory monitoring and data augmentation.
Lastly, the real-world implementation of wearable respiratory sensors requires careful consider-
ation of factors such as sensor placement variability, motion artifacts, and individual differences.
Future studies will focus on refining sensor design and preprocessing techniques to improve
the practicality of these models in real-world health monitoring systems.

4. Conclusions
This study investigated the classification of breathing patterns using a wearable

respiratory sensor and deep learning models. The findings confirm that O-ResNet, with its
skip connection architecture, outperformed O-CNN in accuracy and precision, particularly
in detecting high-intensity breathing patterns. These results underscore the potential of
wearable sensors and deep learning techniques for real-time health monitoring, offering a
promising approach for capturing complex respiratory signals.

Despite these advancements, this study has limitations, including the relatively small
dataset collected under controlled conditions. To address this, future research should
incorporate larger and more diverse datasets while also exploring alternative models,
such as LSTM or GAN, to improve classification performance. The insights gained from
this study contribute to the advancement of wearable respiratory monitoring, paving the
way for more accurate and reliable health applications.
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