
 

 

 
 

CLASSIFICATION OF EPISODES IN 

THE BREATHING SIGNAL USING 

MACHINE LEARNING 

  
 

DOI 
https://doi.org/ 

10.18690/um.fov.3.2026.1  
 

ISBN 
978-961-299-124-1 

 

 

MARCIN AUER, MICHAŁ MIERZWA, MAŁGORZATA JANIK, 
PAWEŁ JANIK 

University of Silesia in Katowice, Faculty of Science and Technology, Sosnowiec, Poland 
marcin.auer@us.edu.pl, michal.mierzwa@us.edu.pl, malgorzata.janik@us.edu.pl, 
pawel.janik@us.edu.pl 
 
Machine learning methods, which have become increasingly 
popular in recent years, can be successfully used in the analysis  
of biomedical signals. Open-source libraries enable the creation 
of artificial intelligence models using, among others, configurable 
neural networks. The publication presents an approach to the 
classification of episodes in the breathing signal using 
accelerometer and pulse oximeter modules. In particular, it 
examines the influence  of the type of network activation function 
and time window parameters, i.e. width and offset, on the model 
sensitivity. With the most optimally selected parameters, it was 
possible to obtain sensitivity of 85.71% for the detection of 
episodes in the signal and 100% sensitivity for the classification 
of calm breathing. The paper also discusses the possibility of 
creating intelligent sensors by implementing minimized machine 
learning models on miniature mobile devices with limited 
hardware resources. Moreover, it proposes a further research 
path, which is the development of adaptive algorithms able  
to independently select optimal learning parameters. 

Keywords: 
machine learning,  

signal analysis, 
 TensorFlow, 

 signal classification,  
episodes detection, 
biomedical signals 

 



2 45TH INTERNATIONAL CONFERENCE ON ORGANIZATIONAL SCIENCE DEVELOPMENT: 
ORGANIZATION AND THE LONGEVITY SOCIETY 

 

 

1 Introduction 
 
Artificial intelligence has been an intensively explored phenomenon in recent years, 
which has resulted in rapid development in this field. One of the paths of artificial 
intelligence development are generative models, such as language models capable of 
creating texts or models that generate graphics. As they become increasingly 
advanced, their level of computational complexity increases and, consequently, the 
demand for computing power grows. The popularity of artificial intelligence has also 
allowed for blazing new trails for the most common discriminatory models.At the 
core of the set of computational methods using machine learning are, among others, 
classifiers and anomaly detectors. These methods are successfully used in biomedical 
engineering, both in the field of image analysis - detecting, for example, tumours in 
magnetic resonance imaging (Kian et al., 2025), management of large databases used 
in diagnostics (Kwaśniewska et al., 2017), and analysis of continuous signals 
constituting time series (Backhus et al., 2025), such as, detection of anomalies in the 
ECG (electrocardiogram) signal (Ruiz-Barroso et al., 2025). A critical issue, 
particularly prominent in the field of image analysis, is the proper preparation of a 
training dataset. This process entails a huge demand for memory, and even single 
poorly prepared sample and data of inappropriate quality affect the accuracy of the 
entire model (He & Jinzhuo, 2025). Thanks to the selection of appropriate machine 
learning methods and adequate preparation of a training dataset, it is possible to 
apply artificial intelligence methods in many areas that have not used these solutions 
so far. 
 
One of the important areas of artificial intelligence application and verification of 
the effectiveness of selected methods is the development of open-source libraries, 
such as TensorFlow. The open-source code allows for further customization of the 
library code to precisely defined applications and provides great support to the 
community of people using these libraries in their studies (Alquadah & Moussavi, 
2025). The TensorFlow library includes tools for converting created artificial 
intelligence models to the TensorFlow Lite format. The size of the converted model 
is significantly reduced; the length of variables is reduced to the minimum necessary 
to limit the consumption of program memory. TensorFlow Lite makes it possible to 
optimize computational operations for the most effective use of built-in processor 
instructions, reducing the number of its cycles necessary to complete the operation, 
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allowing for the application on single-threaded units with low core clock speeds 
(Ramadan et al., 2025; Khalid et al., 2026; Ficco et al., 2024). 
 
Reducing the demand for hardware resources opens the way to implementation on 
miniature, energy-saving, mobile platforms equipped with a microcontroller. SoCs 
(System-on-a-chip), i.e. systems built in a reduced architecture and integrating all 
necessary computer components, significantly lower the entry threshold thanks to 
their wide availability and low cost. Due to their small dimensions and low demand 
for electric energy, they are used for creating mobile sensor systems (Janik et al., 
2019; Wang et al., 2025). 
 
The versatility of this type of devices allows for the implementation of appropriately 
optimized artificial intelligence models. This means creating the next generation of 
intelligent sensors and wearable devices operating in accordance with the concept of 
the Internet of Things (Wang et al., 2023; Janik et al., 2025; Noorali et al., 2025; De 
Giovanni et al., 2023; Osa-Sanchez et al., 2025), intended for monitoring body 
parameters, detecting irregularities and alerting about critical conditions. 
 
2 Measurement system and software environment 
 
A measurement system has been built for the acquisition of the signal used for 
training and testing machine learning models. The system includes a digital 
accelerometer ADXL345, which natively supports communication via the Inter-
Integrated Circuit serial bus (I2C). The MAX30102 heart rate and blood oxygenation 
(SpO2) sensor module was used as the reference sensor, which also supports 
communication via the I2C bus. This sensor allows SpO2 data to be compared with 
data from the accelerometer. The accelerometer sampling rate was set at 25Hz. The 
values were read using the NodeMCU v3 programmable board, containing the 
ESP8266 system. Data acquisition was performed using a PC. 
 
The measurement cycle was carried out with the participation of a volunteer. The 
accelerometer and SpO2 sensor were placed in miniature housings designed and 
manufactured using 3D printing technology. The sensors in the housings are shown 
in Figure 1. The accelerometer was placed at the height of the sternum, whereas the 
SpO2 sensor was placed on the index finger. Measurements from both sensors were 
recorded concurrently in a lying position. 
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The open-source TensorFlow library (Abadi et al., 2015) was used to create machine 
learning models. The native scripting language calling library functions is Python. 
Anaconda Navigator was used as the platform to run the script interpreter. This 
platform extends the core Python language to include tools used in the field of Data 
Science and data analysis.  
 

 
 

Figure 1: ADXL345 accelerometer and MAX30102 pulse oximeter a) unit modules,  
b) modules in 3D printed housings. 

Source: Own 
 
3 Training dataset 
 
In order to prepare a training dataset, a cycle of calm breathing measurements was 
carried out, in which specific episodes were introduced: apnoea and faster breathing 
(approximately twice the frequency of breathing cycles compared to calm breathing). 
An eleven-minute waveform of the calm breathing signal was selected. It contained 
3 apnoea episodes and 3 episodes of faster breathing of different durations. The 
episodes of faster breathing were as follows: 
 
1 - six breathing cycles with a total duration of 36 s, 2 - two cycles with a total 
duration of 12 s and 3 - single respiratory cycle with a duration of 6 s.  
 
The results of measurements recorded using an accelerometer are presented  
 
in Figure 2, which shows the raw values for three axes (x, y, z). 
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Data from the accelerometer were processed with a resolution of 10 bits  
and a measurement range of ± 2G.  
 

 
 

Figure 2: Training dataset - Raw accelerometer values 
Source: Own 

 
The waveforms of signal component values for reflected red (R) and infrared (IR) 
light returned by the SpO2 sensor were filtered. A low-pass filter with a cut-off 
frequency of 0.8Hz was used. The waveforms of the components coming from the 
pulse oximeter after filtration are illustrated in Figure 3. Using recorded fragments 
of signals from the accelerometer and filtered waveforms from the pulse oximeter, 
a file constituting a training dataset was created. The training data file, where the first 
line contains the headings of subsequent columns, had the following structure: 
 

− Timestamp (time in ms),  
− x, y, z (accelerometer components),  
− R (the value of reflected red light returned by the pulse oximeter),  
− R_LPF (R value filtered with a low-pass filter with a cut-off frequency  

of 0.8Hz), 
− IR (the value of reflected infrared light returned by the pulse oximeter), 
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− IR_LPF (IR value filtered with a low-pass filter with a cut-off frequency  
of 0.8Hz), 

− Label – class label to which correctly classified signal fragments are assigned, 
i.e.: Calm – calm breathing, Apnoea – breath holding, Faster – faster 
breathing, 

− Split – a flag for the division between training and test data. 
 

 
 

Figure 1: Training dataset - Filtered SpO2 sensor values 
Source: Own 

 
4 Machine learning parameters 
 
The Keras sequential classifier model using an artificial neural network with the 
following structure was used for the TensorFlow model training process: 
 

− Input layer – it accepts signal features sequentially and passes them to the 
next layer,  

− LSTM (Long Short-Term Memory) bidirectional recurrent network layer 
with 128 units – it is characterized by high efficiency in training patterns 
taking into account the context, 
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− Dropout layer with a threshold value of 50% - it randomly drops half of the 
values stored in nodes to deepen the learning process, 

− Dense layer composed of 128 neurons with the ReLU (Rectified Linear 
Unit) activation function described by (1) – it performs the final 
classification of the input data portions, 

− Output layer with the selected activation function. 
 
The network structure diagram is shown in Figure 4. 
 
100 learning epochs were carried out for each of the training samples, and the 
selection of validation data was done randomly, selecting 10% of the input dataset. 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑥𝑥) =  �
0 𝑓𝑓𝑓𝑓𝑓𝑓 𝑥𝑥 < 0
𝑥𝑥 𝑓𝑓𝑓𝑓𝑓𝑓 𝑥𝑥 ≥ 0………………..……………………………..(1) 

 

 
 

Figure 2: Neural network scheme 
Source: Own 

 
4.1 Division of the input data into windows 
 
The time series constituting the input signal is divided into windows. This technique 
makes it possible to reduce the computational complexity as a smaller fragment of 
the recorded waveform is subject to classification (Alejandro, 2023). Another aspect 
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is to facilitate real-time signal analysis. A specific, fixed number of samples, which 
go to the input of the neural network with each iteration of the classifier, are loaded. 
 
Data windowing introduces two additional parameters: window width and window 
offset. The data window concept is illustrated in Figure 5. The window width 
determines how many samples are included in one signal fragment. The offset 
determines the distance between the beginnings of subsequent windows. This means 
that in the case of implementing a classifier model or an anomaly detector on a 
single-threaded system intended to perform real-time classification, the window 
offset should be equal to its width. 
 
A window offset value smaller than its width allows a certain part of the signal to be 
covered by several windows, which may contribute to higher model accuracy, 
especially at larger window width values. However, it requires concurrent 
classification of the signal and acquisition of its next fragment. 
 

 
 

Figure 3: Illustration of window parameters 
Source: Own 

 
4.2 Selected window parameters and output layer activation functions 
 
The maximum window width was set at 250 samples, which is approximately a 
period of calm breathing. The window width was reduced with particular emphasis 
on intermediate values: 150 samples – approximately the period of faster breathing, 
75 samples - approximately half of the period of faster breathing. Table 1 
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summarizes the selected combinations of window parameters for which training 
tests of the neural network were carried out and its sensitivity was assessed. 
 

Table 1: Selected window parameters combinations 
 

 Window width (number of samples) 
 8 10 20 30 40 50 75 100 150 200 250 

W
in

do
w

 o
ffs

et
 

(n
ub

m
er

 o
f 

l
) 

4 5 10 10 10 10 15 25 25 25 50 
8 10 20 15 20 25 25 50 50 50 75 
   20 30 50 50 75 75 75 100 
   30 40  75 100 125 100 125 
        150 125 150 
         150 175 
         175 200 
         200  

Source: Own 
 

The normalized softmax exponential function (2) and the sigmoid function (3) were 
selected as the activation functions of the output layer. A characteristic feature of 
the softmax function is the summation of all probabilities to the value 1, whereas 
when the sigmoid function is used, the probability is returned for each class in the 
range (0,1). 
 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝒛𝒛)𝑖𝑖 = 𝑒𝑒𝑧𝑧𝑖𝑖
∑ 𝑒𝑒𝑧𝑧𝑗𝑗𝐾𝐾
𝑗𝑗=1

………………………………………..………..(2) 

 
where: 
 
𝒛𝒛 – vector of real numbers, 𝒛𝒛 = (𝑧𝑧1, … , 𝑧𝑧𝐾𝐾) ∈ 𝑅𝑅𝐾𝐾, 
𝐾𝐾 – number of elements of vector 𝒛𝒛, 𝐾𝐾 ≥ 1, 
𝑖𝑖 = 1, … ,𝐾𝐾. 
 

𝜎𝜎(𝑥𝑥) = 1
1+𝑒𝑒−𝑥𝑥

……………………………………..……………………..(3) 
 
5 Obtained results 
 
Table 2 summarizes the sensitivity results (4) of the model when classifying calm 
breathing for the softmax and sigmoid activation functions. For the softmax calling 
function, the mean model sensitivity was 94.13 ± 5.79%. The lowest value was 
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71.43% for the window width of 200 and the offset of 175. The sigmoid function, 
in turn, provided a mean sensitivity of 93.97 ± 5.11% with the lowest score of 
76.47% for the window width of 75 and the offset of 75. 
 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

…………………………………………..………..(4) 
 
where: 
 
TP – true positive result, 
FN – false negative result. 
 

Table 2: Model sensitivity in calm breathing classification in comparison with the window 
parameters. White rows represent the softmax function. Grey rows represent the sigmoid 

function. 
 

  Window width 

  8 10 20 30 40 50 75 100 150 200 250 

W
in

do
w

 o
ffs

et
 

4 
96.99%                     
97.89%                     

5   98.11%                   
  98.11%                   

8 97.60%                     
98.90%                     

10   96.99% 93.94% 96.18% 93.85% 92.25%           
  95.49% 92.42% 96.95% 95.38% 96.12%           

15       94.25%     97.65%         
      94.25%     97.65%         

20     87.88% 89.55% 92.31%             
    90.91% 91.04% 87.69%             

25           96.15% 84.62% 96.00% 100.00% 93.48%   
          92.31% 94.23% 100.00% 97.92%     

30       93.18% 90.91%             
      93.18% 90.91%             

40         90.63%             
        93.75%             

50           92.31% 92.59% 96.00% 100.00% 95.65% 95.65% 
          88.46% 92.59% 92.00% 91.67% 95.65% 90.91% 

75             82.35% 88.24% 93.75% 93.75% 100.00% 
            76.47% 100.00% 93.75% 93.75% 93.33% 

100               100.00% 91.67% 92.31% 81.82% 
              100.00% 100.00% 84.62% 90.91% 

125                 100.00% 100.00% 90.00% 
                100.00% 88.89% 100.00% 

150                 100.00% 100.00% 100.00% 
                100.00% 87.50% 87.50% 

175                   71.43% 100.00% 
                  85.71% 100.00% 

200                   100.00% 100.00% 
                  100.00% 100.00% 

Source: Own 
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Acceptable model sensitivity results (>50%) when classifying both types of episodes 
were obtained for window widths of [20, 200] and offsets of [10, 75]. Significant 
differences were observed between the tested activation functions, yielding a mean 
sensitivity of 53.96 ± 17.71% for the softmax function and 48.58 ± 15.22% for the 
sigmoid function within the range of parameters limited by the above intervals. The 
sensitivity values depending on the window parameters for these intervals are 
presented in Table 3. 
 

Table 3: Model mean sensitivity in faster breathing and apnoea episodes classification  
in comparison with the window parameters 

 

   Window width 
  Function 20 30 40 50 75 100 150 200 

W
in

do
w

 o
ffs

et
 

10 softmax 55.36% 77.33% 62.50% 63.33%         
sigmoid 55.36% 63.33% 59.38% 60.00%         

20 softmax 41.96% 85.71% 68.75%           
sigmoid 41.96% 71.43% 61.61%           

25 softmax       66.67% 75.00% 33.33% 33.33% 50.00% 
sigmoid       66.67% 75.00% 58.33% 41.67%   

30 softmax   40.00% 75.00%           
sigmoid   50.00% 58.33%           

40 softmax     50.00%           
sigmoid     37.50%           

50 softmax       50.00% 25.00% 33.33% 16.67% 66.67% 
sigmoid       50.00% 25.00% 33.33% 50.00% 33.33% 

75 softmax         75.00% 50.00% 50.00% 50.00% 
sigmoid         25.00% 25.00% 50.00% 25.00% 

Source: Own 
 
6 Conclusions 
 
The conducted research showed the potential to use machine learning methods 
included in the TensorFlow library for detecting episodes in time series representing 
biomedical signals. However, the model sensitivity is highly dependent on the 
window parameters. Dividing the signal into time windows is necessary to enable 
classification of the signal waveform in real time. Configurability of model and 
learning process parameters, such as neural network topology, activation functions, 
learning force or time window parameters, allows the library to be used to analyse 
signals of various types. Converting models to TensorFlow Lite format is a direct 
path to implementation on devices with limited resources, such as microcontrollers. 
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Further optimization of the code in terms of resource use and efficiency will make 
it possible to obtain miniature, mobile, energy-saving intelligent sensors. An 
important issue is the correct selection of time window parameters for signal 
analysis. Their selection was carried out using an iterative method, checking the 
sensitivity of the model for each of the selected sets of window width and offset 
values. This process requires a lot of time and computing power, and, consequently, 
also electric energy. 
 
The solution to the problem of variable parameters in hardware implementations 
are adaptive methods, which have been successfully developed in many areas (Li et 
al., 2025; Pielka et al., 2022). Developing an adaptive method so that the algorithm 
will be able to independently tune the learning parameters to the analysed signal can 
significantly shorten the learning process, and the resulting models will be more 
accurate.   
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