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Abstract This paper proposes an approach to the classification of respiratory states of humans based
on visual information. An ultra-wide-band radar sensor acquired respiration signals, and the respiratory
states were classified based on two-dimensional (2D) images instead of one-dimensional (1D) vectors.
The 1D vector-based classification of respiratory states has limitations in cases of various types of
normal respiration. The deep neural network model was employed for the classification, and the model
learned the 2D images of respiration signals. Conventional classification methods use the value of the
quantified respiration values or a variation of them based on regression or deep learning techniques.
This paper used 2D images of the respiration signals, and the accuracy of the classification showed a
10% improvement compared to the method based on a 1D vector representation of the respiration
signals. In the classification experiment, the respiration states were categorized into three classes,

normal-1, normal-2, and abnormal respiration.
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Fig. 1. Overall flow of the work for classification
of respiration signals
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Table 1. Environment for experiments

0OS Windows 10
RAM 32.0 GB
CPU i9-9900KF
IDE spyder

python 3.7.9
tensorflow 2.3.0
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Table 2. Accuracy result based on one-dimensional

vectors

13] A% 52%

23] A% 47%

33 A% 47%
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Fig. 6. Training and validation accuracy based on
one-dimensional vectors
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Fig. 7. Train model accuracy based on CNN

Table 3. Accuracy results based on 2D images

13] A3 73%
23] A% 73%
33] A3 68%
43] A3 84%
53] 4% 47%

B 69%
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