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Abstract

To address the need for home-based screening of Obstructive Sleep Apnea (0SA), this paper designs
a snore monitoring system based on a partitioned airbag pillow and proposes a snore classification
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method using Stacking ensemble learning. The system integrates an embedded snore detection mod-
ule for snore signal acquisition. Mel Frequency Cepstral Coefficients (MFCC) are extracted from the
collected snore signals, and a heterogeneous Stacking model is constructed by fusing Convolutional
Neural Network (CNN), Bidirectional Gated Recurrent Unit (BiGRU), and Extreme Gradient Boosting
(XGBoost), with Logistic Regression employed for second-level fusion classification. Experimental re-
sults demonstrate that the proposed method achieves 95.91% accuracy and 95.87% weighted aver-
age F1-score on the four-class OSA snore classification task, outperforming individual models overall,
and thus can provide technical support for intelligent home-based OSA screening.
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Figure 1. Hardware design structure diagram of snore monitoring system
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Figure 2. Schematic diagram of core control module
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Figure 3. OSA severity classification method based on Stacking ensemble learning
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Table 1. Distribution of OSA snore samples by severity
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Table 2. Confusion matrix of Stacking model on test set
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Table 3. Classification performance of Stacking model for each category
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Figure 4. Comparison of normalized confusion matrices of each model
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