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Abstract
Blood oxygen saturation (Sp0:2) signals can reflect the desaturation and recovery processes caused
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by abnormal respiratory events during sleep, and thus have important application value in sleep
apnea detection. Compared with physiological signals such as EEG, SpO: is easy to acquire and suit-
able for long-term continuous monitoring; however, existing methods are mostly based on a single
temporal resolution, making it difficult to capture both local details and long-range temporal struc-
tures. To address this limitation, this paper proposes a multi-temporal granularity deep supervi-
sion-based method for SpO: sleep apnea detection. The method takes a 1-hour SpO:z sequence sam-
pled at 1 Hz as input, constructs a one-dimensional U-Net encoder-decoder architecture, and intro-
duces supervision branches at five temporal scales (1s,5s, 15 s, 30 s, and 60 s). A multi-scale label
construction and joint optimization strategy is adopted to enhance the model’s ability to represent
cross-scale abnormal patterns. Experimental results show that the proposed method achieves good
stability in the single-modality SpO: task, with an average accuracy of 79.96% and an average F1-
Score of 77.39% under five-fold cross-validation. These findings verify that the combination of
multi-temporal modeling and deep supervision improves the detection of apnea events, providing
an effective approach for low-invasive sleep apnea screening.
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Figure 1. Schematic illustration of the temporal alignment among SpO: variations, oxygen desaturation events,
and respiratory events
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Table 1. Rules for multi-temporal-granularity label construction
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Figure 2. Framework of the proposed multi-temporal-granularity SpO: sleep apnea detection method
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Table 5. Performance comparison between the proposed model and other models
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Figure 3. Confusion matrices at different temporal granularities
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Figure 4. Visualization results of Grad-CAM at different time granularities
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Table 7. Ablation study results
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