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Abstract: Early detection and diagnosis of atrial fibrillation is the key to reducing the risk of atrial fibrillation and
complications. Although the video photoplethysmography (VPPG) technology provides a new approach to atrial
fibrillation screening, it is susceptible to motion interference in real-world scenarios. When the existing VPPG atrial
fibrillation detection method encounters motion interference, the pulse signal will be distorted, resulting in
misjudgment. To solve the above problems, an anti-interference video atrial fibrillation detection model was proposed.

The model employed an attention encoder network to extract robust spiking latent features from spiking signals
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containing motion disturbances. A radial basis classification network then performed atrial fibrillation detection based

on these latent features. The attention encoder mapped complex impulse signals into high-dimensional subspaces,

focusing on effective information and extracting robust latent features. Furthermore, Radial Basis Classification Network

enhanced atrial fibrillation recognition ability under the supervision of atrial fibrillation labels and output reliable results.

Experiments were carried out on a self-built dataset with 200 testers, and the results show that the proposed model

performed well in various scenarios. In static scenes, the detection accuracy was 8.1% higher than the optimal

comparison algorithm, and the sensitivity was 7.5% higher. In dynamic scenes, where the accuracy of the comparison

algorithms was greatly reduced, the accuracy of the proposed model was improved by 16.5%, and the specificity was

improved by 18.3%. The model demonstrated good anti-motion interference ability, effectively eliminating the influence

of motion interference and improving the detection accuracy of video atrial fibrillation in real scenes.

Keywords: video photoplethysmography; atrial fibrillation detection; anti-motion interference; attention encoder;
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network structure
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Fig. 3 Attention denoising encoder structure
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Table 2 Experimental results of static scene comparison
5k Sk Sp Ppy Npy A
Similarity 0.807 0.808 0.819 0.822 0.864
LSTM 0.812 0.819 0.834 0.831 0.875
Region 0.827 0.832 0.853 0.849 0.891
AL 0.889 0.894 0.901 0.918 0.934
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Table 3 Dynamic scene experimental results

. IPI % Z s A bse it
7 SDg Mg Mg Sg Sp Ppy Npv Ace
Similarity 199.1 96.2 188.3 0.712 0.657 0.735 0.724 0.702
LSTM 175.6 70.5 162.1 0.731 0.697 0.754 0.763 0.721
Region 169.1 68.4 150.3 0.782 0.726 0.794 0.773 0.752
AL 142.1 51.6 115.8 0.846 0.859 0.869 0.851 0.876
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Fig. 6 Pulse signal diagram for each comparison method ((a) Original signal; (b) PPG signal; (¢) Similarity method;
(d) LSTM method; (e) Region method; (f) Ours)
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Fig. 7 Plot of experimental results for subspace numbers
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Table 4 Ablation experimental results

ok IPI iR ZE 485 B R

T SDg M Mg Se Sp Pry Nev Ac
LB 4+ RBF-AF 196.2 95.8 183.8 0.710 0.717 0.732 0.701 0.701
FME 5 25 -RBF-AF 170.7 72.4 165.1 0.821 0.726 0.729 0.794 0.759
LR TL2E+RBF-AF 171.5 72.9 163.3 0.811 0.708 0.711 0.782 0.763
R IR Es+CNN 160.8 65.4 155.1 0.837 0.752 0.720 0.802 0.794
AL R 1435+ Loss 1 166.8 69.5 160.1 0.823 0.748 0.713 0.794 0.812
R 1 IS 3+RBF-AF 1421 51.6 115.8 0.846 0.859 0.869 0.851 0.876
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Fig. 8 Each comparison method reconstructed signal and
IPI sequences ((a) Reconstructed signal; (b) IPI sequences)
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Fig. 9 Cross dataset experimental results
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Fig. 10 Feature visualization ((a) Original signal feature;
(b) Attention encoder network feature;
(c) Radial basis network feature)
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Fig. 11 Duration results
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