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Multimodal fusion approach to detect atrial fibrillation using PPG
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Abstract: To address the problems in diagnosis and detection of atrial fibrillation (AF) and invasive pathological
examination, a model for AF classification based on pulse waves and deep learning is constructed to realize the accurate
prediction of AF. The data collected from the photoplethysmography (PPG) acquisition device and the MIMIC-III database
data are used to establish PPG-AF dataset, and a ResNet-CBAM-1DCNN dual-channel convolutional neural network for AF
classification is constructed based on the Pytorch deep learning framework. The established dataset is divided into a training
set, a validation set and a test set in a ratio of 8:1:1. The PPG and its corresponding Gramian angular field map are taken as
input. After the optimization of network structure and hyperparameters, the proposed model obtains a F1 score of 97.30% in
the test set, and has an accuracy of 98.12% for AF classification. The multimodal fusion approach based on PPG and dual-
channel convolutional neural network can achieve the accurate diagnosis of AF, which is expected to provide an important
basis for decision-making in clinic.
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Figure 1 Flowchart of atrial fibrillation classification by multimodal fusion approach
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Figure 3 Schematic diagram of Gramian angular field encoding
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Table 2 Experimental comparison of the effects of
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Table 3 Effects of different attention mechanisms on model classification

TR WHR%  KHR/% ARE%  FLOEU% AUC

ResNet 93.90 91.12 92.91 92.01 0.965

ResNet-SE 94.60 89.83 95.50 92.58 0.964

ResNet-ECA 94.53 91.56 92.79 92.17 0.968

ResNet-CBAM 95.60 92.17 95.50 93.81 0.989

5 VGGNet ., GoogLeNet £ Lt , ResNet [% 45 (1) #E
iR, TR I8 5] 93.90%, 7F ResNet [ 5% 2= He
A CBAM {1 5 J3 AL ) ResNet-CBAM #5432
HERR 2R B T 95.63%, AH L3¢ ResNet A5 R (1) fE 1 22

FEF T 1.73% , WU 18 45 B 28 X 26 ResNet-CBAM-
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Table 4 Effects of different inputs on the dual-channel model
LTI HA WERR/%  KER%  AFE% F14%/%  AUC
TF+GAF 2DCNN-2DCNN 90.19 87.33 86.94 87.13 0.949
TF+PPG ResNet-1DCNN 91.49 87.24 92.00 89.56 0.958
ResNet-CBAM-1DCNN 95.53 94.53 94.18 94.35 0.967
GAF ResNet-CBAM 95.60 92.17 95.50 93.81 0.989
GAF+PPG ResNet-1DCNN 94.84 90.21 95.50 92.78 0.985
ResNet-CBAM-1DCNN 98.12 97.30 97.30 97.30 0.991
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Table 5 Comparison of classification performances among different models
%] WEHEE/%  KEhiEe/%  BEE/% FLa%/%  AUC
GoogLeNet 92.50 85.37 94.59 89.74 0.960
VGGNet 93.44 87.50 94.59 90.91 0.976
ResNet 93.90 91.12 92.91 92.01 0.965
ResNet-CBAM 95.63 92.17 95.50 93.81 0.989
Resnet-CBAM-1DCNN 98.12 97.30 97.30 97.30 0.991
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Figure 11 ROC curves and AUC values

corresponding to different models
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