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Abstract:  Atrial fibrillation (AF) is a common arrhythmia often associated with cardiovascular diseases such as
stroke and heart failure. Although numerous researchers have made substantial progress in AF detection using deep learning
methods in recent years, most of these methods require extensive computational resources. Moreover, the clinical applica-
tion of these models is challenging due to the black-box nature of deep learning models. Therefore, this paper proposes a
lightweight AF detection model based on feature fusion and conducts an interpretability study. The model comprises an
ECG (ElectroCardioGram) backbone network and an RRI (R-R Interval) branch. The ECG backbone network uses depth-
wise separable convolutions along with a few standard convolutions to extract deep morphological features of the ECG sig-
nals, while the RRI branch employs multi-scale convolutions to extract deep rhythm features of the RRI. The network learns
robust feature representations by fusing morphological features and rhythm features to detect AF accurately. As to interpret-
ability analysis, Grad-CAM++ is utilized to visualize the contribution of different features to the classification results. In
this paper, the training and dataset internal tests are conducted in the LTAFDB and achieved an accuracy of 97.99%. In or-
der to validate the generalization performance of the model, external testing experiments are conducted using the AFDB and

the CPSC2021, achieving an accuracy of 95.17% and 93.81%, respectively. Experimental results demonstrate that the pro-
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posed method is lightweight, stable, and accurate, and the incorporation of interpretable deep-learning techniques suggests

that the proposed method holds significant potential for the clinical diagnosis of AF.
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S4B 5 B 5 3R BT BRI ) H g 22 R AR
(AFDB 416 003:35 541,CPSC2021 4117 574:229 953 ),
THENF K B AFDB 5 CPSC2021 A4 %08 R4 7 508 ¥4 1 (1)
ARFR T TAESZ IR BB, AN [R5 0 a3 o Al AN
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55 CPSC2021 P25 Fr B BSca ity e g3 Bl 1 e 1.

3.2 XWEESIFMISIR

IR SC K S8 B T Pytorch TR B 27 S HEZR | {di F Py-
thon3.8 4 2 , #ifi {4 1% £ ffi 11 9 CPU 24 Intel (R) Core
(TM) i7-13700 KF, N 7% K/ A 32 GB, GPU &I 5k
NVIDIA GeForce GTX 4070 Ti, B AE K/ 12 GB. #7
AN Zrad A b Adam FRAEERLAL , 24 > 68 o 5x
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TR 7 f e e et . AR A = A5 45 B A It 4%
% 3~32 577, 76 LTAFDB 195 52 1% 2 P9 350 1 3,
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PR R D BEALAE MERR 22 P 1 A5 DL RORE 2 Y
it B W RIRAL . AT LUE AR SO
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K B R 12 W 45 5 % LA 2 W 45 45 A 1Y LSTM+
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(RN ) 3 7 S B B 2 M 4% RTA-CNN' 2 Z545 2 R BE

BB 5 R SR L i DDNN'Y. AR SCHE —AS Py 3
TRAE DL K AN SR AR b XA [RASS R E A A
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AR R RS R R MR R R 1S4y 5 8 % R A
P, T AEARE B 2R B8 T DDNN 5 RTA-CNN, {45
BRATE A SO A () 7 M RE oA D 5 . ELAR 4l
e 6 AT AR S RS G S 80 S A i /N T
RTA-CNN S50t 5iFH a3 R A SCHE H A
I 55254 53 Z B4 7 (RTA-CNN 5 LSTM+CNN) 8% 4%
H 1518 (DenseNet-37 .LCG-Ne 5 DDNN ) AH LU, 45 %5 5
IR K 532588

Wk 4 F3k 5 FoR , b b 8 bR kL R | 18
BN IS P S5 v, AR SCRT B U 1 5 ¥ AUHE AFDB Ak
P 1Y) A TR 48 A5 L SR T DenseNet-37 5 DDNN,
7EH AL S bR X R B B AR 258 . W
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FE AN 46 1 it v A7 AE T 2 1 RI2 4, T AR SC
T4 AR AR B A MR IR o AT B B RS AR
HE— 2 UE I T AR SO S AR R A i X e Y O YRR
K B9z AL g
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Tk iRES F11%4y RS Al
DenseNet-37 | 95.95+2.90 | 95.63+2.79 |95.5423.80 | 95.86+3.72
LSTM+CNN | 94.19+2.91 | 93.67+3.31 |94.45+4.27 | 93.10+4.68
LCG-Net [96.51£2.32 | 96.17+2.64 |97.68+2.80 | 94.83+4.16
RTA-CNN | 97.40+1.99 |97.13+2.25 |99.18+1.73 |95.27+3.90
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AR 97.994+1.72 | 97.82£1.91 | 98.94+1.92 | 96.79+3.19
F4 SMERMIKE AFDB L SRIG R 2%

ik WETR F118%% RS AR
DenseNet-37 | 87.72+4.07 | 88.53+3.89 | 80.26+6.08 |99.02+1.83
LSTM+CNN | 81.25+4.88 |83.21+4.97 |75.01+7.00 |93.93+4.09
LCG-Net | 89.28+3.76 | 88.96+4.17 |91.05+5.15 | 87.27+5.94
RTA-CNN | 92.07+3.37 |92.10£3.56 |91.45+4.91 |92.96+4.52
DDNN | 92.55+3.39 |92.57+3.36 |88.80+5.31 |96.90+2.94

AL 95.171£2.60 | 95.18£2.27 | 93.79+4.14 | 96.75+3.00

F5 SMBIKE CPSC2021 ERYSRIRER 2%
T TR F1184) btk A Il
DenseNel-37 | 92.45£3.36 | 92.15+3.45 | 89.96+5.27 |95.44+3.72
LSTM+CNN | 89.45+3.86 |89.35+4.18 | 89.1425.53 | 89.86+5.49
LCG-Net | 90.91+3.57 |90.44x3.97 |93.23+4.63 |88.09+5.79
RTA-CNN | 92.96+3.16 |92.77+3.38 | 93.4624.47 | 92.30+4.72
DDNN | 92.07+3.39 |91.99+3.57 |91.15+4.98 |93.07+4.56

KIS 93.81+3.08 | 93.58£3.31 | 94.98+4.02 | 92.41+4.79
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