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Abstract: Paroxysmal atrial fibrillation ( PAF) is characterized by sudden onset and short duration,
at present, electrocardiogram ( ECG) is applied as the clinical diagnosis method, which is
inconvenient for daily monitoring. Therefore, a noninvasive atrial fibrillation automatic detection
method based on ballistocardiogram ( BCG ) was proposed. The optimal structure of one-
dimensional convolutional neural network ( CNN ) for detecting PAF is achieved via matching
different input data lengths and network depths. Through the test of 2 000 sets of data, the best
performances of the model proposed are: a test accuracy rate of 94. 8%, a sensitivity of 97. 2%,
and a specificity of 92. 7%, which provides the possibility of arrhythmia detection and remote daily
home monitoring from BCG.
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(CNN) ; paroxysmal atrial fibrillation( PAF) ; daily home monitoring
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Fig. 1 Example of BCG signal data for atrial fibrillation
and non-atrial fibrillation

(a) =P Bk ; (b)— s Bkl

0 2 4 6

2 B A M R

CNN J&—Fh =32 W F T G 0 43 28 1 T
JERR S BRI ] Kiranyaz 45 B UOK — 4k 4
R 2 4 0 T OB R R =
P8 B AV b S 3 3 4 BT EAS T 99% Al
97.6% I 7> S MEH A, — 4k CNN 515 58 — 4k
CNN L, T BT X AR5 M4 B2 S
T KAL)ZE 16 B KN BB T iy — 4751 XF
T ECG (551w , —4E CNN AR AR BCY A
PRI A AREAE , T EL AT DL 25 0 I 220 i S5 2R 9 o
. e AR AR SE T B P AR R 9 BCG {55 7T LAk
CNN 7 & Hh 2 =) FEA I 5

£%F BCG 555 ECG 5 5RO AR
A, A SCEIF T HMZEERZ S —Z 2
AL RIS O 5 B2 T AR A 43 B B4
FEERBOH S 4 RAE | F v] LLE i 3t = AUE 2 BR
P I 5 3t T 2 0 ] L e K AR BE AR A 1 ] B
A BB R IE AR P RN S B, 3G IR i et S
8. DL ARAE SR BT oy Sy, A SC L1 T
SR L. R g A S 6 EERUZM 3
JEZMAL)ZE M4 B 145 8 EEFUZ M4 22,
M2 C A 10 JZERUZAS JZMLZE. LIS 8 2
BRUZMMLE B R, 7e 5 A2 5 18 VU2 R
PRI | R B J2 46 B 2 ) % i s 45
#17 Dropout 23 DL i CNN A8 (19 51 8 #5
A7, fi J7 W 3F Flatten 2 L M 4 1 #2 2, i
softmax PRELI TG , S 2R eE R (B AE
Bi). 1% 8 J# CNN W &5t anisl 2 Pk,



%11 # B3, AT ONN &b 425 A0 A S 7 ik 1541

___________________

=88

J kiR

| 4 44
’ — | =

BRAMALR

Flatten=

B2 EHF8EEBMEM CNN EHE

Fig. 2 CNN structure diagram with 8 layers of convolution layers
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Table 1 Convolutional neural network parameters
JZ%L EREH EZ AL PN
1 32 9x1
2 32 9x1
3 3 3x1
4 64 9x1
5 64 9x1
6 3 3x1
7 128 9x1
8 128 9x1
9 3 3x1
10 256 9x1
11 256 9 x1
12 3 3x1
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Table 2 Confusion matrix C
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Table 3 Experimental comparison results under
different network parameters
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10 93. 85 96. 40 91.30 91.70
6 90. 65 92.20 84.10 85.90
2 000 8 89. 90 98. 80 81. 80 84. 30
10 88.25 96. 50 80 82. 80
6 88. 85 96. 40 81.30 83. 80
3000 8 9. 80 97.20 92.70 92. 30
10 92. 60 97.20 92.30 88.20
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Fig. 3 Confusion matrix obtained when achieving
optimal classification performance
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