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Fig 2 The construction of compression system
1 ECG , 2 20
ECG . ECG 5.2 W iR AZE) FIAIE
2 , , ,
2 1 1 " m i m+ 1 J
, ECG s ,m=1,2,3,4
PRD, PRD<% , a m i m+ 1 j
. ECG .PRD> %% . i moj ,
OJ( "= fz T af™+ QJ('"’)
5 ECG PRD Y, 1 1
, 2 flx)= + €’
1 , ,
ECG , , )
min k= ming 1(Zk— 0,)?
5 7 k , Ok
51 M % 15R % 289454
) R 51, ,
105 R 165 270 .
R 15 , 6 (1) , -1 + 1
70 \ (2 , ECG
70, , (3) .. PRD <e( e= 0, 05) 5



158 19
(4 . PRD=¢ [51. . 53 %P
(5 ; . 3a . 3b
NIAWN A i
/ V v/ Y v
H
A B
3 A ;B 20
Fig 3 The testing results A The original wave; B The reconstructed wave
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Neural network algorithm for data compression of signals of ambulatory

ECG

Yi Dong, i Huizhi, Zen Li, He ZhOngshi ( Department of Health Statistics, Third Military Medical University,
Chongging, 630038)

Abstract Objective: To propose a new algorithm based on neural network for data com pression of sig—
nals of ambulatory ECG. Methods: The neural network was used to select those ECG signals valuable for di-
agnosis for it was a 3— layered perception with back propagation algorithm and the compression system was
composed of two neural networks with the same structures. Results: The compression rate was about 10~ 20
times and its precision about 2% ~ 3% . Conclusion: This system have high compression rate and precision.
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