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ical mode decomposition, EEMD) ¢4 i ks w42 5 AKX 2B 5 k. &5k AR T 28B4 5 5 # (Empiri-
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A Method for Removing Baseline Drift in ECG Signal Based on Improved EEMD

Lin Jinzhao', Liu Lele', Li Guoquan', Bai Tong', Wang Huiqian’, Pang Yu®

(1. College of Communication and Information Engineering, Chongqing University of Posts and Telecommunications, Chongqing,
400065,China; 2. School of Photoelectrical Engineering, Chongqing University of Posts and Telecommunications, Chongqing,

400065, China)

Abstract: A method to eliminate baseline drift of ECG signal based on improved ensemble empirical mode
decomposition is proposed for the disadvantage of poor filtering in traditional method. The method can
weaken the mode mixing of empirical mode decomposition, and make up for the shortcomings of EEMD.
It establishes the criterion for adding auxiliary white noise in EEMD method, and then determines the
two important parameters,i. e. , the magnitude of auxiliary white noise and the ensemble times. The
method extracts the baseline drift signal from the noisy signal and then reconstructs intrinsic mode func-
tion to obtain the “clean” ECG signal, which provides a prerequisite for subsequent research. The experi-
mental results show that the de-noising method, compared with the traditional method, can improve the
SNR, reduce root mean square error, keep the characteristic of the waveform, and solve the problem of
low frequency component loss.

Key words: electrocardiogram (ECG) signal; baseline drift; ensemble empirical mode decomposition
(EEMD)
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Fig. 1 ECG signal with simulated baseline drift filtering by improved EEMD



Ak Tt EEMD #9w w 42 5 R K IE A0 iR o ik

t/s
() 2RI RIRES
(a) Adjusted original signal

& RE / mV

2 4 6 8
t/s t/s
(b) EHHEIHER S RE S

() A SCHVEUERR L SRR BUR E
(b) ECG signal with real baseline drift

(c) ECG signal with real baseline drift filtering by improved EEMD
B 2 A BLSE B 0 o 28 0 A SO VR DR U I I RUR B

PPN

g. 2 ECG signal with real baseline drift filtering by improved EEMD

4 6 8 10 : ) 6 8 10
t/s

t/s
() ZIHEMRLHE (b) EHEBAEE NS RE S
(a) Adiusted original signal

(b) ECG signal with simulated baseline drift

2 4 6 8 10 12 14 = 2 4
t/s

(c) MNB AR DB RR AT TR K]

(c) ECG signal with simulated baseline drift filtering by
wavelet transform

6 8 10 12 14
t/s

(d) TEASFIRFR BRSO &

(d) ECG signal with simulated baseline drift filtering
by morphology

8
t/s
(O JRIEEEMDE FR AR AL 24O R &
(f) ECG signal with simulated baseline drift filtering by EEMD

t/s
(e) EMDJERFEUFEER AR
(e) ECG signal with simulated baseline drift filtering by EMD

>
g
i

2 4 6 8 10
t/s

(8) A SCEEIERR AT ROR B
) ECG signal with simulated baseline drift filtering by improved EEMD
A RO B A0 L R 0 A O b U ROR X L

Fig.3 ECG signal with simulated baseline drift filtering by several methods
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Fig. 6 ECG signal with real baseline drift in the interval filtering by two methods
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