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ECG waveform segmentation based on improved U-Net model

XU Bolin, CAI Wenjie, YANG Mingfei, ZHANG Biao

School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: A new algorithm based on U-Net framework is proposed for ECG waveform segmentation, taking the ECG signal

of fixed length as the input, and then outputting the images of P wave, QRS wave and T wave. The method can locate the

starting and ending points of each characteristic wave. A novel model structure of multi-channel dilated convolution with

attention mechanism is put forward, and a data enhancement formula is designed to increase the diversity of data. The

proposed method is trained and tested on LUDB, and the generalization ability of the algorithm is verified on QTDB. The

experimental results show that the average sensitivity, average positive prediction rate, and average F1 score of the proposed
algorithm are 99.41%, 98.90%, 98.75% on LUDB, and 98.65%, 98.43%, 98.23% on QTDB, indicating that the proposed

algorithm performs better and has excellent generalization performance.
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Figure 1 Schematic diagram of LUDB labeling information

BT X LUDB A4 1, AS B 5 76 #5080 4 s A
T NEE 3F (55 1000 AR AE £ JF i 2158 8 B (27
4000 P RAE ) A 1B 10 H R B, 48 3000 SR AFE A
XA AT LA IE 2 B 15 5 38 & K bsid . B
LUDB #2001/ 12 3853701 44 7 A0 SRR Ab 2
45 2400 25105 o SR, 7EARJH B 1 4 S 50l 42 5
b & B, LUDB A 30 2500 sRAFTE ARG I , 57 73X
Y T8 2 370 S0 TR SR AE

£1%F QTDB HYALRE , B Sexiic s E R 2] 500 Hz.
I8 RN BAR I A KD R = L AR, AR ST
PEBULATERARICIIC %, 5 3000 P RAE SR I —4%
O BE R 51 800 S5 I IE AR

JE b0 FL A 5 T S A R MR AE S L
FORRRIER T T A B R S AR T
BRI PR AR o AR 5T R FH /DN A8 4 S B g e 1
L, 7E LUDB 1 QTDB I {ii Ji] db3 4 /)N ifl Hxt O HL A
S8 RUBE At o TR 2 Ok AR U TR N2k W T )
W,
1.3 ##EigeE

LUDB 4 2370 25ic 5, b T 3Gk i) 2 B

2000 2500 3000

500 1000 1500
a: [RIGO R

1000 1500 2000 2500 3000
REER

b s /NI AT R R R D FROR

B2 /JNiE AR AT R O HLUR

Figure 2 ECG waveforms before and after wavelet transform
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Figure 3 Improved U-Net model
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Table 1 Structural parameters of dilated convolution
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Figure 4 Training and validation loss curves of the model % 0.4
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Table 2 ECG segmentation results of different models (LUDB)
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Figure 5 Signal real label and algorithm segmentation results
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Table 3 Comparison with other methods (LUDB)
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Table 4 Comparison of algorithm verification results on QT database
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