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Research on intelligent classification of ECG signals based on
three-domain features extraction and GS-SVM
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(College of Electrical Engineering, Sichuan University, Chengdu 610065, China)

Abstract: Single-domain based feature extraction has been extensively studied and is used to detect and
classify Arrhythmia recently. In fact, multi-domain feature extraction tends to perform better in classifi-
cation. In this paper, three-domain features are extracted from time-domain, frequency-domain and
wavelet-domain using pre-processed ECG signals taken from 48 data sets in MIT/BIH arrhythmia data-
base. These features fully characterize the nature of the ECG signals from various aspects. In the final
stage, ECG signals are classified into four classes by the normalized features combined with grid-search
based SVM, the overall accuracy and F1 score of the proposed method is 98. 01% and 0. 9800 respective-
ly, it performs well in detection and classification of ECG signals and has better generalization against
the most results reported so far.
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Fig. 1 The process of ECG signal classification
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Fig. 2 Raw ECG signals and pre-processed ECG signals
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Fig. 3 Three-level wavelet packet decomposition tree.
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Tab. 2 All features extracted from t-domain, f-domain,

w-domain
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Tab. 3 Confusion matrix
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Tab. 4 The table of evaluation indicators
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Tab. 5 Confusion matrix of proposed method

RIIES

TR
N L R 0”7 B
N 2989 3 1 33 3 026
L 1 2402 0 25 2428
R 0 0 2120 60 2180
07 15 17 56 2855 2943
PEAe 3005 2422 2177 2973 10577




302 Wl K FFHRCAH RFF 0O % 57 %

SR TR A ERE P S8 % 6 fr
7. SPC.REC, PRE, NPV 43| /% 4 — Ff ECG
A RACR I REC R iZM {55 TP 1y

A%, WERHEE R OA.OFE f1 F, 435024y
RIS BARTEMY . N F, 43 80& REC Fil PRE (1
PEREEIE BT 1, 5k e 20 2 S R i iy

x 6 BNEINMEREITM

Tab. 6 Performance evaluation of each class

B gk AR
25
N L R “o” N L R “o”

SPC/ % 98. 26 98. 25 98. 79 98. 77 97. 70 97.73 98. 20 98. 39
REC/% 99. 17 99. 43 97. 48 97. 87 98.78 98. 93 97. 25 97.01
PRE/% 99. 78 99. 67 97. 71 96. 90 99. 47 99.17 97. 38 96. 03
NPV/% 98. 02 98.18 98.73 99. 15 97.43 97. 66 98.17 98.78
OA/% 98. 52 98.01
OE/% 1.48 1. 99
F score 0.985 0 0.980 0
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Tab. 7 Comparison with other literatures

ik ik FEIE TRE e/ %
Li et al™] GA-SVM PCA +KICA 5 97.78
Zadeh et all?] PSO-BBNN Hermit 250+ BUAFAE 5 97. 00
Bhagyalakshmi ez a/[1%] GB-SVNN A A E + SR 2 96. 96
Martis et all!] LS SVM HOS+PCA 5 93. 48
Lietal [6] GA-BPNN INEALFRAE 6 97.78
Zadeh et all20] SVM B4R HE 3 97. 14
P ' GS-SVM =R 4 98. 01
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