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Automatic epilepsy EEG recognition method based on DD-DWT and
Log-Logistic parameter regression

Li Mingyang,Chen Wanzhong,Zhang Tao

( Department of Communication Engineering, Jilin University, Changchun 130012, China)

Abstract: Aiming at the problems of single classification mode and poor universality of existing epilepsy EEG recognition algorithms, a
novel EEG signal automatic recognition method is proposed based on Double-Density Discrete Wavelet Transform ( DD-DWT) and Log-
Logistics parameter regression ( LLPR). This method not only utilizes the decomposition capacity of DD-DWT algorithm, but also
constructs the LLPR model for EEG signal, integrates the two algorithms organically, and fully exploits the advantages of the two
algorithms. In this study, the filtered EEG signals are decomposed into six levels with DD-DWT, and the wavelet coefficients of various
sub-bands are transformed to the energy waveforms in wavelet domain to acquire the feature parameters using the LLPR model. The scale
parameter « and shape parameter B are calculated to characterize the EEG signal. The feature parameters extracted from all the sub-
bands are composed as the eigenvalues, which are fed to support vector machine (SVM) optimized with genetic algorithm (GA) to
obtain the final classification results, thus the EEG signal automatic recognition is achieved. When the proposed method was used to deal
with two multi-mode EEG classification problems of A\D\E and AB\CD\E, the satisfied accuracies of 98. 9% and 97.75% were
obtained respectively. Experiment results indicate that the proposed method can meet the actual application requirement, is more
appropriate for solving the recognition problems of multi-class EEG signals, has good universality and classification performance, and has
great value in practical applications dealing with epileptics.

Keywords : epilepsy ; electroencephalogram ( EEG ) ; double-density discrete wavelet transform ( DD-DWT); Log-Logistic parameter
regression ( LLPR) model
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Table 3 Classification performance of different algorithm

combinations for classification scheme 1

e SEN/  SPE/  PPV/ ACC/

% % % %
DWT + Hurst 840 85.40 89.60 94.25 0.7240 84.13
DWT + 54 83.74 93.89 96.60 0.7610 82.0
DWT + FEA 4 96.68 78.99 87.50 0.7853 87.66
DWT + Log-Logistic ~ 99.79  93.28 96.40 0.9452 96.80
DD-DWT + Hurst 5%  96.98 89.78 94.91 0.8775 92.0
DD-DWT + Hi5i4§  85.40 94.36  98.0 0.7165 84.13
DD-DWT + BEA  98.46  87.98  93.57 0.8842 93.66
DD-DWT + Log-Logistic  99.44  98.24  99.11 0.9784 98.80

x4 HEFR2HAREERAESHT LR
Table 4 Classification performance of different algorithm

combinations for classification scheme 2

SEN/  SPE/  PPV/ ACC/

BdH4E
" % % % %

DWT + Hurst $5%% 88.35 82.75 88.53 0.7102 82.8

DWT + HEZ 5 76.25 70.53 82.76 0.4545 72.8
DWT + BEA 85.85 70.97 78.0 0.5765 74.0
DWT + Log-Logistic 98.80 94.72 96.30 0.9402 96.56
DD-DWT + Hurst 8% 96.85 90.32 93.24 0.87838 89.36
DD-DWT + HEF 4 88.76 88.04 92.53 0.7586 85.84
DD-DWT + FEA i 98.63 94.17 96.0 0.9339 94.60
DD-DWT + Log-Logistic  99.58 96.71 97.75 0.9671 97.75
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Table 5 Comparison between the proposed algorithm

and existing algorithms

KA NRITE ACC/%
INBE AL AR + AEZEHEARAE + SVM [ A\D\E 98.0
INBIE + RS PR E + SVM [ A\D\E 96.0

i+ B s 1 A\D\E 98.10
SR AEAE + DLy 1)
INBIS R + i + g (1)

IINE AR + IRARRE + Bz g PO

A\D\E 95.67
AB\CD\E 97.13

AB\CD\E 96.70
AB\CD\E 95.60

A\D\E 96. 67
AB\CD\E 83.60

A\D\E 84.50
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AB\CD\E 97.75
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