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Abstract: Objective To research the characteristics of the electroencephalogram (EEG) signals of patients under general

anesthesia, and to compare the performances of sample entropy and wavelet entropy algorithms in monitoring the depth of

anesthesia, including classification accuracy, calculation complexity and calculation time. Methods Based on the characteristics

of nonlinearity and instability of EEG signals, two kinds of nonlinear dynamics analysis methods, namely sample entropy

algorithm and wavelet entropy algorithm, were used to extract the characteristics of the EEG signals of 30 patients under general

anesthesia. The sample entropy and wavelet entropy of the EEG signals of patients under different anesthesia states (including

waking state, light anesthesia and moderate anesthesia) were also compared with variance analysis. Results The sample entropy

and wavelet entropy of the EEG signals under different states was significantly different. Moreover, the change threshold of sample

entropy was larger than that of wavelet entropy. Conclusion Both sample entropy and wavelet entropy algorithms can be used

as effective indicators for monitoring the depth of anesthesia, but when classification accuracy, calculation complexity and

calculation time are taken into consideration, sample entropy algorithm is better than wavelet entropy algorithm.
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Fig.1 Positions of BIS electrodes
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Fig.2 Device for electroencephalogram (EEG) signal acquisition
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Fig.3 Structure of back—propagation neural network
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Fig.5 Comparison between original EEG signals and filtered EEG signals
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Fig.6 Sample entropy (SampEn) and wavelet entropy (WTEn) of EEG signals in waking state
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Fig.7 SampEn and WTEn of EEG signals in light anesthesia
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