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Abstract: Aiming at the nonlinearity non-stationary and poor component tolerances in extracting analog circuit fault signals features we
propose a new method based on EWT. However it is difficult to set the number of modes in separating Fourier spectrum. To fulfill an a—
daptive separation of Fourier spectrum we put forward an adaptive nonparametric EWT ( APEWT) which can separate the amplitude
modulation—frequency modulation components effectively. It has been applied to analyze the output signals of different faults in the Leap—
frog benchmark circuit to perform modal decomposition and time—frequency energy spectrum analysis. The experimental analysis carried
by artificial intelligence algorithm shows that the resolution modes obtained by EWT have the corresponding time domain signal character—
istics. By comparing with the method of HHT the proposed method can not only extract features of soft fault features in analog circuit ef—
fectively diagnose more accuracy than the latter but it has complete wavelet theory high calculation speed without no false mode. This
will help to provide a new idea in extracting features in analog circuit soft fault diagnosis online.
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