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Abstract: As a new sampling method, compressed sensing samples with the signal sparse features
were presented, which was far below the Nyquist sampling theorem. It might reduce generous re-
quirements of data acquisition, transmission and storage hardware. Aiming at the signals from the
compression perception within the framework, this paper proposed a new method for rolling bearing
fault diagnoses. In this method, part of hadamard matrix was chosen as a measurement matrix, and
kurtosis factor, variance and waveform factor as a sensitive parameters. So there was no need to re-
build compression measurement and the gathering informations were utilized to extract sensitive char-
acteristics directly, and then the PSO-SVM algorithm was used for pattern recognition so as to realize
fault diagnoses. It is shown that within a certain range compression ratio, the method may use less a-
mount of data of fault characteristics for rolling bearing fault diagnoses.
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