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Abstract: Aimed at the complex non-linear rolling bearing systems, a new method combining ES-
MD and PNN was introduced for bearing fault diagnosis. ESMD expanded the definition of the intrin-
sic mode function, and changed the external envelope interpolation to internal pole symmetric interpo-
lation. An idea of adaptive global mean(AGM) was used to optimize the last remaining modal, thus to
determine the optimal number of decomposition. PNN was a neural network classifier based on kernel
function approximation. The exponential functions were introduced to the neural network to replace
the S type activation functions and to reconstruct the functions, representing the notion of gradient
steepest descent method prominently, and reducing the errors between the actual and predicted output
functions. Through the decomposing comparison to the simulation signals among empirical mode de-
composition(EMD), making empirical mode decomposition(MEMD) and ESMD, and the diagnosis to
the bearing vibration data by ESMD and PNN shows that the new method introduced may diagnose
the bearing faults more effectively.

Key words: rolling bearing; extreme-point symmetric mode decomposition(ESMD) ; probabilistic
neural network(PNN) ; fault diagnosis
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