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Machinery Fault Detection Based on a Small Sphere and Large Margin Approach
Hao Tengfei Chen Guo
Nanjing University of Aeronautics and Astronautics, Nanjing,210016

Abstract: In machinery fault detection, normal examples are much more than fault examples and
the training examples are highly imbalanced. Aiming at this problem, a small sphere and large margin
approach was used for machinery fault detection and a machinery fault detection method for imbal-
anced examples was put forward. The proposed method can use both of many normal examples and
few fault examples to train. It constructed a hypersphere that contained normal examples in the fea-
ture space by training, such that the volume of this sphere was as small as possible, while at the same
time the margin between the surface of this sphere and the fault examples was as large as possible.
This method was applied to fault detection of rolling element bearings and comparisons were conduc-
ted with support vector machine and support vector data description. Experimental results validate its
effectiveness in the machinery fault detection where the training examples are highly imbalanced.

Key words: fault detection; imbalanced dataset; small sphere and large margin; support vector
machine; support vector data description
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