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Image Recognition of Aero-engine Qil Filter Debris
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Abstract: Inspection of the aero-engine oil filters still relies on the experience of the engineers. We present a
quantitatively method for aero-engine oil filter inspection. First we construct the oil filter image detection hardware
system. Then Kernel Principle Component Analysis ( KPCA) is used to extract the oil filter image features. Final-
ly we analyze the actual acquisition oil filter images with KPCA and compare the results with those by the method
of traditional Principle Component Analysis ( PCA) . Comparison result indicates that the method of using KPCA
can extract the wear condition features in oil filter images more efficiently. It will improve the prediction accuracy of
aero-engine wear faults efficiently.
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