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Abdtract : It is very important to acquire the easly understood diagnoss knowledge rules of rubbing fault, in
order to further understand the rubbing fault mechanism and effectively diagnose the rubbing fault. In thisarti-
cle, a rule extraction method based on the functional point of view is studied, and the key a gorithms are intro-
duced, such as the discretization of continuous attributes, the generation of train samples of neural network
(NN) , the training of NN, the generation of instance samples from the trained NN, and the rule extraction.
The Iris dataset is used to verify the rule extraction method. Finally, rotor-stator rubbing fault samples are ob-
tained by an aero-engine rotor experimental rig, the rule extraction method is used to extract the rubbing fault
diagnoss knowledge rulesfrom fault samples, the obtained rules are verified and analyzed , and the results f ul-
ly show the correction and rationality of the new method.
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Table 2 Comparison of recognition results
[13] [14]
Iris 150 0. 949 0. 025 0. 026 0. 949 0. 051 0 0. 949 0. 051 0
Ecoli 336 0 511 0 242 0 247 0 664 0 282 0. 054 0 687 0 258 0 055
Gass 214 0. 427 0 428 0 145 0 384 0 283 0 333 0 478 0 522 0
HSV 122 0. 300 0. 417 0. 283 0. 433 0. 184 0. 383 0. 700 0. 300 0
Pima 768 0. 379 0. 179 0. 442 0. 437 0. 108 0. 455 0. 694 0. 306 0
4
2 Table 4 Optimized results of NN parameters
Iris
3 , 1—setosa;
4 6 27 170 0. 001
2 —versicolor ;3 —virginica 50 ,
150 4 y o AL— 5
,cm; Az — ,cm; As — ,cm; Table 5 Extracted rules
Ay — cm Ri:(1.75< <2.50) = virginica
3 4 Ro:(2.45< < 4.95) AND (0. 10 < <1.65) =
verscolor
R3:(1.00< <2.45)AND(0.10< <1.65) =
’ 5 setosa
6 Rs:(4.30< <6.05) AND(2.00 < <2.25) AND
(1.65< <1.75) =virginica
' Rs:(6.05< <7.90) AND (4.95 < <6.90) AND
(0.10< <1.65) =virginica
3
Table 3 Discretization results 6
Table 6 Verification results of rules
A1 A2 As Aq
! % | %
6 05 225305 245,495 165,175 150 145 1 %. 67 0.67
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