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Applications of Support Vector M achines
to Aeroenghne Fault D agnosis

W E| Xun-kai, LU 'Cheng, WAN G Cheng, LU Jianming, L | Ying-hong
(T he Engineering Institute, A ir-Force Engineering U niversity,
Xian- 710038, China)

Abstract: A n aeroengine fault diagnosismethod based on support vector machines ispre-
sented A fter extracting fault symptom s via proper equipments or methods, support vector mar
chinesw ere adopted-to st up correlation betw een fault symptom sand fault patternsand to realize
the classification of faults Support vector machines are ecially designed for good generalization
ability under the condition that only snall sanples st isavailable A pplying thismethod to a cer-
tain engine, the diagnostic reaults are satisfactory, and it is referable to develop diagnostic system
for new ly-developed engines
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Fig 1 Typical structure of SupportV ectorM achines
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Fig 2 Fault diagnosis structure based on SYM
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Fig 3, Classification results under different level Gaussian noise
1
Tablel Trainihg samples
F1 F2 F3 F4 F5 F6
S1 0.60 0. 80 0.95 0.00 0.00 0.30
S2 0.40 0.98 0.00 0.00 0. 00 0. 60
S3 0. 00 0.30 0.80 0.98 0.90 0.90
4 0.98 0.00 0.30 0.00 0. 00 0.98
S5 0. 00 0.00 0.98 0.00 0.00 0.95
2
Table2 Training errorsunder Gaussian noise
s1 s2 s3 s4 S5 /(%)
0.01 1 2 3 4 5 100
0.05 1 2 3 4 5 100
0.10 1 2 3 4 5 100
0.15 2 2 3 4 5 80
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Table 3 Test fault patternsand reaults

F1

F2

F3

F4 F5 F6

T1 0.58
T2 0.00
T3 0.10

0.80
0.38
0.00

0.94 0.10 0.00 0.30 S1
0.80 0.90 0.90 0.90 S3
0.97 0.00 0.10 0.95 S5

' Tl (S1) T2
(S3) T3 (S5)
100%,
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