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Aero-engine unbalanced fault location identification method
based on deep learning
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Abstract: For the problem of aero-engine unbalanced fault location diagnosis based on
casing test points, a method of aero-engine unbalanced fault location diagnosis based on deep
convolution neural network was presented. The coupling dynamic model of a typical dual-ro-
tor aero-engine was established, and the numerical integration method was used to realize the
numerical simulation of unbalanced fault. Four unbalanced fault positions were selected from
the high and low pressure rotors of the compressor end to the turbine end as the diagnostic
object. A large number of unbalanced fault samples obtained by simulation were used to train
the deep convolution neural network, and the excellent feature learning ability of the deep
convolution neural network was used to realize the identification of different positions of the
aeroengine unbalanced fault. The numerical experimental results fully showed the accuracy

of the method to identify the unbalanced fault locations of aero-engine reached to 95 %.
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Fig. 1 Structure schematic diagram of a typical high push-mass ratio dual-rotor aero-engine
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Fig. 2 Schematic diagram of dynamic model of a dual-rotor aero-engine

1

Table 1 Finite element node numbers for rotor and casing

Table 2 Dynamic parameters of rotor-casing support

/ / / /
/kg /kg B} ,
10" (N/m) (N -+ s/m) 10° (N/m) (N +s/m)
RC1 1 10.4102 3.5 2000.0 1.0 2000.0
RC2 1 8.4086 10 2000.0 1.0 2000.0
RC3 1 16.7173 5.0 2000.0 1.0 2000.0
RC5 1 20,0204 2.5 2000.0 1.0 2000.0
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Table 3 Dynamic parameters of connection between casing and base support
- x / x / y / y /
10° (N/m) (N« s/m) 10° (N/m) (N« s/m)
CB1 1.0 2000.0 1.0 2000.0
CB2 1.0 2000.0 1.0 2000.0
4
Table 4 Dynamic parameters of low pressure rotor coupling
/ / / /
10° (N/m) (N +s/m) 10°(N « m/rad) (N +m- s/rad)
RRC 1.0 0 1.0 0
5 —
Table 5 Dynamic parameters of rotor-rotor intermediate bearing connection
/ / / /
/kg /kg 3 :
10°(N/m) (N -+ s/m) 10* (N/m) (N« s/m)
RRM 1.0 1.0 2.5 500. 0 2.5 500. 0
6 —
Table 6 Dynamic parameters of casing-casing supports
// / // /
108 (N/m) (N« s/m) 10 (N « m/rad) (N +m-=* s/rad)
CC1 1.0 5000 5.0 5000
CC2 1.0 5000 5.0 5000
7
Table 7 Type and parameters of deep groove ball bearing
/ / / / /
/N
mm mm mm mm 10" Pa
1 140 200 22 19. 05 0.01 2.1 0.3 0.52 0.52 10000
3 133.35 201.725 20 22.225 0.01 2.1 0.3 0.52 0.52 20000
8
Table 8 Type and parameters of cylindrical roller bearings
// // / // //
mm mm /mm /mm mm mm mm
2 130 180 30 12 7.77 12 0.01 0.02 10
4 118. 94 164. 064 28 16 7.77 12 0.01 0.02 10
5 130 180 30 12 7.77 12 0.01 0.02 10
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Table 9 Calculation conditions for rotor unbalanced faults
) 2.3 4 9 9 1.2
(FAND (FAN2, 7 (HPT) (LPT1,
, FAN3) (HPC4) (HPC9) (HPC9-D) / LPT2)
(g + em) / / / / (g * cm) /
(g + cm) (g * cm) (g + cm) (g e+ cm) (g e+ cm)
1 100 100 127 127 120 120 500
Pl 2 200 100 127 127 120 120 500
(LPC 5 500 100 127 127 120 120 500
> 10 1000 100 127 127 120 120 500
P2 2 100 100 254 127 120 120 500
(HPC4 5 100 100 635 127 120 120 500
) 10 100 100 1270 127 120 120 500
P3 2 100 100 127 127 120 240 500
(HPT 5 100 100 127 127 120 600 500
) 10 100 100 127 127 120 1200 500
P4 2 100 100 127 127 120 120 1000
(LPT 5 100 100 127 127 120 120 2500
) 10 100 100 127 127 120 120 5000
2 .5 10
23
i o
, 3 Ni. N,

N, 80 % ( ).90 % (
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Table 13 Training and test results list of multi-levels unbalanced fault samples
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