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SANNWA-PF algorithm of aero-engine gas
path fault diagnosis
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Abstract: A self-adaptive neural network weight adjustment particle filter algorithm
was proposed for aero-engine gas path fault diagnosis of the nonlinear and non-Gaussian
properties of aero-engine. Number of particles split and adjusted was determined by the dis-
tribution of particles. Then particles were spilt by the way of normal distribution and adjus-
ted by back propagation (BP) neural network, which avoided the degradation and impover-
ishment of particles and had stronger self-adaptive and tracking ability. The simulation re-
sults of one-dimensional nonlinear tracking model and aero-engine gas path fault diagnosis
show that self-adaptive neural network weight adjustment-particle filter (SANNWA-PF) al-
gorithm has a good non-Gaussian performance. Compared with normal particle filter, SAN-

NWA-PF improved 21% in accuracy of one-dimensional nonlinear tracking model, 30% with
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Gaussian noise and 26 % with non-Gaussian noise in aero-engine gas path fault diagnosis; and

the diagnosis speed improved about 7 times with Gaussian noise and 10 times with non-

Gaussian noise.
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aero-engine; fault diagnosis; particle filter; self-adaptive;

neural network; non-Gaussian noise
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Table 1 Comparison of three algorithms

B[] /ms R F 5L

PF 47. 83 4.0440 29.0708
NNWA-PF 59.98 3.6712 34.3361
SANNWA-PF 62. 86 3.3525 32.5639
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Table 2 Comparisons of fault diagnosis with Gaussian noise based on four algorithms

) R 1 W 2
e E,. TR /s BB T ] /s E. THERE /s SRS BT ]/ s
EKF 0.0478 0. 14 0.125 0.0482 0.14 0. 150
PF 0.0503 6.81 1. 200 0.0506 6.79 1. 250
NNWA-PF 0. 0445 8.07 0. 850 0.0452 8. 05 0. 825
SANNWA-PF  0.0386 9.42 0.175 0.0394 9.48 0. 150
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Table 3 Comparisons of fault diagnosis with non-Gaussian noise based on four algorithms

. B 1 X 2
" Eoms IR /s B2 W ]/ s Em, WREE /s MBS W ] /s
EKF 0.0534 0.14 0. 400 0.0568 0. 14 0.375
PF 0.0494 6.78 1. 225 0.0498 6. 80 1. 550
NNWA-PF 0.0451 8.01 0.975 0.0451 7.99 0. 750
SANNWA-PF  0.0391 9.47 0.125 0.0395 9. 46 0.125
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Fig. 10 Multiple components fault diagnosis results with non-Gaussian noise



% 1018 VEE B 55 i =S R B ML S i 2 W i) SANNWA-PF 5832 2525
. diagnosis of aero-engine gas path based on SVM and SNN
5 & w ]
ZA [J]. Journal of Aerospace Power, 2014, 29 (10): 2493-

AR SCER XS & s AL St VAR T R A
P — FhoaT B A K s LR B R 12 T 1
SANNWA-PF 5k, Z5000°F -

1) SANNWA-PF B3k b IE 28 70 Aii 73 R BAE
E—E R L f TR T 24k BP B2 I 45 AU (E
PR — B LR TR R AL, P
PER MBS 1 FvE MG RS BE B i ok 1 PF
SRV AR AE Y [R)

2) SANNWA-PF 53 4R 4l bL F 75 A [F] B Z1
Gy A I DL AN ) S B 0 VR R P80 H . B R
T 1) 1 38 R B S R B E T A 2R I 4% AS(E 1R R A
PEFIA T 2 i 0000 {5 8, o 45 5303k XA 28 K
B 722 5 5 2L 5 PR ) s o 3 B

3) SANNWA-PF Bk TR ARG LA
BT WP BE L 52 M RS 1 RS e R K BB B A b 3
FFAEL M & W RG0S5 A T4 80
F1%) o ST U 9 5 3k R A T b A B S B TARARASTR
1y I 7

4) SANNWA-PF B3k 11155052 44 B A Jor 1
T AR AT BT DL R A 2 & 2l WL R 2 W 1Y
SE L B TR AN .

S 3k :

[1] MERCER CR,SIMON D L,HUNTER G W ,et al. Funda-
mental technology development for gas-turbine engine
health management[ R]. NASA/TM-2007-0022364,2007.

[2] LITT]JS,SIMON D L,GARY S.et al. A survey of intelli-
gent control and health management technologies for air-
craft propulsion systems[ RJ]. NASA/TM-2005-213622,
2005.

[3] LUPPOLD R H,GALLOPS G W,KERR L J,et al. Esti-
mating in-flight engine performance variations using Kal-
man filter concepts[ R]. ATAA 89-2584,1989.

[4] SIMOND L,LITT J S. Application of a constant gain ex-
tended Kalman filter for in-flight estimation of aircraft en-
gine performance parameters [ R ]. NASA/TM-2005-
213865.2005.

[5] LUF,HUANG J Q,LU Y Q. Gas path health monitoring
for a turbofan engine based on a nonlinear filtering ap-
proach[J]. Energies,2013,6(1):492-513.

[6] FB&. 7. F#HMH. % LT SVM A SNN i = %
SHLACRE W B2 W [T . A2 3l Jy 22 40, 2014, 29 (10D
2493-2498.

WANG Xiuyan, LI Cuifang, GAO Mingyang, et al. Fault

(7]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[18]

[19]

2498. (in Chinese)
MERWE R V D,DOUCET A,FREITAS N D,et al. The
unscented particle filter[R]. Cambridge, UK: Cambridge
University , CUED/F-INPENG/TR 280,2000.
CHRISTOPHE B,LAURENT T,JEAN G. EKF and par-
ticle filter track to track fusion:a quantitative comparison
from radar/lidar obstacle tracks[ R]. Philadelphia, PA:8th
International Conference on Information Fusion,2005.
JULIER S J, UHLMANN J K. Unscented filtering and
nonlinear estimation[ J]. Proceedings of the IEEE,2004,92
(3):401-422.
HAMMERSLEY J M, MORTON K W. Symposium on
Monte Carlo methods: poor man’s Monte Carlo[ J]. Journal
of the Royal Statistical Society,1954,16(1):23-38.
GORDON N J,SALMOND D J,SMITH A F M. Novel ap-
proach to nonlinear/non-Gaussian Bayesian state estima-
tion[J]. Radar and Signal Processing,2002,140(2):107-
113.
DOUCET A. On sequential Monte Carlo methods for
Bayesian filtering [ ] ]. Statistics and Computing, 1998, 10
(3):197-208.
ARULAMPALAM M S, MASKELL S, GORDON N, et
al. A tutorial on particle filters for online nonlinear/non-
Gaussian Bayesian tracking[ J]. IEEE Transaction Signal
Processing,2002,50(2) :174-188.
ADALI T, HAYKIN S. Adaptive signal processing: next
generation solutions| M]. New York: Wiley,2010.

TR F R A 1 B L ML b at B AL
2010.
PANG Z,LIU D,JIN N,et al. Neural network strategy for
sampling of particle filters on the tracking problem[ R].
Orlando: International Joint Conference on Neural Net-
works,2007.
MAHTAB S S, ABDOLAH R,NASER P. Classifying the
weights of particle filter in nonlinear systems[J]. Commu-
nications in Nonlinear Science and Numerical Simulation,
2015,31(1):69-75.
BORGUET S, LEONARD O. Comparison of adaptive fil-
ters for gas turbine performance monitoring[ J]. Journal of
Computational and Applied Mathematics, 2010, 234 (7) :
2202-2212.
A3, KA WL L A R Sh LI (E 5 M S Ry
o ALY 1. it s 3 03 241, 2005, 20(5) £ 900-904.
LI Wenfeng, WANG Yongsheng, YANG Jiming, et al.
Noise characteristics analysis of aero-engine testing signals
[J]. Journal of Aerospace Power, 2005, 20 (5):900-904.

(in Chinese)

(B# .t H)





