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Slow feature density clustering-based gas path anomaly

detection method

SUN Hao, FU Xuyun, ZHONG Shisheng

(School of Ocean Engineering,
Harbin Institute of Technology, Weihai, Weihai-Shandong 264209, China)

Abstract: Based on the kernel-method, —slow feature-analysis algorithm and density cluster-
ing method, a mixed-kernel slow feature density clustering algorithm was proposed to detect the
original gas path parameters of civil aero-engine. The introduction of the kernel method overcame
the possible dimensional explosion.when the slow feature analysis dealt with complex data, and it
took full use ofthe characteristics of different kernel functions and advantages of slow feature anal-
ysis. This algorism can extract the feature with the slowest time-dependent change from the origi-
nal gas path parameters and use it as-the input of the density clustering algorithm. Then the anom~-
alies were found out. Through experimental validation, this method had the best clustering re-
sults and the lowest false alarm rate on certain anomalies. Especially, the number of false alarms
was less than 0.5% of'the total number of samples when detecting the anomaly of the variable
bleed valve system . proving it is an efficient method.
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Table 2 ~ Variances of feature extraction results using different kernel functions
% 5 A RE o T % Z Ui LA
BRI 1 0.000 9 0.0105 0.002 6 0.007 9
FRAE 2 0.0010 0.014 3 0.005 1 0.004 9
697511 FFE 3 0.0013 0. 006 2 0.0115 0.005 1
FHIE 4 0.001 1 0.004 5 0.0177 0.006 1
FRAE S 0.0013 0.017 0 0.0122 0.007 4
FEAIE 1 0. 000 2 0.004 9 0.003 1 0.002 1
FRAE 2 0. 000 4 0.009 4 0.009 0 0.0010
699640 FFE 3 0. 000 4 0.003 3 0.0130 0.0013
FRAE 4 0.000 4 0.008 8 0.004 2 0.0030

FFES 0.000 2 0.004 0 0.003 6 0.0017
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Table 3 Variances of different feature extraction methods
%= FFIE MKSFA PCA AE ICA LLE

FRAE 1 0.0009 0.0370 0.036 7 0.006 0 0.005 2

FEAE 2 0.0010 0.008 3 0.0438 0.053 3 0.0116

697511 FRAE 3 0.001 3 0.0311 0.0361 0.007 0 0.005 6

FRAE 4 0.0011 0.0055 0.017 0 0.0121 0.0180

FEAE 5 0.0013 0.016 8 0.014 6 0.040 3 0.014 1

FRIE 1 0.000 2 0.026 8 0.020 4 0.008 3 0.016 7

FEAE 2 0.000 4 0.006 0 0.033 3 0.044 0 0.009 9

699640 FRAE 3 0.000 4 0.016 7 0.024 8 0.024 5 0.0108

FRIE4 0. 000 4 0.010 4 0.016 1 0.014 3 0.005 7

FEAE S 0.000 2 0.003 4 0.021'1 0.004 7 0.004 8

*4 FERAAREFLERNGENREEEILE
Table 4 Comparison of clustering performance using different feature extraction methods

REMlgs  RBUME C, S, Oy S. L, L, Ry,
JE AR B 0. 356 0.583 7.97 —0.427 1. 516 0.02 15.2%

MKSFA 0.013 0. 802 149. 063 0979 1. 884 0.102 0.5%
PCA 0.269 0.453 5. 851 —0. 383 1.379 0.026 21.4%

697511

AE 0.337 0.561 4.13 —0.452 1.423 0.009 15.5%

ICA 0.302 0.511 4.772 —0.457 1.409 0.018 T

LLE 07196 0.707 15. 968 0.06 1.705 0.013 T

S GEAE1 0.012 0.232 72.991 0.952 5.602 0.015 0.4%

MKSFA 0.012 0..500 460. 635 0.983 1. 686 0.573 0.2%

PCA 0.232 0.506 10. 280 —0.082 1.528 0.033 3.1%

699640

AE 0.319 0. 530 3. 110 —0. 200 2.809 0.040 2.5%

ICA 0. 287 0.536 4.934 —0. 362 1.388 0.037 TRk

LLE 0,194 0.547 13. 847 0.162 1.463 0.014 JeEL

SRR R R OO O A A R T LR R
AR 2 X B 1 2 2R B L SR
e X ER(R) N BERESHEARLEN
oAl .

MR A 28 4 7 45 L, 2 1 D R 1H 9 %% B SR 2K
MORAR 2, BARBRIE 4R I 5 (H R R R
T PCARIAE M RBRORE 2, BE R &
BT ICA M LLE 09 R A REMEwH 48 2] 72 % 5 BR i
e AR T HRBLLON & 505 24 0 3 T MKSFA 11
W BRI IE RO by PR UE T S8 R T GE A %
HFREE T B,

3.2.2 BT HAUE B RIS IL I U S A D

BE T AR 1Y 3R 28 531 (clustering by fast
search and find of density peaks, CFSFDP)""&E fi%
A 2l H ke B TG 52T BB IR B 1Y AROR
X R R A B, AT LA

2 5 PR R AR B RS B8R 4 i AE
CFSFDP 53 M OPTICS 5k iy 25 Xt L . 1
SR CESFDP 5k i B A, R L SR AR M H
T OPTICS RIEIF AT L BRINAE AR B T 16 20
W& GF LAAN AR 8 AR B AE AE BT R 2, 5tk OP-
TICS vk Bl B A SCHE 7 2%
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Table 5 Comparison of clustering performance using

two density clustering methods

PEH R HPL697511 R EIHL 699640
iP5 OPTICS CFSFDP  OPTICS CFSFDP
C, 0.013 0.011 0.012 0.009
S, 0. 802 0.101 0.5 0.117
C,  149.063  104.449  460.635  52.917
S. 0.979 0.907 0.983 0.726
Iy 1.884 1.616 1.686 1. 426
I 0.102 0.002 0.573 0.002

R./% 0.5 21 0.2 17.5

3.3 HAREWKMNZR

Bk VBV R G051 B P AEA SN, 5250 540 il ]
T A6 4 kA R R i R S 41 (high pressure tur-
bine distress, HPTD) . {5 J& s % i F & 45t (high
pressure turbine blade distress, HPTBD) |} 1%
A% Bk B2k (missing ogv leaf seal, mols) Fll
HE IR B 38 78 5% (exhaust gas temperature indi-
cation, EGT ) it [ 1) & sl AL 46 1E 55 125 B X AN [) 5
HWRDGE T . BT X AR SRS A
Ao AT AR ARSI R A T
S5 903 4y s 2 W B RE 2 2RAE S5 AT T
AL R W 0 R EA I AR S5 . AR 6 BTk T
AN R R AIE 48 Ty v 0 %% 8 SRS B A DL A e
A I 1 R

TS S A3 I A AN [ B R S AH R K 4y
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Table 6 FAR of density clustering anomaly detection

based on different feature extraction methods

W i S AR FEAE $R O R./%
MKSFA 3.5

HPTBD
HAp Tk Tosk
MKSFA 5.0

MOLS
Mgk ToRk
MKSFA 16.7

HPTD
Hop o7k TCH
MKSFA ToRL

EGT
Hofth ik TeR

S R R A A I S B ] (] A A e 7 18 1
gt SRR AR B 08 AR AR 7 v, BRI AT AR 9 R SR K
SH S E R ik g SR Tk B AR BLAE PCA L
AE ICA FI LLE A 7 iF $2 B 25 5 v, PR ik TG 1k il
FHI A Fh 7y vk A B RSB L b R

T 5 5 AR I A R B AR M L ) 2B A
AR SO B 7 T EGT 4878 58 JC8L, AEKG I
H 6 S HREA T A 5, BLAT S5 ) v A
AR I R I 50 o 25 B B ad , AT AGA S AR SC 4
HH T 12 R AR 2 B SR R RTA AR R R B LR
R I AT 3 R Y S, R — A )z
S
3.4 ERSM

X TN [) S 2 R0 G I A SR S [ ey (] T
28 3o XS S BOR LA 1040 B 00 26 0 < T
S T R Go 5 Xt e sh HL R B [ G 4 P R e
K, S GRS 1 2418 R AR R F1 28 4E |, i 5
BRI SRR A 5 v i e R S R R O3
Fr B I R R RS SR G S L [ A R T R e A
AN HE TR AE I B AN R 4 R B 0 Bt Rt
SR T SR 25 5 B Sk G Al TG 9 o A R U )
SN BTN S AEE FEAE T 3 B R 2
A5 DR AS i 38 1 18 A X L E AT AR AR AR L, 6
K A HLEE U B RRAE 5 AN BB B B AN TR
BN R4 0 BRI TG ik A T B2 W AT 55«
At 2s & s LR ] SE PR R A, R R AR (H
JE SR SR S A AN F R A —Fh
BL AR A AR R R . i A RS
28 A Z2 PSR 7 i, AT s /0 T 42, PR 3
fiit 2 2w T R B 0 i 4 MR L &2, FLME DR
Ko 35 A — A SR RN O B AR R
AR5 AT AR D 0 T AR AR, (8 E T O AR R R
i 1 27 i R AR MEA — i B R AN T R A R4
P TR AN S R iR RS AR 2
ALY R T R E A i, 1T LLE AR SCHR
HE I I R Tk BE S 4R B 6 4 S E R
AP SAS B T R R B RS AU R —
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Table 7 Comparison of anomaly detection using different methods

ZRES R A B S R K S 5/ SRR AR R./%

A3 5/6 462/12 623 3.66

JE iR s + OPTICS 1/6 196/5 020 3.90

J5 ik B4 + CFSFDP 1/6 920/5 020 18.33

PCA+OPTICS 1/6 292/5 020 5.82

PCA+CFSFDP 1/6 341/5 020 6.79

AE+OPTICS 1/6 612/5 020 12.19
oA 0/6

EHER AR R . QAR SO R T R R iR D
S — P EAT )z R s T
4

& ®

BEXT R R Sh LI 2 80U bR 18 5 K 11
T LA SCHRE S — Al TR A A 18 R AT 40 A7 12
TEH BRI OPTICS % & 3 2K 50 1k 55 4 46
)12 R AR 2 B R TR vk . LR
A FE AR O REAE AR O L AT R SR A 0 R AR
BB . OPTICS B35 T X4 U 9 45
TIE S8 R DU, A LT di e 1 SR 28R 1 A A I 1Y
FEE R AL SR, BAE T

1) A 3l IR A % R ECRE 98 72 2 AL TR
[vi) A% o B0 AR A5

2) B2 RHAE S Wk SR A R A 25 G 4R
T K B B[R] B/ B i O Y i ] AR A
I 18 B LA FEAE BEAS B 00 Sz I 1 7 o i S il 42
[ A R ) 934

3) fEH OPTICS % R BT IL AT RE B
NG BE fc v 1 TR B, 5 R B IR, OPTICS %% B R
R 3T A AR SO R R A 55 R 2 T

4) A5 v TR BT A U e T R KR 3
BILAC B S R A e R, EL AT — s Y S B g
A

Jei B2K o gk B2 I B AR AL T ik IR
2B B0 R AN TR A S 1 A I AR 5 i fe A
HIF 58 5 0 S5 G 325 AR PR 12 R A B (R LI
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