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Aeroengine fault risk early warning model based on improved DRSN
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Abstract: Aero-engine is a kind of mechanical equipment with possible multi-fault risk. The
application of advanced computing training method can effectively realize accurate risk early warning
analysis, and provide reference for the guidance of engine operation and maintenance. Multivariable time
series samples were extracted from the early warning symptom data set of engine failure risk, and the
samples were matrix-transformed into gray scale samples. Image samples were preprocessed and
enhanced, and sequence sample tags were thermally encoded. Deep attention mechanism and residual
shrinkage block with threshold were integrated into the deep residual shrinkage network (DRSN), so as to
obtain high discriminant features and realize soft thresholding. Combining long short term memory layers
with multiple hidden layers, DRSN model was improved, and principal component analysis was made to
reconstruct features and extract principal components. The cumulative interpretable variance contribution
rate was 93.7%. The training accuracy for identifying, classifying, and warning 20 potential fault
symptoms was 96.1%. An improved early warning DRSN model of engine fault risk was proposed.

Compared with other algorithms, this model of strong robustness improved the accuracy by at least 4.4%.
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Fig. 1 Residual module structure
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Fig. 2 Basic module of deep attention mechanism network
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Fig. 3 Basic module of deep attention mechanism network
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and original samples

B 32 AR P HIAEATE AN 16 x 16 HHH IS, %
R 5 3o K B R AR RT 3R AR 16 x 16 By IE 5 AR
EJE

H4 20 P BEAE A T 51 BE LT L, O — 4%
Ak [) 2 B REAR 5 AR 16 x 16 F K B2  A # =Xdm
B 7 B .

PR 7 S A ) P AR

Fig. 7 Gray image sample with noise added

K B alA B =X, X FL & LT4 89 20 4>
B EEAE Ay IZ AR, L 16 x 16 A K & — P REAR,
43 A5 300 A4~ A 8] 75 1 REAS, K HE EUS A RE A
BEMLAT ALAL G, T 40 25 5 3 2wl A e 1 R B
FEAR, HARAS EECN 6 000,
33 BERERERT SN

DRSN A B ZE 7T A LSTM 2 Ji5 , Il 25 3 )3 1
Ak, 2 DRSN A 5 it DRSN £ AU AH L,
PLEERT 633.2 s 19 £ 3 25k %wﬁmﬁfiﬁﬂ
25 50 N4 R SF & (epoch) , B4 7 DRSN 1 Al iz
R 24 Sk DR AR B 1Y) 2.2 7% o

SRUAT R Dy 25 DTSR AN A 8 s .

EROEERR 1608
8 BB Ry 22 TTkR

Fig. 8 Cumulative interpretable variance contribution rate

R VAR AR TR 5 25 3w 3Pk, B IO B IR
OV ASE TR ) £ [ 23 1 REAE B50 , 3l iF PCA Ty
fE BTk

il 8 1T LAE H e R AE 4 B oy 2 I, A4S T
FRRAE 19 STHER R 53 5108 51.7% 5 42.0%, InATE

2235 %) 93.7%, K AT Y $E5E i PCA A 4R 50N
2 I HHAE

FEE 9, I PCA R A S5 E S5 AR 28 3
JCRFR, 0 BN B2 R R AR ERE T Ak, b
£ Ny Ny s O £ D e e 11585 [ e 2 P L)
) ZHEREARRRAE 5 20 Bl A JRAH IR, D iR T
P R) s X6 1 1) JRURR B L 2) 38 Rt B L 3) RS
Bl 4) @ iR . SRR IR G SRR 254 1 5 Fh
Tl B XL T I IR 4325

FE AN M LAy S 1% s B0 T 7 1 i XL

— ) m— ) 3)

4) —5)

0.8r

0.6

04 [ : ,.:; .
_g.. Gore e
02} %
3. A o
02 03 04 05 06 07 038
XAE Ak /%

YEfE Y%

0.6 F
05F
04F -
03t

02t
0.1}

YRlrE /%

01 02 03 04 05 06
XA/ %

20210473-7



Witz 3h 124 %39 %
e 10f
< o6t ik 0.8 o
04t * & 06f o
R - &= /,
% 0.2} }T—‘l 04} /”
of., , ! , , Py
0.2 0.4 0.6 08 1.0 02r el
X% Ll
1O} 0 02 04 06 08 10
sl BRI
H‘E}H{ ' (¢) MIHKROCHH 2%
§ 0.6 L 1.0+ -
B 0.8} #
//
’/
02k~ . . . . . <« 06F v
02 03 04 05 06 07 08 = P
X% E o4l
//
1o HUSS R T ol — it
Fig. 9 Model feature data reconstruction /’ EJ@I\IZ'%
L4 s Y ZR
0 L »
R IR IR JE BB A A o A e X 2 4 4, I ik 0 02 04 06 08 10
17145, B ROC #hZk (receiver operating charac- BRI
(d) &fAROCHIZ

teristic curve) WA 10 i~
11 Skl e JRUBS: P IR VR SE R A . Ry
i FE LR 0 A8 RO, B 2 & s P R XL T

EHiH

EHf

1.0

0.8+

0.6

0.4+

021

1.0

0.8+

0.6

0.4+

021

z
d
4
y
7’
r
’
>
’,
7’
i
”’
”
e
e
s
e
4
'
’
rd
s
rd
’,
’
rd
v
0 0.2 0.4 0.6 0.8 1.0
R
(a) YIZEROCHT £
r 4
'
p
e
e
’/
’s
7’
s
’
”
s
4
'
”
'
”
”
" 4
s
”
s
”
s
rd
v
0 0.2 0.4 0.6 0.8 1.0

FER I
(b) BIFROCHI £

P10 EkRe AR BUE R ROC HiZk
Fig. 10 ROC of fault risk early warning model

TEIRE R L AR 432, 45 3] 20 Pl B JXURS: Tl Ak K
SEARNE DL o E 400 4~ epoch Ji , A5 R I (4 o B
N 94.9%, VNG N 96.1%.
34 EELXIGXTLE

12 5 & 13 43 5] R SUEAE IR AR Y ZR4E 5
U AR JE PEIAE A 1) R A 23t 4 RN o il 4k

M 12 5 & 13 7] & Hh 7E 50 4> epoch i, 2k
#E DRSN A4 5 i) i 5 R 2 15 7] 80% LA b, B &
epoch Y3 T, 455 AU (9 1| 25 o 1 32 5 0 E E B R
Z 1 sk, BRI R 5 uk ) 4 2k i e
400 /> epoch B CL #2230 0.2, PR AR 8/ o

RIS UEAL S e BN AL R PRURS: i S 1 1) L
P, 15 DRSN LY | & G AU B AR FIAL A5~
> A5 P 2R ASE R JEAT LA, SR [20] 32 H s 3 23 A1
(gaussian distribution) . & & & ¥ 7 i (mixed of
gaussian function, MOG ) & J7 % T I ik & 5325, SC
Wk [21] R BLES 2 2T BERNS W & shHLECRS, ¥ &
4 3T 58 7% (k-nearest neighbor, KNN) | k #J{f % 2§
% ¥ (k-means clustering algorithm) . SVM, BP #
Z 45 o AR TR] B XU T i SR A i A T
HER AT H o 8 FSERL A TR SR 4036 3 TR .

20210473-8



523

B OCAE, ST ik DRSN A 2S & gl HL R e RS 191 A 7l

e

B o o 0o 0o 0 0 o

-~ o o o 0o 0o o o

« o offf@ o o o o o

w0 0 oo o o o

< 0 0 o oMo o o

w 0 0 0o o offf o o

e 0 0 0o o o offf o

~ 0 0 0 0 0o o o B

w 0 0 0 0 0 0 0 0

ﬁo\o 00 0 0 0 0 0

"o 0 0 0 0 0 0 0 0

"= 0 0 0 0 0 0 0 0

“ 0 0 0 0 0 0 0 0

© 0 0 0 0 0 0 0 0

* 0 0 0 0 0 0 0 0

o o 0o 0o 0o 0 o0

© 0 0 0 0 0 0 0 0

= 0 0 0 0 0 0 0 0

® 0 0 0 0 0 0 0 0

2 0 0 0 0 0 0 0 0

0 1 2 3 4 5 6 71

A 11

Fig. 11

1.0
0.9
0.8
0.7
0.6
0.5
0.4

05 — e

0.1 B IEER R

0050 100 150 200 250 300 350 400

R

K12 BEER R

Fig. 12 Accuracy curve of the model

\ — Yk
‘ — ek

i, | ‘
| wL", ‘\I“"M“‘ | ‘
il v1,1w!j 6‘1‘%/‘\,‘149“»4“/‘“,1,:‘* ,,% Ay WJ% ‘N |
AP

Lol
l~‘-u | |
A

0 50 100 150 200 250 300 350 400

R

B 13 B ek

Fig. 13 Loss curve of the model

oo

0o 0 0 0 0 0 0 0 0 0 0 0
00 0 0 0 0 0 0 0 0 0 0
O 0 0 0 0 0 0 0 0 0 0 0
00 0 0 0 0 0 0 0 0 0 0
o0 0 0o 0o o o offflo o o
O 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
00 0 0 0 0 0 0 0 0 0 0
B2 o o 0o 0o 0 0o 0 0 0 0o o
oo 0o o 0o 0o 0 0 0 0 0
o o o o o o 0o 0o 0o 0 o
o 0 oo o 0o 0o 0o 0o 0 o
o o o oY o o 0o o 0o 0 o
o o o o offZdo o o o o0 o
o0 0o 0 o offfo o o 0 o
o0 0 0 0o o offo o o o
o0 0 0o 0o o o offo o o
o0 0o 0o 0o o o o offo o
o0 0o o o o o o olfEHEA o
o0 0o 0 0o o o o o o olfts
8 9 10 11 12 13 14 15 16 17 18 19
T bRZ
TRAAE IR G 5 R

Confusion matrix of early warning signs

F % 3 & H, Bt A9 DRSN W i JRURS:
Y A A B A B T 3k T K R R R R S
S TN M TS T B50HR B A ORI 2, #RA R T
AR M A R, DRI B v A M S R T B TR T
BT R R AR Y R A5 A A R AR I
5 AL A5 2% )RR B ) 4% 53075 AH L, HE Al R
Bz bm T 4.4%.

— R B ML AR 2 2T AR G 4 T
Jab FEAR 4k X35, DRSN [ 28 60 50 1 Sy 3 5 2 )
T A B A KO 2 N = 4 BR (L RS,
TEAH [] 6 Bsf 18] BE, DRSN [0 £ 50 54 A b BRRRAE 5T
hnag Z . B BTN R A B AR A, A Ut
Jit DRSN S RUFE 2% 5] AR AR AS 3 8 | 5 — oA A
FHILEE TS .

TE PRI 2 I 25 152 80 7 T SR AL IR 25 Ak B AR R
Intel i7-1070 CPU, - %5 >4 NVIDIA RTX2080
SUPER GPU, DRSN ##I7EfIA LSTM 25, Yl
Sk i B S bR, 2t DRSN #5885 L DRSN 45
RUM L, ASRERT 633.2 s IR E I8 2 50 4> epoch,
Ji DRSN A5 A 1| 5t J8 7 1R 85 2 2] B v 3R 4
TR, WCE DRSN A7 52 17 3 i 24 Ay i 452 70 3 138 1)

20210473-9



IR DA 5 39 &
#3 AEEEARBEML
Table 3 Comparison of model accuracy rates
Fi Il JEABE /%% B P K AR % SR %
it DRSN 16x 16 99.2 94.9 97.1
DRSN 16 x 16 98.6 80.3 89.5
Gauss 4 98.2 75.0 86.6
MOG 4 93.2 85.4 92.0
KNN 4 95.3 69.4 923
K-means 4 95.5 72.2 92.7
SVM 4 93.2 91.3 923
BP 4 90.6 63.4 77.0
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4) 5] A LSTM 25 PCA Bk, H i Fa 245 1E
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