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Application on Damage Types Recognition in Civil Aeroengine Based on SVM Optimized by DMPSO
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Abstract In order to recognize the damage types of aeroengine automatically and reliably, enhance the capability of aeroengine
maintenance support,the feature extraction method based on color moments and gray level co-occurrence matrix (GLCM) is pro-
posed to construct the feature database of the aeroengine’s non-destructive detection images, and the support vector machine
(SVM) is utilized as intelligent classifier for damages recognition. A dual mutation particles swarm optimization (DMPSQO) algo-
rithm is designed to optimize the kernel parameter and penalty factor for guaranteeing the recognition performance of SVM, dual
mutation strategy improves the global optimization capability,and some complex test functions have been used to prove DMPSO’ s
performance. Finally.the feature databases are constructed by different feature methods according to four damage types of certain
aeroengine,and then the proposed SVM optimized by DMPSO is used for damage types recognition compared with back propaga-
tion (BP) network,extreme learning machine (ELLM) network,and k-nearest neighborhood (k-NN). The recognition results have
proven the proposed feature extraction method is more suitable for aeroengine damage recognition and is helpful to improve the
accuracy of damage recognition. Meanwhile, the recognition performances of the four algorithms are compared,and the compari-
son results have demonstrated the optimized SVM always has better and stable recognition output. The comparison experiment has
proven that the methods proposed in this paper are helpful to improve the recognition efficiency of aeroengine damage types.
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Fig. 1 Process of aeroengine damage images recognition
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Fig. 2 Flowchart of image feature extraction
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Fig. 3 Damage images of a certain aeroengine
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Table 1 Partial samples of damage image features database
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Table 2 Basic characteristics of damage images database
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Fig. 4 Flowchart of self-regulation mutation strategy
AR DMPSO Bk, iR iR E NS S &5
PSO Hke—8n, A8 S B 7 A T+ 8, (H T
FUBE ZHEME I T R IR R RE . W TR BT L

B0 AT — R B S, RZ AR p BB T p. » DK AR R TR R B ERE.
R (1) Bk gR A, 3.2 PSO EiRMRERIE
KASHHEFEWARAX, BT, T HAE DMPSO 5 1t BE , — 22 & 2% (1 26 S0 iR bR
pit=0—a) c pitrea- (pl,—pd) 15 BB FI R BE A 7] PSO BiE 57k 1 00 1P 8 3 £ 1 3 bR 250
Horr,r A0, 112 18 A BEHLEL , @ [R1FE A BEAIL 7= A= 1) 28 5 1) FIAR AR B ANER 3 g, & 4 Fr gl h & PSO Bk ik =
., BN EREEENZEN p. TS TR EEN p P4
203 8 A i oR B Y R
Table 3 Characteristics of 8 test functions
R HREHE % & 1 2 R WA
Sphere: fgyp, = 3 a2 [—100.100] 50 (0,0,+++,0), 0
i=1
2
(sin , [ X a7) —0.5
Schaffer: fq, =0. 54 ’:1—” [—100,100] 50 (0,0,++,0)5, 0
[140.001( 2 z5)]*
i=1
.l
Sriewank: £ = > i —100,100 50 (0.0.++,0);5 0
Griewank: f,; 2‘14000 I];[ cos( 7 =) +1 L ] 50
LA,
0.2, )+ DI 7‘% cos(2mz ) [—100,100] 50 (0,0,++,0) 5, 0
Ackley: f ., =20+ ¢ =1 il +20+e ’
Rastrigin: [, = i [T? —10 + cos(2nz;)+10] [—100,100] 50 (0,0,++,0)5, 0
i=1
n—1
Rosenbrock: fg, = 3 [100 =z, P, — D] [—100,100] 50 (L1, Dy 0
: i=1
SDPF: fppp = 3 1,17 [—100,100] 50 (0,005, 0
i=1
RHEF: fpepr = IS x)? [—100,100] 50 (0,0,++,0), 0
i=1 j=1
F 4 & PSOHE IR R ILER
Table 4 Optimization results of PSO variants
function SRPSO ALCPSO SLPSO IWPSO SFPSO DNPSO SAPSO MAPSO DMPSO
Ssphere  1.7591x 1071 8.4543 4202, 32 469.3132 1843. 34 0.1174 141. 2324 0.0041 2.6565X 10 %2
Sson 0.4473 0.4645 0.4954 0.4532 0. 4864 0.4855 0.4543 0.3435 0
S i 0.0053 0.3654 2.1038 1.1102 1.5452 0.0231 0.9563 0.0041 0
Fak 21,1654 19. 4546 18.6332 19.5434 20. 8652 20.1004 19.5646 18.7543 0
S Ras 192. 8652 951.2340 4558.7600  1126.4300  2626.3200 473.2345 1178.3400  205.422003 0
F Ros 154, 94238 5232.1300  8823.4500  5892.7400  2061.1200 168. 4534 2635. 4600 147. 6532 13.8797
Jsppr 3.14%x10° 1.21X10%  6.12x10°%2  1.49%x10°®  1.42x10% 0.1564 9.65%x10%° 7.85%X107  1.3532x10 '
S RHEF 917.6472 1032.7600  9613.3400  10434.5300  6846.5300 677.4532 2510.4200  1245.6400  2.7938x10 &1

4%#@1%4\‘ ) 2k B 56 W (1 PSO 38 1%: 5 DMPSO 8%
T A 2 TR AT I 535, 0 Self Regulating
PSO (SRPSO)'"*, Aging Leader and Challengers PSO (AL-
CPSO) ,Social Learning PSO (SLPSO)M™ 5 7 3 F 2 Bl
B9 H . A1 Inertia Weights PSO (IWPSO) , Shrinkage Factor

PSO (SFPSO)M™ s 75 % F 4B 38 41 45 45 #49 19 J7 ¥ , 40 Dynamic
Neighborhood PSO (DNPSO) M s 4 H T34 92 4 Jl i 7 6, 4
Simulated Annealing PSO (SAPSO)'°) , Multiple Agents PSO
(MAPSO)Y™Y B A5 559k 19 Fh BE B 162 55 60, f Kk AR K

Bk 400, ki F1E [ — 100, 100 ] By 3 BB PN Bl AL 9] 46 1k, T 3



136

Computer Science TTHEPE#  Vol. 47,No. 11A.Nov. 2020

FETEL — 2. 2 TR J5 15 9 BEALAD AR 1L BT A7 B P57 A [m] 9 1 5%
T BT, L% PSO Bk L IZ AT 100 YT 15 3 1
{E AP B EDR A B E ) S 0PERE. AR R 4 BR T A
Fr 9 DMPSO 53k HA 0 R i &5 S0Pk Re . RE7E TR AL
o B2 AT HE R LS5 2R

4 EF DMPSO {4t #J SVM

SVM FEG T2 > g L al b= A4 i B IR s g Jt
it A A58 2 AR 3 3, 3 A (A O T [R] A 43 2% [R] B (margin) fi
KAk, FIH Lagrange pR U 35 £ 4324 1 (0] 850 5 Sy Xof 41 i) 81
SRR ™ Z MK Cconvex quadratic programming) 7] f31, JA
T A4 3 HE A L A 0 0 R R, X T R PR AS TT 4 In) B, 3 0o A o
B ST W A G 4 2 1) 109 D R R A A 8 Ay 1 A R AR 2 TA) 1Y £
PR AT SRR A, DT S8 BT R P AS AT 43 FE AR B IE B R3] . SVM
o F 43 T Bl 109 A A ) AR LA o

E;n/lrgl% [ wll “rCéS,

2w D+ =1—& (16)
ot {@O

o w S R8T A T ) E A RS AR A C ARSI s
RFEAR I By, WA M R,y €1, +1}:0C )R
B BE AR AR 4 2 TR) W S 3 7R 4 A A s TR) A0 B B eR A, 8 a0
Lagrange PR H0F) 3 I 3R ™ R R ] 380, e 8 ] 45 8
PSR

f(x)zsgngi‘ly,.aﬁ (D(x,) » D)) +b") an
oAt o Sy 324 ) & 0 R R EE SR m XS A o 2 0, T
Ph n R SRR 1) 0 A 8805 o R T S8 IR SC R s 60 R A
A

MR Mercer 25, T 36 & — pRER K O X i 3 A8 46 23 )
BN @ (x) « @(x), 4 K(x; » 2)=D(x;) « O(x), 1 & %L
K #FR N #% pR %% (kernel function) . 38 o 4% o 8009 5 =] LL
A GRS @C ) RIS RME, X AD T IS Ky

f(x):sgn(élly,a,’K(x, cx0+b) (18)

44 1) 3 PR # (Radial Basis Function, RBF) J& T & B #% &
B, W5 R B, 4 R A% oR BRE (T 43 20 88 S T e R A A i I 2
BEA A RT3 FRE AR o S T2, R LA SOk A RBF B
PRBL LA IS h

f'(l'):sgn(élly,af exp(—7 lx;—x | H)+6") 19

AT C 5 i 3 45 4 B AR 14 2 7 2 BT L B8 R YT S B M) o
1 Y0 1B T 42 36 XU RS: 1 B B8] 5 Ty o S R ) e A 7 1 A RRAE
() Hp AT B (Co ) RTR BB AL A 7] F 80 SVM 11
NG ER R ZES . WL, % 2R H DMPSO 5 ik X}
(C, AT 30 LB PR 3K A5 22 )5 s A A T SVML 345
e E

24 DMPSO 535 4 4k (C, v i, #2856 HiE (Cross-
Validation, CV) > 2 3 b7 B oA 45, 38 5 4 I ke A 40 F1h &
HARKLL b—1 HFEAR NGR4T 0 —d A A,
WIRT RS £ AR GRS B 4% & AR B0H B 07 S AN
DMPSO (&N M. 2 XEEm T b7 7 A R4, Bk
T 5 R PR L2 55 SVML 9 43 28 B, DR IIE B ik i e 1

5 Xt {5 E KR IRA M RE B IR IE

ST B R A SC T 4 B F B F GLCM R 4 AF 42 B
RO [ i B4R 46 T DMPSO {4k i) SVM(DMPSO-SVM) ()
P45 PRIk B L AR SCHE A TR X BRI
5.1 AEHFAER BT & X317 345 B 9 5 i

P 0 R AE 3 WO V6 A7 22 F, AR 31 Kk sl ML 0 L 15 1
R W AR ST AR A R AE 3R BT vk 5 Sk [10-12, 23, 24 IR 7
AT E . o, SCERC10 148 i T HSV %8 [8) 2068 R AiE £ B
Tk, SCERCILIJHE T 36 F GLCM S8 3| ik Y S0 38 AT 42 By
e, SCHR[23]4E 8 T 3T Tamura 9 5RE $2 B 1, SCk[12]
T AT Tamura f1 GLCM g4 B9 85 1F 42 B 35 (Tamu-
ra-GLCM) , 1M SCHk[ 24 142 H T 2 F Tamura FJR 38 K B 5 (4
(gray color.GO) @il & B F-AF # BT 35 (Tamura-GC) .

FIH DMPSO-SVM A g YU 57 12 . PSO 1) Fft fif 3 8
40, B RIEAECBE Hy 100, 6 7RG E [0, 1007, 11 8 B
EL— 1,1 JZ M BEHLHT 4G Ak 38 LB ERY & B 5, FIFH 3.2 77
rh i B R S LB 45 A ARIE A [R) 4 7 i B IO SRR ALE L O
PEAT BRI R

(1 1A I B T 1R 24 o) B BE 1% L 41 BP (Back
Propagation) [ 5] | ELM ( Extreme Learning Machines) [’
2%128) k-NN(k-Nearest Neighborhood) 2. 122270 3 Il 32, 4% b 45
AIE$5 BT 35 6P UMK B2 52 . BP M 48 iR 2 AR E N
0. 005, AR EBE By 300 W, ELM R % iy SCiik[26 15 $2
T Al . K-NN B A 7 1 B 0938 Bk BE . & vk i Hoik
A RRE S WA S % Sk Y32 B BE AL ) 46 Ak 1
M, BP W0 £% JELM % 2% i) i i1 RS B2 52 90 A0 A 0 o v, IRl X
2 PP 7R AE A R T B R 8E F HELRiE 4T 50 W B BRS BEAE R
w4

] 5 b8 T B T AN [RTR AT 38 B 7 125 19 45 TR0 B3 32 g 1L
AR, WL S R X T (6] A9 R B3 AR ST 4R A AR AE 42
BT 1 AR A A R AE 2 U7 1 B A AR O, . 43 T A ol
FEAE SR B W g SCHRCLI0 ] SCHRCIL IR SC R (23 ] Hh i ik
J& T — R AE 3R BT vk x5 405 G R FE R AN 0 A T, 3 BUR
SIS BE AR 3502 5 SCR (12 R0 SCHk [ 24 109 7 35 J8 F sl & 4R 1iE
PRICTT 1 DA 22 4 i ok 200 ) 45 475 PR AR REAIE DRI A LY S — R AR
PR WO B TR R T84 BRI, BLSCHRC24 4 2% 08 3 T 3
AR AR L 458 405 AR B R 0 B A R RS . /LS
FEO T A SC TR T B 5 R GLCM HRAE 32 B 7 ik 25 &
F 8T BUE R R SO G R AR X R S LA 1 IR AR R AE B2
R im0, | 4 T 5 S 56 23 SR IE B AR ST 4R R AR 4R B U
GHA.

100
095F === ===~ R —— —
=
090 & - _H-----=- -3
B oot~ T~ et aa
£ BalTox ae i S
= -
= 080
G ek A----"7 —& ‘HSV
075 -v ‘GLCM ~ 4
— & - Tamura
070 - ¢ - Tamura-GLCM
O i s = ve —% - TamuraGC
==~ . _|——CMGLCM
065 S ——————
DMPSO-SVM BP ELM kNN

RRBHEH*
P 5 AN [ 4 iE 41 U5 35 9 R0 4 B He A%

Fig. 5 Recognition effect comparison based on different

feature extraction methods
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Fig. 6 Recognition performance differences of 4 algorithms
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Table 5 Recognition performance comparison of feature extraction methods of algorithms
HAE DMPSO-SVM BP ELM k-NN

VS (CoVDpest CV P4/ NE RAKE/ % WH N B %

HSV (2.47,11.96) 87.10 86. 04 81. 40 84. 88 81.39
GLCM (9.19,13.24) 74.42 68. 60 68. 60 65.12 66.27
Tamura (56.46,1.98) 84.56 77.90 77.90 79.06 75.58

Tamura-GLCM (10.01,4.47) 94.01 89.53 82.58 89.53 89.53
Tamura-GC (5.27,5.33) 96. 31 95. 35 94.19 95. 34 93.02
CM-GLCM (4.67,7.54) 96. 77 100 97.67 95. 34 94.18%
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