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Abstract: In order to solve the problems of missed detection and excessive cost of human and material resources when detecting
aeroengine blade damage with hole detection equipment, a target detection algorithm based on dilated convolution and attention
mechanism was proposed based on YOLOv4 network. CSPDarknet53 was used as the feature extraction network, and the Mixed
attention mechanism and the fusion expansion convolution were introduced to enhance the feature extraction capability of the
network. The Focal Loss function was applied to optimize the original loss function. The experimental results show that the

detection accuracy of the improved algorithm network is increased by 5.71 per cent, better meeting the requirements of the engine

blade damage detection without missed detection.

Keywords : engine ; blade damage; target detection; YOLOv4; attention mechanism; dilated convolution

0 5§

fitzs A s HUR T B AT s A e A AR T
Fi B TARPREE R W PR o il e T | R e LA
Sy i 2 AR R e )
T AR W5 th B R fwidle Bk
RINLIEY N SR Y0 A T SN ) | K DO R ]
AR R Z O E Y,

FURITL S K ShHLE 4R A T B R AR AR LR
VAR e U, R ALER A e AR X ALK
ASCARARA 1O A5 A 15 73 0 B, (EL AR T B2 T2
RAFEIEZ R, N —EREW A 3] %
BUR SIHLIM 1540 1 R G R A AR R B X

AT TUAF , DL BE 27 > A B A B AR g il
8 B RGN 5 32 Aok ) 2 1o Y, TR B A AR
LM LT RIS IR S ARIE T T e

ARG FE s R SiLt B R aE oY E A
TR, REDDY 55 fifi il CNN XIS 5 iy
T IREEHLI - G F TR 45040 K6 %) T4, 76T
FEALLED RS A A FR BRI T s [ AR
Hh ] R R 24 B X HE DL ResNet 5 b LA i 22
D25 24, BERR AL I S8 AR B I A S 482 2 pR K
S )AL S TR B 1 7 X A5 8 T R R
RAGHE P I SE I T — AP EE T Faster R—CNN
BRI A ShpLE R 305 UM B0k 45 T X g
2% RPN Hl Fast R—CNN A4 4% 5, BEAE % 52 0
POBUE- RIS R R A A OR =R )
B A R T ORI R, HE S B et
JE Y Mask R—CNN B3, BLBR 6 & shdlnt B i
PR DA AR AR B v 2 T, R A 5 B 4 495 43 2
TAE, B REE IR R R FIN A

fu s e AL e 453 45 K6 000 A 58 6 )

ESTE . HxK ARBAIEETH (61871218) ; [ Z & S &R H (2018 YFB2003304 ) ; 1 J i 7 IEA BTl 45 3% T

El (NJ2019007,,NJ2020014)

E—EEB N : AR (1999—) , 20 TLAE N BEBIIE AR IFTE 7 10 AR BE 27 > IS AL B 408463044@ qq.com,,

- 223 -



- BE5AYL -

EAER,E - R TRk YOLOVE 89408 K FhAuet B i 4 ml

T AU A R DRI SO BT A DR
FERGE B YOLOv4 M 28 Ry B, b 5 A TIR &
TR IIHUEI LR sl B RS 4, Pk T I 45 2
AR ROEE R REAEAS B R RE T, 32 55 T 19 45 ) A i
KEE

1 YOLOv4 &%

YOLO F Ay Bl Be H ARG I 3502, & 0
TEERABHE 77k Z —, YOLOv4 & —
T s Xof i 14 OO 2465 i s PR A5 i A P28 )5, 7 7 g
TEHE (19 [6] I, AT DL 5g B A7 I B R0y 2R AT 55
YOLOv4 [ M 8 4540 24 4 Do T M4
CSPDarknet53 % [i] 4 - AL ) 2% A2 2R G I
#% M1 YOLOHead Sk M &% Ho4E/nE 1 s,
F T M 2% CSPDarknet53 J&7F Darknet53 H9JEAl I
TS FLBCER 3 % 4% , S04 b P T I 28 PR B, kit
HI ] S T NAERIEAR,

74 YOLOHead
¥

oncat+Convx5  [-#|  Concat+! Convx5 f*l H)Ll'}Heudl

4>| Concat+Convx5 l7+|Y()L(}Hm<I|

E1 YOLOv4 514
2 RENHEEMRK

2.1 S0\ CBAM #ER

RHLR SIHLI 505 B FEAE A AR 5
58— EREE T2 R L H ARAS I A HFAE
HE 00 o] M R XA 0 5 1) 19 2% 5 A SCHE PANet
TR A 13 2 SR ( convolutional block attention
module, CBAM) "' | BEERZEFGUNE] 2 FT/R

IR

A [y e |
7 Ik [
H : - . = H
W W
C C 4
e w

B2 CBAM &R

. 224 -

TR L —Fh i A A R 5 LA I K
PEATAE T AL BRAHILH] . B 0 45 27 >0 R AR IBUAL
HREL R G LB 2 AR 75 2Ok 52 iU A RRE
YRR T AR 45 DL T 48 S E Y IX 58, 5 1
(] Fsf 35 FE 49 o) At X3

WE 2 fros A SRR F KRN HxWxC
M), CREFFAE F W8 E B, Hx W 247 1E F 1)
Kot

CBAM HEH iy AR # an = (1) (2 (2)
Bz

F'=M.(F)QF (1)
F'=M (F") ®F' (2)
K. F oA A KRR M 38 A R B i
SRR F O IE A TR R R S B RAE s MR A
(] R 3 B R 5 B R 2 TR 7R R
i A RRTE , BV EAGRRAE
22 BSYKRERAEEANE

TEG TR W 25 vp | RS2 BT 1 R/ 4 i H
PRI M RE AR B2, R, AT DAFE CBAM #5
g A9 5k & FH (dilated convolution ) , 7F A Ui,
ANFEAE B RS (9 [FIE , BEASHE KB B i ISz T

Yok A B T 4 A 23 1 19 7 Ul S B 1
R I RIBAZ B, TG s ) 22 RUBE AR Bl 42
PR ZRZER . AEYIKRAM 3x3 B
LERIINIEL 3 PR,

(a) P3N (b) ¥ 5k3H2 (e) P3kAN3

3 FETKERM 3Ix3 HRZ

WNIEL 3 s, S KA o RN b I, %
BRI B 55 W) T B RN A, In=(3)
NS

A=b+(b-1)(a-1)=ab-a+1 (3)

HI T sk BRI & R A B R, R 2 )2
HARFEY 5K A1 9 5k RS iy 2 77630, H
W2 B A JRSZ B N BB S B w ) (R,
TSN R RS2 BT M R R AR SR
TF— I K G T H, I E 4 frR, AR
BT 4 D kKRR UGE I 3x3 B, A
T AL NG, R REAE AN ) ROBE 9 /8 32
B b TIRIZE R EK,



- BE5AYL -

EAER,E - R TRk YOLOVE 89408 K FhAuet B i 4 ml

TS

3x3 3x3 3x3 3x3
PR N| | skERR2) kR K3 [Pk Al

\/

‘ Concat ‘

|

B4 FITHKER

2.3 RULBmKRERE

YOLOv4 B 3EA4E N one —stage %ﬁ{f, NT S
HELISE BT, fofe /L ) SRS HE A0 7 e A S0 B
FEAL R R A B IAE 72— R R R S H
P B IEAEAAR A I, R A S8 B0 HE 50 25 A 7E 75 5t
ISP GAREA 325 2 BOE A A1

N T RPX A A A T Focal Loss
P2 bR AR TR 1Y 28 S0 45 K BRI B, Focal
Loss 512 s8] LAy /D R AT 5 XY 7 Le, A
M b T B AR A $ A i HE 32 . Focal
Loss 4512 RAL I E LN (4) 3 (5) P,

FL(p,)=-a,(1-p,)"1g p, (4)
P, y=1

= 5

P, = (5)

Ao (a, € [0,1]) VA HF;5p(p,e[0,1])
SETAE R B rbn 2 ATy (y € {0,11)
REPRIBR AR y AR NE S FEAR I S50, A
SCHIREE o, A 0.5,y LSLREEE R 2 BT,

3 XW5SH

3.1 SCIGIRIE

ARSCHSEIR IR BN . g Zh BEER S AMD
Ryzen 7 5800H, W % & 16 GB; 5k F§ NVIDIA
GeForce RTX 3050 i} ; #:/E R4 & Windowsl1;
R B 2F 2 HE %2 24 PyTorchl. 10. 0 + cull3,
CUDA10.2,
32 THREEE

ASCHYSE B AR A 0k F AR A KBl
LR WEE T 174 SR IE R B ke A Horb g
& T 6 (nick) S (crack) KK (scratches) |
et (missmaterial ) 4 FhSLFY (G451 A R 25
BB, R b 5 T B A B B IS 2 5 i A 0 2%
B, TR AR M5 (stains) , B FREAE &
B (R AR ORI EEXT L R A T TR XA AR
PP IS, A3 1 011 SKEEARE R, B8R L

9+ 1R L] 43 AN 2R A AR A T 2
3.3 iEMiErR

ABIFE 322 B 245003 1 7 24K5 B2 (average
precision , AP ) FFT A5 2 51453 13 19 F 278 £ ( mean
average precision, mAP ) > fiif 1 51k A MEG I, FH
BEFPMTEL (frame per second , FPS) A g 387 YK
DEEE AP B2 DAIASIR] A 32 A4 [ 3 R
At FEHARER b F A AR, ARG AT

P_TP+FP (6)

R_TP+FN (7)

AP:fP(R)dR (8)
1 n

myp :;ZAP(i) (9)

P T, FoR IEREAR TN IE AL R ; F, 2R Tke
AT R PIMER ; F F IEAEAR TS SR M.
34 EWERHF

RSB A CBAM 1 2 Sy e W™
SRBFG I B ML, LI 5% sR B0 e
YOLOv4 W45 ()it [ oEA 7ot 428 64T 15
S AN [ RO AT VAR, DAk 43 AT 45 4
TR RSO PR TR A A A, SR 1 2
RFERBGED YOLOVA 353 525 2 /& 7E PANet
M2 HiIn A CBAM VE B RLH 505 3 247k
GIRGIAEE I LE] ; S25 4 2 AETH 3 1Y HEal
ARG SR AN [ R T R A 2 A A
RORXF L 1 B,

1 FREMHFENRMBRIE B %

Ap
YR e IEE
64.48
65.35
72.55
77.06

B R
96.70
94.15 100.00
94.31 100.00
95.90 100.00

SEE 1
F5 2
F5 3
S 4

88.31
89.88
92.23
94.02

86.78 100.00
100.00
100.00

100.00

93.58
89.92
94.29
97.14

MR 1 Ao, SIS O R B B A 2R
e G ARG FE L B A IRS BE e v 1 157 |
Gy XULH T IIA CBAM #EHUE RO T 31
W25 ARFAE SR IURE T, fE B SEAR b 78 3 L
R A ST S o A S R SE WALy N I 1
EPURBAYIERAZ B R B AR RS BE 32T T 2.35
ANE I3, HH G It ik S0 B A I o Al R R

- 225 -



- BE5AYL -

EAER,E - R TRk YOLOVE 89408 K FhAuet B i 4 ml

T 724 E 5, U AE IR TP sk B R4S 2R fig
B A B 0 T3 ML AN D 24 T JRR NG R ) IX
fiftdi th RE AL 7 AN [A] RUBE B9 RRIE AR B, T M A iR
SIANEIR /N ER S o 5250 4 7E47 5K T = LI Y
FLt A H Focal Loss PR%L, mAP {HiF— 5
T 179 AN A 53R RIS S I K eRERE A AL
LT/ N BARFEAS [a] i i) ] 58 SR AR
AU AAT TR | DA OR B2 TH AR5 (R R TS 2

N T 2 R AR SCRE A RO, B AR ST
SR 5 A U Y A ARG I B R AT 0 S
GERINE 2 PR, XF A AN AL AR SRk
TERG R BRI T — 2 B9l | B 4R YOLOv4
BPARE T 571 AN E S, BRI T —ER
AN R (EL ] It gt v AR R R A £ R
P T H AR O B2, SCEBORMIE 5 FTR,
K 5(a) MELE YOLOV4 BT &SPl i & 2%
P05 ERRIACR 8 5(b) Nt YOLOv4 5
HRACR . B S ATRVE H YOLOv4 FE A5
A 2 ) 0 T 6 PO 155 00, i TS0 1 B 1 U
RUPEAR T RS T i it vy 7 G 435 8RB 1%
SR RE A% A 2K I B AN [ /I B 453 3, A A O B
HAE R e

x2 AEEERMMEREITLE

FAEY myp/ % RIS/ (/)
Faster RCNN 86.60 10.2
SSD 84.21 16.8
YOLOV3 85.24 24.5
YOLOv4-Tiny 73.62 58.9
YOLOv4 88.31 28.7
AR SR 94.02 26.7

(a) JBUAYOLOVASEY: (b) R YOLOVARE I

5 XLEEEBHEBTRERR SR

- 226 -

4 HiE

FERT B RHIL A SIHLIM 45 046 U A7 2 1) 1]

WL ARSCRR T — Bl Tk YOLOv4 19 H A kG

DAL . AR SCE S 7E PANet MZE U IR G =

B, 7538 18 A 8] A28 B AR IOE 2 R IE A

B BT 80 RN — S T S M AG I N

H bR 407 , 5 47 5K 4 AU A T 2 AL LS R

AR AT B, T B2 o A RS 2 B e,

Focal Loss PREUIEALAR sk, SEEREREW] . 5

JEUR 1 YOLOv4 503 A0 B, LA DUOKS B2 42 7+ T

5714 F 73 a5, ARSI 82 A A B AR R 0l 7 75 10t

ORI T R R A R T e T

MR IR O, AT A Tl K

SE LA

1] WA, TRh. JE T ALIRBOR BT 25 A s B WA 45 K
L[] B HIEHAR 2017(11) £ 183-185.

(2] 75 M, SRARE  BON, 56, s R ShpLi fr 2480kl
BORBB M (1], WEAHLS A, 2020 (15) -
151-152.

[3] Bz, Wiz A shpLdedr b LR B AR BRI T ]
= BT R, 2019(15) :96-98.

[4] REDDY A,INDRAGANDHI V,RAVI L, et al. Detection
of Cracks and damage in wind turbine blades using
artificial intelligence — based image analytics [ J ].
Measurement ,2019, 147 . 106823.

[5] XM, 3 F 36 R3804 (¥ i R 48 493 19 5900 O 3
FELD]. R P ERATK,2019.

[6] Atk AR, RHaHE, 20 8. & T Faster R-CNN (1)
KR RS E R )], SRS S R
H, 2022, 12(1); 46-53.

[7] HE W F,LI C Z,NIE X F, et al. Recognition and
detection of aero — engine blade damage based on
Improved Cascade Mask R—CNN[J]. Applied Optics,
2021,60(17) :5124-5133.

[8] #4747, FIFAL, IR b BT et YOLOV4 (M %
PG RN T 1 [0 ], BUARH] 1 TR, 2023 (2)
99-108.

s B H9.2023 - 07 - 25



