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NEW-ROI #4E, If I A 38 3 0 6 452 e Fvb s 4
PE M 45, SEn 25 R R, B AR i A NI R
0 B4 S 25785 B2 47 {H (mean average precision, mAP) iy
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Fig. 1 FDG-YOLO lightweight aero-engine damage detection model
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SiLU i 3% #& % (sigmoid linear unit, SiLU) ) 45 ¥y, 52
PSR I 2% 19 42 4 AL . @R GSConv 3 1%
T 20 HR M 2% 51 1Y C3(cross stage partial network with
3 convolutions) £ 14, JE i, GS C3 £ 14, 4 JH 45 Al
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3C FDG-YOLO #8444 B ok P T+ b 3R = J5 1 24
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TR E 2L . Z S 4E  (pointwise convolution,
PWConv) fifi I 1x1 By 45 BRAZ X iy A B B35 R A
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ZH R TIE, 54— AP 30 5 B e, B s
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Fig. 2 Improvement of backbone network of damage detection model based on FasterNet
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F T AL T 1155 2 B, Rl 5850 FILH T
A EE A AE L, PR TR R AR SR LR
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YOLOVS 303 % 45 (1) CBS 4 # 3% 3 45 Bl &
Bom K. WA 2, SRS AR B B . o
U0 B ) 2% 2 R E, PR TR R R A 0 R, X
CBS 456 i 38 5 PR T i A el o TR EE W] 43
15 3% B (depthwise separable convolution, DSConv) "

ZHE/N . WA S &2 . R H] DSConv 2ttt CBS
SE L 3 A AR, RS A AR SR I 45 1) 2 8K
i, P TR ARAS H E
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4 EE R, EE R R S ERZ IR S
¥, DSConv TR0 m . T hNiE A T 5 B ALY
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B B B 2R 38 T 45 B A 45 Ll A A T T
B L, X B DSConv AT FEANFE 3 Fs .
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Fig. 3 Ordinary convolution and depthwise separable convolution
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BRSE . HEERIHEEC N

C, = CiDyCouDp (3)
DSConv JiTHE &= C, H

C, = Ci,Dy D} + Ci,Cou Dy (4)
DSConv 538 4 B3 52 (1% F ik

Co _ CuDiDi+CuCoul} _ 1 1 (5)

(o Cin D Cou Dt Cou Di

A 20(5) A] %1, DSConv F3 IS/ N T B A

J& T DSConv W fiit 25 A& 2 AL 43 £ A D A5 74
CBS Z5#y ek it in &l 4 s, B, CBS 45 #4) i 5
B HA—E N SiLU B0 R E R 441K, € Foom
8 # 1 Conv2d, B F /s it IH — 1k BatchNorm2D,
S F/R I PRI SILU, DBS %544 i DSConv., it 14
— AL A1 SiLU 035 oA ECH 32 41 B, D 278 DSConv,
B 7~ #tt 14 — 4k BatchNorm2D, S 3 75 i Uif BRI %X
SiLU. # DSConv 5| A E| YOLOvS {4 515 ¥ 2%
B CBS &5 44 v A 3 308 25 A T AL S 3% 38 T8 4 BRI
JBR, 8 SUHZER S DBS., 30K A R %A YOLOVS
U 0 24 1 S B0 RN N A o, DT 4 TR AR A

( CBS ) = (Convzd IBathNormZD I SiLU )
(2) CBS
( DBS J: (DSConvIBathNorm2DI SiLU )

(b) DBS

4 T DSConv IR Ui CBS 44t
Fig. 4 Improvement of CBS structure in damage detection

model based on DSConv
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3 TH 2 7] By 3% 4%, DSConv I 58 4= 4] W T i 4
% . GSConv il id 5] A shuffle 1 A 5 W, 4 53l
B PR B A5 B A 76 AN [R] 38 T L 3457 28 46 Ry
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Fig. 5 GSConv structure

115 15 W I H Ay i 1 AR AE T B 5 R, K < K R
B RN, Co i N R B B S8 B EL, Cou o il
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Tsc ~ O(Wx HX K| XKy X Cin X Cout) (6)

Tpsc ~O(WXHXK; XKy XCoy) (7)
Coul

Tosc ~ O |WxHXK, XK, x 5 X(Cin+1) (8)

Al LA, GSConv Y B[] &2 2% B A F 38 5
FHI DSConv Z JH] .

L GSConv Ay FEfiili, F A4 YOLOVS 37 1% 2% 1

gERy, FRILSSHI N GS C3, W& 6 fifzr, Hirr, CBS
QWJ fCFKomLmsEM, BERMIT—1, SER
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i i
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|
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| |
| |
| |
| |
| |
| |
| |
| |
| |
| |

|‘—> Concat

_________
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Fig. 6 C3 structure and GS C3 structure

AR — 1k, S IR SILU #7% R %k . GS C3 4514
P o W, — B A A N A B B
(BottleNeck module, BottleNeck) ¥ % 12 it 17 & 1,
Iy — it CBS 45k, SR, 4 W i 04 gt R AT i
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ek Ao ik, — B a5 2 1> GBS 454
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B JE 47 2k, F  FDG-YOLO %2 &8 Ak fiii 25 % 50
ML A A 0 A 7

3) BRI 2 o B I 2 5 LI IE 4 5 A FDG-
YOLO # it AU 25 & bl kA 78, 15 8 A
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B AR Y2, B8 UE4E T IPAL AR EE A I 2R 2
R, 445 3] FDG-YOLO %2 12 AL 455 2 i) f5c 45 AL
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i as S sh ML 15 A6 I ASE 7R | ek P e A0 ASC R S
FEATHEFE I, 215 FDG-YOLO %% 5 fb 5 750 1y o4
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W

L
He

HILAE P 4 D00 A5 80 38 2 3 ok A Q4 b, X s & 3l
BLA A G sl AT E A7 4G DN, S XA 2 & sl AL A
it B Sh AR

# T FDG-YOLO 4% it AL A5 R (1) it 25 A& s AL
Pk g s AR AR G & 7 FoR o

s RS RCE S

Jou s S AL B R AR A 7 5 11 2

[ s B SR ]

R T
[Jr;efm I sz I it IW“*W%]

IG5 hrit

[ﬂiiﬁiiﬁwuﬁ{ﬁ%&}%%]

[ﬂllé%%l%@i?%liﬂﬂﬁlﬁ%]

{ YOLOVSHE ]

FasterNet

Bt

B R

[FDG-YOLO%M{:ﬁﬁ’fZﬁﬂm ]

[ B
|

Wi PG

X FDG-YOLO
i LR AR

HRA BT TR D]

BRI RED

UGS

a5 R

{7 LT FDG-YOLO §2a AR it 25 & gL kel 7y vk i AR
Fig. 7 Workflow of aero-engine damage detection method based on FDG-YOLO lightweight model
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i 1o BE AL S 2 W B S s HILAL AR o AR Rl
5, IUCHE T 2455 IR0 5, AL Re il MR
HGOMBE R 4 FhA5 05, 8 0 43 1R AN ) 8 e
N o BEALEE SR b 445 f 450 B AT D T4k, XF
TR (R 5475 PR A A TR 2% A4 TECRT S T 75 149 75 9
PEATBIET . 34T IR B SR IEA 6 000 i 15 £

31

(b) MY

(c) B
K18 iz ZiplsEE

Fig. 8 Aero-engine damage images

(d) BHRHERIE

P8, 1 B AR e 822 B HE A8 R 23 Dby ) 5 1 5 ik
&, MR EREA AT IR 1 PR

F1 BIREHEARDH
Table 1 Sample distribution of dataset Wi
By YIlZhdk EafeS S
Pet 1360 343 125
IR 857 140 85
ESa 827 136 85
BRI 1756 581 150

FL I it S 36 PR - b B 2% K Intel Core i7-13700F
2.10 GHz, {2 >4 NVIDIA GeForce RTX 4060Ti, 8 GB
WIE. A& 45~ Jetson Orin Nano, 8 GB N+,
TensorRT il . A< SCII R 8¢ & 4L & K/ 16, )
fa 2] BRUCE R 0.01, 3% HIBEHLAR FE T % (stochastic
gradient descent, SGD) . {b %%, 3l S5 H 0.937,
BB 200,
3.2 IFMERR
S B TR PR RE, SR mAP, S ER L IR AN
iz G5B AR B PR FE AR . mAP ROR
TE 32 45 5 FF 4£ 2 [t (intersection over union, IoU) [
B2 0.5 0F, Jr A 45 45 28 00 °F Y9085 B 0 °F B4



55 4 3]

AT UY, % LT FDG-YOLO %% & AW A R (4 i 25 & sh ML 45 6 ) Jr v 1061

AP H2R LTI 5 R FIHER 3¢ P g S8 67T 1L 19 P-
RUNZE T A BY % B, P4 AT 2
W BT R

R= ot (9)
p=_ v (10)
Ty + Fp
1
Av= | P(RIR (11)
Map :ZAP/CI ( 12)
i=1

e T /R IE AR AR T 15 A (0 B0 s Fa R IE A
AR TR 5 1% 1Y) BB 5 Fp 3 7 SAURE AS T 15 1) 4
ity o RN AL
33 ZWERD
331 HRRLIRLE RSN

Ry B UEAS SC O P A S50, BTt AR 3 il S 5
XA SOy W HEAT VAR R S B0 25 R A2 2 IR .
S5 a 2 YOLOVS BERITEfL =S & sl v 8 4 -
HEAT YNGR AL 5255 b 2 YOLOVS fifi ] FasterNet
VE 3 T RRAE $2 HU 2% 5 5256 ¢ o YOLOVS fifi
FasterNet 1 4 £+ ™ 2%, [F) B 7 200358 9 2% R g | A
DBS £ #4); 525 d Ry e & ek E 9 FDG-YOLO 5 &l
FESCI ¢ FERT A GS C3 4514,

*2 HRASLIZER

Table 2 Ablation experimental results

LT SRR mAP/%  IFAEEEEN0sT MRS

Jha 20865057  92.0 47.9 92
SHb 11654613 88.3 2.5 139
e 9633429  88.1 20.0 150
SHd 9909621 905 163 142

MELHG a 55250 b (1% H AT AL K T R 4%
¥ FasterNet 5, mAP ]\ 92% T (2] T 88.3%, F
KT 3.7%, X2 i T2 R AL S 80T B A RRIE SR I
A1 %, fB 5N A FasterNet Ji5, 158 549 2 %010 #0177
JIB B U YOLOVS 1Y 50% Zodq, i di
T 51%.

LG b 5K ¢ i H AL S —2 AR
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Table3 Comparison of detection performance of

different models
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Table 4 Comparison of detection performance of different

(d3) FDG-YOLO

models on embedded devices
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Damage detection method for aero-engine based on
FDG-YOLO lightweight model
CAI Shuyu’, HE Chong
(College of Aeronautical Engineering, Civil Aviation University of China, Tianjin 300300, China)

Abstract: In response to the issues of poor real-time performance and low detection accuracy when deploying
deep learning models for aero-engine damage detection on embedded devices, this paper introduces the FDG-YOLO
lightweight model for aviation engine damage detection. Firstly, FasterNet was introduced to restructure the backbone
network of YOLOVS, addressing the issue of large parameter count in the backbone network. Second, depth-wise
separable convolutions were used to eliminate superfluous parameters in the neck network of YOLOVS by improving
ordinary convolutions. In order to improve the model's expressive power and receptive field, the original C3 structure
was replaced with the GS C3 structure, which was built concurrently based on GSConv. Finally, experiments were
conducted and validated on an aviation engine damage dataset. In the end, experiments were conducted and validated
on an aero-engine damage dataset. The findings show that the FDG-YOLO model reduces the number of parameters
by 52.5% and the giga floating-point operations per second by 66% when compared to the original model. On
embedded devices, the mean average precision (mAP) reaches 89.6%, surpassing other lightweight models. The
frames per second achieves 61, making the detection speed suitable for the engine damage image acquisition rate. It
more effectively satisfies aero-engine damage detection's intelligent application criteria.

Keywords: damage detection; FDG-YOLO models; lightweight; FasterNet network; depthwise separable

convolution; GSConv technique
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