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Defect detection of aero-engine blades based on dynamic vision sensors

ZHANG Xingshun, CHEN Haiyong
(School of Artificial Intelligence and Data Science, Hebei University of Technology, Tianjin 300401, China)

Abstract: Aeroengine blades are core components of engines; tiny surface defects can lead to serious safety accidents.
Traditional vision detection technology is limited by motion blur, low dynamic range, background redundancy, and so
forth. To address these challenges, a method of aeroengine blade defect detection based on Dynamic Vision Sensor
(DVS) was proposed. Dynamic vision sensor produced data in an asynchronous event-stream format, and were
therefore referred to as event camera, which exhibited the advantages of large dynamic range, high frame rate, and
strong ability to capture small targets. Firstly, a defect detection platform based on DVS was built, and its imaging
characteristics and advantages were explored. On this basis, the first Event-based Defect Detection Dataset of
Aecroengine Blade (EDD-AB) dataset based on DVS was constructed, covering nearly 6 000 images of scratches, point
marks and edge damage, with approximately 12 000 finely annotated target labels. The dataset was released as open
source (link: https:/github. com/NiBieZhouMei5520/EDD-AB.git). Furthermore, a multi-scale defect-detection
algorithm based on asynchronous event-stream frame aggregation (AEAF-ABDD) was proposed: event streams were
visualized through frame aggregation technology using a fixed time window; a Multi-Resolution Adaptive Feature

Pyramid Network (MRAFPN) was developed to enhance multi-scale defect feature extraction capability; a lightweight
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SimAM attention mechanism was incorporated to strengthen focus on key regions; a star-convolution module (StarNet)

was fused to improve the efficiency of high-dimensional nonlinear feature mapping, enabling accurate detection of

multi-scale defects on complex curved workpieces. Experiments demonstrated that AEAF-ABDD achieved a mean

Average Precision (mAP) of 97.7% on the EDD-AB dataset and a detection speed of 105 frames per second,

substantially outperforming mainstream algorithms. An efficient solution for automated quality inspection of highly

reflective curved workpieces was thereby provided, promoting the application of DVS in the field of industrial

inspection.

Keywords: dynamic vision sensor; aeroengine blades; defect detection; asynchronous event stream; multi-scale feature
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Fig. 1 Schematic diagram of the event generation principle
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Fig.2 Schematic diagram of defect imaging ((a) Optical
path with a stationary workpiece; (b) The optical path during
relative displacement between the workpiece and the DVS)
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OFRRRRS T ERRTNHEE LR EREL.

SimAM i i T T A [R] X3 AS [ Y 25 B AL
#H, g PRI B AR BRI RE ). &m%d&
BEAWLHIIIARE R, Rk o) 2 REE 2 A5 &

i itk &%ﬁMﬁhﬁ$EMﬁ%ﬂﬁE%@%
FROE, AN e s 20 i 2 AR e i
3.4 Star Blocks 2.&FR

T RN ERETEAS 2R, s SARRN, Bt
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B HIRE ST, KT Z AR, S5 & Ema
R 28 P 189 00 B8 P B TE LK T VAR BT AR, B R iE
HRAEA R @ E FiZ Tt & AH e il & A [\ 1 =
BRI, e I B v AR I Pl S 32 35 B T I 2% 3R ALE
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REJJ. TURPRIEA S R ARG, AT LIS &
T (8] 52 e, H.J 7 B A MO ek R T 3R R
AR, T AR B A 2R

k10 s, BB Star Blocks 122 L
LA BB AR 2 Ak

1) ¥R & v 4 B 45 3 (DepthWise  Convolution,
DW-Conv). 5t d Fl DW-Conv J2 #EAT 4] 5 4 1E
FEH . HAZKR/INks) A 7, K (Stride) ly 1.

2) ft&EH—1{k(Batch Normalization, BN)F1i
TH R (ReLU). 84 H T 0 — b HaE A5l N4k
Atk

3) 4% JZ (Fully Connected layer, FC). J#id
1x1 A5 AR S I a0 2] () 2 AR 4

4) E M2 5 (Element-wise multiplication), HJ

RIS, XS Star Blocks BRI SCEEEE, A
BERA A2 B RE AT B T R i, AE AN
I 2 e L R0 T 5 B N LS B e 4R AR MR
B FRFER R -

FEZ(A], SEH

10 ERERERERER N EZZH)
Fig. 10 Schematic diagram of star-shaped convolution
operation(x is element-wise multiplication)
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FEHHTE L)), Frtiid 2 B v eIt
(d+2)(d +1)2 M ARFERI. BT a(dﬂ’:)xd”x b,
FAIE x ARILHARZRVE R, RYIHZ M H
B 4ERE . RIUE AT DAFE o 4577 () hdkATis 5, JF
e (d +2)(d +1)/2~(d/N2) (51851 d = 2l
YEPE AR B PR, REIGIN TR

4 SKWEHERHH

RS 2 FHIERIEET DVS BITR M F BE
K B4E 42 (EDD-AB), WA KT R H
AR SR A (AL A I 22 ROBSE R B A I BV AT
T — RIS IR
41 ZLWHEBERBHEE

AT SR R — SEIR A R T, S
WG E R 1, LS HIE 2,

*x1 FIRITERE

Table 1 Experimental environment configuration

fi B 24
PRAEI Windows11
IRPBEEECIHELE Pytorch1.12
CUDA 11.3
Python fiz A< Python-3.12
CPU Intel(R) Core(TM) i7-14700HX 2.10 GHz
GPU NVIDIA GeForce RTX 4070Laptop 8 GB

F2 TWSHKRE

Table 2 Experimental parameter settings

HZH SHE MR ZHUH
Images size 640%640 Optimize SGD

Epochs 300 Momentum 0.973
Batch size 32 Learning rate 0.01

42 TEHNERR
AR SCRS DA B Fi b5 FH K 1 % (Precision, P).
A A1 2K (Reacll, R). P34 FZ 1418 (Mean Average
Precision, mAP), #5845 7% FE fi F 24 & (Params)
115 & (Giga Floating-Point Operations Per Second,
GFLOPs), il £ i b A8 FH 5 A0 Wi £ (Frames Per
Second, FPS). f&#ffi% . ~FFEEHME S ARy
il
TP
T TP+ FP

(10)
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=

2.(4P)

mAP = (11)
n

R:L (12)
TP+ FN

e TP Zon BRI BRI IR IFEA S, FP R
AR TN N IERIREA K FN FoRR iR
T SRMREAEL: AP FoR BB FNHERZ: n
TRRRNEL

ASCRAZE 10 A8 IRV HERR RS,
RN 10 M8, FATERENRE—
O HR 9 MR TGS, H 10 IRET-545
KPP R RE . (RN Dy T A v A A P e,

PRUEBEAS AT SE M, A 3 422 3 Ll (Intersection
over Union, IoU)H{E (0.4, 0.5, 0.6), SRJGHHEA
ToU {E XM ) mAP BB AE A 245 53
43 XTEESCIE

N T B UE AR SCHE I 3T D AR R A
(IR I 22 ]RUBE S B A I v (e I ek, 76 A [
(SLIRIAEE N, 5 B BRI RO K% B sl
SFAT RGN, WL g R LR 3. R AR £
RBHATEAT TR R R, w11 Fos. #07H
A DASR AT R FI0 £5 SR 1) B A BE v A o, 4T
0 X SRR AR ST X 2 H FRARAE, F DAy A Y
(RS W B

#3 S5HAMEAYE EDD-AB HiE&E FAXTELSLIE
Table 3 Comparative experiments with other algorithms on the EDD-AB dataset

mAP/%
Method P/% R/% Parms/10°  GFLOPs FPS -
LG RI9R IR Uk <t

Faster-RCNN 76.6 77.6 165.00 199.0 66 80.2 87.7 66.2 86.6
SSD 63.0 65.3 24.50 87.9 72 71.0 77.6 553 79.6
DETR 71.5 78.0 9.49 16.8 88 87.0 91.3 71.5 91.8
Yolov10 89.6 87.5 2.59 6.4 96 92.8 97.1 85.7 96.0
Yolov12 85.3 88.7 2.52 6.0 93 91.8 94.8 89.1 92.2
EMS-YOLO!®] 82.3 84.5 14.40 6.8 90 88.8 90.2 83.3 91.9
TIFF-EDDI3! 90.6 91.1 3.06 28.4 82 94.1 95.8 89.9 96.5
AEAF-ABDD 93.2 93.9 3.00 12.8 105 97.7 98.6 95.9 97.9

PLIS I 24k IR

[P GUEE S

TALRIIR 1Ak RUR

B 11 K B

Fig. 11

H 3 S0 25 R AT A1, A SCEIEARR T K4
LB, ERFE . AR%E, mAP #A 53
£t 2 N HLEYE SSD 5 Faster R-CNN 7EAG
i LA WU ek 7 T A H A A A 35 JE % . DETR
YENEET Transformer A8 RTIN3%, BARTERE
FERIRS I IR B2 S5 A 1T, (HAHECT YOLO RAIHR

Comparison of hatemap detection ((a) Original image; (b) DETR; (c¢) Yolov10; (d) TIFF-EDD; (e¢) AEAF-ABDD)

R, EVHEE . SRR AR A k2
% ANN-SNN 7B 524441 EMS-YOLO &4, 7£
BB U 22 57 91K ShFG N ABDD-AB £ 42
g1, RIJEAW YOLO JRIHBAL. T YOLO
RYNE, A SCE L B AR Parms A1 GFLOPs A 14 1,
{H2 mAP $2T T 4.9%, SEITRRIIZ 4R T 39,
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FEAR IR AE 571, AEAF-ABDD £ %% 5t
KT TIFF-EDD (156U T, KMk B 5 2R
W, 7R SERRR g s A E E R B

HE 11 fs, RPRSRARAE R, &%
WIRER s IR S5 A5 45 R T8N BARFEf
55, BUEAMIMERZEE K, 3EDETR M yolov10 £
TE/IN H FRIRAS IR 15, S LSRG U 34 B 354N
AE 5 AEAF-ABDD #UR R 4T . TIFF-EDD H4A R
TR R, (H A RIIR R I 24545 A ik
(AT, A7 TE i e O X 3 (41 £ X k) 5 L S sk
R JB0 N 5 B AS A2 1D 0] R, 3% 3R B R A I

BREIEE AT R 27 KN E 25 50,
TIFF-EDD )& A 2 FIAS I B A5 FE IR T AT
AEAF-ABDD i,

27 % B, AEAF-ABDD £ H b i 4% s 52 31
T A BV RS, Ay R R S R AT 55 e it
THEMRMRRTT R
44 HRERSEIG

N T VAR AR SC 0 T R B 2R T AN R
KA %k, fEM ] CSPDarkNet53, PAFPN Al
DeCoupleHead 2H % Base %Y | 1% B 2 2H Y Rl S5,
DAPPAS R et 7 s TR e I DTk, 25 R W3R 4.

4 7 EDD-AB iE& LHYHRASILE
Table 4 Ablation experiments on the EDD-AB dataset

. . . p mAP/%
Base MSAFPN SimAM StarNet P/% R/% Parms/10 GFLOPs FPS v TR R AR
N 87.1  89.6 3.00 8.2 99 92.9 964  87.8 94.7
v \ 926  93.0 293 12.4 100 94.0 9.4 876 96.5
\ v 89.6  90.8 3.01 8.2 98 93.6 954 909 97.0
\ \ 88.6  90.5 3.08 8.5 89 94.1 2.9  89.2 95.8
v \ \ 919 923 293 12.4 101 95.5 976 932 96.5
\ v \ 90.3 908 3.08 8.5 96 942 963 886 96.6
\ v \ 91.6 925 3.00 12.8 93 95.2 958  89.7 97.3
v \ \ v 932 939 3.00 12.8 105 97.7 98.6 959 97.9

Ve NFORE B

HHE 4 A%, 7£ Base f44 Hff F{ MSAFPN 1
1k PAFPN, ESRHEINTilHHE, HENSHES
FHF PR, H mAP BUE 1.0%HI82F; I SimAM
HEREANE, ESHEMTTEE LA RE
T, mAP 2/ T 0.7%, S8IE 7 ¥ER IHLHEFRE
RN R, A TR DX e 5, R
XPAS KL IR A £ A 2 25 s i StarNet 4L
Base B P 1) CSPDarkNet53, f£Fi&E 0 3.2% it
HEMIETH T mAP 3275 1.2%, U032 ZU 40
A AR B 2R g skl B A R A s R A
PN Base, Xt mAP 43516 2.6%, 1.3%12.3%
MRS AR 3 MEUES S, THEEMART
SRRV — e BN, (HRANRS B E T,
ME RS A IR TE, mAP A 97.7%, P N 93.2%, R
493.9%, FPS 4 105 Mit/#p, AHET IR 5 5
BTHT 4.8%, 6.1%, 4.3%F1 1.9%. WHIA T EE
EEXIALR M R TR E N . TS 2 A8, Shfa R
72 R AP RIS, v CASHI S H AR 1)
HERf DU .

5 Z5ip
AR AR S SHHLIH e 25 T8 (B e S o £

GERL DL H AT e 2 ok M . BRFe N 2 AR S TR A, 42
H T — P T B A A A% SRS R R B RS 7 5 7
YA T —EHET DVS BRI R 925
&, ¥RIC DVS RGN S, M T At
T DVS (L& ik e i £ (EDD-AB) - £ 5
S5 TR RMUIR A AR 2 ]S RHIE & R
G, Wit 7T R HARNCR A AR A 2 R
JE G B 4G N 559 (AEAF-ABDD) . 5236 45 &1,
Z A DN B 24 i T A A s e | iy idis 2 i
BT, BRSSP TN R A RIR . AR A
WKEE S e, LR ETERRIL T1& Soka il 532 .
AT FEAAL AL KB R 1 B 30400 4 it
TEBURIRTT %R, B DVS Tk fOG R i ik
REAS I AT 38 FHARARL T 38, ARk Bt — 2D
IR A AR 2 T SR ARSI 55

B H A B v B A B A T 4 A A (i
YOLOv10)H s hn, I HEREE SuHEARR,
RS 3 Pk EAE - 2% &30 552 R 58 5 0] DA
EHBBRIURER, AR TR S gk e iR gk 17
BRI BB SHEMITREEE, =
FEHRN T G A0 Tl ik 25 % 4 b 1 S HE R A
HAk SR Z PRI IEEGE . F 5 R
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