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Dynamic Vision Sensor Based Defect Detection for the Surface of Aluminum Disk
MA Ju-Po"? CHEN Zhou-Yi’ WU Jin-Jian"?

Abstract Current visual defect detection technologies usually rely on conventional charge-coupled device (CCD) or
complementary metal-oxide-semiconductor (CMOS) cameras for defect imaging and the development of backend de-
tection algorithms. However, these technologies encounter challenges such as slow imaging speed, limited dynamic
range, and significant background interference, which hinder the rapid detection of minor defects on highly reflect-
ive product surfaces. To address these challenges, we innovatively propose a new defect detection mode based on
dynamic vision sensor (DVS) to achieve efficient defect detection on the highly reflective surfaces of aluminum
disks. DVS is a novel bio-inspired visual sensor with advantages such as fast imaging speed, high dynamic range,
and excellent ability to capture moving objects. First, we conduct DVS imaging experiments for minor defects on
the highly reflective surfaces of aluminum disk and analyze the characteristics and advantages of DVS on defect
imaging. Then, we establish the first event-based defect detection dataset (EDD-10k) based on DVS, including three
common defect types: Scratch, point and stain. Finally, to address the issues such as varying defect shapes, sparse
textures, and noise interference, we propose a temporal irregular feature aggregation framework for event-based de-
fect detection (TIFF-EDD), and realize the effective detection of defect targets.

Key words Defect detection, dynamic vision sensor (DVS), highly reflective surface, irregular feature extraction,
temporal fusion, event camera
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Fig.1  Explanation of the mechanism of
DVS-based defect imaging
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Fig.2 Relationship diagram between the number of
generated events and the magnitude of
light intensity variations
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(c¢) The imaging effects of
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Fig.6 Comparison of defect imaging effects
under different motion speeds
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Kl 8(b) M 8(c) 7l JEar 1 RS 1510t RIJRBR A
H bR i FHE 58 w8 Bl B o0 A s IR A 9 v Lk 32 A
1E.0.5 2 2 Z[8]; {5150 % = b R ZEAE TR 0.5 F
3 2 Ia); M RIIR I 5 be oy A ), 78 0 B 5 (X [A]
N IUAEIN 5047, B 8(d) FEaR T FT A ki B AR
HAMER AR AT, 1 8(d) W, Bods & i Bk
H s LLJ FAETE AN T 1000 B R HER N E, H
H FE BRI 35 7 THARZE 1000 3 10000 14 276 Fl 4 1)
Hx. HFE 8(a) ~ B 8(d) AT %0, SRR H bR % & H
B 22 5 R RS AV L, ek B AR I 559 1 B
PRECIRE JJHE H TR Ry I ZER. 1 8(e) IR T F 4
MRS K AR fE O, 7R 7 AN [ SR A7 i [
PSP LR ZES. B 8(f) WE/R T 20 ds 4 kb A 25
TE I GG AR A (9 B 2 A . | B 8 (F) mT T,
DI 5 55 FTINARAE b % 28590 1) B B b S BB AP AT 22
S, R ARV T W o S AN 4 4 R Bk .

3 TEIE DVS BB NIE %

ARCE IR T T DVS KB BRI H 52k,
BN DVS GREE G RE, AT — St T —Fh
BT I PP AN KU RHAE S-S AESL [ DVS B B A I &
% (TIFF-EDD), S8l T XHEARZ A, RsfFA—, T
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Fig.8 Statistical characteristics of the
EDD-10k dataset

PO 2 1K) 55 /IR B AR G
3.1 ERBEAIIE ANk

FT DVS Wt Fa kil st 2 N DVS fa5a ) &
4 HR RS I B B A B RN S B CRE, X —
BIHMR E = {e1, e, -, en}, WIRMZS N D, 1F
T; (T; > 0) W ZIBEATSBEAS I, T RIR N

Bowx;j, Clsj = D <{ei}ijAt1<tei§Tj+At2) (4)

Kb, Aty, Aty > 0, te, ZRFF e MBS AR
Box; = {boxl = (x4, ¢}, wh, hh)},. FnTM H AR
HERI O B 8 A5, 1| R 1 AT EARAE, 24, o R
SRTRI AR 0 BB AR AR, wl, hY FoR TR H
FRHERISE AT, Cls; R Tl HARIEMES .

30 (4) Fortill g D MH (T, — Aty, T; + Ato]
B 16 415358 P £ S 42 5 e T O 20 D S B . AR 4

1A 2 AT DVS BARHLEE . SRR AR
P R EAR R PE ) BT T 0, FFR DVS ShBaA
SR DA JLAS kAR

1) DVS FA-HE (9 570 P AR S5 0 M A 5 4%
eIt EUR A B AR TGV BN T DVS S Pl

2) BRI IEE LA, REA—. g
PR 20 A7 B AL SRR

3) M iR R M AR B DL
Je W e A R R 5, SR PR KR
THE.

3.2 FHiEMEA

B EIRBkAR, ASCHRWE T E AN DVS 1
BRI TIFF-EDD, HALS A6 I 2% 55 70 Al 5
AEEEER Sy, P 9 RN T ORI AR 43 (1) 2 B LS AE SR
K 10 @R 7 Ja AL FRER 2 B TAE L.

O WU 2 350 73 25 L A BT I AN MR RAE R $2 S5
RA, VIS m GG B bR, 5w LA
B N SRR AE B 22 RO AN B U R AAE FE BORE Be
BT S AT R) Y 2 77 (I P RO A B e DR TN Sk
B, 5 A3 o 7EAS U 28 AT) 46 TR0 &5 SR () Bl I
BT T — Pk S5 Gt 7 TN il SR it — A4k
T2 AL

N TR 55 2 A FFE R S0
RAET7 %, F W& 2 8] 3 1 AT = 10 ms K — B
HUW B W EFRERT ). FE, 8T E R
iRl SR 2 Gt a1 T o N = S vk = S e U
HEUE, 1N [By, Ba, Bs], 1E NI ANFEASAT
JE SRR ER, SE R R By HISRFE H ARKE . 75 71
WA SR A T B H AR B e AR 250 T 45
THE PR f#EREk (Decouple head) it FTCHHHE
(Anchor-free) ff] H ARHEAS 3 SREHE 2, H A A HOK:
TE N SCH TN A,

3.3  ZREAHNEHERIRR

A AR T A AR ARl A A A A W T —
AN BRUEHE 7 ) BB WA &= Ap,, FOVFRAFE AP BUK
ANFETEAR, Hoad A2 un T s
y(p()) = Z w(Pn)x(Po +pn + Apn) (5)
pn€R
AR T AR A B RS RS2 B, BRSO Y
Ab TR AN FIN () fEs H A5
SRR, AR T — AT A AR
% REAFUNRAE $2 BUBE R MIFE. W& 9 Frow,
ZRA T AP L ARSI, 70 )4
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Haih £ 5] N7 CSPNet (Cross stage partial net-
work ) FEHE R B 22 T BB FRRAE fl A DL 32
T S S B AR IR B RE ). BRI R A
fiE 4 7R M 25 PAFPN fERHIE 4 735 M 45 FPNP!
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3.4 EIFFHHERR SRR

FR R AR E RS S PR AR 2
PR A5 LT X T DVS SR AL RG] 2
KEE. —Jjl, /£ DVS Stiai it f2d, £k
il s AL BT ERBA IR, &R T OB BREAFT DVS
ZH A SR AR AR T B G
BB TS AW R A4, il 7 s, X H-—
BCHARRL, fEAF B G H, SE TR RS
M. BEREHS KA. A —SERT, BT
ARG EEADL, (EE M F4F BUR A LA e 2
FAFAE BB, 3@ Ik ST A AR I ) P 4 G 2 ]
(R RE BB, DU AT DA 2 e 0 R 41 W % 75 A AE B
V. 7 — 4T, BT HEEARENE. L TIREY
Wi, DVS SREEF AR S A7 KR AR Sk AL
Paitl ol Yaok: X LN BV E vt T X vl TN S PR
AT AR AR MG 7 2 K R o A 4D 52

EEXE BB A R, AR SCHR T — PP T B I A
BRI FEERL S (CTAA) il B 7824 S I e
A3k P A 2 TR PR A EL AR O 2R, SIS g 7 (1) 410
HIAAT 25 B R A 1 58,

WK 9 fizr, CTAA EE@ i i H A AR HE K
QAR E 2 8] 0 FEAUL M DA il B 3 R AiE . o S
TEN:

Sp, = Conv(Xp,) ® Conv(Xp,) (6)
Sp, = Conv(Xp,) ® Conv(Xp,) (7
Sp, = Conv(Xp,) ® Conv(Xp,) (8)

A, Sp,, Sp,, Sp, 3 AR SR B =i A
L5 Ayt AR AL B AR B, @ RO fUAR. R ZAE 1B
J5E A B ] 3k — 2545 BN 0 = it G 5 DD g o
PRHFIE Fp,, Fp,, Fp,:
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Fp, = X, ® 5B,
FB2 = XB2 © SBQ (9)
Fp, = X, ©® Sp,

P, @ FoRIBTCRAMIE. H Rk, B H B AR R
B RIBRRHE, 75 23998 5 AL Fp -
FEQ = Conv (Cat (FBU Fg,, FB3)) (10)

e, ¥ Fp, SNBSS 73 34T 6k H AR
R

CTAA DR AR AR T2 I8 (1 R5 A AR BLE AR
ANTRIIS 2R RO T B, SEBINS P R I ) 1 3 L
o, Jeor RIS B G 51 R e IR BRSO S

3.5 MK

AICLL 30 ms HAFG R ELE 3 Ml
FUEAE i N, 000 o TR) it 1) H B 45 2R DRt
FEAGT I 25 9 28 I S R v DA e ) i ) S4B AR 2 A
RIS S, 5% YOLOX HESE®, e R vi-an i

Lall = Lobj + Lcls + LTeg (11)

K, Lo Fom HIT 20 B 70 40K, Lyeg %
AT HARHES, B TR B8 2%, Loy R T
ST T S5 B S BLAS BEAUR. AR SR A SO
F R EH ToU (Intersection-over-union) i 2 B 2
KA Ty KR Loy MENHK Lyeg, W (12)
A (13) Fror:

n

Les = — Zﬁzlog(pl) (12)
=1

Lyeg = 110U (13)

A, n HIEFEASEL, p AT EHIRE SR, p; AR
FRAIFTM R AR | ToU 4SRRI FNAE 5 H br
FL FAHE IS I LE.
7E DVS G ER S, I SRR AR FE A B 4T,
HAIEREA (BB 7085k H0F BUE BT & H
/N R, R3CZ% Varifocal Loss™ SRt i B 15 E
EENCEAE
{—ozp7 log(1 - p),
" \=alalog(p) + (1 - @) log(1 — p)), ifq>0
(14)
Hrlr, o 7 B S HL TR, 8
LKA R R B LA — A U R F 7, BRAR 55 4 258
ENOY & O N EE (NP PSE TN Oy N5 )
oy KGR AIT BB R0 T, S IR fa e M.

ifg=0

X IEREAS, S HA Aok, D ] g X i
AL, ASEASE TR 0 I 3 R o B O3 A B SR ) v
R R IEREA. 3K (14) TR Rtk DVS $R 1 H
A8 8 R TR AT R ] A, v A AR i s e )

3.6 FAIEIS

NI TZIRIT A5 5, R 82> B gk s 3 i 1
REE RO T Bl T PSR R e T
fli& (DPF) KIJEAbH Sns. TIFF-EDD /7215
SbFR R 3 32 B AR SRS I 2% 58 40 T ()] G e W 5
RAATHE— B, WP 10 s, 206 T HE T
H s A5, B amHe i B br oy SUR. B T8
TN HE 5 117 5 I 220 [R] 28 591 () T A (%) 52 5 LA,
DAL B et i et £ € FRUINAE 15 7 5 I 2] ) 28 1) 1)
DURE PIAZ I bl ey, PR R A

A =X (4), (5854 Bozx;_1, Boxj, Boxj1 wawill
RNZA BB Z Ty, Ty, Tyyen KT FIAS I 28 %
IRI4E TR B FRAE. G FRAE T B Z0 e 90 30 sk fes B
b, IBAAEFAERIT 2 Ty« Tyyq, KEIN R ZER G
PIMEFAARIR K. BT X —EAH, DPF SBg £ %)
Box; 8 — A TIAE box!, 73 7 HEAT 01 T #24F
1) 5 boxl 55 Box;_1, Box; i R HEEA
T H FRAE RS I b, F R U SR E A IR
10Uy ; 2) W13 ToU oy 7 T T8 BIH ToUy,,, W AH
BRiZFMAE. A SCBEE ToUy, = 0.15. SEI 45 R 51E
SR I N R W, TR S 2 Rk SR W] DA — 2B
A SR I TIFF-EDD S0k i W 45 51, BRI
R B R e I RS B

4 SLWERSH

A5 2 T DVS SFA 3R 4 i &l |
XEASCATHR ) DVS S 5% TIFF-EDD #H47
T RHVEIGIAE. BARSLZIG M an .

4.1 SEENEE

TIFF-EDD M2 B8R A PyTorchl.12 IR &
S SIHEZE, CUDA1LL.3 Al Ubuntu20.04 &G HE4T
25, KXH SGD fb#s, ¥Ith= I F W E N 0.01, I
i FH AR 9% 5 ) R L S R AR R E
8 0.0001, HERK/NEE N 4. BIERTIIGE RN
100. BT I ZRAIPEA% 5256 35 75 B 5k RTX3090 &
£ LT

R R4 P R AFAE I B e RS se s HL s
B L2077 2 v A £ R B S BT S B R B0 4z B
A, FEA S T mAPQO0.4 (1F ToU HIE N 0.4
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i, B PSR L) VRN PR R .
SR E RIS LS

T 3HIH T ARSI A S oAl B AR R
(P SEEG 4 L. FH 10 Lo i) H AR i B2 5 = 25T
) AN [ AR S H s 1 S0k, 0 Al o T 1 & 8 H A A
WUERIE T ) A A A 00 B9 AR T [ 4 1)
H BRSS9, A SC T xet b 1 B 7 #5448 7E EDD-
10k F¥a4E L H B JIIZk. B Single shot detector-
event (SSD-event)™ Z4t, #RH] T 1E& S AL HE
AR, 6ET 1 1) PG B A sl 5503 45 T ) A0 1)
H ARG I3, KA 2.2 Tl (3) B 21
HOEUER S B UG T FIE N R g N . X T TH )
FARRLR H ARl S, SR SRR AN

K15 H AR 535 Faster R-CNN™, YOLOVS,
YOLOv7" 352 EE B FrAsr il 4 ds 5L A2 68 X T
PR, ot Jirs 2 By B bR il 4%, J5 9 )2 B
B B H bR &% . e AT T A R R B S E AR
R4S 3 SehAF 28] 7T 2 AW RS TR
SERIRUR. 75 DVS SR IIATESH, TakBEE5 /N B
FEARAHFI], Faster R-CNN X HUE T 0.210 1
mAP@0.4.YOLOv5 A1 YOLOvT7 73 liE 2] T 0.569
A10.543 1 mAPQO.4. A HF TIFF-EDD H
3 0.617 [ mAP@O0.4, fitkF YOLOv5 f1 YO-
LOVT 4327t 8.43%, 13.62%.

4.2

# 3  HHASEVELE EDD-10k Hn 4 Lot He s
Table 3  Comparison experiments with other
algorithms on the EDD-10k dataset

LIRES mAPQ@0.4 APQiJR APQRIE APQi5i
Faster R-CNN!"! 0.210 0.000 0.536 0.095
YOLOvV5 0.569 0.393 0.756 0.559
YOLOv7!" 0.543 0.471 0.644 0.514
RDN!" 0.512 0.553 0.476 0.507
MEGA™ 0.401 0.356 0.509 0.349
YOLOV™! 0.537 0.112 0.628 0.670
SSD-event!*” 0.236 0.087 0.626 0.138
SODformer-event™ 0.394 0.363 0.161 0.495
TIFF-EDD 0.617 0.512 0.701 0.639

PRATH bR S ASCIRELT =Fh SOTA &
%, 298 RDNF, MEGA™ Al YOLOVH, &A1
% EH S 0.512. 0.401 1 0.537 ] mAP@QO0.4. AH#L
TIX =27k, ARSI EIE 0 0 EUE 20.51%
53.86% LA} 14.90% f) mAP@O.4 $& 7. (£ 55k
FaH) AP #8455, TIFF-EDD 7E SR XIIRAS

TR EIHUASHT TR RE, AP 18743008 0.512,
0.701 1 0.639.

HAF BRI ST LRI R R
P, 3 AR — B T ) SR H ARSI V2 4
H . SSD-event!"” {# & H A {RE TAEZ —. SSD-
event LW HAFREL N 2D Tk &, 3R
F SSD HyklY 347 B ARl 4811 T SSD-event
i = 0 Z AR OR B Y, S 2N B AR e
59, KIHAES 0.236 H mAP@O.4. SODformer-event®
AT PR A B AR B AR AR, %07
T Transformer SEHL T X SR H 1% 2275 5 4240
A R, BT 3T Transformer F) H bnfa il 7
VEIEH 7 BRI BE ALk AT 11 45, RItkAE EDD-
10k PMHREE EIRCRAE, AU 0.394 ] mAP@O.4.
AR TIFF-EDD J7 ¥R H v] A48 JE 46 AL i
XA EH FREEELRE 71, KA PAFPN $#2F+ 7 X £
AR BRAERE /7, FIRIET CTAA 248 1
HOEUG T FI R B P AS B, SO T E i r e

HRLSEI

AT T — RYIBIHE LS, PSSR A SC AT
$ETTIEAE DVS SRS ERAE R, & 4 %)
B ARREE FREm LR R, TIFF-B 2 H
CSPDarkNet53, PAFPN Fl1 DeCoupled Head 4 &
1)L 2R AR TR | R FH B il B3 T (1) A PR AE RN,
FHET K (11) R H BCELoss #4815 B 11 K
¥, &S 0.577 1) mAPQO0.4. TIFF-MIFE ¥
TIFF-B &% 1) CSPDarkNet53 5 PAFPN fit &
B e 9 AR SCHE 1 2 ROBE A 0 T 4R A1E 2 E S B
(MIFE). ML F LA TIFF-MIFE B8 0.590
1) mAP@O.4, MEAEIRTE 2.3%, W] T MIFE Fith
TEACER T3S 2 AR 6 I 5 ARE (1A 0. i — 2D,
TIFF-CTAA 7 TIFF-MIFE 56l EnAN T 5T
5 B [B) ¥R 0 PP B P R AIE Rl A A AR 2.9% 1
PEREIR T, X — 45 RIGIUE T A AT CTAA J7ik
e % A7 20 S T A G T 51 A i AR AIE ()

4.3

* 4 f£ EDD-10k $ff £ b7 Rl s g6 45
Table 4  Ablation experimental results
on the EDD-10k dataset
34 MIFE CTAA VFLoss DPF mAPQ@0.4

TIFF-B v 0.577
TIFF-MIFE v v 0.590
TIFF-CTAA v v 0.607
TIFF-VF v v v 0.612
TIFF-EDD v v v v v 0.617
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TIFF-VF #M8AEKH MIFE il CTAA #Hf [
i, @8 A VELoss AR HEATHLAL, 2203 I 5
KA A AT R, FEEAS T 0.612 [ mAP@QO.4.
e, JE TR 5 AR B BE 5] N PSR G TR0 ik
RS, 18R A LTI AL TIFF-EDD, &5
0.617 ] mAP@0.4.

— RINMIH RS 45 BB, AR BT
DVS i Fe B An Al 77 72 R 5 A U8 X BT 2
A GUERFRGL A T FEARAS Y 2 Bk, SeEl
ol 45 A SRR I P 26 AIE AN 13 R I e A G, B
P30 G RE B RS

5 4£ERiE

ASCEN S AL GEAR A I A TE i SO 7 R T
SREERIRE JI A R B, R T — MR TS
DA SRR TR B AT I T 0. | T DVS 11
SRR RBGALER, JFDARA & OB R R AN
SEIG R, RAEELE T DVS B FE AR B R A
ORIk, M T B ANET DVS BIBLREAS I K
££ EDD-10k, H-FabriE 78— 342, &5,
FEH T AN T AU RRE SR S HEZL ) DVS
BREEAT I 8 TIFF-EDD. 78 EDD-10k $t#s 4 I
f)— R H 20645 B E B, TIFF-EDD R854 XM %t
BB A 2 AR SRR M TPk, SeBixt
B H AR S ol A SCRT SR ST DVS 1)
R BRI A AR T R A R RO AR
TR S P RGT U A 55, DR Sl R P A N0 5 AR 1 e e
TME TR
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