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Research progress of vehicle assembly defect detection methods based on vision

Zhang Handan, Wu Yiquan

( College of Electronic and Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: The defect detection of automotive assembly parts is an important part in the automotive manufacturing process, which can not
only improve product quality, reduce the return rate, avoid cost waste, but also provide safety protection for drivers. The earliest defect
detection relies on expert experience, which is low accuracy and high labor cost. The nondestructive testing technology relies on media
and is not efficient. The introduction of machine vision can not only balance the problem of detection accuracy and efficiency, but also
improve the robustness of the detection system, which is one of the most promising defect detection technologies. This article firstly gives
the definition and main process of visual defect detection, briefly introduces the hardware of image acquisition in visual defect detection
system. Then, the research progress of automobile assembly defect detection in recent years is reviewed from three aspects of commonly
used defect segmentation methods, feature extraction methods and convolutional neural networks. The advantages and disadvantages of
related methods are compared and analyzed. The automobile assembly parts are roughly divided into four categories, such as wheel tires,
body paint, parts and engines. The research status of defect types and defect detection algorithms are summarized. Next, 10 data sets
related to the automobile industry and defect detection performance evaluation indicators are introduced. Finally, it is pointed out that the
defect detection of automobile assembly is faced with many technical challenges, and the prospect of further work is given.

Keywords : automobile assembly; defect detection; machine vision; deep learning; performance evaluation index
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Fig. 1  Flow of automotive assembly parts defect

detection based on vision
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Table 1 Comparison of commonly used defect segmentation methods
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2 PR, SCHk[ 46 18 FCN 048 617 5 8 e b 431
SRR T X BB A RS AR I R A 38 N4 g R
SR T IR A B, DT AR Al 43 1 A5 38 A B T T
B i R B S 2 e S50, (0 FON IR B 24, HAE M
e AT BP0 X 4850 BN /81 . U-Net IO 28005 G i i 119
TEE Pz 2 R4 B B 25 19 L RARFRAE &, SRR 75

FHAE AR B8 2 2] A6 SR 5 45 Ak b &5 2R I M DGR AE . SC
K[ 47 11 F U-Net X% 28 i i 2047 kil 5 43 51, £+ X% 52
ZRBBE N RO T4 HE M 48 1T RCRAR S X TR
A3, MK AR LB AT — UK, ELXF 4R E B4, 44
HATERER,

TE—FR TR 2 3] Pz W 6 vhr |3 0 2 il b Ak 45
VESEATRERAE WA ARAAE (B E%AZ 17 (H 2l 5 b RAR AR
RV MG o Bk — o E B, 0 T B X A L
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v1&v2&v3&v3+, 3CHK[ 50 | ¥ DeepLab v3+4 8 H] F75 4=
SRR EA R, B HT, 5T 250 S U DeepLab Z 51 48
T SR B S v 3 B A AR 2 T S R AR X
SRR, SRR R FEREAS 5, B8R
B RRAE S 43 B | Sz BE B8 14 1 SR AT DGk 22 1 [l A,

SEA) 3 E B 25 ML 2% Mask R-CNN T 2017 4E 1 He
sl B EE T Faster R-CNN A8 U S2 3R 78 500 B+
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Pooling , (A HEEAREAE S8 A R AFXT 55, SCHRL 52 1%
Mask R-CNN i H] 46 2B EUER B3R 510, AUAT LA 1
ANTRI R A o X 5k, [ 288 (8 AR [R) A Bl . T LA 4331
U 3 R (EEAS N 25 A AR FERT K

1.5 5 BB KL 2 E 3 A BT TR
BRFA R A TR R 4, BT L An gk 3 iR, i T
SCHRHP R A A RE A DR e REFE bR — A HURETEAN
BRI RO IR, TEIE N mRT L ; 55 Ah, H e T A Bk
B AGHIN r () £ 0 R A By i AL TR B 22 ST vk
T (ARG RN 6 e M R A R 4 5, o o AR R o
i 23 T e L T AR B A b 4 U1 00 , 11 5 R e 1 B i)
K, BAARRT g 4 B,

2 FERFREOHHIEREE IR

AR T LR B H R B BRI A 44, B AvE!
YRGB BE A R B B A S 43 28 UMY B v fE 48
G A8 BRI S, B R T G R Ak B
A AL ARG 1y 3 R 5 R B 2 > (A LB A T 7%

2.1 #BRR B ERELFET

BAGHAMG Fo A 8RR, HAE R R A e
FORTT R —EB oy, R T A A T S AT R
P | TR BT 240 ) S BN A 1) T OCHEE D, HL o
LSEIN AP NS AR BT o o D B R X s &
B BRFA R 2 e T

1) A8 G I () BFF 58 AR

F T 55 1 5 W RL D8 SRS 389 50 VS sl 31 B8 AS 2 11 i)
R AT B s AR R BRI B , TR 28 () BB 2%
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Table 3 Comparison of commonly used convolutional neural networks

ik Ky I st B Ve
IASRERASH ERR R R R e LR NS mAP; 99. 46%
[32] ) PaR =i R . s - . -
AT 43 B 4 A Wb T B PRAE Tk S B 0. 6%
A W R H R A A e R e mAP ; 98.36%
33 SF-VGG iR E - . )
1331 " i LRI B TR BRI 95 75%
Faster-RCNN , i
- %i;;;mwgi I XU B M % mAP; 86. 3%
AR SRR emmma e B o 1 1% ¢ 90%
e A (R BT 2 T (e Ko A,
ok /I A A R o B S R
41 YOLOvS IR -
[41] e A Ko i e e
SR3OS T Xt /1N B AR R AGE I mAP . 98.94% |
42 Bk YOLOv3-MC 7 LiyE gt
[42] gl \¢ 15 Lty R R o1k AveloU; 80.92%
g ETSDEEMAZ R T, X5 BRI 2 T T b 76 5
R A SRR TR RE 733 oo e s e
BT TireNet,{ﬁFﬁ
S} S (/7 1
[44]  Siamese MR TUE VORI BTG R Zﬁ;ﬁgﬁgﬁj AR 1% 94. %
YR — Oy Ba
i | FCN #11 Faster
T BT F A U it PG 415 AN URK , 43 TRk %, 2.94%
a6l NN BT i VR TR BB P TR X TERHRARR U 4 Tk

L S IFUR RS AR WA 2.22%

FIBRE (57 F1 43

Ly MHUNaREIOA
R R 55534 e

NG T R AR X 2 5
BRBA T BIRCRSF

W Zginf TR, R
74 Dice 4L 0.9264
A V-1 Dice 74K
X iz B, S BR
SR REEDPOR sl )
PG FVR A, T LGS ek L

50 JH DeepLab v3+1& %Y 3
(501 2/ Deeplab v3+ o B BT P

ToU: 60. 3%

YR 73 F B AR, O i W2 SH R 1G5

ask R- S # vgloU: 85.33%
92) T Mask RLONN R e Y BT SRS Avelols 8. 33%
%4 EHEGAIEH SRS

Table 4 Comparison of traditional image processing methods and deep learning methods

FHESR I A2 IR N s,

Jiik

BTGl > 13207, 0
DU SCHRF ) AL | e SR AR 4

ARG 3o A P A R TR
il oallBUYER 5N S

HER PR e 3z AL RE 1

EASKEYS: TRIHRHE 4
fEg Gt B N TR R4 R ST ARG 2

RS T 2 1) B R MR 0285 B2 (T softmax HER TR 2 AL RET] it E R A A REAS R ZRiv ] |
=T F 3 B UREIE PN i FIEFE LR AR 2 I R AL

R R LATE 3 26 M (M /LR ) (A2
(%% Ve Je ZEBOMTBH ) Ffi 22288 (145 7 fi 5 s R i il
Bpg) e 3 frR

H1 T G ToA0UR: D B AR AT B 3 PRI T e AT B A

AL B ST, DR IHe , G0y 12 A 8 TR e 14 G0 20 5 D
RS A A BF 5, 8 43 2 00 ) 20 HE 1Y Faster-
RCNN B0 X e 48 1) 3 I e o A0 a5 e 3 A4 1 Az 00, HL
KEIRS EEATS A TR Th 23 6], SCHR[ 57 J 4240 T —Ff e T
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(a) ML
(a) Pitting defect

(b) LRAFISHRIG
(b) Line defect

r

A
(c) fH2EeBk e

(c) Deviation defect

B3 A >
Fig.3 Example of hub defect
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6 FhARaEHRAE  (H 2 3 A GUIBR RN 245 (0 75185 150 2 4 i
Ko BB TREN .G, EERE PUERHEZEEM,
BBt X R EMB A 7 SRR A A X L A8 28 i A 3 438
SR FECEMELA ], SCHR[ 58 ] 4 A ek 9 CNN 47
FE USRI O T AR KR BIESE T BB AEA A
SRR T2 TR T RCE SRR AR O 1 [ {ELAG K
JERA R

TiHh BT RO Y 20 S TR ) O s e e a Bk
RO A5 2R, A0 SCHik [ 59 138 2 SO X 43 28T 4 Fh
HAY AR BB A T 43 TR, SCHR [ 60 ]38 2o 11 0 2 37
AR 2557 07 v Al WU B DX, I 1 388 a2 1 AR A6
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RAEETIRE =W IECaBUs 7 —2ift e |
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AEAS WY 12 Rt B /0 1 [ R 0 5 3 A1 T DA [] £ 4
YRR T 58 AN SCHR] 61 38 i B A8 2 Ak FIRK i KT 1Y
BREGRFESG R I BGA IS HAR ER B FAHE R,
DAV AD B Pl v e P 40 (E 2 5 25 3 1Y B (BB 4
SEIEH MG AE B UEER . FREA S W v 24
BRI | 5L G I RORR], T REA 2 ) hig |

AT SR P DAt A B 18 SO 3R 1) o 3 ST
REAE 2 ) 55 3 SO ) Z [A] e, TR R R g 2R 3
SCHR[ 62 ] A0 1 Fe d it b R AR Ul B ) SO B Sk o )
HEZE 4 6 FhAG a8k b A Re ik S 25 S |) v, 4255 16
ANEAE B GRRR AT 5 A0 3 FOR RN T
WNFEA B D R R AR

2) SE e B G DN 1) BIF 5 BAR

FETHLGE O RE I Bl B A I 32 B TRy X ST R &R
G, SRBEASIN , SR BE 28, SCRRL 63 ] SEil i ot H
PAFRCNG G, TR (2570 125 32 UBOE 2 80 o BLE
LA IBREE , (HIZ 7 RO B A, SOk 64 ] 42
T HLU?-Net, ZASTHIEE T U-Net, fff FHE A 45 2% R 20R
PR E R S e AR B2 {EJ2 U-Net 75 8 52 2%
MR B FINZRRE IR

R T SRS G SR 23S B IS A B 7 o Ak BRATS K
e TN TS IR, SCHIR [ 65 ] $ ) 17— i M
EHRATRIE 2 > B 5 i SR I 70 207 0 BT A3 ke 28 531
LR S JEAER R IA E 96. 51% , (EIE A X LA K%
PEATTRAL R MR A S A PR FIBOR B R B4R
FORG I 4 R SEORS 1 A5 S B Y 5 B AR, AR AR R
AN R, SCHR [ 66 ] 4t — i ] i 19 0 Ak o SC o3 %0 1)
2% Concise-SSN , X 48 Jify e i HE AT 15 3% 20 A 4G T 1 2
mloU 19534 77. 34% , - ¥IHERA 4 H 96. 5% HIE AL AL
Gk MRS, SCERL 67 ] SR T — R B A TR S
LM 0 2 55 M 2% ( deep convolutional sparse coding
network , DCScNet) FH T 48 i [ 4324 , 75 DCScNet H, Al
PGB A% A0 CNN & FRAZ EAT R IE4R L, 15 CNN
HALE , BRI T TC B VISR, B 1 A R SChR %8 i 20
Vi, S32HER K8 ] 96. 8% o

SR, 72 SEBR AN AL 55 v | WA A 45 b e i ik o
PR HT 0 . B0 IX — R, SCHR[ 68 ] #2141
— Bl Wasserstein A= il X $0 [ 2% ( wasserstein generative
adversarial nets, WGAN) 5 B 12 22 ik TR X
SRR BRI, SC IR T E X AP ARG X SR
BG4 28 AU 45 20 0 2 R AT R (LR o B e 2
JILF) R AU B 1 L S L SCHIR [ 69 1 6 T A NS BT I 4%
B T —> FMD-GAN [ ALY, AN AT LU fin ik
WA 4 1 PR K 3 T LA A ) S Bk 1) PR,
TR T ICERBE TS BUAYTRAL
2.2 FERSMIERBAAE

AR E T P B0 X BRI — B,
R U 31 ) 1 WLt BE S 25 B B A9 AT 4 ad e 4 it o2
B, TEVRA A AN g S R e, w] 23 i A
R 3 AT BRI R

1) A2 s o A e ARG

I R o T Ty AL RS B X b 45 it fin Ak g, AT
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SR A BT IBE 0 PR RE T PR RS S 9

TR R R T2 T4 S A i) o R BB AR I & 3k
RS T 7 A R GG, MR Y AR TR R Ak M
FAIR IR A | T B EA T B AN

g ki 7y =CGE i B R A, AT LU I 28K 1Y
FTAERLE , EARMEFR BV EE/NT 20 wm A FR/INER TS |
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R [ 70 B 5 MG AN SR S0 45 53 30 2 B R T, 3k 4 2% S50 7E ik
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FR L7067 FH ' Tt 33 30k R0 2 D00 e L GO0 5% 1T 2 B
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A3 AT LA S 45 N B3 Ml v R AT R A I, (R
IR FPI7 E AR T N T8 WA W f & AR, IEA
REMEN 58 2 AR BT, BN T AR B K A F T Kt
TP RITE L

Bifi 5 AL O A B e i, T 2 B T Al 0 R 1) R
KA T Ak, ansScik[ 72 1 73T VAR Xt
LU B EUGAR T Sobel 31 25 K I IC A5 B 55 14 19 325 I Bk o
R WA A AL B A T ARSI (R TR Ge ke
TER TR R, Rk 73] #2817 — 2B s
W ZEHESE Deeplnspection, JH 45 11 6k e B Zh A il , 4o 2)
FF I 2 5 B ek B IR AE VI ZRAE v, Br e i i s
HIBRFE A FIPERE T RE S BRI, o TG 4 B e 5% A X
R ARG, SCER [ 74 18RI T — R TR
A T AR 7 114 Pl A5 0 Ak R RIS s B BT 1,
TR B R AIEIR . X F KBS T il G %
LR A /NI B S5 ) A, SCRik [ 75 ] 58 ik T ORI 42 B 3%
T/ NER A Y A SR DN I 4 1 T — i R B A 2 > 5
% TinyDefectNet, {H /2 5 I 0 4 M BB 220K @, ¥ & 20 3%
=R/

FEACH WL = 4R A B 5 1, anSCHk[ 76 1 42
W T =R A it AR e B SR Ty, 3
HRL77 DN =2k il 2 e v e 4R e B X8, 0T 42 5 A i A
ZETTHE T JA B A 40 f TR R, A, A TR U0 R i o X
W, SCHRE 78 1M = AE R H A1 I A% 42 B Al ) —
ARG SR G FE TR PR I 25 1 07 B R ) M1 RS R 36
TTERRA , =2 R & ek H AR I 245 B (RS RS i
TR = 4 RUG AR AL B 5 vk R AR it 25 1],

2) VARG Sl B A

B B8 B, e B AR T AN R A e
LY M ERE M B T IO RR B A SR W
S S PR L AE 0 AL R R G B AR R R R T ik
— B2 TF AR AT ST IO R 42 (8 SR A I A O AR
FeBH A 4 poR™

SCHR [ 80 ] 5 FH AR T 40 B A R R 422 e 8E A7
32 7 0k R B AP T 8 A i o, HL LRSI 4 250 45 ELAT W]
22 S ERE . SCER [ 81 ] (IR | 3 1 [ | Canny

-
s A "A ,,, e

/
(a) HIRGE b EE (0% (d) Hh
(a) Copper bonding  (b) Overlap (c) Spatter (d) Contort

P4 R )
Fig.4 Examples of solder joint defects

TG T 2 1 e O B MG A PR A 3 2 B R s i A
B BA A TR S UM (R SCR ARG B BAL, B A
A%, SCHK[ 82 ] T HIRI Ik, R A WCSR LAY H Fast-
EM SvE xR R w40 B HEAT S A LA 13 5] T DIC £
AU SR a6 DIC BB 25 (1) Z2 B A 4 Hr , 000 H 46 B
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LRGN EESR (AR T — 22 BT RS 0 I SCHR[ 79 ]
BN 14 B e R v i F B A R Bl B, 0 T H
TAR AN TR 2 4% AcmNet, IiE W T IR 45
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2oy BB IBURE L G 75 | FR TR R R A RECRRAE )
LS BRI E CNN 2 =R A RE

3) R TR T Y BB

KRB E RN AL F= e J T2, B R
FE AT ISR IR /MUK SEME R A B B S . H TR
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) i R B A s P R A3 10 285

(1) KL LT Y5554 5 (2) 4R FLR BB ; (3) IR
FERBBA; (4) 51HHL; (5) R (6) Whiis B RSB
(7) BRI, Wk 46 0 55 AN KA (8) AN ULEREG , Nt
e AR (9) FTHEAS RS BBE, 4TS Ep4E; (10)
IR TR s TN I S IR T

(a) Vi HE
(a) Sagging

(b) ik
(b) Particle

B5  EERBbEmR

Fig.5 Examples of car paint defects

(e) <AL
(c) Air hole

(d) BE5
(d) Smudge

i F JRR J7 22 ( variance, VAR) 28T BY € 5% A28 M
e E L BB X IR w5 vk, A Sk [ 84 1 FF & T — P
TR RS, BT B AR R AT VAR SREN LG, H T4
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DR SEPCAE Tolb P %2 B AT ER BB . SCHR[ 85 ] 45
£ LBP Al VAR 5742 BUZR LB B P IE , 43 DL S 5926
i, EUIE G S B Rt SCHR [ 86 ) Xt b it o7 593k i AT
itk ,1@% — X 2 H R %*ﬂ,( one-vs-rest support vector
machine , OAA-SVM ) 736 # A0 DU 703 26 2%, 528 14
W ARGER ST, 5341, i T8 T AR B i SR
UOGIR AR BRI 9 e T7, 7 A i 2L L, 2 U,
DRLHCSCRIR [ 87 ] et 17— b e 7 AR 52 00 2 Al 37 59006 1 3%
T e B RGN 2R 5, A )T VU Rl IN BB (R 7 A% AT
0 B W AR XS AR BOGR  E R 2 1 P PRI
I 0P A 2 el {5 A TR 3k o 1 AV F) B i, SCRR [ 88 ] L
PEACT RSB AR O RE AR T A i SR - 255
TR BRI LSRR R (R I R 12, 3K
SRAFIRIOR TR RGP R RE#E . 7E R BE 2 > SR D7 I
SCHRT 89 111 T 24T CNN HYTRZ BRI 0 078k T HUA
T 5 MM 2 [ 2% o ResnetS0 AR ACH B, e
BN 95. 0% o SCHR[ 90 ] Se ki /INEAR LI 51k 1Y
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MobileNet-SSD 4 i1 St |-, 18 S Re AR S22 , el itk 30 At
DEPC SN, SCE T 6F 6 i 47 B B MELGH s A 4G D0, (L4728 X
LASEBLSE AR

HeREOOLIE R G Y 2 B AT 932, T o3 O gl S
AL AR, Gl 6 fi

- i @ =

JI
(b) FLAFASR
(b) Robotic type

(a) FEER
(a) Tunnel type

6 7 SR

Fig. 6 Auto paint detection device

e B=wivalll F 2w ¢ o= g il Al SR L S o e
il CCD ARBL, BIANSCIR] 91 ] 3580 1 1 A~ A ShA il = 4¢
(‘automated identification system, AIS) , i 5 4 CCD
BRWCEETAE 5 0T A R . 5 R O R 22 e A
A, FECR AR, i Rl P22 | SN 2E S R A
] ZE AT L ER RS LA A AT R G 7 4 5 P A
M LR A S8 E DG IR AN CCD ABBL, Bl 40 SCHik[ 92138
T AU A S0 00 72 48 R 5 50 8 5 | 5 1 R TH R T AR
WA SR L ICE T4, 38 P i, AN [) 22 B ]
R BB, SRR R A%, GRS
2.3 REZHHPEKEN

PEh T, — W E R E A 2x10° AR, W E
PRBRBE AT R 20 R T g | AR B 5245 A
IMYLAE AR BN AL 7 R .

(a) AR (b) #H (o) RIFR (d) Myt
(a) Punctiform (b) Graze (c) Scratch (d) Convex pit

BT PR

Fig. 7 Examples of defects in automotive parts
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e ST RVRAT IS | SCHR[ 95 ] SR T rb (08 8 45 1% ¢
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FAEISCHE [T 1 T e LU S 1E SRR AS S 18 48 114 [ et e i 3 ot
LA RHIE G R AT 2% - [ — A 28 = 8] Ay AR BLE , A )
THEETEREAAR R AIE BT BB A RIS B
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x5 REIWHEXHESE
Table 5 Automobile industry related datasets
G S e X} 5 KR B PERT FRECHb A
BEamm 2015 4R AGF 47 520 i, B A HEIEAE it/ /d ) Vindes. oho/
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itHul material
) IHE Sz Rl
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U e cpmsgR WomE M) FREE 5% 93115011
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. KA T E M 7(( zéﬁﬁ . {Jﬁ o g Al qu‘{ https;//archive. ics. uci. edu/ml/
uct HEAR 22 T PR K_RJK T35t JHOE | Ja A TEAHERR S datasets/Steel +Plates+Fault
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Table 6 Binary evaluation notation

Bl SEBRIEREA SR REA
T IE AR A TP FP
T 6 A AR FN TN

w0 VEANY 48 b5 A K B % (precision ) | A 1] 3
(recall) JEHIZ (accuracy ) 55 1% 2 (error rate) fll F1 PR
Bess | BLoE Lk 7 o .

2) Hpnta

KEP M55 R R L5, E AR R W
TRV 55747 305 L 10U, BV Hh 91900 FL b 6 £

x7 BEBSEHITMEIER
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