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Abstract

Defect detection is an important part of industrial production, and efficient defect detection me-
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thods can greatly improve the production efficiency of industrial assembly lines. In recent years,
machine vision-based detection technology has made significant progress in cost reduction and
efficiency improvement. This detection technology can perform fully automatic detection and is
suitable for various detection scenarios. In the task of industrial connector defect detection, con-
sidering that the appearance of actual defects may vary greatly, that is, the defect region can have
various sizes, shapes, and quantities, this paper proposes a deep neural network based on mul-
ti-scale prototype residual feature fusion for industrial connector defect detection. Specifically,
this article improves on the classical segmentation network UNet by fusing features of different
scales with their corresponding prototype residual features and using self-attention mechanism to
enhance features. At the same time, to alleviate the imbalance in the number of normal and defec-
tive samples in the actual environment, we expand the defect samples by placing defects on nor-
mal samples. Experiments have shown that our proposed method exhibits better defect segmenta-
tion performance compared to the baseline method.

Keywords

Residual Feature, Defect Detection, Self-Attention, Segmentation Network Unet, Deep Neural
Network

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

AR Tk ZR G0 1) Y R A A5 7 6o 7 it 1 B ) B SR R vy, kT A 7 U T e A e
P 6 110 [0S PR 2 1) 7= ot O R 5 B B VR I I R RTT, 77 SRR T R S B A AL T 5 i B AN
SR S R SE P RE FHEFEPE, JE T REXT PR RE P AE AN RSN o SR RER I ek 7 SR B S R 5
WA RO 5, RGN T BRI T N TR, BT REA7AE R 3R A5 10 15 G 400 5 99 57 5 BT i
RIS, TR A8 GuA U - B RAE 25K S P22, 3 DO N IR Mk KRB A 7= R [ 1]

JEAESR,  BEF B 128 H LA LS AS I 4 AE T B AR L H AR SEBR AR P~ KR, X2 —Fh
e fd . OB 7 E, IS R A R A B SO A B LS R R . R RIIR BB S,
1 — e G 1) PR A 3 B B A 20 D 248 A 2R} UG E T5 A7 TE SR B HEAT 43 98 SO R B B AT 8 . AL
PRI B A T2 564 B, v BURTREE ks iz, R ORAIE T e FE R SEmp AN HERf M, sk
D NTTHA, FETERT T — L KR Tl A P2 i #2[2]

FHEL T 5 T MR R AN GL vt 21 B AL Guash BRI 735, 25 TR B b 42 IO % R0 G DN RV R 8 A BT B Dy
SR ZHREN DI EUR, Bl TR 58 %, SREATRUNIREAS, &5 0778: ) LF- 05 ks A & fir
R BE, TR T R R A R IR 4 1) 0 ) R I R R M R AR A, BB S B R i SRR A [3] [4] [5]-
Augustauskas 2 AFET U-Net W24 ] 25 8] 4 7 E5 WAL A “ I8 A0 7 T el SR IR 3 IO SR PR AIE[6] . 28
JEAE NB LT SR UG U-Net X045 [ gmAl A5, 75 % 22 B[R] 46 A 2 3% e AT 348 5 vk 2 AR 1UE FR) U P58 A B [ 7]
Roth %5 A\l F A% 0o 45 FERERA) S JE 85 R AR AE He 2L s R R 22, 3ot Eb A8 i N AR R IE B AIVRR AIE 2 ok
HE BRI ARBLURE SR 73 AN S AL BB [4] o A BH BH A N4 ShF A H e (X35, R FH AT A8 1 36 AR 1 A 75 AR
FEASLRE SR EURRAE, R W0 SCIE R SRR ARRAE[8] A 3 T- 1R B 2 ST B Al 7 v L S 4 A
U H 0, R e AT T 0 e SR A I 37 55 R BT ) 22 AR R B A I RE D AT SR A 2, IR RGBT BE

DOI: 10.12677/jisp.2023.123032 328 EUE 5155 A2


https://doi.org/10.12677/jisp.2023.123032
http://creativecommons.org/licenses/by/4.0/

FEEMK

PR MELUHRAR, JF H RGBSR S .

ASCHR T — Ik T 2 RUBE R R B 2 R i kB A IR O T T e s A I o IR
S FAE KRS 2R G e 4k ImageNet [9]_E I ZR AAFAE SR B S L3RI 2 RUSE RIRFAE , R4 R HO%E
AEHRE BN B A BE I ARRZ UL T — L IR AR AR R AORA A SR A o Re RS RUBE T BORFAIE S5 606 R
FET B g R R ME . SRR Z AR DR B FURRHAE b, XRS5 2 R E R AL
% RERFL . Bl 1 SR ZE R 0 22 ROBERFAE A B R R 0L [10THEAT 5 AL 5 A6 LAFR T #5247 HUAGLIN 2%
Ko FIREATEVAT 1Bl T 782 B ORFEFEA B EE0E ) BOR, IR ORI a8 SR A A 1) R
e X 3R 0l 81 T % (R HE R AR AR AR _ERSRAS OV BRI FEASF I A BN Rt b o AEIER 22 S 1R v, 3RAISS
AAEH TP LL AR [11]M Focal #12k[12], o Focal 4515 f& — i H T~ G2 A S A P-4 1) e 0 %5007 1%«

2. |- GFE
2.1. BBEBEET 7

FESEBR TV BRIz e b, T IARAE 7= 2o 77 it o B () A s i), 7 il ) R i 2R 08 R DRAIE
FEARH B IR, S EUEWCE B I A DL BRI RE A, DA 5 A i R Bl B 1E A A AR B A A
B AT X PP I GO T BT IR FE AN 2 W2 B Grid RE b, TE 8RR AR ) 52 1 A% 45 6 P W
VIR BEAAE A (1) B Il A6 R 0 P2 UL S B AR AR R A e R AN . il ASCEE S T Dol s B &t 1
— PR AR Y R, B TE IR AR G P S TR R 1R B 28 3R AT I B 30 40 SR AL
FAFEAS, BEXGIN VSRR IBORE, AE— R B 1 RA P4 in L

FARRAL, B S I GREE 5 b BT 48 R A 380 1) oy R e T e 2% PR B AT W) B S in e A, Wl ik
ERAEA 0 LU AR e TEMT AR # . 3 R MR A EL T RIS T8, LIk HBCHG H P 1 A 8 4 0k JER 6 i Bk
PR AT A A, XA B A& 7R S BUGCR SRR B R ) e IR OBIE, R Ve B ki 4
PR 1) R S B BB R . RS MK LB AR 0 i 0T R PR o S I SR P 70, X Sl B 98 7 K
TN B e A4 . BT D) AR 45 A0 % AR 4 oy () — b DU UL R RE 3 20 (o BRI 22 57 0 X LeAR 4 J () R B 78
IR B IEH A R DRI S 8 R, BRI 200 N s

A=(1-a)(MON)+M, .. ON+aR, €))

inve

Forb A FORA BB BB, R RRERFAKI, M AT Migyen 73 73 22 5 R X 458 P — A AR HERD A1 2
gy, NRRIEFHEARRG, o TR AEVESH, OFRZBITRREIZH.

2.2. FEIMLE

AR SCHTASE (0 23 B 0 2% BEAR LT U-Net Z5#4[13]3E47 1, {8 F7E ImageNet %4 & b Tl 2k 1
ResNet18 28 /F gt as 11 f A\ KR th g i 25 2 i 08 22 RUBEARFAIE, A ResNet18 A i =N U s
AR 2 2 REERIE IR Y e o VER, MR IR R X — D R B AR 1Y, W SRR Gs, AXT I 444
RO . FEASEI 2 ROERHEIR Y Jn, EIZREER R, SN BRI 22 ROBERFAERE DO B RUEE Y
RFAE R 2 2 v 0 B S5 A DA B R O 5 2 A2 (B AR e R 22 12 B SRR AL S N 21 B R T AT
FHESRAL . FARRIZE S5 1 pos.

221 RBEMSRARESFETE

ST IR BRI BT A IEHREA D, I FYIZEH0 ResNet18 W28 HREUEEAN 1E # BEAS (1 22 R4
fIE, ResNetl8 M4 AL & AR ZIE R, AR ZEBII R G — NG HUZ 5 AE I A R R 4
fiE,  ASCAS AT = ANFR 22 T e 4 R AR SR A R 2 RO IE R AR AR AL P . Bk, X F 28 i ANk

DOI: 10.12677/jisp.2023.123032 329 & 555 Ak #


https://doi.org/10.12677/jisp.2023.123032

FE LK

R, HA A ER RN F e RV (1€1,2,3), b ¢ R FHIER MIBIE R, h FORRHERI R, w
FORFHE IR FE R . 0T FT A RS REAAE S | DR FRHIESE S 7, ] K-Means 500 IX LERHAIE
BRI KA, BRI I DN — DR, R IR AT URER — FEAH B IE H A A RFAE -
%, FATAT LSRG T = RERMIEHE AR, S REMEME R PE&A K AR,

IR RE T, X TRANEE x, HAES | D RE N RHER R B, EEMM L2 BEEAEE | R
PRI AEA R R b R B B Rl i A R, R

Hx=mgmnnﬁx_3q‘. 2
AR 2
SRR, R SR AT AL R RSB ERE G
G/ =F"OPR",Gl e R¥™™, "

Ho o T u Rk iz 5.

R SR
e» :...
v .
R S
@e»
Y o i 7
i -
v
—

Figure 1. Overall network structure diagram
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Figure 2. Self attention mechanism
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Figure 3. Prediction effect of defects in partial connector images with defects
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Figure 4. Loss function curve and pixel classification accuracy curve of verification set
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