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Defect Detection Technology for Cans Based on Deep Learning

ZHANG Zhi-sheng, ZHANG Lei-hong
(University of Shanghai for Science and Technology, Shanghai 200093, China)

ABSTRACT: In allusion to the problem that the existing can defect detection system has high false detection rate and
missed detection rate and relatively low detection accuracy in high-speed production lines, this paper aims to propose an
algorithm for online detection of can manufacturing based on deep learning and transfer learning techniques to improve
the accuracy of can defect identification and make the can production line more automated and intelligent. This paper used
deep convolutional network to extract the characteristics of can defects, and optimized the convolution kernel to reduce
the time required for can defect detection. Due to the lack of domestic and foreign data sets for defective images of food
packaging manufacturing, a can defect data set was built, and the accuracy of identifying can defects was improved by
adjusting VGG16 in combination with pre-trained network. The performance comparison for can test was performed on
the convolution neural network, transfer learning, and adjusted pre-trained network. It was verified that this technology
had a good recognition effect when the learning rate was 0.0005 and the epochs of trainings was 10. The recognition rate
of the final binary classification was 99.7% and the time consumption of algorithm was 119 ms. Compared with the ex-

isting can detection algorithms, this paper proposes a deep learning-based can detection algorithm with better recognition
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performance and higher intelligence. At the same time, this study helps enterprises to use Al technology such as deep

learning to promote intelligent production, reduce human cost, and conform to the strategy of national manufacturing in-

dustry upgrading, which has certain practical significance.

KEY WORDS: defect detection; image evaluation; deep learning; transfer learning; image processing

B LA AR Z B I TR, T 5 P
T K 2o FE AN T | B hir A A I 35 45 )32 il
FH o BUA 1) 5 LA E 208 A0 0 550 A ol 3 RS RS 3 1
ELZA] LU A I HE ) AR, (EAAEE S G %
TR, A RE AR B I A5 1), 7 [ P R 22 4 il
I~ Sy hr A A I A A AR 1, [ A U3
KB 5 R AMAE 2285 . 7TEXFMB LT, #4985 $i fE ik
FABRHR AL, 254 et RN B AR, R v 1 e BRAS
GG PLTE, B 5 hr R FL IR, $R T
T P FEAE R AG I B 25 P RE , A B T e il 4 lk A o)
1. B REAR AL ) EE R

Rt Tl il 1 ) e Ak, AL B 2 B T A
HEL ARG 0 Ry 1 4% A4 il s ol SE B A sl Ak A 7= R AT
DT B2 — . Lecun YU4R B B B b 2 K 4%
(CNN), LS BP & KiguE/> TS 50mit5,
LA i 11 6 PR FRRAE SR B BB 8 T e 5 e 85
. Krizhevsky API7E CNN LAt b1 R 5B 4 28 o Fl
GPU il S5 F AR S TR BB A4, Han SPha
BRGNS S R R PRI D T ONN AL,
NGB R, A sl TN .

TR J3E 26 B bl 48 X 245 118) 4 Je 2 AR ) B AR 4R 0L T
UKEh, Cha Y JZRUHRH T —Fl B Bpi 28 0 25 il 1R 2
Fa TR TR B S84 | 1207 S S0 B T A eI R T
SRR, BUR TS NIk A, KRR
THR, Gibert X SFUhE R 2 ) R A Sh IR A
AR A AR TN B A BRI T AN R, e T
BRER 922 4P L Cheng J.C.P 251010 FHR BE 2% 3] 45 A ok
ARG ) 5 R AT v V5 A A T R S R R R T A R R
Tt 45 Y [0 891, Fang L 25U F A B 2 3] B pk T
ST RIG, SBT3 e Wi B R AR R A o TR
2 > 7 3k e B A I AT AL g I R, Zhi ©

Y AW ST RAR B AR, BT AR 2 M L5 4R T —
ol FH T B2 FROR 5 = ML 5e A 5 B 1) 515 - SHUANGM
S ROVH T e 07 4 B RN B G T A A VR R R 4%
A B AR E TSV B o SC LT E B A shi ik
iU B S E R WAAE Y/ (2 o o 1 AN B T 11 A

HAR

LR

WEFERT LUK IR, i TR 2% 2 ol A7 254 AT 55 B
HEGmamtt, HEm Tk Ashife. B etk AT
HARHERZ —,

RS B 4B R 225 5 W58 TR 1 2 I 245 L) 42
Tl = b B R 43 28 PR RE , (0 H iR Z2 B )
R I35 4% TP AT LA dse /N — TR LA W I8 O ol 221, 2ok
M AYEE A B Bz et Ay Ak, s
0B B 0 IR0 5 s o [0 %o L 04T DX 3 Ao, P S A
M VCTC HEA TR o 12 5 Ik BTG s B R, AR
Gy EER R BRI, HR, ZHIHE) A s
IR 7= o R B RS, % R T S P AR S 0 2
E TV S S50y D Ay T B8 A S R K SR 3 1y, oIkt
— i I EE A SR .

TR 27 S A AT LR ANEIRA 72 AN I, el i
IR A Sk B eAl, T RAR] 22 f A R AR
RUSTEUE 4 (& e e nla ik, Wi, Scpd
— B I iR e ik —— 3 TR 2 T 1) 5 P B
PELRART I B, B XSy P ERE 1 | B RS DX 3
BBaIE T A sh bR REAG I , 33 1 4 A ) P FE R PR 4
AL E AR, V8% VGG16 SRt S hiEs it . 59
S R | AE R

1 FARFEEBHR

N S B TR BE 2 ) 1A B P e SR 70 JE AN fiE AL
HIW, BRI B R SR ORI T IR A 2T Y
DLREG AR T, e, % VGGl6
SRS S SR AR IR SR U BE BTG o

1.1 HHRHEME

T SO By 1 K 2 b SR AR B B TRR AT R
AL B, Az OR/INRH R A TR o 1K B i e i 2 151
B AR IZ B AR 22 R 2 o SO i FH A TR 2= 45 AN
BRI ILIE 1, BR T A A RS, RO R
Mg E AL 2 AR, S REE h 2Bz
(Cov2D ) ML= N

LR
I

LT i

EEATK gk

K1 W2 ER MR

Fig.1 Structure of a deep convolutional network
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Fig.2 Convolution operation process
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Fig.3 Principles of transfer learning
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Fig.4 Flow chart of can inspection
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