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Abstract Because bolts with anti-loosening coatings are used mainly for joining safety-related
components in automobiles, accurate automatic screening of these coatings is essential to detect defects
efficiently. The performance of the convolutional neural network (CNN) used in a previous study
[Identification of bolt coating defects using CNN and Grad-CAM] increased with increasing number of
data for the analysis of image patterns and characteristics. On the other hand, obtaining the necessary
amount of data for coated bolts is difficult, making training time-consuming. In this paper, resorting to
the same VGG16 model as in a previous study, transfer learning was applied to decrease the training
time and achieve the same or better accuracy with fewer data. The classifier was trained, considering
the number of training data for this study and its similarity with ImageNet data. In conjunction with the
fully connected layer, the highest accuracy was achieved (95%). To enhance the performance further, the
last convolution layer and the classifier were fine-tuned, which resulted in a 2% increase in accuracy
(97%). This shows that the learning time can be reduced by transfer learning and fine-tuning while

maintaining a high screening accuracy.

Keywords : Bolts With Anti-loosening Coating, Convolutional Neural Networks, Transfer Learning,

Fine-tuning, Fully Connected Layer

*Corresponding Author : Seokmoo Hong(Kongju National Univ.)
email: smhong@kongju.ac.kr

Received October 17, 2020 Revised October 28, 2020
Accepted February 5, 2021 Published February 28, 2021

651



A
g =9

A &l =R Al Al228 Al2%, 2021

1. M2

g e

g

zo

o
=2 w2

RS 4 A e A % g
F50) 290 AAEr, LB A4 © 14
BE}H S BEL A4 B3} AboAw
Adelo] 28] AdASH Tt Tet ALA
o 4% wHeR 2 54 EE A% 59 9% 3
VA B WAge) o)z dlel AlaE BES
27 =k BE B9 FAS WA Aol TR by
o APLET glom, o] F T 744 ol BE B UA)
9 B} A 19 BEC A Aol 29 U
Ex8) vhgEe ko)1 AZAL T
Wajolet. 79 BEE £9, BX, A% 9 A8 F 4
A RO WA, TRNL Fig 13 o
SN RA ExE oy £x 34 S44
B3} FUSHA Yot B} BHES A8}
B0z et A Dol A 34
U sl et e vE e
clert Hele] e sl Aol Bhsah,
Ao BeES BOSP] Eo] EES 89
of oEshA Hk. et Magoz s A
9 E7h 4otEn QIAH] 9] 49 W §EA} 9k
ols 2e BAIYE A 8 ol AToHE A

fta)
1z

o

<

g

=
Ao
o]

3L

=

HN' o

b

=
=

i

3]

E

l

F

oo o
=

J.l

EL
—

|r°+~

P

ri rlo
N

riﬁ%mgigOH Kt d

H g

e

ox,
il

9 23 FEol A8HA e "HHdS ARSSt] &
Fe AEA1]. ol g4 7H F E AT

PRI
oju|A] glojel= A A
glo]

(CNN: Convolutional Neural Networks)&
VGG16 7%= d&3om,

43 SARPA A A2z B9gh Bede
g3t s e ob B5

EE Agsiel &

Anti-loosening
coating

Fig. 1. application of anti-loosening coating
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Fig. 4. Data augmentation method
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Table 1. Validation of CNN VGG16 based on transfer

learning
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Table 2. Validation of CNN VGG16 algorithm based
on transfer learning and after fine-tuning
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656

ulA 2% BEE AF0IA o] RofA] ARESE
E|AE flolg 132408 AIRIFct A or ndl
A= oF 98%, A5 A= 97%0IH, o] Tk
o 2~3% 3 FE= BT (Table 2). Fig. 70 4o]
Shx(a) PN (b)E & e 9 S4S UEh B
3} epoch 2710= 5% HS L7t AY &
Atste] IHAgke] AgF2 HolX| ¢kl epoch 80 o]¢F
B 29 AL} 95%= ke AdS HRl o]
ulA| 275 A3 FE Fho] 9EA KEF FEEZ e
1, epoch 50 = A= 99%l 7H4A
Qlt} o= vAIZAE Boll Z¥ BE £ BA9 A%
Tt dEReH, 42 Holg 2k £2 45 &E
o] 7Vshe HojETt

ol

bz

o

4. 2E

=}

3 S AHs7] flsf Ho]
S5 v RS H8ote] thaat 22 FES A
(1) 224 71" CNN2 o[m[AE 7|5te = wfe &
E4E BA5tng 5T dlolE gHrt "asict 1
U 2 =FollA Adstazt sk I8 BE ME 94
oln, dloJg] R47F BEsitt. EE CNN2
sl5o17] wEol A7
HEE £2 452 =&t
3 Holslsy
2 #¥
VGG16 ©]H, ImageNet AR
oluff 752 FC, GAP, LSVM Al 7H4] Wi ARt
o] F 95%Z 7FY w2 AYEE EQl FCES ARERith
(3) 28 £E9] dol¥ £=2} ImageNetTt] FAMI
< 183}t AQlgt BREuhs shaglor,
95% B Aot} I} o] HE
TR 2% Y= Dt
@) TetA o £2 FeS FHEsP| 8 uHA
T BRSS VAl 27sto] 97%9] HeEE
B =52 Holsksat w4 24E

B A7E BY 9A 39 BES

3=
=5

= =0
i o=

BE AEg 9|

skast

A =IREY

SIAJT= 0O
FIFSS

A8 3ted
Holoho 27}

o] FAlo 7ksd

teo



Zolakg 718k CNN2 5% E3 WA 29 EE o) &

i

o

f:,‘l—

AT

r

.

(1]

(2]

(3]

(4]

(5]

(el

(71

8]

[9]

(10]

(11]

References

E. Noh, S. Yi, M. Kim and S. Hong, “Identification of
bolt coating defects using CNN and Grad-CAM’,
Journal of the Korea Scociety of Mechanical
Engineers, 2020, In press

M. K. Ferguson, A. K. Ronay, Y. T. T. Lee and K. H.
Law, “Detection and Segmentation of Manufacturing
Defects with Convolution Neural Networks and
Transfer Learning”, Smart Sustainable Manufacturing
System, Vol.2, pp.137-164, Sep. 2018.

DOI: https://doi.org/10.1520/SSMS20180033

K. Gopalakrishnan, S. K. Khaitan, A. Choudhary and
A. Agrawal, “Deep Convolutional Neural Networks with
transfer learning for computer vision-based data-driven
pavement distress detection”, Construction and
Building Materials, Vol.157, pp.322-330, Dec. 2017.

DOI: https://doi.org/10.1016/j.conbuildmat.2017.09.110
K. Simonyan and A. Zisserman, ‘Very Deep
Convolutional Networks for Large-Scale Image

Recognition”, arXiv.1409.1556, pp.1-14, 2014.

S. H. Lee, “Deep learning based face mask recognition for
access control’, Journal of the Korea Academia-Industrial
cooperation Society, Vol.21, No.8, pp.395-400, Aug.
2020.

DOI: http://dx.doi.org/10.5762/KAIS.2020.21.8.395

K. Imoto, T. Nakai, T. Ike, K. Haruki and Y. Sato, “A
CNN-based Transfer Learning Method for Defect
Classification in Semiconductor Manufacturing”, 2018
International  Symposium on Semiconductor
Manufacturing, Tokyo, Japan, Dec. 2018.

DOI: http://dx.doi.org/10.1109/ISSM.2018.8651174

J. Wu, Z. Zhao, C. Sun, R. Yan and X. Chen, “Few-shot
transfer learning for intelligent fault diagnosis of
machine”, Journal of Measurement, Vol.166, No.15,
pp.1-13, Dec. 2020.
DOI: https://doi.or

10.1016/j.measurement.2020.108202

S. Kim, Y. K. Noh and F. C. Park, “Efficient neural
network compression via transfer learning for machine
vision inspection”, Journal of Neurocomputing,
Vol.413, pp.294-304, Nov. 2020.

DOI: https://doi.org/10.1016/j.neucom.2020.06.107

S. J. Pan and Q. Yang, “A Survey on Transfer
Learning”, /EEE Transactions of Knowledge and Data
Engineering, Vol.22, No.10, pp.1345-1359, Oct. 2010.
DOI: http://dx.doi.org/10.1109/TKDE.2009.191

H. Lee, J. Kim, J. Yu, Y. Jeong and S. Kim, “Multi-class
Classification using Transfer Learning based
Convolutional Neural Network”, Journal of Korean
Institute of Intelligent Systems, Vol.28, No.6,
pp.531-537, Dec. 2018.

DOIL: http://dx.doi.org/10.5391/]JK1IS.2018.28.6.531

M. Lin, Q. Chen and S. Yan, “Network in network”,
arXiv:1312.4400, 2014.

657

[12] Y. Tang, “Deep Learning using Linear Support Vector

Machines”, arXiv:1306.0239, Jun. 2013.

[13] H. C. Shin, H. R. Roth, M. Gao, L. Lu, Z. Xu, . Nogues,
J. Yao, D. Mollura and R. M. Summers, ‘Deep
Convolutional Neural Networks for Computer-Aided
Detection: CNN Architectures, Dataset Characteristics
and Transfer Learning”, /EEE Transactions on Medical
Imaging, Vol.35, No.5, pp.1285-1298, May 2016.

DOL: http://dx.doi.org/10.1109/TMIL.2016.2528162

N. K. Kim, J. W. Lee, J. I. Kim and S. H. Hong, “Exotic
Plants Classification Using the Transfer Learning”, 7he
Institute of Electronics and Information Engineers,
Vol.41, No.2, pp.477-480, Nov. 2018.

S. Kim, W. Kim, Y. K. Noh and F. C. Park, “Transfer
learning for automated optical inspection”, 2017
International Joint Conference on Neural Networks,
AK, USA, May 2017.

DOI: http://dx.doi.org/10.1109/1JCNN.2017.7966162

[14]

[15]

k=1
—

Z(Eunsol Noh) B

s A
A=

- 20204 29 : FYFFAst
J4A g5zt

20209 3¥ ~ 4 : FH5F
st mEgEg st A

0| Al &(Sarang Yi) ESE

20194 24 : SEFFHSL &
FEAZ

20194 3€¥€ ~ 20214 2¢¥ : =9
S ek vHsdEott AAt




SHARSH| &80 =2R] A223 A2%, 2021

2]

fon

£ M 2(Seokmoo Hong) B

+ 19999 2¢ @ AAHstR 71AF
st (714158t shAb

20019 249 @ AAieta 71AE
stk (714158 HAD

2007 3¢ : Technical University of
Munich, Germany, Department of
Mechanical Engineering (717
FEEAD

+ 20079 49 ~ 20159 29 @ A82 GTC, 4 A+
+ 201549 39 ~ 20204 12€ : FHIFFHSL 7| ARE

A-5ekE
£ 20214 ~ B4} : YRk Sl s, o)

=5 TAEE 2 g2, frkass)y, HE 44

658



