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Abstract

Steel surface segmentation models for defect detection

Seok Min Hwang
Advisor: Prof. Ho Yub Jung, Ph. D.
Dept. of Computer Engineering

Graduate School of Chosun University

This study attempts to determine steel defects after the rolling process.
Steel is one of the most widely used materials in various industries, which
is made by controlling carbon and various components in the iron ore. In the
process of producing steel, rollers are used to shape steels into the thickn
ess required by the customer. |f the defects are not identified after rollin
g and the next process is carried out, it can lead to deterioration of the p
roduct quality and even facility accidents. For that reason, the inspection
of defects in steel is the most important step in quality control. Therefor
e, this study intends to segment surface defects during the steel production
process using deep learning techniques over the steel surface images.

In the defect inspection stage, two types of tests are usually performed:
manual discriminatory inspection and automated surface defection detection
(SDD) inspection. The manual discriminant inspection, however, involves time
consuming subjective intervention. In this paper, in order to address the pr
oblems of objectivity and time in defect steel inspection, we evaluate vario
us different deep segmentation models on Severstal steel defects data set. T

he labeled areas were more precisely relabeled and data balanced. The classi
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fication and size of defects measures are compared with various segmentation
models with the aforementioned set. The accurate defect segmentation can aid

in identifying each type of defect as well as determining the cause.

_Vi_
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Table 2.1 U-NetQ OIS gtk JI&= THEO AIEZ= Imaged[21] Hl ZOF,
Ground Truth@ JII2 20l O =2 M E 23
_ U-net
24 =
Predicted
Ground Truth 28 e ImageJ =28
(maol 4) - (maol 4)
(ZlAdlio] Z~)
g 16.6% 16.4% 16.9%
mg
(10,917) (10,781) (11,075)
2.4% 2.2% 2.8%
I mg?2
(1,591) (1,441) (1,836)
11.3% 11.0% 11.4%
Img3
(7,408) (7,208) (7,471)
13.5% 13.4% 14.9%
I mg4
(8,869) (8,847) (9,764)
14.1% 14.2% 14 .5%
Img5
(9,278) (9,301) (9,511)
15.4% 15.2% 15.4%
I mgb
(10,115) (9,981) (10, 151)
10.5% 10.5% 10.3%
Img7
(6,915) (6,882) (6,782)
3.6% 3.5% 3.8%
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1. Severstal Steel Defects Data
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2. Data labeling
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1. FCN (Fully Convolutional Networks)

FCN2 2015 CVPROIl Semantic SegmentationZ <®IHA HetE UE<RIACHS].
JIE OI0IXN 270N 28 d== 202l AlexNet, VGG16, GooglLeNet= =SH0 &
H HEAIZI 240ICH. JI&E WERISES Fig 3.32 (b)2 20l Fc layer(Fully-co
nnected layer)E AtEd, 12 HHZ B2E HO0IHE GtLISl #EHZ AZGE
o, 435t &f+=E Soll Y &80l =2 ClassE output2 2 ZF6tCH. FON2 F
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A Fc layerE AtEdll, RIXIEE Atet& 2 Ol Al
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2. Resnet

Resnet2 SIS UM layerdt 20H&0l et 20l= J12J1 A4l (gradient vanish
ing)ZME ofiZotdl foh DetE UERIOICH 1], SHAES HZdtIl fah A
Ot=l Bt 0| residual learningOICH20]. J1& UEKHIAWA L gt It layerS
HXM H()E ==ol=0l, residual learning2 =& gt & gl X0l¢l
Flz)=H(@z)—zE 2, H(x)=Fz)+28 A3 AIH == gt 23 gtel It
0l =0l A0ICt. F(z) =001 SI&S &&0tH H(x) =0+ 2t SIS &L
Holl& z2Jt 101 &I Ol==2 S M, JI2I] 24 ZHOL HZ ECh. Resnet2 Id
entity block, convolution block@& &= L. Identity block& Fig 3.42 sho

rtcut connection@ = Bt= Identity blockOILCk.
ol z€ GHol= 2A0ICH. O32
ol xE OstCt.

£ convolution block2

Fig 3.5 (a)2 PXXE Resnet2 =215 st WEKIAL
assificationg =& 1 Met=l ZEO|CH. Fig 3.5 (b)XA
LIl M= Decoder BE22 B =0{0F StCt. =2 AWM=
ArSSH0 RISHEICEH.
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obA Ags Y EQTo =2 b

2 F(x)

U-Net 2l decoder &



/ N
_)iug_’ -E“___» -E —___- @ Retu

(a) Identity block

X {shortcut) T T

/
wa:w - .E o .E‘ o V‘-m h é -

{b) convolution block

Fig 3.4 (a) identity block, (b) convolution block

Zero Batch
s pad __, Conv Norm Relu _ _ _ _ _ .

{a) Resnet 50

Zero Batch

pad | Conv Norn Relu

{b) Resnet502| decoder 1

Fig 3.5 (a) JIZ& Resnet50, (b) Segmentation=S <ol decoder 2&, U-Net2l decoder
o2 WA

_16_

{“ICollection @ chosun



610 201 U EEIE JFXID UO U-NetOlek Z2ICH. FCN
f 2 0FOI M Segmentation &
3.6 20| 2222l Contracting pathlt FE2E2| Expanding PathZ OIFHHU

CH10]. E2=9| Contracting path= Input datall ContextZXE gt 2XHoO=2

[se
HT
Qo
Hir

ofatcol ZE 2| <o SHaH&ICH19].
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input
image
= Y t
l I t Up-conv 2x2

» Conv 1x1

Fig 3.6 & A0 AIE&E U-Net =X
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4. ResUnet

ResUnet2 Deep Residual U-Net=2 UEIHCH. O &HE #=29 MHiiHs=2 Hds2
3

00l

N
no k1 0z
1]

FAIIIE= EHE Fully convolution AMZZOICH13]. ResUnet2 J1& U-Net
Residual learningE =206t WA= Z2E0ICH21]. Resnetl S&AMH
HEKIE P=ol=sll &2 =M, gradientS MAol=s O &30 =ICH.

ResUnet2 U-Netlt OIZIIXNIZ Q12E UWIERZ, CUZ2E UERZA & 0 & UE

FIE HZots BelllZ2 F-E0. UNet2 212 3 x 3 ZH==FES ALE6HH
2t2 F 0l ReLlU &3t &It 2Ct. ResUnet2 & 01218 HE=2 AIE 243t

= & E=E2=2 WAECH[16].
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H4& 20 H 24
H1E 2 ode 20

Creket 20t HIWE <fIoHM EIF &= Dice Coefficientet IoUE, loss &=
Dice loss@ focal lossE ALERUCH. Dice Coefficientet lous &, OI0IK S
Ol A ground truth®t OIS Ao XH0IE &Il fAHM AFEZI 0, Ground Trut
het BISE A0l LXESS 10 IR TCH15] .

Table 4.12 Dice Coefficient, loU HIRZWE &OIg = QUCt. Dlce Coeffiec
ient= Dice loss, loUOIM= focal lossE AtSULC. ResUnet, Resnet, U-Net, F

CN =A2 =2 2t AT

Table 4.1 Dice Coefficient, loU Z21 Hl1

Dice Coefficient ol
Method (Dice loss) (Focal loss)
(test) (test)
FCN 0.7154 0.7284
Resnet 0.9229 0.9104
U-Net 0.9080 0.9027
ResUnet 0.9387 0.9419
SOD 80~85% &=
-1 -
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H 2 &2 2 28&

Il 582 oM HAE DRIS* E%JM=
ound Truth@t OI= gt 2t2l Xt0IJt B2 =0l
£ OI0IXl &A AOI=0 XHXISt= HIE2 HEIIX
Table 4.23t Table 4.30lA Ground Truth2t
£ &0l & = UCH. Table 4.1t 20l FCN2 0=
2 X0IE EA20, ResUnet2 = Z 1
U_e Z2UE =/

22 Ground Truthet Hlw A

_G
J
0
>
(@)
Y
5 e
w32
=@
C g
M a
i
(e
—
:)'

Table 4.2 Dice Coefficient, Dice loss@ Z 1, OIOIKI & AHOI =0 XXt
= Pixel HI22 & 21 gt
Ground
ResUnet Resnet Unet FCN
Truth
_ (Pixel (Pixel (Pixel (Pixel
(Pixel
count) count) count) count)
count)
img 1 1.94% 2.12% 2.15% 2.36% 2.87%
img 2 3.78% 3.94% 4.07% 3.80% 4.71%
img 3 2.72% 3.04% 2.75% 3.11% 4.09%
img 4 1.16% 1.48% 1.52% 1.91% 2.20%
img 5 1.68% 2.03% 2.25% 2.20% 2.57%
img 6 3.31% 3.68% 2.86% 4 .25% 4 .84%
img 7 1.75% 2.12% 2.28% 2.39% 2.56%
img 8 1.44% 1.70% 1.84% 2.10% 0.92%
- 22 -
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Table 4.3 IoU, focal loss@l Z 1, OIOIKl &M AFOIXO0I XtXISl= Pixel HI=
S =3s 20 g
Ground
ResUnet Resnet Unet FCN
Truth
_ (Pixel (Pixel (Pixel (Pixel
(Pixel
count) count) count) count)
count)
img 9 2.49% 2.74% 2.89%% 2.92% 3.19%
img 10 3.99%% 4.25% 4 .32% 4 .58% 4 .90%
img 11 1.95% 2.11% 2.13% 2.41% 2.73%
img 12 1.58% 1.78% 1.66% 1.98% 2.16%
img 13 2.22% 2.43% 2.30% 2.48% 2.89%
img 14 4 .36% 4.57% 4.25% 4 .47% 5.02%
img 15 2.52% 2.72% 2.86% 2.92% 3.35%
img 16 2.64% 2.88% 2.92% 2.91% 3.50%
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