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Deep Learning-Based Defects Detection of Steel Sheet Surface
Using Object-level Data Augmentation

Inbum Ahn - Seoung Bum Kim

Department of Industrial and Management Engineering, Korea University

The detection of surface defects in the steel manufacturing process is a very important issue in terms of quality
assurance and facility management. Recently, many studies have been conducted to improve the performance of
detection by applying deep learning models. However, it is still difficult to detect surface defects because of
class imbalance problem. In this study, we propose a deep learning model using object-level data augmentation
method to improve the detection accuracy of steel sheet surface defect images with class imbalance. We
demonstrated the usefulness and applicability of the proposed method by conducting various experiments using
Severstal steel defect detection dataset. We applied various deep learning model architectures to the proposed
method and proved that its performance was improved compared to the model using existing image-level data
augmentation method. Further, the experimental results showed that the proposed method especially improves

the defect detection performance of minor classes.
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[Encoder] [Decoder]
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® 4%256x800

Decoder Network

(Feature Pyramid Network) ®  Prediction

Semantic Segmentation Model (4%256x3800)

(FPN+EfficientNet-b1)

Figure 1. Overall Framework of the Proposed Model. It Includes the Proposed Object-level Augmentation Method(ObjectAug for steel

surface defects) and Semantic Segmentation Model based on Deep Learning. The Feature Pyramid Network(FPN) and

EfficientNet-bl Models are used for the Semantic Segmentation Model
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A2, <Figure 2>9 (a)<} (d)= L& 4F olv]A, (b))%} ()=
ol A &9 HolH +74 A, (0)% (e AA FF< vlo]
B $74 A%E YERT. of TEORZ Z7HE (b)) (e)F

nA] FEOR
B (b)9 4% A 99 T a3y} FEeA g

BE 7)1 A FAE AE E 5 UL, ()9 A olvA 27
g 7o) AEEHAA ol Rl - Aol glojn A=
SAE AL E T AL B (0% (e AA FE2 T4
A7) WEol A Foo FR 4 A7 JERAL o]
A el A AtetA 2] B 235 HojEr,

3 4w 21 A olnA s 2 §9 & £t FE
Y oln AR, S EREo] XH oln|Ad& Fd &
W 9ol obd §F Fo] A= EA o] it o] E
A4S aejsto] B Ao ofm A YoM i 29
ol ol &F F9E& v & vl Z(invalid background) 2. &,
0 29 9 T AFo] ofbd B F9S FE A (valid
background) 2.2 7 28} 4T}, <Figure 3> Severstal T o] EJ Al
oA 733 9 o] m| A dlo]H oAl & B FT}. <Figure 3>

Object-level
Augmentation

®

Figure 2. Sample Image Augmentation Results on Severstal Dataset. (a) and (d) are original input images. (b) and (e) are image-level

augmented images from (a) and (d), respectively. (c) and (f) are object-level augmented images from the original images (a)

and (d), respectively. The red dotted circle in the images represents the defects on steel sheet surfaces

{(a)

(0

Figure 3. Sample images of Severstal Dataset. (a) a sample image filled with steel sheet surface only. (b) a sample image filled with steel

sheet surface and invalid background (area of black color)
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AHESFAARE o] m A el A 53] 22 FH Aghe gol M AT Al D ZE (class coefficient and probability), &

of st 4% EW A% vlolHAA e Bok AHAY B4¥ w7 B Fh(mean of valid background), & ¥17 A4 (valid

a4 ks A8 Favt o ﬂ"jjr/ﬂ H AT AW background coefficient)= £ ol A A<t 71 Ul &0

2 4% w9 @@%H? AA vy 4 ol H e AFH 4 dAEE A48 A

g ZAE At A 3, 71 ‘j“ﬂ of vla oh33 2

Aol d& Zh=th AR, A ] FHolH $4Y 54 28 3.1 AR F%

gt &g WY AT T )Y o] H] A Qtel| A of 2 Ao A WA kel A v A 2} Bl A% AA= 24 AAEE b

Fog FINZOEM BT AHAO R dlojg] Bdd & s olH F74 7ol A&dth B dAFollAe 24749 AA o 7

4% g A s =4, AA S LeE AS BEUg W &8k dolH $4 7M. E AR, olF, 271 W, I,

Original Image/Mask

i -
Image Parsing
Objects i Background

Class Coef. & Prob. =>|Object Augmentation Mean of Valid Background

Inpainted Background

v 111(1 Background Coef. =/ Validity Check
Augmented Image/Mask ihmge Assembling

—=: Key 111€ﬂ10d010g1$ for
steel surface defects

Figure 4. Overall Flow of ObjectAug for Steel Surface Defects

Background Inpainting

Original Image

Augmented Objects

Object
Augmentation,

—_
=

Figure 5. Object Augmentation

@ Image Parsing
Objects
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o) 2] Qkoll EAsk= 270 o] A AA o 22t HlolH F7to] A
SH AT A% AAY F42 e 2 AAe AAE w3
(mask)l = 22 Blo] ¥ F7Fo] TA| ol 4-&H

ol 7|& AA % dlolH F74HE AAZ 7 Ag W
Fol wet o2 vl $4 GES A &ste ¢ngEe A
43l Ath(Zhang et al, 2021). & AT A= AA <) g W5
o et 34 &ES t2A A&ste 2 s, AA deolH
T4 3TE TR A 45t ol HFEE A5 5}0}5 e
& AtetAtt ol& A4 W g SR AT E AA st
THEH, A4 skol ¥ 32} E(hyper-parameter) 2 3 2] gk
= gAg ok sk gholth o]EA MFHE A53E ATE
AA HolE Z7d Agso 2y 7|E AT B AHA o
Zoole] B S HAT 5 ATt <Figure 6> AL HHE
o HFE A5 AFE S5, 1,12 43 AF FF dolH =
78] A o|u]A] o] t}. <Figure 6>°] (a), (b) |V A= & W
Fo slgshe W 1329 A o|u| A& 2+ Al 57 A
S5 ATt ofof whel & ol Aol QIH Ajto] AX FEo
253 F7Eo] d& onA Y o & AT ¥92 7H
ol A& LA Hrt. <Figure 6> (c), (d) °IP| A= v HF
of sjFete W33 49 o)A 2 B 8 S0l Ba gl
7] o 42 Al 10] ALHUT oo wh} o]m|A o] A
ook A ¢ F7ol 13]8 g5 o) Y o|m| A9} Y

&A% 39 71 oA E ¢A Ak olsh 2e Yoz
25979 AT 99 B o)uA YA Wt BE 27
shof vlo]E) #7892 48 % QA st

ARE R 2 A HlolH S ¥ < 9

2317] 28 HE2 e

Original
Image

Augmented
Image

Original
Image

Augmented
Image

(c) Class 3
Figure 6. Examples of Object-level Augmented Image for Each Class. The Class Coefficient of Proposed Method for These Images is [5, 5, 1, 1]

-84
Z A G HFE A5 A5 F 1 4T U ges,
5,1, 10|t} 1Ei—’F QA A 1320 o B2 AA do]
B 3745 A &ste A O =, <Figure 6>9] oA ¢} o] o]u]A|
Qtell A AgH 1719 534 HiolEH & F4E & A & Aol
U o MR W F 39 4 A5 0] H4F 0 A 1T

EERE PEESRY
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4 o) thal A 4
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< T dEHeE AL goln, &

A Ao A

302074 &

olmA| &g ‘:}74]"1]/‘1 A AA o Eejd v Aol
g go] vlof A Hu, o] & WA I A oW AR &=
st ol W7 H dA otk 7€ AA F HolH F
Aol M wfjd B3 el & e AT Hed
(Liu et al.,, 2018)S T2 L35} THZhang et al., 2021).
SHATE 7 9 AT o]w A HoJE A= 755“’] AAE

{0 oy o 3@

W740] B4 o] m A7} oh ek T A4k A 919 o
w70)7] W] ol & 237 913 Ei}% gol 879
o B AP AL I GE WAL AN FE A B

AR R WS BUSATE 318 M A vpet 2o), 2
T E2H 2F olvA e 3E G HfrE WAl EAT

% Q) el v §E WAl Hagkel W7 Belo) A4
UEE HE AADY JAGOE o) BANES g

Al

oW d & BACA 2ol= B HAZRS dHH ofrA
rhth AlE = gol7] Wzl AFE oA el Ao fa
#7 o) tgkol AHEET WA FHl e A omAE
<Figure 7>ol AR, Fat YA R o] A3}
7ﬂ —1‘LUE -E]—O%TJ—- E]’

(b) Class 2

(d) Class 4
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Original Image

@ Image Parsing
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valid background

-

Inpainting using the
Inpainted Background calculated mean value

Figure 7. Background Inpainting Using the Mean Value of Valid Background
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Validity Check using Valid Background Coefficient :
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Figure 8. Comparison of Augmented Images. (a) result without validity check, (b) result with validity check
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Figure 9. Sample Images of Defect Classes in Severstal Dataset
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Table 1. Class Distribution of the Dataset

Class Image Pixel

1. Pitted Surface 897 2.4%

2. Crazing 247 0.5%

3. Scratch 5,150 80.3%

4. Patch 801 16.8%

Total 7,095 100.0%
Severstal Hlo]E Aol X348 47]19 A3 M+ HolE &
7YY 5L 7. oA & FHAAE B o] UA
g ou A B SHNAE 74 W7t 2R s ZA Y H]
Zol ¥ $a3 guE A EE A HFL VR &F
Ao o HFEE TR <Table 1> HloJEAlS]
7 o)z o A 2 HA v 74 W39 FAo] 24A
St vl &S YERAT ©, <Table 1>oA EHH o|v]A] &
28 o] A WFE A€ olvA LTV HEFEE T

Boz QA £Ao|t <Table 1>9 IA v & A el
I 9= k9l Zo] Severstal Bl o] EJA 2] o &7 Hal B4 o
AN A HFe 2% 13 28 8ln & 4 9lon, B d3s

335

Dice A& AHE3tA T B¢ Dice A& W EZ Dice
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Dice A& 2 ()2 E AHTh 2] (6)ll A o= A W9
NE JeRN 1L, TP, FP, FN-2 A% vha3o] S48 A g
3 2d o o Z=gkel tia] vlwe oz 27t true positive,
false positive, false negativeS WEHATE whekA 4] (6)9 TP=
AR AT A AAlgho] 1012 S E 12 Z4 A9 &
o|a, FP= A Mol A AAgke] 00]aL o Sgko] 191 9
A NG & FNE A HFol A AR gho] 10] a1 o S4kol
01 B4 7o gho] At MFRE TP, FP, FN2 A4t
Dice/E &3l A MFo] th3t F+& Fotd & A+ B7t

hul

A FQ Bt Dice ATE A= T U

& o

1
Mean Dice coefficient = Vel > | Dice, (6)
1 27P,
CT=12TP + FP.+ FN,

B A7 H7} 2 F = Qian(2019), Wang et al.(2020)2] 712
AT A Dice AlTE A&t o, Aol gle HTE

= M BT =E o
AFHFA AT 1R AT 29 e MAE B AA S A o e AL ST o) A Yol Apol7}h itk 7] E o
52 PATNE Ro] Bl FAAE 4 (6)9) L2} 2Apo) 2L 58 date] 1P, FP,
HolE e mdlo 8 2 HI1E 95 £ HlolEl(training  FN/F ZF 08 % Dice A7} 10] HE2 4t} a4A
data) 9} 7 % © o] €l (validation data), Al & | o] El(testing data) 2 ©1& & ¥2= H8F 7%, Severstal t o] B} A& A W4
A, W22 6228 HEH AA FEElolE 37 1329 Aol gl oW AL i FEol7] Wl HF 132
HE A LG Aol M e md 8 o] W dlolH $4-& HE3 9 Dice Ag7t A4 2% A& AsHEt 34 S48 &,
of dlo|EAlS FAstG ) olwf o]w A 9] 2715 256x16000]  HOIH 27 F AR Y WFE ALLE 5T 4T
A256x800 0.2 £ S d|oJE] 7S A&3ATh. olE & BIIE A &g AF A2 Aol AURE = uA R}
e Fd ol A 839, A LA dolEHe o] € =AM AN, ol a5 HF Ao Mt £ d
B 57 glo] o m A &gt A&t gch AA FE dlole] 37 7 F43 8A otk mEbA f ATM = s T A
LHFHE AS FES AEg o W IR 47 e AUE 3AT 5 LS 2o fle HFE 2Tl 9
100%, 100%, 30%, 50%2] 5% 2 g3te] dolBA S A8 = A2Z 458 (TP, FP, FN7F 27 0%) 79 Dice
o Hz do|E Al dlo|g 374 H o|n| A B&o] g wlo]  Agtel] ZHATIA &ttt ukekA & A7 A5 BIH A
B4l A H& <Table 2>of YERAGITE Zd 85 o] Aol vlo]8] & 7] Q7oA B7)8hs A5 A5 w53 Aol7h o,
T74E A 45t dol Bl e RS Wangeral2021)9] & 79 B7F A o] Holg Ed o e Ag HF A
AT E 223t Wang et al. (2021)& o] ] A 27]2256x400 F T H ZF YEAT YT & < giTh
OS2 Bk, &5 HF AT 200 thell o] | A =% ] o] H
2742 5§50 47 2] dolE A FHATh 1343 23}
12 BAAR _ le‘i‘i’o“ﬁ%ﬂ fé%—%%?ﬂ?ﬂlﬁ A R s F
& 7134 Th. Qian(2019), Wang ef al.(2020)9] 7]1& AFE=42%
2 ATl e At B A5 Brhshr] s B oA AR AT 2ol £ A7 As BT I Rkl 7k 3]
Table 2. Summary of the Training, Validation and Testing Datasets
Case Training Validation Testing Total
Original dataset 3,999 1,333 1,334 6,666
Object augmented dataset (with crop) 8,094 1,894 1,920 11,908
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Table 3. Performance Comparison of the Proposed Method and Traditional Methods on Severstal Dataset. FPN and EfficientNet-b1 are
used for Model Architecture and Encoder Network. Boldface Values Represent the Highest Mean Dice Coefficient for Each

Class and Total among Different Methods

Method Class 1 Class 2 Class 3 Class 4 Total

_ . 0.336 0.259 0.707 0.692 0.499

1. BCE loss + Random initial + None augmentation (0.049) (0.135) (0.015) 0.017) (0.034)
2. BCE loss + Pre-trained initial + None augmentation 0.317 0.439 0.763 0.766 0.626
(0.041) (0.108) (0.011) (0.014) (0.035)

3. Weighted BCE loss + Pre-trained initial + Flip augmentation 0.396 0.579 0.769 0.785 0.682
(0.015) (0.034) (0.009) (0.016) (0.013)

4. Weighted BCE-Dice loss + Pre-trained initial + Image-level 0.624 0.611 0.792 0.794 0.705
augmentation (0.025) (0.024) (0.006) (0.011) (0.008)

5. Proposed Method (Weighted BCE-Dice loss + Pre-trained 0.629 0.627 0.791 0.796 0.711
initial + Object-level augmentation) (0.017) (0.026) (0.007) (0.013) (0.008)

Image Ground Truth

Class 3

Class 4

1. BCE + Random mitial 4. Image-level Augmentation

Class 1 -—_—_

5. Proposed Method

Class 1 : -m--‘
4 8.

Figure 10. Qualitative Comparison of Proposed Method and other Methods on Severstal Dataset
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Table 4. Performance Comparison of Proposed Method and Traditional Method in Various Model Architectures. Efficient Net-bl

Network is Used for Encoder Network of the Model Architectures

Model architecture Augmentation method Class 1 Class 2 Class 3 Class 4 Total

Image-level 0.624 0.611 0.792 0.794 0.705

PN (0.025) (0.024) (0.006) 0.011) (0.008)

Object-level 0.629 0.627 0.791 0.796 0.711

(0.017) (0.026) (0.007) (0.013) (0.008)

Image-level 0.612 0.570 0.791 0.794 0.692

U-Net 0.011) (0.032) (0.004) 0.011) (0.010)

Object-level 0.619 0.621 0.786 0.792 0.705

(0.019) (0.030) (0.006) (0.014) (0.010)

Image-level 0.564 0.541 0.761 0.754 0.655

PSP-Net (0.016) (0.040) (0.005) (0.010) (0.010)

Object-level 0.567 0.549 0.760 0.756 0.658

(0.021) (0.051) (0.005) (0.012) (0.012)

Image-level 0.602 0.499 0.787 0.790 0.670

U-Net++ (0.018) (0.179) (0.007) (0.014) (0.043)

Object-level 0.614 0.609 0.784 0.790 0.699

(0.016) (0.019) (0.009) (0.016) (0.009)
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Table 5. Ablation Study Result on the Proposed Method. Ablation 1 uses BCE loss function. For Ablation 2, [1,1,1,1] and
[0.5,0.5,0.5,0.5] are used for class coefficient and probability, respectively. Ablation 3 uses inpainting function in OpenCV
package, and Ablation 4 assembles image without validity check

. Object Background
Loss Function . L .
. . Augmentation Inpainting Image Assembling
Model Weighted BCE-Dice . Total
(W=[5.5.1.1.5) Class Coef. ([5,5,1,1]) Mean of Validity Check
W: bt R B .
& Prob. ([1,1,0.3,0.5]) Valid Background

Proposed 0 0 0 0 0.725
Ablation 1 X 0 0 0 0.690
Ablation 2 0 X 0 0 0.715
Ablation 3 ¢} ¢} X 0 0.715
Ablation 4 ¢} ¢} 0 X 0.715
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Figure 11. Performance Comparison under Various Conditions for Hyper-parameter Search. ‘w’ Means Weight of Loss Function used in
the Proposed Method. ‘c’ Means Coefficient of Object Augmentation in the Proposed Method
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