Open DMQA Seminar

Introduction to Steel Surface Defects Detection

Korea University
Data Mining & Quality Analytics Lab.

ot 91
2021.5.7

Data Min A
.:..O\ TIty/\ alytics r}:d




QI (Inbum Ahn)
- D0 M HEFSS} Data Mining & Quality Analysis Lab.
« M.S. Student (2020.9 ~ Present)
e X|E m - ZIAMH

= Research Interest
« Deep learning for steel surface defect recognition

«  Prediction model for steel making process

= Contact
e E-mail : ahninb20@korea.ac kr

Data Mining -~
o.:.o Quality Analytics }'}-d



- Contents

l.  Steel making process

Il. Steel surface defects

lll. Data imbalance problem

IV. Deep learning for steel surface defects detection

V. Conclusion

Data Mining e, "
o.:.o Quality Analytics I'\::d




- I . Steel making process
< HZO[Zt - Iron? Steel?

(SuDerman)
Iron Man Man of Steel

Iron Man 3 V.s Man Of Steel ...Who wins?
http://jdsblog88.blogspot.com/2013/06/super-hero-movies-2013-iron-man-3-or.html
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- I . Steel making process
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- I . Steel making process
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- I . Steel making process
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- I . Steel making process
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- I. Steel making process . ' '
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- I . Steel making process

¢ Surface Defect Detector (SDD)
- YA 58 T BHS ASHE EX[=,

- X = SDD(Surface Defect Detecton = H ™

Finished
steel roll

Rolling
direction

Hot-rolled
steel strip

#307|

Fig. 3. AOI system installed at actual hot-rolling line.

Data Miﬂihg e, I,.\: H Luo, Qiwu, and Yigang He. "A cost-effective and automatic surface defect inspection system for hot-rolled flat steel." Robotics and Computer-Integrated Manufacturing 38 (2016): 16-30.
.% QUOl\'Ty /\ncily’rics I W “g Song, Kechen, and Yunhui Yan. "A noise robust method based on completed local binary patterns for hot-rolled steel strip surface defects." Applied Surface Science 285 (2013): 858-864.




- I . Steel making process

- FOH0f| oI5t AT AAA| 25F H=E 70~80%, Rule-basel| Z2HEF Table AHEA| 50~85% H2tEE LIEHLYRASLE,
Neural network, SYM 52| &112|F 7fH 2 = X[SX Q2 d5 2t T S
St AAl Rule-base(lf-Then) Probabilistic Neural Network SVM (Choi, Keesug, et al., 2006)
(Song, S. J., et al.,1997) N
For )= 1Tom » Fx) =sgn{ Y auyi(d(zi).6(x)) +b ). 87~94%
W =0 i=1

Fla, =X=8:) THEN W; = W; + 1
Flas =Xo= B2 THEN Wi= W; + 1

IFla, =X,= A8 THEN W; = W; + 1
Next

Classify X to Class K

70~80%

50~85%

Data Minin o, e Song, S. J., et al. “Classification of surface defects on cold rolled strips by probabilistic neural networks.” Journal of the Korean Society for Nondestructive Testing 17.3 (1997): 162-173.
{% g md Choi, Keesug, Kyungmo Koo, and Jin S. Lee. "Development of defect classification algorithm for POSCO rolling strip surface inspection system." 2006 SICE-ICASE International Joint Conference. IEEE, 2006.
L Moon, Chang-In, et al. "Development of a Neural Network Classifier for the Classification of Surface Defects of Cold Rolled Strips." Journal of the Korean Society for Precision Engineering 24.4 (2007): 76-83.

Quallity Anailytics

i

If Wy is the Maximum of W ( = 1m) Then

output  fi{x) = Cy - alz)

summation
Neural Network (Moon, Chang-In, et al., 2007)

pattern olz) = expliz-1)/a7)
Z- 2% Wy

Input

X Xy

Fig. 3. Probabilistic neural network architecture

85%
77%

[nput{46features) Hidden(18 nodes) Output(11defects)

Fig. 8 Structure of neural networks
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- IT. Steel surface defects
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- IT. Steel surface defects

15t2 Eon S

o EH 2 Ho|E]
- @ H|O|EAIQI Severstal, NEUO| = EHSH0|MS| CHEXMQI 5 A 2l

Dataset Severstal NEU
Data< 12,568 (& /4 g 1,800 (A g
A2t Class 4 6
Image size 1600x256 200x200
dst™He Pixel Bounding box
N SRR SAQK & H) SAQK & H)
Task Segmentation Classification, Object detection
S/HEE 2019 2013

» Severstal dataset : https://www.kaggle.com/c/severstal-steel-defect-detection/
NEU dataset : http://faculty.neu.edu.cn/yunhyan/NEU_surface_defect_database.html

..:.. Data Mining e, l.\::d
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- IT. Steel surface defects

*+* NEU dataset

- g SHOAM Q| CHEX QI A% 6710f| CHSH Image £, Bounding box THZ LabelO| M|lS |, 2% ClassE Images=£ 30071

crazing, M inclusion, M patches, M pitted surface, M rolled-in scale, Il scratches

Inclusion Patches Pitted surface Rolled-in Scale

e
|
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- IT. Steel surface defects

+»» Severstal dataset
- A S0 M| At 4710f CHSH Image TP, Pixel THRIE LabelO] MlS =0, "H4 5902/4T 6,6667H= S 12,5687 2| Image

pitted surface, M crazing, M scratches, M patches

0
50
100
150
200
250
0 200 400

0

Pitted surface . Crazing
(1)

Scratches

(3)
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- IT. Steel surface defects
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cece Minor dassOj| CH St
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- III. Data imbalance problem

+» O|E 22ES 93 WHE
H

=
-HO0|H 279 X fe $HEC Z Sampling 7|8, Objective function 7|8t 2|0 = CHFok B Z0| =X

St
- 71 & Objective function 7| 2] HHHEZO 2 Weighted cross entropy loss@t Focal lossOil CH3H 271
Sampling based methods Methods for imbalance problems

Methods for

Undersampling Oversampling imbalance

problems

f— Copies of the [N Sampling Feature Improvement Objective Function Generative
- minority class [ Based Methods Based Methods Based Methods Methods
S Samples of .J - « Random Salmpling . ijectnelss Prior [57]. » Cross Entropy [82] « Adversarial
N - - ‘,- + Bootstrapping [56] + Fine-tuning Long Tail « Focal Loss [22] Faster-RCNN [62]
i , majority class o . SSD[19] Distribution for Obj.Det. « Gradient Harmonizing « Task Aware Data
- - e . OHEM [24] [25) Mechanism [59) Synthesis [63]
S Y y - + IoU-based Sampling [29] + Scale-dependent Pooling + Prime Sample Attention « PSIS [64]
- [ ] s — - -.é" “ + Two-stage Object [67] [30] + Bounding Box Generator
— ——— Detectors « SSD[19] « AP Loss [60] [65]
Original dataset Original dataset « loU-lower Bound [17] « Multi-scale CNN [68] « DR Loss [60]
» MNegative Anchor + Scale Aware Fast R-CNN « Smooth L1 [17]
Filtering [58] [69] + Balanced L1 [29]
«+ Prime Sample Attention « FPN [26] « KL Loss [54]
[30] + SNIP [27) + ToU Loss [79]
« OFB Sampling [65] « SNIPER [28] « Bounded IoU Loss [80]
< + Scale Aware Trident « GloU Loss [55]
Network [70] + Task Weighting
. PANet[71]
. . . « Libra FPN [29]
Objective function based methods TN
aiEsEE s N s s AN SIS NN AN EEEEEEEEEEEEEEEEEEEAEEEEEEEEEEEEEEER « Parallel-FPN [73]
. W . h d . + Deep Feature Pyramid
" . Reconf. [74]
. elg te Cross entropy . + Zoom out-and-in [75]
. F I I . + Multi-level FPN [76]
. . + NAS-FPN [77]
: OCal 0SS : " Deemas (74
Nl N N NN + Cascade R-CNN [81]
vee + Guided Anchoring [66]
Fig. 4: Solution-approach based categorization of the methods used to address imbalance problems.
... Data Mining e, I-\:d Oksuz, Kemal, et al. "Imbalance problems in object detection: A review." IEEE transactions on pattern analysis and machine intelligence (2020).
ob Quallity Anailytics PN WA




- III. Data imbalance problem

%+ Objective function based methods
- Weighted BCE loss : BCE loss| Positive weight= Z=7+5+0 £7 Class0i| 7S X|E £ 0{5t= Loss

- Focal loss : BCE lossOll Modulating factorE 37504 Easy exampleOil CHF 7FS X| 2 £ 0|11 Hard examplef] &&= QL= Loss

Binary cross entropy loss
L(y,y) = —-log(@) + (1 —y)log(1 —9))

Weight class Down-weight easy example

Weighted binary cross entropy loss Focal loss
Ly,9) = —(B xylog(@) + (1 —y)log(1—7)) FL(pt) = —a:(1 — p)¥log(pe)

_) P ify=1
Pt 1-p otherwise

... Data Mirﬂng e, lv\:d Jadon, Shruti. "A survey of loss functions for semantic segmentation.” 2020 IEEE Conference on Computational Intelligence in Bioinformatics and Computational Biology (CIBCB). IEEE, 2020.
Jt Quallity Analytics L
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- III. Data imbalance problem

< Objective function based methods — Example
- Semantic segmentations 2t M ZAg BX|0| Chot A2, H{0|H 20| = 4712] 2% ClassE 71 (Minor class : 2)

- 67l Pixel2 7}%! ImageZ Th=315H0] BCE loss, Weighted BCE loss, Focal loss7t A4tz = TIPS 2 A 2 10X}t &

defectl, | defect2, I defect3, | defectd

Input image La/l?el
Defect 1 Defect 2 Defect4

Samplel

Data Mining ., o
o.:.o Quality Analytics I".\’.'.d



- III. Data imbalance problem

< Example : Binary cross entropy loss

Input image LaPeI

Defect 1 Defect 2 Defect 3 Defect4

Model |:>
Output

L(1,0.9) = —(1log(0.9) + (1 — 1)log(1 — 0.9))=0.1054
L(1,0.1) = —(1log(0.1) + (1 — 1)log(1 — 0.1))=2.3026
L(0,0.4) = —(0log(0.4) + (1 — 0)log(1 — 0.4))=0.5108
L(1,0.2) = —(1log(0.2) + (1 — Dlog(1 — 0.2))=1.6094
L(y,y) = —(ylog(®) + (1 —y)log(1 —P)) L(1,0.8) = —(1log(0.8) + (1 — 1)log(1 — 0.8))=0.2231  Defect3

L(0,0.3) = —(0log(0.3) + (1 — 0)log(1 — 0.3))=0.3567  Defect4

Lgcg = (0.1054 + 2.3026 + 0.5108 + 1.6094 + 0.2231 + 0.3567)/24 = 0.2128

Defect 1

Binary cross entropy loss Defect 2

Data Mining -~
o.:.o Quality Analytics }'}-d




- III. Data imbalance problem

< Example : Weighted binary cross entropy loss (Positive weight = [1,3,1,1])

Input image LaPeI

Defect 1 Defect 2 Defect 3 Defect4

Model |:>
Output

L(1,0.9) = —(1log(0.9) + (1 — Dlog(1 — 0.9))=0.1054

Defect 1
Weighted binary cross entropy loss L(1,0.1) = —(1log(0.1) + (1 — 1)log(1 — 0.1))=2.3026
_ R R L(0,0.4) = —(3x 0log(0.4) + (1 — 0)log(1 — 0.4))=0.5108 Defect 2
L(.9) = =(B x ylog(¥) + (1 =y)log(1 = 3)) L(1,0.2) = —(3 x 110g(0.2) + (1 — 1)log(1 — 0.2))=4.8283
Note: B value can be used to tune false negatives and false positives. L(1,0.8) = —(1log(0.8) + (1 — 1)log(1 — 0.8))=0.2231 Defect 3
E.g; If you want to reduce the number of false negatives then set > 1, L(0,0_3) = —(Olog(O.S) +(1- 0)log(1 — 0_3)):()_3567 Defect 4
similarly to decrease the number of false positives, set § < 1. [1] Lwece = (0.1054 + 2.3026 + 0.5108 + 4.8283 + 0.2231 + 0.3567)/24 = 0.3470

.$ DC'TO’_ Miﬂihg ; - h:d [1] Jadon, Shruti. "A survey of loss functions for semantic segmentation.” 2020 IEEE Conference on Computational Intelligence in Bioinformatics and Computational Biology (CIBCB). IEEE, 2020. 21/37
... Quality Analytics Lo



- III. Data imbalance problem

% BCE vs. Weighted BCE

Input image LaPeI

Defect 1 Defect 2 Defect 3 Defect4

Model |:>
Output

BCE loss > Weighted BCE loss
0.2128 0.3470

Data Mining -~
o.:.o Quality Analytics r}-d




- III. Data imbalance problem

“ “Focal loss for dense object detection”
- 1-stage object detector?| ‘45 &= ?I6H Foreground2} Background?t2| Class imbalanceE S| Z25tH= Focal lossE A| ¢t
- 0| =0]| & &|&= Easy example®| 7FEX|E &0|10 0f|Z0] & 2tz|+= Hard exampled|] & 4= /A== 7|= Cross entropy lossi|
Modulating factor (1 — p)Y & M&

Focal Loss for Dense Object Detection

Tsung-Yi Lin  Priva Goyal Ross Girshick Kaiming He Piotr Dollar
Facebook Al Research (FAIR)

5 8 -
CE = -1 —y=0 -@)- RefinaMet-50
() c.’g{p‘ ) N — =05 35l £ RetinaMet-101
4 FL{[.)() = _“- - ?31:' ! l(yg{[_)[) =1 AP time
— =§ s [A]YOLOW2T [27] [216 25
—_—— o 34t [B] 55D321 [22]  |280 &l
ar < C)DSSD32i (o] |80 &S
a o] [E] In} R-FCN? |.1|] l 0o 85
o Q 32 [E] 8SDS13 [22]  [31.2 125
2F 8 [F]DSSDSI3 (0] 332 156
well-classified [G] FPN FRCN [20]|362 172
examples 30 @ RetinaMNet-50-500  [325 73
1t HetinaNet-101-500 (344 90
RetinaNet-101-800 (3785 198
28+ '-N:Tplmtcd Extrapolated time
0 i 1 1 I i
0 0.2 0.4 0.6 0.8 1 50 100 150 200 250
probability of ground truth class inference time (ms)
 Lin, Tsung-Yij, et al. (Facebook Al Research)
« 2017 International conference on computer vision (ICCV)
Daota Mining e, -~ . . . . . . . . .
.{.. Quality Analytics I'\m_wd Lin, Tsung-Yi, et al. "Focal loss for dense object detection." Proceedings of the IEEE international conference on computer vision. 2017.




- III. Data imbalance problem

%+ Focal loss

defectl, | defect2, I defect3, | defectd

Input image

_
.

Defect 1

Samplel

Sample2

Data Mining ., o
o.:.o Quality Analytics I".\’.'.d
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- III. Data imbalance problem

% Easy example and Hard example — BCE loss

Input image Label Binary cross entropy loss
A
Ly, y) = —log(@) + (1 —y)log(1 —9))

Samplel

0.2128

“Hard example”

Model |:>
Output

Sample2

0.0471

“Easy example”

Model |:>
Output

Data Mining o
o.:.o Quality Analytics h\-d




- III. Data imbalance problem

N

% Example : Focal loss (a=0.75, y=2)

FL(pe) = —a:(1 — py)¥log(pe)

Daota Mining
Quallity Anailytics

Input image

Samplel

Model
Output

Focal loss

p
pt:{l_p

hcal

ify=1
otherwise

Label
A

Defect 3 Defect4

Lrocal = —(a(1 = ¥)¥ylog(P) + (1 —a)(1 = (1 = ¥)¥(1 = y)log(1 - 3))

L(1,0.9) = —(0.75(1 — 0.9)?1l0og(0.9) + 0)=0.0008
L(1,0.1) = —(0.75(1 — 0.1)?1log(0.1) + 0)=1.3988 4
L(0,0.4) = —(0 + (1 —0.75)(0.4)?(1 — 0)log(1 — 0.4))=0.0204
L(1,0.2) = —(0.75(1 — 0.2)?1log(0.2) + 0)=0.7725 T
L(1,0.8) = —(0.75(1 — 0.8)?*1l0g(0.8) + 0)=0.0067 Defect 3
L(0,0.3) = —(0 + (1 — 0.75)(0.3)?(1 — 0)log(1 — 0.3))=0.0080 Defect4
Lpocal = (0.0008 + 1.3988 + 0.0204 + 0.7725 + 0.0067 + 0.0080)/24 = 0.0920

Defect 1

Defect 2

BCE loss

0.1054
2.3026

1.6094
0.2231

“Hard example”

26/37




- III. Data imbalance problem

% Example : Focal loss (a=0.75, y=2)
Input image Label

Defect 3 Defect4

Sample2

“Easy example”

Model |:>
Output

Focal loss Lrocal = —(a(1 =M¥ylog(P) + (1 —a)(1 - (1 = ¥)Y(1 - y)log(1 - ))
L(1,0.8) = —(0.75(1 — 0.8)%1log(0.8) + 0)=0.0067
FL(pe) = —a:(1 —p)¥log(pe) L(1,0.9) = —(0.75(1 — 0.9)?110g(0.9) + 0)=0.0008 Defoct 1
) Fy=1 L(1,0.7) = —(0.75(1 — 0.7)%1l0g(0.7) + 0)=0.0241
Pt = {1 L0 otherwise L(0,0.2) = —(0 4 (1 — 0.75)(0.2)2(1 — 0)log(1 — 0.2))=0.0022
L(1,0.8) = —(0.75(1 — 0.8)?110g(0.8) + 0)=0.0067 Defect 3

Leocal = (0.0067 + 0.0008 + 0.0241 + 0.0022 + 0.0067)/24 = 0.0017

Data Mining -~
o.:.o Quality Analytics r}-d




- III. Data imbalance problem

% BCE vs. Focal
- Focal loss= H|O|E| w7 &0 7| 2I%} Easy/Hard example®ll CHSH Hard example CHE| Easy exampleQ| losszf= 2 BHO| ZAA|A

Hard example2| loss7t 22 &H50] Of 20| HHGEl & QI = &}

Binary cross entropy loss Focal loss
Samplel
Input Prediction 5 43
100
—> 0.0920
“Hard example” I I
4.5H{ X}O| 54.1HY X}0]
Sample2
Input Prediction % 4
100

|
=

“Easy example”

Data Mining e, "
o.:.o Quality Analytics f}:d




- III. Data imbalance problem

% BCE vs. Weighted BCE vs. Focal
- Weighted BCE loss= =78 Class0i| Chet 7HE5X| & F 045t Sl Class7t &bl Sample2| LossE ST

- Focal loss= Easy exampleOi| Lot LossE SIS 2 I BHO| ZHAA|7] Hard exampledl| SR EM 27d XS oA
BCE Weighted BCE Focal
(positive weight=[1,3,1,1]) (y=2, a=0.75)
Samplel
Input Prediction
0.2128 0.3470 0.0920
“Hard example”
Sample2
Input Prediction
0.0471 0.0471 0.0017
“Easy example”

Data Mining o
o.:.o Quality Analytics h\-d




- III. Data imbalance problem

< BCE vs. Weighted BCE - Severstal dataset

- Severstal datasetOl| CHSF Segmentation task ‘d& H| A4}, WeightE £ 0]t gt Class| Dice ‘40| ofEE =0l

*H|W B - | oss function 2/0=

BCE loss

Severstal dataset

< O|0|X| EtQ| &3 >

72.6%
5150
12.6% 11.3%
3.5%
897 i 801
1 2 3 a4

< Pixel Tt 2E >

80.27%
16.83%
2.39% 0.51% .
1 2 3 4

Data Mining | ¥ °
o.:.o Quallity Analytics h:a

[ —— -

BE S R7I0| DUS A

Weighted BCE loss

d

(w=[2,3,1,1.5])
Dice coefficient Dice coefficient
+0.0121

0.6518 ——> 0.6639

< 2% Class'H Dice coefficient >
M BCE loss, [ Weighted BCE loss

’4"‘-~~
s 0.742 0.734 0.735 0.755

0. 613
0.503 O. 520 |

I I - I

\__/

X Severstal Kaggle competition 1%t place

& 1st Place Solution
! severstal-steel-defect-detection 2

R Guo
1st place Congratulations to all winners in this competition

meamnatitinn far mu taammatae merhihanaks and

Segmentation

We have to admit that we used models from @lightfores

private LB to our current score.

Train data: 256x512 crop images

Augmentations: Hflip, Vflip, RandomBrightnessContrast

Batchsize: 12 or 24 (both accumulate gradients for 24 s

Optimizer: Rectified Adam

Maodels: Unet {efficientnet-b3), FPN (efficientnet-b3) fre
L E LR L L L e L L LL L L CLERELCLEECL LR
BCE (with pos_weight = (2.0,2.0,1.0,1.5))
0.75BCE+0.25DICE (with pos_weight = (2.0,2.0,1.0,1.5})

M'Dd'ﬂ Ensemble:

https://www.kaggle.com/c/severstal-steel-defect-detection/discussion/114254

30/37




- IV. Deep learning for steel surface defects detection

% “Automatic Detection and Classification of Steel Surface Defect Using Deep Convolutional Neural Networks”
- Wang, Shuai, et al. (2021), Metals
- Severstal G|O|E{410f| CHSY Improved faster R-CNN 52 8910 2&X0|HAM Het =7} &2 Object detection Z2S X[ F

- Loss function2 2 Weighted BCE loss& AF&5t1l, Minor classOi| Ci3H Data augmentations Z-&5t0 Samples= ==

= ~10

metals ﬁw\nfy

Article

Automatic Detection and Classification of Steel Surface Defect
Using Deep Convolutional Neural Networks

Shuai Wang 2*, Xiaojun Xia 12, Lanqing Ye 12 and Binbin Yang -2

1 School of Computer Science and Technology, University of Chinese Academy of Sciences,

Beijing 100049, China; xiaxj@sict.ac.cn (X.X.); yelanging18@mails.ucas.ac.cn (L.Y.);
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Abstract: Automatic detection of steel surface defects is very important for product quality control in

the steel industry. However, the traditional method cannot be well applied in the production line,

because of its low accuracy and slow running speed. The current, popular algorithm (based on deep
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- IV. Deep learning for steel surface defects detection

<+ Model Framework 3! Dataset
- Framework : 2-stage= Classificationd| A 22t 7/F & HA &5, 22 L4 Sampledi| CHSH Object detection 22 & -&
- Dataset : 12,5687112| 1600x256 ImageS 400x256 Image 4712 2&510] 50,272712] HIO|HE AME3SIS 1,
Azfo| HO|E{ M2 Pixel TH| ZE} LabelO| H&E|Lt, ¥ = 2 AnnotationS &-238}0] Bounding box EEIZ Label H4

Table 1. Classification model dataset.
Input
@ Class Train Valid Total

With Defects 10,553 2639 13,192
4 Without Defects 29,664 7416 37,080
lmprov ed ResNet50 Total 40,217 10,055 50,272

Table 2. Object detection model dataset.

Yes Imprgved Faster R- Class Train Valid Total
Score > (0.3? -

CNN Pitted surface 1044 262 1306

Crazing 171 43 214

No Scratches 7984 1996 9980

No Patches 1100 276 1376

| Have Defect? Multi Class Defect 252 [3) 316
Without Defect 29,664 7416 37,080
Total 40,215 10,057 50,272

[ Defect Class and Location J

Figure 1. Algorithm Framework.
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- IV. Deep learning for steel surface defects detection

% Classification Model - Improved ResNet50
- 7| & ResNet50 blocks #HESH0] &l 455 2Pl ResNet50-vd 7|k

- ObjectO| 7[5l Y| H8E 4= U= Module@! Deformable convolution network(DCNv2)E X-&

Convlx1BA

64 stride=2 AvgPool

2x2, stride=2

Convlx1B
256,stride=2

Conv3 3BA

Stage-1 Blockl
64, strlde—2

Stage-1 Block2

|

l |

i |

: | nv]. 1B
| |
Stage-1 Block2 | l :
{ |
| |
[ |
I |
I |

Conv3x3 BA
64

Conv3=3, 32

Convlx1B
256,

Conv1 x1B
256

Conv3=3, 64

/ h
Stage-2 Blockl
Stage-2 Block2
Stage-2 Block2
Stage-2 Block2

VS N B O N O iy Y N B N R/

_Iﬁ

VRN SV | SN SR

h 4
Stage-3 Blockl

Stage-3 Block2
ResNet50-vd < [ Susestiow

Stage-3 Block2
Stage-3 Block2
Stage-3 Block2

h
Stage-4 Block1
Stage-4 Block2
k Stage-4 Block2

B :Batch normalization

BA :Batch normalization

|
|
|
|
: and Relu
|
|
I

® :Add

e _____—

Deformable Convolution
Improved ResNet50 Deformable convolution(DCNv2)
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- IV. Deep learning for steel surface defects detection

% Object Detection Model - Improved Faster R-CNN

- Classification 2 & T+Z 21 ResNet50-vd+DCNv2E 7|22 =, Multi-scale defect detection= 2/ FPN(Feature Pyramid Network)d}
SPP(Spatial Pyramid Pooling)7 & &l Improved Faster R-CNN2 | ©F

Feature Fxtraction MNetwaork Region Propose Network R-CNM
| _ | J _
Improved Feature Pyramid Network
e ki .
Stage-l |- ConvBlock —m el mEN |
y | ]
Stage-2 + ConvBlock —>(E)—> P3 —+» RPN /J FC | Classes
. F MaxPoaol
- o EE-E
Stage-3 —IL ConvBlock Pty RPN : FC - Boundary Box
|
Bhtw-! —Ih comblock |——»] 5 Mol mew ¢
| : —p| Convixl | oy mple x2
\ - —_—_— - @ Concatenate 2 psamp
- - - - = = 512
.| CoordCony - CoordCony == N . CoordConw
ConvBlock: 1%1C —ICum-‘E:-cJEL-Dl 1x1C - SPI e Comv 3x3 20 |- 1%1C
Figure 6. The architecture of enhanced faster R-CNN. Figure 7. Spatial pyramid pooling (SPF).
Improved Faster R-CNN Spatial Pyramid Pooling
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- IV. Deep learning for steel surface defects detection

% Loss function and Data augmentation

-HOIH 20 &

A ZXE 25 Weighted BCE lossE AF& (Positive weight : (Detection) [1.5, 2.0, 1.0, 1.5], (Classification) [1.0, 20]) O %1,
Minor classOl CH 2t H|O|E{ ==& Augmentation= &5l SLHA|Z(Crazing class : 214—800)

- Classification task2 /¢t Data augmentation2 2 Improved cutout 22 K| 2t

* Improved cutout : Original cutoutt &2|, 2% Label(Bounding box)= O|&3}+0 RandomdHH| MEHEl | abel boxE Cutout A|Z

Weighted binary cross entropy loss
Ly,y) =—-(B xylog(¥) + (1 -

f

[1.5, 2.0, 1.0, 1.5] / [1.0, 2.0]
(segmentation / classification)

y)log(1—73))

=~
8002 £ |
Table 2. Object detection model dataset. A
Class Train Valid Tdtal 0t Biis 4 Lyt |
Pitted surface 1044 262 15% e) (f)
Crazmg 171 43 214 Figure 9. Data augmentation. (a) Original image; (b) improved cutout; (c) horizontal flip; (d) vertical flip; (¢) random crop;
Scratches 7984 1996 9980 (f) random contrast and brightness transformation.
Patches 1100 276 1376
Multi Class Defect 252 64 316 Im roved Cutout
Without Defect 29,664 7416 37,080

Total 40,215 10,057 50,272
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- IV. Deep learning for steel surface defects detection

¢ Results and Discussion
- Classification(Z& 7/F £5) : ResNet-vd+DCNv2+ImprovedCutout 2 & 2 A& EF&k(Accuracy 0.9752)

- Object detection : Z|EF 22 7|F mAP 0876= Z-d0tA2LL, Minor class?! Pitted surface®@t Crazing2| ‘d52 AR =

Table 5. Comparison of the classification models.

Original Image Horizontal Flip Vertical Flip TTA

Running
Model Fl Ace Fi Acc Fl Ace Fl Ace Time
Fadli et al. [37] - 0.94 - - - - - -
ResNet 0.968 0.969 0.9627 0.9628 09626 0.9627 0.9673 0.9675 240 ms
Konovalenko et al. [38] - 09691 - - - - - -
ResNet_vd 0.9707 0.9708 0.9694 0.9695 0.9689 0.9690 0.9710 05711 244 ms
RE-SNE'{:_\'d._diZ 19737 ar3s ] Q97 [ 8735 149730 10731 org g 29 ms
ResNet_vd_denV2_ImprovedCutout | 0.9747 0.9747 0.9744 0.9744 09745 09745 0.9752 09752 2.9ms
Table 6. The AP of each type of defect and the total mAT of the model.
Tvoe of Defect
Model mAP
Pitted Surface Crazing Scratches Patches
YOLOv3 0.700 0.643 0.749 0.724 0.704
Faster-RCNN 0.801 0.767 0.874 0.865 0.827
Faster-RCNN + DCN 0.806 0.782 0.881 0.876 0.836
Faster-RCNN + DCN + FPN&SPP 0.840 0.818 0.902 (.895 0.864
Faster-RCNN + DCN + FPN&SPP + Coordconv 0.845 0.829 0913 0.916 0.876
|——————————————————————— |——————
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- V. Conclusion
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Figure 6. The architecture of enhanced faster R-CNN.
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