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Ⅰ. Steel making process

❖ 철강이란 – Iron? Steel?

Iron Man Man of Steel

http://jdsblog88.blogspot.com/2013/06/super-hero-movies-2013-iron-man-3-or.html
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Ⅰ. Steel making process

❖ 철강이란 – Iron? Steel?

- 철에 포함된 탄소 함유량을 기준으로 Iron과 Steel을 구분하며, 철강은 선철(주철)과 강철을 합한 용어(Iron & “Steel”)

철에 포함된 탄소 함유량
1.7%

Iron (선철, 주철, 무쇠)
Pig iron(선철), Cast iron(주철)

Steel(강,강철)

0.035%

Pure iron(순철)

4.5%

https://posri.re.kr/ko/board/content/12304
http://product.posco.com/homepage/product/kor/jsp/s91m0000001i.jsp

단단함

충격에 약함
(깨짐, 부서짐)

가공성 열위

질기고 늘어나며
충분한 강도

가공성 우수

충격에 강함
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❖ 철강 제조

- 원재료인 철광석을 사용하여 선철(Pig iron)을 만들고, 탄소를 포함한 다양한 성분을 적정범위로 정제하여 강철(Steel)을 만드는 과정

Ⅰ. Steel making process

제철소

철에 포함된 탄소 함유량

1.7%

Iron (선철, 주철, 무쇠)
Pig iron(선철), Cast iron(주철)

Steel(강,강철)

0.035%

Pure iron(순철)

4.5%

Pig iron Steel
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❖ 철강 제품

- 최종 산업 제품에 쓰이기 위한 소재로 철강 제품이 만들어지며, 형태에 따라 판재, 봉형강, 강관 등의 제품이 있음

- 판재는 두께에 따라 박판(얇은 강판)과 후판(두꺼운 강판)으로 크게 나눌 수 있고 박판은 Coil 형태로, 후판은 Plate 형태로 생산

Ⅰ. Steel making process

박판(Coil)

후판(Plate) 선재(Wire rod)

제철소 제조사철강 제품 최종 제품
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Ⅰ. Steel making process

❖ 철강 제조 공정

철광석 철강제품

용선(선철)
Pig Iron

용강(강철)
Steel

슬라브
Slab

코일
Coil
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Ⅰ. Steel making process

❖ 열연-냉연 공정

- 압연공정(Rolling) : 200~400mm 두께의 슬라브 소재를 두 개의 롤러 사이를 통과시키며 고객 요구 두께로 가공하는 공정

- 열간 상태에서 압연하는 열연 공정(1차 압연), 상온에서 압연을 실시하는 냉연 공정(2차 압연)이 있음

- 선공정에서의 품질 결함을 검출하지 못하고 후공정으로 보내지는 소재는 후공정에서 품질 악화, 설비 사고로 이어질 수 있음

열간압연(1차압연) 냉간압연(2차압연)

http://product.posco.com/homepage/product/kor/jsp/process/s91p2000120h.jsp

HR제품
CR제품
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Ⅰ. Steel making process

❖ Surface Defect Detector (SDD)

- 압연 공정 중 표면을 검사하는 장치로, 빠른 속도로 진행 중인 표면에서의 결함을 빠르고 정확하게 검출하는 것이 중요함

- 현재도 SDD(Surface Defect Detector)로 표면 결함 검출 및 분류를 하고 있으나, 지속적인 성능 개선이 필요함

열간압연(1차압연)

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.
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.

Surface Defect Detector Defect 
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Ⅰ. Steel making process

❖ SDD 성능 개선 사례 (결함 분류율)

- 육안에 의한 결함검사시 분류 정확도 70~80%, Rule-base의 결함분류 Table 사용시 50~85% 정확도를 나타내었으나,

Neural network, SVM 등의 알고리즘 개선으로 지속적인 성능 향상 진행 중임

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.

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.
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.

Probabilistic Neural Network
(Song, S. J., et al.,1997)

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

SVM (Choi, Keesug, et al., 2006)

77%

87~94%

85%

70~80% 50~85%

육안 검사 Rule-base(If-Then)
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Ⅱ. Steel surface defects

❖ 표면 결함의 탐지 및 판정

- 제조 공정 중 발생되는 표면 결함은 검출-분류-평점산출을 거쳐 품질 기준 만족 여부에 따라 정품 또는 불량으로 최종 판정됨

- 결함의 종류, 개수, 크기, 위치 등에 따라 평점이 산출되고 최종 판정되기 때문에 결함 검출만이 아닌 종류와 크기 탐지도 중요

1

2

3

4

5

품질기준
만족?

정품

불량

검출 분류 평점산출

Crazing

Inclusion

Patches

Pitted surface

Rolled-in Scale

Scratches

…

최종판정

• Classification →분류

• Object detection→ 검출+분류

• Semantic segmentation→ 검출+분류+평점산출

(결함정도)
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Ⅱ. Steel surface defects

❖ 표면 결함 데이터

- 오픈 데이터셋인 Severstal, NEU에는 열연공정에서의 대표적인 표면 결함을 포함하고 있음

Dataset Severstal NEU

Data수 12,568 (정상/결함) 1,800 (결함)

결함 Class수 4 6

Image size 1600x256 200x200

결함정보 Pixel Bounding box

대상공정 열연(1차 압연) 열연(1차 압연)

Task Segmentation Classification, Object detection

공개년도 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
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Ⅱ. Steel surface defects

❖ NEU dataset

- 열연 공정에서의 대표적인 결함 6개에 대해 Image 단위, Bounding box 단위로 Label이 제공되며, 결함 Class당 Image수는 300개

■crazing,   ■ inclusion,   ■patches,   ■pitted surface,   ■rolled-in scale,   ■scratches

Crazing Inclusion Patches Pitted surface Rolled-in Scale Scratches
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Ⅱ. Steel surface defects

❖ Severstal dataset

- 열연 공정에서의 결함 4개에 대해 Image 단위, Pixel 단위로 Label이 제공되며, 정상 5,902/결함 6,666개로 총 12,568개의 Image

■pitted surface,   ■crazing,   ■scratches,   ■patches

Pitted surface
(1)

Crazing
(2)

Scratches
(3)

Patches
(4)



16/37

Ⅱ. Steel surface defects

❖ 표면 결함 데이터의 특징

1) 표면 결함은 정상 영역 대비 매우 작은 부위를 차지하여 정상(Background)-결함(Defect)간 불균형이 심함

2) 표면 결함은 제조 공정 중 불특정하게 나타나기 때문에 결함 Class간의 불균형이 존재함

➔ Severstal은 표면 결함 데이터의 특징을 잘 나타내고 있는 데이터셋

5902
6666

정상 결함

897
247

5150

801

1 2 3 4

12.6%

3.5%

72.6%

11.3%

< Pixel 단위 분포 >

2.39% 0.51%

80.27%

16.83%

1 2 3 4

• 결함 이미지내 Pixel단위 결함은
5.76%를 차지함

• Pixel단위 결함은 Class별로
극심한 Imbalance 분포를 보임

94.24%

0.14% 0.03% 4.63% 0.97%

정상 1 2 3 4

5.76%

< 이미지 단위 분포 >

[ Severstal ] 

Minor class에대한
성능확보
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Ⅲ. Data imbalance problem

https://3months.tistory.com/414

❖ 데이터 불균형을 위한 방법론

- 데이터 불균형 문제를 위한 방법론으로 Sampling 기반, Objective function 기반 외에도 다양한 방법들이 존재함

- 그 중 Objective function 기반의 방법론으로 Weighted cross entropy loss와 Focal loss에 대해 소개

Oksuz, Kemal, et al. "Imbalance problems in object detection: A review." IEEE transactions on pattern analysis and machine intelligence (2020).

Objective function based methods

Weighted cross entropy
Focal loss

…

Methods for imbalance problemsSampling based methods
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Ⅲ. Data imbalance problem

❖ Objective function based methods

- Weighted BCE loss : BCE loss에 Positive weight을 추가하여 특정 Class에 가중치를 부여하는 Loss

- Focal loss : BCE loss에 Modulating factor를 추가하여 Easy example에 대한 가중치를 줄이고 Hard example에 집중할 수 있는 Loss

Binary cross entropy loss

𝐿 𝑦, ො𝑦 = −(𝑦𝑙𝑜𝑔 ො𝑦 + 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )

Weighted binary cross entropy loss

𝐿 𝑦, ො𝑦 = −(𝜷 × 𝑦𝑙𝑜𝑔 ො𝑦 + 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )

Focal loss

𝐹𝐿 𝑝𝑡 = −𝛼𝑡(𝟏 − 𝒑𝒕)
𝜸𝑙𝑜𝑔 𝑝𝑡

𝑝𝑡 = ቊ
𝑝

1 − 𝑝
𝑖𝑓 𝑦 = 1
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Jadon, Shruti. "A survey of loss functions for semantic segmentation." 2020 IEEE Conference on Computational Intelligence in Bioinformatics and Computational Biology (CIBCB). IEEE, 2020.

Weight class Down-weight easy example



19/37

Ⅲ. Data imbalance problem

Input image

■defect1,   ■defect2,   ■defect3,   ■defect4

❖ Objective function based methods – Example

- Semantic segmentation을 통한 표면 결함 탐지에 대한 예시로, 데이터 불균형이 있는 4개의 결함 Class를 가정(Minor class : 2)

- 6개 Pixel을 가진 Image로 단순화하여 BCE loss, Weighted BCE loss, Focal loss가 계산되는 과정을 살펴보고자 함

Defect 1 Defect 2 Defect 3 Defect 4

Label

0 1 0

1 0 0

0 0 0

0 1 0

0 0 0

0 0 1

0 0 0

0 0 0

Sample1
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Ⅲ. Data imbalance problem

0 0.9 0

0.1 0 0

0.4 0 0

0 0.2 0

0 0 0

0 0 0.8

0 0 0.3

0 0 0

❖ Example : Binary cross entropy loss

Model
Output

Binary cross entropy loss

𝐿 𝑦, ො𝑦 = −(𝑦𝑙𝑜𝑔 ො𝑦 + 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )

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 − 1 𝑙𝑜𝑔 1 − 0.2 )=1.6094

𝐿 1,0.8 = −(1𝑙𝑜𝑔 0.8 + 1 − 1 𝑙𝑜𝑔 1 − 0.8 )=0.2231

𝐿 0,0.3 = −(0𝑙𝑜𝑔 0.3 + 1 − 0 𝑙𝑜𝑔 1 − 0.3 )=0.3567

LBCE = (0.1054 + 2.3026 + 0.5108 + 1.6094 + 0.2231 + 0.3567)/24 = 𝟎. 𝟐𝟏𝟐𝟖

Input image

Defect 1 Defect 2 Defect 3 Defect 4

Label

0 1 0

1 0 0

0 0 0

0 1 0

0 0 0

0 0 1

0 0 0

0 0 0

Sample1

Defect 1

Defect 2

Defect 3

Defect 4
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Ⅲ. Data imbalance problem

0 0.9 0

0.1 0 0

0.4 0 0

0 0.2 0

0 0 0

0 0 0.8

0 0 0.3

0 0 0

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

Weighted binary cross entropy loss

𝐿 𝑦, ො𝑦 = −(𝜷 × 𝑦𝑙𝑜𝑔 ො𝑦 + 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )

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 = −(3 × 0𝑙𝑜𝑔 0.4 + 1 − 0 𝑙𝑜𝑔 1 − 0.4 )=0.5108

𝐿 1,0.2 = −(3 × 1𝑙𝑜𝑔 0.2 + 1 − 1 𝑙𝑜𝑔 1 − 0.2 )=4.8283

𝐿 1,0.8 = −(1𝑙𝑜𝑔 0.8 + 1 − 1 𝑙𝑜𝑔 1 − 0.8 )=0.2231

𝐿 0,0.3 = −(0𝑙𝑜𝑔 0.3 + 1 − 0 𝑙𝑜𝑔 1 − 0.3 )=0.3567

LWBCE = (0.1054 + 2.3026 + 0.5108 + 4.8283 + 0.2231 + 0.3567)/24 = 𝟎. 𝟑𝟒𝟕𝟎

Input image

Defect 1 Defect 2 Defect 3 Defect 4

Label

0 1 0

1 0 0

0 0 0

0 1 0

0 0 0

0 0 1

0 0 0

0 0 0

Sample1

Defect 1

Defect 2

Defect 3

Defect 4
Note: β value can be used to tune false negatives and false positives. 
E.g; If you want to reduce the number of false negatives then set β > 1, 
similarly to decrease the number of false positives, set β < 1. [1]

[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.

Model
Output
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Ⅲ. Data imbalance problem

❖ BCE vs. Weighted BCE

0 0.9 0

0.1 0 0

0.4 0 0

0 0.2 0

0 0 0

0 0 0.8

0 0 0.3

0 0 0

Input image

Defect 1 Defect 2 Defect 3 Defect 4

Label

0 1 0

1 0 0

0 0 0

0 1 0

0 0 0

0 0 1

0 0 0

0 0 0

Sample1

BCE loss Weighted BCE loss

Model
Output

0.2128 0.3470

w=[1,3,1,1]
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Ⅲ. Data imbalance problem

❖ “Focal loss for dense object detection”

- 1-stage object detector의 성능 향상을 위해 Foreground와 Background간의 Class imbalance를 해결하는 Focal loss를 제안

- 예측이 잘 되는 Easy example의 가중치를 줄이고 예측이 잘 안되는 Hard example에 집중할 수 있도록 기존 Cross entropy loss에

Modulating factor (𝟏 − 𝒑𝒕)
𝜸를 적용

Lin, Tsung-Yi, et al. "Focal loss for dense object detection." Proceedings of the IEEE international conference on computer vision. 2017.

• Lin, Tsung-Yi, et al. (Facebook AI Research)
• 2017 International conference on computer vision (ICCV)
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Ⅲ. Data imbalance problem

❖ Focal loss

Input image

■defect1,   ■defect2,   ■defect3,   ■defect4

1 1 0

1 0 0

0 0 0

0 0 0

0 0 1

0 0 0

0 0 0

0 0 0

Defect 1 Defect 2 Defect 3 Defect 4

Label

0 1 0

1 0 0

0 0 0

0 1 0

0 0 0

0 0 1

0 0 0

0 0 0

Sample2

Sample1
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Ⅲ. Data imbalance problem

0.8 0.9 0

0.7 0.2 0

0 0 0

0 0 0

0 0 0.8

0 0 0

0 0 0

0 0 0

❖ Easy example and Hard example – BCE loss

Model
Output

Input image

Defect 1 Defect 2 Defect 3 Defect 4

Label

1 1 0

1 0 0

0 0 0

0 0 0

0 0 1

0 0 0

0 0 0

0 0 0

Sample2

0 0.9 0

0.1 0 0

0.4 0 0

0 0.2 0

0 0 0

0 0 0.8

0 0 0.3

0 0 0

Model
Output

0 1 0

1 0 0

0 0 0

0 1 0

0 0 0

0 0 1

0 0 0

0 0 0

Sample1

Binary cross entropy loss

𝐿 𝑦, ො𝑦 = −(𝑦𝑙𝑜𝑔 ො𝑦 + 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )

0.2128

0.0471

“Hard example”

“Easy example”

100

0 0
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Ⅲ. Data imbalance problem

❖ Example : Focal loss (α=0.75, γ=2)

Input image

Defect 1 Defect 2 Defect 3 Defect 4

Label

0 0.9 0

0.1 0 0

0.4 0 0

0 0.2 0

0 0 0

0 0 0.8

0 0 0.3

0 0 0

Model
Output

0 1 0

1 0 0

0 0 0

0 1 0

0 0 0

0 0 1

0 0 0

0 0 0

Sample1

Focal loss LFocal = −(𝛼(𝟏 − ෝ𝒚)𝜸𝑦𝑙𝑜𝑔 ො𝑦 + (1 − 𝛼)(𝟏 − (𝟏 − ෝ𝒚))𝜸 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )

𝐿 1,0.9 = −(0.75(1 − 0.9)21𝑙𝑜𝑔 0.9 + 0)=0.0008

𝐿 1,0.1 = −(0.75(1 − 0.1)21𝑙𝑜𝑔 0.1 + 0)=1.3988

𝐿 0,0.4 = −(0 + (1 − 0.75)(0.4)2(1 − 0)𝑙𝑜𝑔 1 − 0.4 )=0.0204

𝐿 1,0.2 = −(0.75(1 − 0.2)21𝑙𝑜𝑔 0.2 + 0)=0.7725

𝐿 1,0.8 = −(0.75(1 − 0.8)21𝑙𝑜𝑔 0.8 + 0)=0.0067

𝐿 0,0.3 = −(0 + (1 − 0.75)(0.3)2(1 − 0)𝑙𝑜𝑔 1 − 0.3 )=0.0080

LFocal = (0.0008 + 1.3988 + 0.0204 + 0.7725 + 0.0067 + 0.0080)/24 = 𝟎. 𝟎𝟗𝟐𝟎

Defect 1

Defect 2

Defect 3

Defect 4

𝐹𝐿 𝑝𝑡 = −𝛼𝑡(𝟏 − 𝒑𝒕)
𝜸𝑙𝑜𝑔 𝑝𝑡

𝑝𝑡 = ቊ
𝑝

1 − 𝑝
𝑖𝑓 𝑦 = 1
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

“Hard example”

↓

↓

↑

↑

BCE loss
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Ⅲ. Data imbalance problem

❖ Example : Focal loss (α=0.75, γ=2)

Input image Label

Focal loss

𝐿 1,0.8 = −(0.75(1 − 0.8)21𝑙𝑜𝑔 0.8 + 0)=0.0067

𝐿 1,0.9 = −(0.75(1 − 0.9)21𝑙𝑜𝑔 0.9 + 0)=0.0008

𝐿 1,0.7 = −(0.75(1 − 0.7)21𝑙𝑜𝑔 0.7 + 0)=0.0241

𝐿 0,0.2 = −(0 + (1 − 0.75)(0.2)2(1 − 0)𝑙𝑜𝑔 1 − 0.2 )=0.0022

𝐿 1,0.8 = −(0.75(1 − 0.8)21𝑙𝑜𝑔 0.8 + 0)=0.0067

LFocal = (0.0067 + 0.0008 + 0.0241 + 0.0022 + 0.0067)/24 = 𝟎. 𝟎𝟎𝟏𝟕

Defect 1

Defect 3

𝐹𝐿 𝑝𝑡 = −𝛼𝑡(𝟏 − 𝒑𝒕)
𝜸𝑙𝑜𝑔 𝑝𝑡

𝑝𝑡 = ቊ
𝑝

1 − 𝑝
𝑖𝑓 𝑦 = 1
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

0.8 0.9 0

0.7 0.2 0

0 0 0

0 0 0

0 0 0.8

0 0 0

0 0 0

0 0 0

Model
Output

1 1 0

1 0 0

0 0 0

0 0 0

0 0 1

0 0 0

0 0 0

0 0 0

Sample2 Defect 1 Defect 2 Defect 3 Defect 4

“Easy example”

LFocal = −(𝛼(𝟏 − ෝ𝒚)𝜸𝑦𝑙𝑜𝑔 ො𝑦 + (1 − 𝛼)(𝟏 − (𝟏 − ෝ𝒚))𝜸 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )
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Ⅲ. Data imbalance problem

❖ BCE vs. Focal

- Focal loss는 데이터 불균형에 기인한 Easy/Hard example에 대해 Hard example 대비 Easy example의 loss값을 훨씬 많이 감소시켜

Hard example의 loss가 모델 학습에 더 많이 반영될 수 있도록 함

Sample2

Sample1
Binary cross entropy loss

0.2128

0.0471

“Hard example”

“Easy example”

Focal loss

0.0920

0.0017

×
43

100

4.5배 차이 54.1배 차이

Input Prediction

Input Prediction
×

4

100
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BCE
Weighted BCE

(positive weight=[1,3,1,1])
Focal

(γ=2, α=0.75)

0.2128 0.3470 0.0920

0.0471 0.0471 0.0017

Ⅲ. Data imbalance problem

❖ BCE vs. Weighted BCE vs. Focal

- Weighted BCE loss는 특정 Class에 대한 가중치를 부여하여 해당 Class가 포함된 Sample의 Loss를 증대

- Focal loss는 Easy example에 대한 Loss를 상대적으로 더 많이 감소시켜 Hard example에 집중함으로써 불균형 문제를 해소

Sample2

Sample1

“Hard example”

“Easy example”

Input Prediction

Input Prediction
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Ⅲ. Data imbalance problem

❖ BCE vs. Weighted BCE – Severstal dataset

- Severstal dataset에 대한 Segmentation task 성능 비교 결과, Weight를 부여한 결함 Class의 Dice 성능이 향상됨을 확인

* 비교 모델 : Loss function 외에는 모두 동일한 조건의 모델을 사용함

12.6%
3.5%

72.6%

11.3%

< Pixel 단위 분포 >

< 이미지 단위 분포 >

Severstal dataset BCE loss Weighted BCE loss

(w=[2,3,1,1.5])

Dice coefficient Dice coefficient

0.6518 0.6639

0.503 
0.426 

0.742 0.735 

0.520 
0.613 

0.734 0.755 

1 2 3 4

■BCEloss,   ■Weighted BCE loss

※ Severstal Kaggle competition 1st place

+0.0121

< 결함 Class별 Dice coefficient >

https://www.kaggle.com/c/severstal-steel-defect-detection/discussion/114254
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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 데이터셋에 대해 Improved faster R-CNN 등을 적용하여 효율적이면서 정확도가 높은 Object detection 모델을 제안

- Loss function으로 Weighted BCE loss를 사용하고, Minor class에 대해 Data augmentation을 적용하여 Sample수 확보

Wang, Shuai, et al. "Automatic detection and classification of steel surface defect using deep convolutional neural networks." Metals 11.3 (2021): 388.
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Ⅳ. Deep learning for steel surface defects detection

❖ Model Framework 및 Dataset

- Framework : 2-stage로 Classification에서 결함 유/무를 먼저 분류하고, 결함 대상 Sample에 대해 Object detection 모델 적용

- Dataset : 12,568개의 1600x256 Image를 400x256 Image 4개로 분할하여 50,272개의 데이터를 사용하였고,

원래의 데이터셋은 Pixel 단위 결함 Label이 제공되나, 별도로 Annotation을 적용하여 Bounding box 형태로 Label 변경

Wang, Shuai, et al. "Automatic detection and classification of steel surface defect using deep convolutional neural networks." Metals 11.3 (2021): 388.
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Ⅳ. Deep learning for steel surface defects detection

❖ Classification Model - Improved ResNet50

- 기존 ResNet50 block을 변형하여 향상된 성능을 보인 ResNet50-vd 기반

- Object의 기하학적 변형에 적응할 수 있는 Module인 Deformable convolution network(DCNv2)를 적용

Wang, Shuai, et al. "Automatic detection and classification of steel surface defect using deep convolutional neural networks." Metals 11.3 (2021): 388.

Improved ResNet50

(left) ResNet50, (right) ResNet50-vd

Deformable convolution(DCNv2)

ResNet50-vd

DCNv2
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Ⅳ. Deep learning for steel surface defects detection

❖ Object Detection Model - Improved Faster R-CNN

- Classification 모델 구조인 ResNet50-vd+DCNv2를 기반으로, Multi-scale defect detection을 위해 FPN(Feature Pyramid Network)과

SPP(Spatial Pyramid Pooling)가 적용된 Improved Faster R-CNN을 제안

Wang, Shuai, et al. "Automatic detection and classification of steel surface defect using deep convolutional neural networks." Metals 11.3 (2021): 388.

Improved Faster R-CNN Spatial Pyramid Pooling
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Ⅳ. Deep learning for steel surface defects detection

❖ Loss function and Data augmentation

- 데이터 불균형 문제를 위해 Weighted BCE loss를 사용(Positive weight : (Detection) [1.5, 2.0, 1.0, 1.5], (Classification) [1.0, 2.0]) 하였고,

Minor class에 대한 데이터수를 Augmentation을 통해 증대시킴(Crazing class : 214→800)

- Classification task를 위한 Data augmentation으로 Improved cutout 방법을 제안

* Improved cutout : Original cutout과 달리, 결함 Label(Bounding box)을 이용하여 Random하게 선택된 Label box를 Cutout 시킴

Wang, Shuai, et al. "Automatic detection and classification of steel surface defect using deep convolutional neural networks." Metals 11.3 (2021): 388.

Weighted binary cross entropy loss

𝐿 𝑦, ො𝑦 = −(𝜷 × 𝑦𝑙𝑜𝑔 ො𝑦 + 1 − 𝑦 𝑙𝑜𝑔 1 − ො𝑦 )

[1.5, 2.0, 1.0, 1.5] / [1.0, 2.0]

800으로 증대

Improved Cutout

(segmentation / classification)
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Ⅳ. Deep learning for steel surface defects detection

❖ Results and Discussion

- Classification(결함 유/무 분류) : ResNet-vd+DCNv2+ImprovedCutout 모델로 성능 향상(Accuracy 0.9752)

- Object detection : 최종 모델 기준 mAP 0.876을 달성하였으나, Minor class인 Pitted surface와 Crazing의 성능은 상대적으로 낮음

Wang, Shuai, et al. "Automatic detection and classification of steel surface defect using deep convolutional neural networks." Metals 11.3 (2021): 388.
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Ⅴ. Conclusion

Input Prediction

Weighted BCE loss

Focal loss

철강 제조공정 표면 결함과 데이터 불균형 문제 표면 결함 탐지 딥러닝 모델

❖ 철강 표면 결함 탐지 연구계획

✓ 여전히 해결되지 않은 데이터 불균형 문제에 대한 지속 연구 (Loss function, Data augmentation, Model…)

✓ 보다 정확한 결함 분류 및 결함 평점 산정을 위해 Semantic segmentation 모델 구현 추진
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