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Research progress of surface defect detection methods based on machine vision

Zhao Langyue, Wu Yiquan

(College of Electronic and Information Engineering, Nanjing University of Aeronautics and Astronautics ,Nanjing 211106, China)

Abstract : In semiconductor, printed circuit board (PCB) , automobile assembly, liquid crystal display (LCD), 3C, photovoltaic cell,
and textile industries, the appearance of the product is closely related to the performance of the product. Surface defect detection is an
important way to prevent defective products from entering the market. The utilization of machine vision technology to perform inspections
with high efficiency and low cost is the main direction of future development. This article reviews the research progress of surface defect
detection methods based on machine vision in recent ten years. Firstly, the definition of defect is given, and the general steps of defect
detection are described. Then, it focuses on the principle of defect detection using traditional image processing methods, machine
learning, and deep learning. The advantages and disadvantages are compared and analyzed. The traditional image processing methods
are divided into segmentation and feature extraction. Machine learning consists of unsupervised learning and supervised learning. Deep
learning mainly covers most of the mainstream networks for detection, segmentation and classification. Then, 30 kinds of industrial
defect data sets and performance evaluation indexes are introduced. Finally, the existing problems of defect detection methods are
pointed out and the further work is prospected.

Keywords : defect detection; machine vision; machine learning algorithms; deep learning; the data set; performance evaluation index
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Table 1 Surface defect classification of castings and plates
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Table 2 Comparison of main methods of defect segmentation based on traditional image processing
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Table 3 Comparison of main methods of defect feature extraction based on traditional image processing
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Table 4 Comparison of main unsupervised learning detection methods
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Table 5 Comparison of main density estimation detection methods
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AR R B DI B0 46 0E T BT A, DA 5 43 2SR 1Y)
RMBE

(3)SVM J&—Fh 2 8L 43280 LM e,

Sk gk ke B A% oR B 14 ¥ B, Pasadas S5°Y $EH T £
SRS AR LA ] SVM B AR X 1050 14 24 ik
135728, o g — 20 FHAS 6] (R R A

T bR 1B F 1) 5L, 3 BT A8 SO0 Bk A 4k
SR, Li %l R R SYM RS H, Ak s
BRI ] [ ST A AR A 1) S S B ) S R
B ok BT BB, A R B IR B 96. 25% , BARAE O Bk
T AL IR R T SVM B G AR S

BEAN, e o 200K B mT 5 AL B Ik A S A, B
P BT AN B B SVM-KNN 4326 2% | 45 i i1 5L 4%
JORGRE . Li 4 LT HLERALGE AN SVM 2 T —F T
2 TR B B U0 A5 2 oA v

A FH A ARE 5 A5 AR 3 47 3 T ol o G 0 I, A A5
RUARSE R X fa A7 50 28, Horh Z R BAHLEE T HF
A2 R R] T FRAEBEE O D et WK
Fela) AL O Ak 32 B A 45 & LM 5 ik U3 T4 25
A8, AEMEREAN A kA R, Hoh SVM 1 R4
b5 ek RE AR, BN, £ X —Se 4k (nsE IR ) Bk
BRI H MLP A KNN 7F — 2255 PR 458 op TGk K D, 1
SVM 7E K ZHUE B T #R AT LGS " 3 Zeagt A4 AR
L) SVM BPEREME T KNN 7

2) M AR

AR S A ] 2 P A FH A AR AT 0, R
T 5 S A ) b T R T A A AR — R 5 - e SRR | 22 8 1]
9 SR SRR

(1) BEIRM (decision tree, DT) B 218 o AR 4753
J, RIFBFARTEAR , F 2 R AdaBoost 243K A4l
A7, A CART ( classification and regression tree ) YE N5
SREPTH LG et SR R 42, L
FMTZ 5 B RE A R 1 A9 90 % T s v B i T L 80N 1
240 3 FhERPE

(2) BRI R — PR IR SRR 3R
THPRS E , Muhammad 25 254 LR BEML AR B R 1G58
FANN # T — DR G, X i B R AR THE AR

(3) I KA (maximum entropy, ME) J& 4% FRAR 7Y
S0 B R I S DU R SR 4

SN R e T AR Rl R A R IR DO T
114 2% THT B P RUGOR SR G BT 6T LU BEAIRAE R 38, 3/
g E R SRS TR ST PN S PN L BV MER O pOT
PO REHEAT 1R, 23 0 4 2 M P R X A D i PR . T
XTANER B 2 | KR TG AL Y 35 T B A 0
VESCIRE 4 1A PR P8 A o e 2 R B DA % B A 7Y
BB &, A A b, Wu SR I T —
ToOM B R AR B KA 43 B0k %07 i AT T IR AN
BB AT K BRI AN 20 IFEPE T Bt o B B (R

(4) Z14-FEHL3% ( conditional random field, CRF) J&—
Foft A2 A S AR R T 1) PRI

YT CRF REFE 40 A G RRAE R SCfF B, #3E
B R CRF 454 LR oA 808 22 1 HL 3 B ( flexible
printed circuit, FPC) GBAHEIT 4V, 3675 T Belp 125 5.
Wang QLR T — Tl o 2% DilaSeg-CRF , ¥ %5 U 22 )
#% ( convolutional neural network, CNN) 5 CRF Fe/3454,
P v R KT R PRI 10 53 RS B

o FRR SRR XTI EA T/ SR B S5 R T U BT
B2 2% AEAL PR R IE R RCRAIRAE ), 7T 5 KNN SVM
CELEGR LRIAI, A5FRENLIZ T LATE L0117
TGRS AL IE 5 A TCEAG I B AN TR I A AL

3) A R

A AR AL S R AR R AR R MR A R A L, i
T[]t (1) TR A AR ) 42 SR ik Bk G HE 5, AR A D
7 5 T A7 0 0, A 2 T e 56 A I v T SR g A AR —
M AL A AR DI SZBRPE IR 22 2 ML B Th /R a] RABEAY

(1) FpZE I3 (naive Bayes, NB) ZFEHFAF 5441
SEABREE T iz F D B A T A R Ok

FETHT G DI A AR 2 1 B Lin 30V 48 10 T —
FREET NB R/ INREA 7 ) Sk i a2 ] /0 5 HAR AR
FTCHER PG R R R A B S5 5, DL 307 3303k
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RS2 5 RN 2 9 v S B R i (22 [ 1) J 56
WER, DL ARSI U A 74325

(2) %ZBR3E /R 25 B ML JE: —FP BE ML A= A ANNT
bR T T IO  nl A B2,

SE5 MM L, H RBM &4 s A9 DBN, Al ik 4
BN R i i A g 7 Rk, TS B N£L )2 RBM,
SRR A ) B pE AR, R AR AT T — 4
3 JZ RBM Z1 81 DBN BERY | [F]AF 50 B 24 o 5 | A
RUBEVL b A KR Ak B I 5 2 RE % 2k BB AT ) B AR
Higm'

(3) Bt /K Al KA Y ( hidden Markov model, HMM )
SELERA IR AT L DU R4 iR HMM A Lin 4517
A LI R ARG T 25 | B K T SR Bl AL A7 R 7 e A
e KA EARGE 6, %o 18 [t 250 IX 380 T 5 B R0 4 37 42

HEATRE A SN T B S B PR SEE

Zi b WSCHR A AEACRT LA Y A B o > 7
T A VAR B R T A R B IF T T ik A AR KA
JEzsIa],

4 HRPEM I AR B AR AR 0 4%

AR F B B A I T 3k P ) DNN X Bl T
it ) S 14 PO 2% A RS AE R B RN A 2R A i
PLES LT R A A B R 25 LAR 3 MR 7026 K
M 7yE], BEAN, DNN RS BA AR IAHE , S8
HE R, 7R sl b B DNN gEAT 42 B AL 3,
PRI A 1 gt PR R B G P A4 7028 AN ) R
DNN 2174, 3R 6 45 T/ A AR ERS HE

*k6 REMEMEFTXIIL

Table 6 Deep neural network methods comparison

ke
Fagk BURFRERT KGR i 445
Nk wEf AW
VGG ResNet GoogleNet & KB G4V P I Gl — S K B WA

Faster RCNN .SSD . YOLO % SIBAE S e R L vV

<

FCN ,U-Net ,Mask RCNN % EAUS|2 BRGE ARE

BT L — PR R B 22 0 2RI, AR T A B R
T T AR BB 232 R o, R A 55
B K R Y BARSME

4.1 BREGHT A EY 5 2K M 4%

BET IR 7 ] 1 2 T8I 5 o A6 T o 28 AR ] VGG |
GoogLeNet . ResNet %5 1F A “ Backbone” , Hoil # # F T 4%
fEFEH AN 432

1) VGG S5t i it AT AR SR M S I . Perez 2617 78
X EE AR % 1T A0 8 A L A BRI B AT A B, X VGG-
16 AT 70— A 1x4 B4 KRR 5 1) 1x
1 000 Softmax J2%, YNZRF HEHTER 5 Pepg AU, % M 251
R 5328 KO Ty T I 1 A i 1 AT SE M A A
Zhou 5N F| FH B AL N AL P 2 ( stochastic  weight
averaging, SWA) 4L #% F1 W-Softmax i 2 PRELKT VGG
W28 HEA TR | T A e 7 A B A 0 ) P 5 A A
Guan %57 ARG ZFNet 1 S8 BURS AR B Ee  F E T
FEHAL DeVGG19 FIHE MUY 2 ThI B R AE 12

2) GoogleNet K SEA A 2y, 7 5 2578 i Y
GoogLeNet TAHHE A XS S ST BRFAATI | 7175 B
Mz i E 3 2, 182 B S N 42 3% 32 )2 | Softmax JZ
Mo 2, RA e, MRS 4RI T —F
GoogLeNet-Mini W% % 3 EERIZZE N1 2, K IEA
Inception FBEHUB /DR 6 B, HE N 1 45 FUL AL, (%5 e T
32 TG B G

3) ResNet 4& VGG-16 FYHER YR T 4%k 22 P850 ff e
T DNN B4k a5, Mary 25801 %5k ResNet-50 #4703tk JHE
Convl 1 Conv3 HHEEN 1 AT RAER, LI B B RS 0 i) 25 1)
fHB. Xie %" fl4 T ResNet-50 Densenet-121 1 VGG-
16 DA 5 0 B I 01 e o 4G 0 AR R R R AR A
ResNet 340 7 B JH0uAL 7RI SH Al 1
— i G B R T R 7 SRAT 55 (I 28 4544 A-ResNet50
1 A-ResNet101

XML BTz 3 — L [ 28 25 A R B 451 n
AlexNet, DenseNet , L 11X 86 5 3% 2575 | 8, Al #3 95 52 b
T RFATIERE
4.2 ERPEM T B AR Y 2%

ST RGN ) £ S A D 245 TR 5 A R AE K
P2 53 Ry BT BRI XL B, BB B 199 286 v i A FETAR i
HH A IEAE 5 3 R AE — R 58 LA 5 TRLIY Be 199 2% v —
P PELERTVEAE | — XS A LEHEHEA T T, P 2 TR A T ¢
o I LRI AN ] ) SR B, AR5 23 R LU P2 LB B I
N S IO

1) WU B R 45

Faster R-CNN 2 X5 Bt 3 25 o i) AR 3%, 46 000 5 )3 4
AP R KA TE
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43

Tao %[Wﬁfm,ﬁiﬁﬁ$)§ Faster R-CNN B 8246 I it
FAVER b 14 4 - B B T 75 3 OS2 5 43 [ RN 2
RFEAE . X5 Faster R-CNN Bk, 56 1 EHTF
Mg EAL 5 2 BT A i B € 07, 1% 07 g
fgiE T 4 Fh 52 95 S T B9 4a 2 1 B g A, S
k[ 84 118 T Position-Sensitive ROI-Pooling HUY, T" ROI-
Pooling, [A] B PERFAEFLHLAS BT T Anchor 1Y HE A1) LA 5 T
T M3 o BB BA A IR A, Zhong 455 AEAG I 125 2
BRI HELTT RS ol B I S BT T 54 SRR |
i) Anchor, IFH4 I JZRAEE T RFE, 5 F RIS )2

SFAEEIEAT I T8 LR RFAE I . Ding %51 @ 1 K-
means BT Anchor G|, FF7F Faster RCNN 15| A%FAE
4 T3 M4 (feature pyramid networks, FPN) | LUINEJE)Z
FROFRL G, BRI FPN Jsin 7 A R i b 5
BERAETE B — M8 09 M4 PA-FPN ( path aggregation
feature pyramid network ) , ¢ PA-FPN 35| A #| Faster R-
CNN | DU T TR 22 RUEE 24 20 B AR fiE 1Y 2638
RET o SCHR [ 88 ] 78 X Bh b4 JE 47 Bk b 4G i, o i K-
means 5% Anchor K/N, 7E Faster R-CNN 5] A FPN, H
ROI-align 1# ROI-Pooling , #4558 B AR

BRI ZAh , Faster R-CNN 38 9 F T HoAth A4 8B 1) Bl B
R b il A ™ REE ) Stk iah Y A

2) FRT B 4

AR B W 4% 32 240 SSD (single shot multiBox
detector) F11 YOLO (you only look once) WiFh'" Wi # &
ST A 0 2% [i] I 35 A J 2 8 11 DX sl A 0 DA % e s
Bl

Zheng S0 S YOLOV3 X ki B0 H AR A fUsk /S
R BT, | TG S ) L, AT IACHE, SRR T — O 0 il R
TR B R I R, Sl BNA-Net AR A% 58 1Y
Darknet-53 , J8/0 S0 e 4R 10 1 1 B IO - R0 | B
AW, e B s 67 7 9 — 25k B R - 1Y Y
LSRRI 1207 FE TR A BAR BRI, PR T3
P R AR T RIS . Duan 551V 51 ABUR
FRURGE e A A 5000 RUBE | X5 YOLOv3 i 47 etk , 4
) B 1) B4 e B A Do £ B A

Li 45 FEBE R RS BE AU E2 T , ik SSD 45 #4715
| MobileNet-SSD , %7 11T NI T 448 il e 2 % bt
AT A RE 468 T g L 6 R S 0 45 B R R B Y A D, Liu
S5 N R R A S P Dl A TR W s 7 B el P
T MobileNet-SSD , & T SSD W 44 4 tH J2 AU TR B, 14k
T 4 25 #), Ramalingam % 2 1 7 — Fp Blc i 19
MobileNet-SSD HE4Z , FH 46 & AL 3% 1h7 iy 22 4% | Jig ol 25
SR AR5 5T, 22 4245 R A ResNet18 4k
SSD BERY AT A 0 7 T T S ARG I 26 A A = A5 A 40
B3 AE

PRI B 4555 AU B 9 2% 2% A A e SR SR A T
PR WUHE T PR B 4 1o S 22, o % ARG K A 8K
I PP B I 2%, BB B, BF 98 N A 2 &1 IR G T
BRI 45 A R 1Y K I ) 4% 3] 4, RefineDet il & T
RPN M2% FPN 531 SSD Sk | BEAe i 1A IIRS B2,
PRAE T B A I B BT AR ST M A3 1 4k
4.3 ERBEMI A 53 B ) 2%

3 X 2430 A A T Sy IR S4B ) AP H X
SR e AT ARG B 202 DX A B 5 AR B B X A, 1 X
G355 S 53 ) e K B AN R AE T, 52 48] 43 B AE 1 S 43381
YA b3 AR R R AT 6 732 DTS B Bl B A Y
JURIEAR

1)t X5

UL S HI M 2% 4 . FCN | SegNet , DeepLab 7
41 U-Net,

(1) FCN J& s b) 42 th iy o o R 2, v DLl & 2
BEiEE, EHR%EIRI T —FF Crack FCN #% | Dung
SRR T — T VGG-16 B9 FON 4% | Wi ok E45
ST X BB R E B TR IR B, He AR
PR T MR G FCN 0 28 e A I A B4 B 19 o7 1 5
A3 UG E B35 99, 14% , SEiHPESE . Qiu 20 4R
T % 3 BrBe FCN HEZR | RI43FIAT: 55 G AT 55 i 4]
FE55 W ALA B HE SN T Tk BR5E h B3 2 i 3R 1
BB 3B RS RETR 999% LA b (BN TS5 R4 e 18 o ) 452 555
TR, X F A 2 R-FCN ( region-FCN) fift
FEHL L AG BB o 5 s, JF R IR X142 4 AR A
ik Soft-NMS ( soft-non maximum suppression ) e i
FTtAl, A A TRl S, RSN H R-FCN
454 OpenCV XTI 1Y 8 1 5 | 4 422 Sk R B 2R A7 4G I, A4
MAEEESRTE T 8. 43%

(2)SegNet £ FCN 50l _E G T firdd %, & —1
FEA R 4 BUZ A 1 X5 5 M 4% Roberts %6
SegNet 5 Focal-Loss PR #(HH 45 5 ——FL-SegNet, F) H k%
TEP AT PR AT B0 UE , 1275 RE A5 55 4 1l IX 43 R R BE 3407
AN RUEE 2480, BV B i A7 AR /N2 Sl B S, L
RGN Z A5 . Zou % 7E SegNet 14 4 fif- i 7 4
ZEER A DeepCrack W45, 376 AH [R] FLAE T X 4 45
i P28 R AL 2 X 246 77 A T A5 BRVRFE SR AT O il 5 A 55
B/ E1E 3 TalllN

(3) DeepLab RFf# T FCN 43 HI 45 R4 MR Y
I T ) I s A 1 IR O == D 2 S [T S
DeepLabV3 X #E4% SREAIEATREN , BUAS T3 25 5% .

(4) U-Net J—Ff A G- R 25K 1 U LR 25

XU ST X i B B £ P 43 R 45 AR R U-Net
TSGR R AL 2 SCRE i SO R X g R BB a0
343 B T 4850 U-Net LU SR AR R 4351 fE
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Liu %" B4 U-Net Fl ResNet HYJERS E $21 T
U-ResNet 2244, 1 F TFT-LCD i 1 i 7 o ok 2% 5 i br
TG, Miao' " 45 7E U-ResNet RYFEAD oA T 8514
Jil (SE) B 4 17 B 38 Al R 5 e 1) A A

T T SCH3 0 AT 50 o A6 DU B S Bk A 00 A
PRI, 2R PR R S Y AR R I 5 A S
Bl5rE T

2) S 53 %)

S Ay E T LATE bR i SCor B R Bl | X R
ERGESSENEERIS

Mask R-CNN S SE 451531 b dge i WL RS, Se AT ARER
fRI%%, Xiao %" it Mask R-CNN #2417 —Fh €l
G P HE B T 4 W 4% (image pyramid convolution neural
network , TPCNN) , $& H FH - Bt i K6 i 119 4 - B R AR, 72
BB F) L P R A I ok AN R A, AN i B R
Mask R-CNN f5 i UL A% 7 FH DU 2 FEC 3 o e g 64 7 20 351, 491
101, FUFH Mask R-CNN XH4E ") [ TR 445% | i o5 26 T ft
BETEAT 433055

G348 AH L T 43 IS RIS D) 28 | A 858 B 155 8 R AiE
PEU A — 2 0 A, fHL ) A 0 5 K o 1Y) 2590 42 ik
S,

g5 b TR G R AL 3 4 8 5 1k 5 B TR
RS EIT A AR, IR T R SRS RS AL BE
SR 23 AR Fl B TR 2 2T i ik i 23 1 7 ik 2
o —75 , RefE U 01y BRAR 1 43 FIROR BB A B
ZAkRE

RT BRIESEIFXIILL

Table 7 Comparison of defect segmentation techniques

o R REERAC IR ST RS
NP VRN NP VRN

BB 53] AR (Sobel i LA3H] . FCN  SegNet |

ik Canny Roberts %) DeepLab 51 U-Net %

FSUERIS B3] : Mask R-CNN

A BERS(NTHZ) ML (A EE ST RHE)

SraErE EUMRBURL R G R PN &/ S
BOR % Bty
e ANLZ, b RERIY LR ARG X 265 10 7E
Atk % o

4.4 GREERT AR E IR B M 4%

Y O 2 AR DR RS BE A AR T, MR i 32 2
/NAEFRBIAS T DG DNN #EAT AL, 2800 TS )
AR Bl e LARE o AR SR B ARSI 14 B2 T AN AR
2, PICR RS 3 P i 0 0 A5 A B R T A R

1) MobileNet Z 31 HAZ LR TR EE T 0 B 51, &2
2 3 25 A MobileNetV1 , MobileNetV2 . MobileNetV3, X
Bik[ 95-97 ] ¥ {fi F MobileNet £ 1k SSD 45 44, 74 B
2 013) faff B MobileNet 18 %5 YOLOv3 '1f#% Darknet-53 , Jii />
SR, TR R T S A, S A PR BIAR 4R T

2) SqueezeNet &5A T GoogleNet 5 VGG AYJEAH | #1
T —F Fire B8 IF 3 B 6, R SC MY BB T
Fusion #EL{CEF SqueezeNet H1AY Fire B T/ 41
H T, Yang S5 AR R CNN AT RS2 S48 T —Fb
BIRI RSN AR 7% LAY T2 SqueezeNet B2 |
AR B 7 et A HE R L B AR B

3) EfficientNet 54 T MobileNetV2 5 SENet, 7] [H] i}
Xof R 265 4 GE TR AN G R SH b AT

Masood 25 " 21 EfficientNet-B3 C ResNext-101 F4%
Xof Bz HE R HEA TR I ELYE AUC I F1 438007 T, D3
%, JRFENTR A YOLO-EfficientNet F T2 85 At
BRI, SR . Guo 25" fifi ] EfficientNet S48 19,
ECFFHLNI N, B —FRRRAE 4 8 E GCSA-
BiFPN , $5 5 i FH &2 I 2 S B R BB Rl

TR AT Y Spe A e A E A Z e R
52 4 ShuffleNet 55, il [ 4% Light-Head R-CNN |
ThunderNet . YOLO-Fastest . CSPNet %5, 43 #I| ¥ 2% BiSeNet .
DFANet %5 R4 15 90 4% 5 Bl B A AR 45 45t 2 A SR 1Y
— AR,

5 HEERIEMNIETR

5.1 HiEE

B NTERER RN ERZ —  RE Rk K
Sz R ORI TR B R B, AR AR
T30 MR, T 2 A Tk G, BRI 8 s,
“H I Wb (https ;. //aistudio. baidu. com/aistudio/
index) HULZE HY 1 R & 1) THIERICHE 45 | 491 G 5k Hly B A
P % T HER CER G R PCB N L T £
& BURANEL 1R,

w8

ATTEIZE BOSEE  RERN

sm6E sans BEEN

EAET HRUMR SMEELE EERE NETI

A0 2020-08-29

s

e

K1 R R R A
Fig. 1 Baidu Al studio page diagram



208 & M R ¥R H 436
8 TAREREENE AEESE
Table 8 Datasets commonly used in industrial surface defect detection
ST
N X4 AR HorE T EEi T Ak
bR
B KolektorSDD! ! Y EL3ag hitps ; //www. vicos. si/ Downloads/KolektorSDD
PCB DeepPCB vV i %E% ‘mﬂ " https://github. com/tangsanli5201/DeepPCB
KR kil
BRI GC10-DET! 2 — R FI45 MK hitps :// github. com/lvxiaoming2019/ GC10-DET-Metallic-Surface-Defect-Datasets
A RSDDs! 2] v FLIH B B hup.//ien. bjtu. edu. en/Visint/resources/RSDDs. aspx
NEU!!2 VvV BB TR B, http : //faculty. neu. edu. en/yunhyan/NEU_surface_defect_database. html
B AT ’ - - -
WA Micro! ' vV SR R http://faculty. neu. edu. cn/yunhyan/SCACM. html
0il pollution! * VST FRE B8 hitp://faculty. neu. edu. cn/yunhyan/SLSM. html
Kaggle vV BEHe RIJE Z44%E  htips://www. kaggle. com/c/severstal-steel-defect-detection/data
Crack Dataset''?"] vV https :/// drive. google. com/ drive/folders/ 1¢plcUBmgHfD82YQTWnn 1 dssK2ZxRpjx
TR CrackForest| %) Vv 24k https : //github. com/ cuilimeng/ CrackForest-dataset
Crack500!'?"] VvV https : // github. com/fyangneil/ pavement-crack-detection
CODEBRIM! 2% VvV B % R https : // paperswithcode. com/dataset/ codebrim
S AL JE ik '
W pcpt!®l http: //perso. lepe. fi/sylvie. chambon/FISSURES/ Datasets. html
GAPS[ 101 v 245% https://www. tu-ilmenau. de/neurob/ data-sets-code/german-asphalt-pavement-
distress-dataset-gaps
Bridge Crack!'>"] VvV https : // github. com/maweifei/Bridge_Crack_Image_Data
WL MTD (121 VvV AL B BB hups://github. com/abin24/Magnetic-tile-defect-datasets.
ARt Wood defect! '3 — LT KL hitp://www. ee. oulu. fi/ ~ olli/Projects/ Lumber. Grading. html
i GDXray: 133] — FLIA KR A54%  https://domingomery. ing. puc. cl/material/ gdxray/
KTH-TIPS — hitp ://www. nada. kth. se/cvap/databases/kth-tips/download. html
Textures! 3+ — https : //github. com/abin24/ Textures-Dataset
SUHE R e ]
Kylberg — http://www. cb. uu. se/ ~ gustaf/texture/
DAGM2007 VvV https : //hci. iwr. uni-heidelberg. de/node/3616
24 AITEX! '3 — it Z}; L https ://www. aitex. es/afid/
25 bR NanoTWICE! 3¢ — 15 hitp://www. mi. imati. enr. it/ ettore/NanoTWICE/
——
; ;}C&j a‘ii’? MVTec AD!¥7) Y SUHLR https : //www. mvtec. com/company,/ research/ datasets/ mvtec-ad/
b PTG WSCRATCHS12!% B4EIS hitps; // github. com/love6tao/ScratchDetection
KRR Elpv-dataset!®!! Vv LU G https : //github. com/zae-bayemn/ elpv-dataset
H, A7 2 B PLD-UAV vV WSt LS https ; //github. com/SnorkerHeng/PLD-UAV
ELEZEN CPLID VvV Bk 5 https : //github. com/ InsulatorData/ InsulatorDataSet
ERRIE — 46 B0 MESS hups://tanchi. aliyun. com/competition/ entrance/23 1682/ information
Vatia TianChi — fLIA 7575 B hups://tianchi. aliyun. com/competition/ entrance/53 1846/ information
A pC — FLi \BER 75%%  hups://tianchi. aliyun. com/competition/entrance/23 1666/ information
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5.2 MEEEITfhSER

URAIYINGRAF I 7 20 R REEA T PEAL . H AT, A
THLASAL S B BRI 7 3k | Ak v I FH H AR 2328 ke
WA B A PERG TR AR . ARl E PR 5 R PEAG SR ARTE Ry
BERUPEH A 2 A T L B2 3 50 — Mg s m] DL 42
P B AR DR N AT AR ME 4> | R348 R 2538 AT
R S B it o %o i ety A TRy

TIN5 200 2K M A — S L DAL
Ei=g

1) 2K R

MR AR A — el AR R L Y e S
AR B, T LLRE BB A DU A A — 53 S n) 8, Bl OC 7
B HE S BB B A BRI R IERE A (positive) , HARE A
TAREA (negative) o TRIGFEFFAE R — A E IR, 7
FH B R BFE A% A HH TP (true positive ) | FN ( false
negative) \FP ( false positive) , TN ( true negative) Z [B] 5
RWE 9 PR,

DATR VR RE R v 1 46 B AR Dy 0 3ok 20 5 P45 3 0
238 AN [A) 5 R B PPAG T A

B (recall ), F E BH M & (true positive rate,
TPR) , R A 4% BT X SE R Bl IR AS , o Bk
BB E B T iy b, AR

TP

Recall(TPR) =
TP + FN

(D)

x9 RBEEMK

Table 9 Confusion matrix

- T
PR
i3] E| 7414
75 TP FN
E[Fi73E FP TN

K5 1 B ( precision ) L HRORE B, A o R BH P o0 1
(positive predictive value, PPV , £} X i Jlll > it B3 18 A
A A BLTII Sy B R REAS th oAy 22 DR TR Y, AR

TP 2)
TP + FP

R B S R AGH R 0, T 27 JC S L B S Bt 14 2 e o
R | A 22 /0 BB R AG I HE ok 5 1T R RoR A 22
D ERFABRIN ok T, BRI AE TPR 5 PPV Z[H]
VA W RIK F , HE ST 5 8] AH L 2, B8 A0 38 SR 1 i
I, AR 2 = B, N5 B FI W T IEREAS Bl — 2k
BEABICHI R SAREAS | 43 0] S B ARR ; T 75 B A [l SR AT
] TAEFEAH IEREAS R 25 Y I — SR DA O, 5
FORS ARG, DRI S B v 5 o) T 2 A7 AU 3 il 5 |
HT F-Score IXFEF5R

Precision( PPV) =

Dice F{L R ZWFR F1 4350 ( F1-Score ) , i 14 B 2 B
R SRS Z R, AR
2TP

Dice = ——— (3)
2TP + FP + FN
By
2 x PPV x TPR
Fl=—7"—7"7"—""— (4)
PPV + TPR

F1 & — R (E, o — R 1Y L 75 9 F-Score B F-
Measure , TSR (5) B,
PPV x TPR
o’ + PPV + TPR )
Hrb o S%E TPR 5 PPV BYIAGH AL, 4 015 508
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TN UREA G ERR T, A
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FRRIRE SRS R B H , e A I rh R A8 B AR, U158 1]
F AT REAR AR 2 SRR AR PR AL R F B T R
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WA SO FRICH Ry B Y B T SRR AR Y L
KN W
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F - Score = (a® + 1)
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TN + FP (7
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WA RN LY S BB B g SRR AR I A T A R
AT G R, AR
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TN + TP (8)
TERR ( accuracy, ACC) Jiig4 S FCa R WLAS A
ERR AR AR
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—FRAFOLT , ACC B S BB B (B FEA AN P 1
ACC AREARAFHIPPAG A AL PERE , B0, 2145 BRI A REA
SFEASH 859 , ALK i A7 RE A H Sl BB, ACC 855 T
85% , X IFARE: . DB XX AR &0, Al LA FH 1 7 o
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_ TPR ; TNR (10)
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MCC) %4 1 TPR TNR .FPR FNR ,J&:—F 45 4 1 1 36
T, AT LA DTl A A S S 465 10 ol g Aoz 0 A Y 1 g,
KL= (1) B,
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, (\11) FN,; = i F.P,; (18)
mAP ( mean average precision ) 42 $5 251~ S 71 U 1F e Y
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FNWr o 0 AR B SRR B R AU

(14)

-0 j=0 Y

SEEME R UER 2 (mean pixel accuracy, mPA) , & X}
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mPA = ﬁ;} f)

; ;)PU

S22 F: . ( mean intersection over union, mloU) £
ARBR I RTERRPE , AN

mioU = Jlr li ; p’i (16)

- ;)P,-,- + z(;pﬁ -p,

PA mPA mloU H5H FIUSEE S4BT % 0 H A, 3
ke BRGSO, k1IN B p, A RIRR
PR jRRIERE, p, o, Y SCLABEHE

2) 253K

Bk FE A Z AR g M B 250 2K B PEAG R i
T LA3 42k, ARG TP, FN, FP, W] 1R %
10 PR IR E TR TR

(15)

x10 RIEER

Table 10 Confusion matrix

eSSl
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B 1 B 2 AL Fef
B 1 TP, F P, F Py
B 2 F,P, TP, FyPy
I3 FsP, F3yP, T3Py

SR R BT A F8 bR 2 S5 — 43K B
R B R LR 11 R

R 11 FHIER

Table 11 Evaluation criterion
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2 FP;
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A Il # I(R G
2] B2 . =
recall(R) = p 4w,
TP,
it precision(p;) = W
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Pt R AT A T 2 TR A PR
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FAIESRIBOT R B — 2B WF 5T 5 (2) HFTER X L& L 5E
BIA TR R 2208 —4E R, AL 5 2= [ R AL, 4] $2
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