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Research status and the prospect of PCB defect detection
algorithm based on machine vision

Wu Yiquan,Zhao Langyue, Yuan Yubin, Yang Jie

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

Abstract; As the substrate of electronic devices, the printed circuit board (PCB) is in high demand. It carries the layout of circuit
components and wires, which has a significant impact on the quality of electronic products. Because electronic devices are thin and compact,
PCB defect detection using machine vision is difficult. This article examines PCB defect detection algorithms based on machine vision in recent
10 years from three perspectives, including classical image processing, traditional machine learning, and deep learning. The advantages and
disadvantages are analyzed to improve researchers’ understanding of PCB defect detection. Nine PCB data sets and performance evaluation
indexes are introduced. The advanced algorithms are compared and analyzed on PCB data sets and popular small target data sets, respectively.
Finally, the current challenges with the PCB defect detection method are discussed and future research objectives.
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Table 1 Comparison of main methods of PCB defect detection based on traditional image processing
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Table 2 Comparison of main methods of PCB defect detection based on traditional machine learning
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Mgt RIS — B A BRAE LA, X258 CNN #E47
SO, B T — Bl OBUR B G A ) D3PointNet 46 il
DSPP [FI{& LB F FTENBRIG . XM 25 )N DSPP & 1%
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RR B LA K/ NS (L LA TS (1 68 # , Chan 551 %
1C R s A TR B, 4 1 T —Fh &5 S g2 2 TN
FEFN T AR AE SR A T AE SR 255 T CNN SVM IR
T FAR R ( circle Hough transform, CHT) B JfFikE
B (DI PN CAG I, SEgR 2 SRR B, 52 8L CNN
FHA 5 R 28 M L, BT th B RE S 73 2R 2 SR T A
FEXF FPCB i i Al i 2 1k HAS [ 28 22 [ A A ARLPE
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8] f% , Ding %" {E Faster R-CNN f93EHE 32 1 T /0

T K6 ]Y 4% (tiny defect detection network, TDD-Net) ,
LM 2% K H] ResNet-101 1E & 1, i i e AiE 4 5 35 )
4% (feature pyramid networks, FPN) UEA745ME Rl &, 18 FH
ZF PCB B “ anchor” RU5F (152,252,402 ,602 .802) ,
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&gt KR AL 31 )7 =X, An B AR D8 T J5 2 HBE X X5 42 1 o7
BEHEATICHS, WAL G0 4 28078 L Sy ML 4 > Jr
2, HREXT BB B E AT 70 28 | (H — BB TR B 2 o) 1Y
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Table 3 Comparison of main methods of PCB defect detection based on deep learning
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PASCAL-VOC ' mAP N H & & ( intersection over
union, ToU) %5F 0.5 B AY{E ; 76 MS-COCO %#ii4Eh, LA
0.05 MAIFEH50.5,0.95] A 10 A6 LoU ) mAP,
HAE MS-COCO i 733 T /INR R BT A H AR Y
K R R ( average precision, AP) ; KITTI BAREFHETA
[F R U 2 B2 B mAP, BRFEFR IR 6 PR,

(e) B
(e) Spur

(f) 4R
(f) Spurious copper

K1 PCB SREER A
Fig. 1 The images of PCB defect
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Table 4 PCB defect datasets

e S

P

i

PCB Defect

PCB Defect-Augmented

FICS-PCB

PCB DSLR

PCB-METAL

DEEP PCB

Micro-PCB

PCB_Component_Detection

PCB

RS B AR A AW LIPS 0 % A, e —Fh 5 ) PCB S i 2L 1 386 sk IEIR, &
A5 6 B (missing hole, mouse bite, open circuit, short, spur, spurious copper) , il F T /32 F0
BEEAE S5, BT 2thl R  hip ./ /robotics. pkusz. edu. cn/resources/ dataset/

ZERAE L PCB Defect ZURAE MI4SR T, 2547 10 668 T RIG FIAH B A9 TE B SO 4 AR B0 5 19 w5
IIHEREURE BT R 600x600 A~FEME Rl 43 F I R4k (9 920 3K ) FANIERAE (2 508 3%) . Bdi4E T4k
kA : https : //www. dropbox. com/s/h0f39nyotddibsb/VOC_PCB. zip? dl=0

IZEE AR th b 2 BLA R 22 10 e e S HMIE S S 2 IO 30 9 912 3K KR, 1 31 4 PCB BEAS (I35 8
B RIS RPRED) B MR, AT 4 B (5% LT R LT 77 347 A4S PCB LR (IC 1A DREH
BRI A ) IR BOEEE T # Al N < hitps : //www. kaggle. com/ datasets/ dhruvmak/fics-pch

IZBAEHE AL 748 5K PCB IR (&Pt LIRED) |, BTA FESEN A ERI 19 PCB 23 5IE BRI A
1C WA (3519 313 AMFEA) IR FHES . 9 1 740 /S TC REABRE T AR AR B, B4 T 48
Hihik 4 - http . //www. caa. tuwien. ac. at/cvl/research/cvl-databases/pch-dslr-dataset/

AR T 984 7k PCB BIUR, B 123 Fh PCB HEACRAE TR , 6215 12 231 4~ PCB 4114, B IC (5 844
) BRZE(3 175 1) JFFH (2 670 ) (FRIER (542 1) , B4 v F 2 F B9 PCB 40, It
PRI PCB 402 BT IS

ZEIREE AL 1 500 4~ PCB B4 %, f %54 6 Fli i f& ( Pin-hole, Mousebite, Open, Short, Spur,
Spurious copper) , FXF MR AL — 4> 640x640 114 TG BB FIAT R fE P FR I R . B 46 T 4 bk
A :https ; //github. com/tangsanli5201/DeepPCB

PHRIREALE 8 125 5Kk PCB EIME, i1 13 AN PCB HEACREETTT K , 4 HEAEAR X FARALAY 25 4>
ARINLEHATRE, HEANCLE T T 5 WA IER: . BE 4 T 8k - hips ://www. kaggle.
com/ datasets/ frettapper/ micropch-images

BEIREAE A 1410 5K PCB BR, A 3 SR, BN Y AR 8 He iy 2R IR I & 55, T H T4
DL g Bk 2 DA K 201 % O ) 85 i, B HE 4R R B ik 7 hitps://www. kaggle. com/datasets/

animeshkumarnayak/ pcb-fault-detection

ZHHRAE 7 693 3K PCB EZ, 5 6 FhiFF ( Missing hole, Mouse bite, Open circuit, Short, Spur,
Spurious copper) , ¥ 7.1.2 B LI TRI 43, IR & COCO 1 VOC PRI bR %E . B E T
FHIE N hitps : //aistudio. baidu. com/aistudio/ datasetdetail /127210

x5

BB

5Fp MR, K2 AP ROC HiZ, ROC fh 28z

Table 5 Confusion matrix
255 BB E|3i7314
i7304] TP FN
BIH71E FpP TN

2)ROC ,AUC 1 IoU

B E AR R Ml 27 ( receiver operating
characteristic, ROC) £ A1 HE 2 T 11 T FR (‘area under
curve, AUC) g A F MG RS . ROC HhZediiAk TP

VLA EAf, UEEH FP BIG, TP B BRI, AUC AT
# ROC £k idaHr, B ROC M4k T i AR, 7EfdEH] SSD
SRR GAGIN T, 38 A ToU R W X 5 02 15 Bk
TEHR R, ToU 3 7R B8 25 1 351 52 HE ( detection
result, DR) 5 EL{f ( ground truth, GT) i1 FAE[R] ) &= &
o AR ToU KT 18 LAY B (GlH 2 0.5) , WA

X GG L
TND
ToU = GT' N DR (5)
GT U DR
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F 6 mAP HIEMIEIREE
Table 6 Summary of common evaluation metrics for mAP
£t 7E X
ToU 29 0. 5 B}, 20 A5 197 20K 5 B2
AP:1oU 435124 0.5:0.05:0. 95 B,
10 4> AP (75 B2

AP50:10U 3 0. 5 B ) mAP

PASCAL-VOC

MS-COCO AP75:10U 2y 0. 75 B mAP

APS ; BFRIXBUR/NINT 322 iy AP
APM ; BFRIX IS/ 322~962 I Y AP
APL: AFRIXBUR/NR T 962 B 1Y) AP
mAP (easy) : £ 5 KF-#) mAP

KITTI mAP (mid) ; FIEKFH mAP

mAP (hard) ; RI#EKSEA) mAP

4 PCB GRBEH M S % e EfL

AL G G AL B 7 sCRIBLAR 2% 2 PR 4 8 2
T PCB BEFAREINAG 7k . FE T4 PCB Gl i A6 D 37k 1Y
Oy AERR T FN 8 IR T — S etk i AL g 2 >
B PCB Defect a4 F K INSE SR £ 9 JB/R T —
S ILAE FPCB B4 EAOPERE L, % 10 A0 11
JEIR T — S L AR N U5 45 MS-COCO F1 PASCAL-
VOC LAy PEREXT L,

1.0 -
09 |

0.8 -

0.7 -

s —— AUC=0.942 2
0.6 ’ — — AUC=0.8362

I 1 I 1 I 1 | I J
01 02 03 04 05 06 07 08 09 10
FPR

K12 ROC 5 AUC
Fig.2  ROC and AUC

W 7 PR, FIH T — BB AE 6 R ks LS
AP Fl mAP, 7EMEE 221 ¥ 453, HOG + SVM | LBP+SVM
H1SIFT + BOW +SVM 53 X T £ 2 e g (1) 1R 1 o 1 2%
AL, X LB HE TR JZRAAE 9 7 ST mAP {22 3] S A%

Tl IR BERFAE B0 595 (55 2,3,4,5 17) , LL“ Mouse bite”
] T AlexNet+SVM J7 ik (1 AP 2L H At 3 Fi 2 /1>
et — A5 2 0T O S MG K T U B TR B R IR 2= )
HPEREEE LY, 6 FhERFE T, “ Missing hole” 28 5118 2% 7 K
H MLDN A4 AP #5535 %] 99. 6,1 “ Open circuit” 2 14§
TEARE ik  FrIE R e AP fe ik 51 97.3, T
PCB X JUA R BRI, SCHR [ 78 ] vh 4 & D 4k £ 2 AL
HME BRI RRTS T8 = 1) mAP, X LG4 Bl T R 2%
KIN“ResNet101 + FPN” E I ELE PCB defect $X#E4E
- mAP 24 96.2%

£ 8 SHTICHR[62], bR T — LM 4% 7E A TH] ToU
TytERE, £ MLDN "™ £ Faster RCNN LAl 4™ &
T FPN, H mAP {6} 96.2% , I, Faster RCNN 1 5. 4% ,
¥, UF-Net /& 0. 6% , 1% & [F & Extended FPN 2y
FPN W45 File 1 22 ROBE RO RRAE, 32 8 1 25 PR B, an sk
8 W T T FPN 9 I 45 5 I I 45 A0 L MR BEAS 31 T
BT (BEEE 280, B FPS 475 /N, Ul Extended FPN
(ResNet-101-FPN) 4 FPS iy 13.5, J§ Faster RCNN ()
FPS 4 39.7, MLDN 7£ MobileNet 435 b 3#E4T 0tk | Pk
€5 Thundernet #H{l, {H K& Backbone Hfill & T MSAM
1 C-PAnet , JIT LA A B B &5, 17 YOLOv3-tiny 14932 4L
P AEURE BE AR T A W 28 AR, X T Tk 1Y
PCB S FE A e 156, 3 B — T 25 IR F 246 5, H
B ) R 5 Ry 38 47T

95l ASCHK[ 54 ], SO T FPCB Bdladi, 45 il
TERMLELEL, AR P Al LLFEH, FPCB
“Scratch” 25 B [E B XE R, SOTA 5 Cascade RCNN
Libra RCNN £ M2 HRE EHERBRAR , “ Open” ZE 7 Bl 6
R KRR R N2 S . TER 9 & Tk &
B 28NN FPN AL B M RE AR AL X SE M R T £
JUBERAIESY T SCE SUfE SR B A T Tt BRitsh,
BT LUE H e A R 6 P 2% o 4 B8 55 19 Backbone , mAP {H
2= 40 i B4 0, 4 Faster RCNN | Cascade RCNN } Libra
RCNN, Backbone 1%/ ResNet-101 Ji& ,mAP 735427+ T
0.4% ,0.5% F10. 8% ,

210 RN 2, 7E 80 NZEHIY MS COCO Hdis 5
T R ) S LR A3 SR R R, 7R R L i
3 R B R b R AR P B (AP, B, TR IR
(AP ) IRZ /NIIR (AP ) 2% XL 7% T PCB &k
BRSO 3 25 /0N H A 9 U4 A D 9 ¥ B2, 3L o RetinaNet |
RefineDet512++ M2Det800 , M2Det800 + + | Faster RCNN .
Libra RCNN  Mask RCNN ,R-FCN++ ,Grid RCNN ,SNIP |
SNIPER ) APS #B3iA %] T 20% L) I, RefineDet512++5
M2Det800++i 1 X FPN #E4 7 BICHE A RFAE S i 2, 43531
¥ AP i 16.6% .22. 1% & F+ & 25.6% . 29.2% . 1fj
SNIPER i F T 2 ROEERR1E, AP, #2785 & 29. 6%, IL4h
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Table 7 Comparison of test results on the PCB defect dataset

Z&5 J51:/Backbone mAP Missing hole ~ Mouse bite  Open circuit Short Spur Spurious copper
HOG+SVML7 40. 4 46.6 13.0 36.2 48.6 31.2 65.7
e LBP+SVMI[7 56.2 44.4 27.5 56.9 82.2 44.2 82. 1
SIFT+BOW +SVM!™ 75.1 68.2 43.9 73.0 85.8 67.6 88.5
AlexNet+SVM 7! 91.7 97.2 84.7 96.0 2.6 82.7 97.2
sspl™! 95.9 98.7 95.7 93.1 94.5 96.7 96.9
YOLO!70] 92.6 9.6 93. 1 90.5 92.0 93.3 94.9
Faster RCNN'7"! 97.6 99. 4 97.9 96. 8 95.4 98.7 97.4
AR EMRA-Net-®! 95.3 92.0 94. 4 9.3 9.3 95.3 97.5
RBCNN!®! 97.7 97.0 97.9 97.0 97.5 93.7 98.5
MLDN 7! 97.2 99.6 97.6 97.3 97.5 91.1 100. 0
MLDN-V/1-7% 95.4 99.2 98.8 97.0 96.2 83.0 98.0
MLDN-V/D!7! 95.7 98.1 9.3 9.6 95.9 88.6 98.7
MobileNetv3+MSAM("] 92.7 - - - - - -
MobileNetv3+MSAM+FPN(7] 94.4 - - - - - -
MobileNetv3+MSAM+P Anet: ™ 95.2 - - - - - -
VGG-16 80.2 80. 5 76.2 70.3 81.3 79.3 78.6
Backbone
ResNet-50 81.6 86.7 81.8 80. 1 87.9 84.9 83.2
ResNet-50+FPN 91.5 94.2 90. 8 89.4 95.6 91.3 91.6
ResNet-101 86. 8 90. 7 86.2 82.7 89. 4 86.9 87.3
ResNet-101+FPN 96. 2 97.1 95.2 93.2 98. 4 95.6 9.3
%& 8 PCB Defect ##55% ARG IoU E THIMIR & R L
Table 8 Comparison of test results with different IoU values on the PCB defect dataset
T Backbone FPS mAP@ Q. 5 mAP@ 0. 6 mAP@ 0. 7
Faster RCNN!77) ResNet-50 26.5 81.2 74.2 63.2
Faster RCNN ResNet-50-FPN - 86. 4 - -
Faster RCNN ResNet-101 39.7 86.4 78.7 68.5
Faster RCNN ResNet-101-FPN - 90. 8 - -
Faster RCNN VGG-16 - 81.2 - -
R-FCN!™! ResNet-50 36.6 87.1 81.3 71.9
R-FCN ResNet-101 30.2 90. 8 85.2 72.4
TDD-Net -] ResNet-101-FPN 26.7 94.2 88.3 75.1
TDD-Net ResNet-50 - 86.5 -
TDD-Net ResNet-101 - 89.7 -

UF-Net ResNet-101 33.5 95.6 90. 1 80.3
YOLOv3! Darknet-53 19 75.8 61.3 45.1
YOLOv3 MobileNet - 70.6 - -
YOLOv3-tiny %’ MobileNetv3 119.9 88.9 - -

YOLOv4!®! CSPDarknet-53 11 79.6 66. 8 51.3
ThunderNet' *?! ShuffleNetV2 41.6 90. 8 - -
MLDN!8] MobileNetv3+C-PAnet 42.6 96.2 - -
SSpi#3l VGG-16 16.7 80.3 70.3 61.9
CornerNet*) Hourglass-104 31 85.6 74.6 64.3
CenterNet-Triplets' ) Hourglass-104 29 87.2 75.2 65. 1
ExtremeNet | %6 Hourglass-104 17 89.3 71. 4 62.8
CenterNet!®! ResNet-50 34 90.3 76.3 68.3
CenterNet ResNet-101 42 91.5 78.2 71.5
RetinaNet ResNet-50-FPN - 86.5 - -
RetinaNet ResNet-101-FPN - 89.7 - -
Extended FPN!?! ResNet-50-FPN 7.6 93.4 90. 5 84.9
Extended FPN ResNet-101-FPN 13.5 96.2 93.1 86.3
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Table 9 Comparison of test results on the FPCB-DET dataset
7k FPN Backbone mAP Open Short Line damage  Pinhole Broken hole Exposed copper Scratch
YOLOv3(80 X Darknet-53  89.6  100.0  93.1 84.6 94.8 9.6 89.2 71.1
Faster RCNN!7”! X ResNet-50  91.2  100.0  95.8 93.1 94.7 97.0 87.6 69. 8
Cascade RCNN[®] X ResNet-50 92,0 100.0  95.7 9.5 93.3 96.7 89.7 76.0
Grid RCNN Plus ! X ResNet-50  91.7  100.0  96.3 91.3 95.6 96.9 87.0 74.9
SOTA X ResNet-50  94.2  100.0  97.7 9.5 96. 4 97.4 91.5 83. 4
RetinaNet ! * VvV ResNet-50  91.0  100.0  95.8 87.5 96.9 97.2 90.3 69.5
Fcos!® VvV ResNet-50  91.6  100.0  96.5 89.8 9.5 96.9 89.7 71.9
ATSS!® Vv ResNet-50  92.3  100.0  96.7 91.7 9.5 9.8 90. 1 74.8
Faster RCNN VvV ResNet-50  92.8  100.0  97.5 92.7 97.4 95.7 88. 4 78. 1
Cascade RCNN vV ResNet-50  93.1  100.0  97.3 9.1 97.6 95.4 90. 1 77.2
Libra RCNN* v ResNet-50  92.8  100.0  97.6 92.8 97.3 94.9 89.5 77.4
Grid RCNN Plus!®! v ResNet-50  92.8  100.0  97.2 92.7 97.3 97.0 89.0 78.9
RetinaNet Vv ResNet-101 ~ 91.7  100.0  95.1 87.2 96. 2 94. 4 91.0 78.2
Faster RCNN Vv ResNet-101  93.2  100.0  97.3 91.4 97.3 97.5 89. 1 79.7
Cascade RCNN vV ResNet-101  93.6  100.0  97.5 93.3 95.8 95.7 90.0 83.1
Libra RCNN vV ResNet-101 ~ 93.6  100.0  98.1 93.0 97.3 95.8 90.5 80.5
Fz 10 MS-COCO #HEE FHZMEENIKE RILER
Table 10 Comparison of test results of classical algorithms on the MS-COCO dataset
Tk Backbone AP APy, AP APg APy AP
YOLOv2! DarkNet-19 21.6 44.0 19.2 5.0 22.4 35.5
SSp512L83] ResNet-101 31.2 50. 4 33.3 10.2 34.5 49.8
SSD512 VGG16 26.8 46.5 27.8 9.0 28.9 41.9
SSD300:%3 VGG16 23.2 41.2 23.4 5.3 23.2 39.6
FSSD300% VGG16 27.1 47.7 27.8 8.7 29.2 42.2
FSSD512% VGG16 31.8 52.8 33.5 14.2 35.1 45.0
DSSD321L%! ResNet-101 28.0 46. 1 29.2 7.4 28. 1 47.6
DSSD513L%! ResNet-101 33.2 53.3 35.2 13.0 35.4 51.1
MDSSD300"%7] VGG16 26.8 46.0 27.7 10. 8 - -
MDSSD300 VGG16 30. 1 50.5 31.4 13.9 - -
RetinaNet!*’ ResNet-101-FPN 39.1 59.1 42.3 21.8 42.7 50.2
RefineDet512[%% ResNet-101 36.4 57.5 39.5 16.6 39.9 51.4
RefineDet512++% ResNet-101 41.8 62.9 45.7 25.6 45. 1 54. 1
M2Det800 %! VGG16 41.0 59.7 45.0 22.1 46.5 53.8
M2Det800++"% VGG16 44.2 64.6 49.3 29.2 47.9 55.1
Faster RCNN!7") ResNet-50-FPN 36.5 58.7 39.1 21.5 39.7 44.6
Faster RCNN ResNet-101-FPN 36.2 59.1 42.3 21.8 42.7 50.2
Faster RCNN ResNet-101-32x4d-FPN 40.5 62.8 44.0 24.3 43.9 50.2
Faster RCNN ResNet-101-64x4d-FPN 41.7 64. 1 45.4 25.0 45.1 52.1
Faster RCNN MobileNetv2-FPN 32.6 54.6 34.3 18.6 34.5 41.0
Libra RCNN ResNet-50-FPN 38.7 59.9 42.0 22.5 41.1 48.7
Libra RCNN ResNet-101-FPN 40.3 61.3 43.9 22.9 43.1 51.0
Deformable R-FCN!* Inception-ResNet-v2 37.5 58.0 40.8 19.4 40. 1 52.5
R-FCN++11%! R-FCN 42.3 63.8 - 25.2 46. 1 54.2
Mask RCNN!'0! ResNet-50-FPN 37.5 59.4 40.6 22.1 40.6 46.2
Mask RCNN ResNet-101-FPN 38.2 60. 3 41.7 20. 1 41.1 50.2
Grid RCNN102] ResNet-101-FPN 41.5 60.9 44.5 23.31 44.9 53.1
SNIp! 1% DPNog! !4 45.7 67.3 51.1 29.3 48.8 57.1
SNIPER!!%%! ResNet-101 46. 1 67.0 51.6 29.6 48.9 58.1
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Faster RCNN 5 Mask RCNN 38 136 F 55 58 K 1) Backbone
X AP, #A —E AR T,

TESR 11, Bgs T — s R i 43 2R ER 7E VOC2007
BEE PR rERE, YT ZE 10 5 11 W LLE H MS-COCO
KICHE B (4 R I 3 B 72/ T PASCAL-VOC Bde g™ 3
AR B MS-COCO %% 45 48 1Y B 2K B 5 %o ie KT
PASCAL-VOC #¥a4E , R 5t 2 2%, 15K 8 5 19 H A
£ H 5 PASCAL-VOC %#i .

R 11 VOC-2007 HiiE& EMEAERIIKER LR
Table 11 Comparison of test results of classical
algorithms on theVOC-2007dataset

Ttk Backbone mAP

Fast RCNN VGG16 70.0
Faster RCNN!7”! VGG16 73.2
R-FCN!!®] ResNet-101 80.5
ssp5120%) VGG16 76.8
SsD300" % VGG16 74.3
ION! %] VGG16 79.2
HyperNet!'®] VGG16 81.8
FSSD300! %! VGG16 78.8
FSSD5121%! VGG16 80.9
DSSD3211%! ResNet-101 78.6
DSSD5131%! ResNet-101 81.5
MDSSD300"%7] VGG16 78.6
MDSSD300 VGG16 80.3
RefineNet5121%%] VGG16 81.8
RefineNet512++1% VGGI16 83.8
SAN!!10] R-FCN 80.6
MRCNNE!HY] VGG16 78.2
ACCNN! "2 VGG16 72.0
CoupleNet! '] ResNet-101 82.7
R-FCN++7! R-FCN 81.2
R-FCN ResNet101 80.5

5 FHENEEKESE

MESCRTLIE H, PCB Sk B R I A5 A7 T e A 2 i =5
], BARHRTC 4R TR 2 et iRk, B d T PCB
FI B B0 P, oF T LB BOAGEI , A7 47— L8 X L sk S
AL, AT B

1) /NAFRIFE, XFF PCB SRFAKIN, 1 562 1 %) i)
[5) U S2/IN HARIRIRE, PCB | B B i S — 2650 f 41 2

W/ N, JE T TR b — U2 Bl b G0 T B e B 25 T
SRR, AF H AT H ARSI A RO E X K
PRI /N BFRREIASCRANE . — 7 HIH A, PCB 6k
WA B S ARE 2%, RO I BG5S 75 50 T, 53— I Tk
F A 17N B AR R Sk U R B o 6 P BER B R, BT LA
XFF PCB kB X /NI R R I, — ELAE AR A BOR

2) /INEEARTRIRR Tl Az P2 v v AR ) S A AR A
BRL, il bR EicdE 46 b VP 2 R R 2SR N T A R0, B
R RA R, 4 FICS-PCB £ dli £ (UM 31 4~ PCB KA I+
SRAE, WA AR SR o) 265 0 2 76 3 FH 8cHe 4 kA7
TR, 3% (A 7E T 6T 52 B ) A M 2 MERE AR A AN, H
FOTF/NREAS (1 [ AT — S i e SEV 3, S 2 20 L
fib— L H ARAS I X 253 F% 31 PCB AG I v 5 00 18 53 0
3 2 AR A58 5 R N SR AN Y [ T 5 22 B SR W T
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BE ARSI Pz m) ST IH A7, FonT B SRR A B, ELAE
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IINEEAR S PCB BB ASI o — > R it e 1) )

3)E AT F A, FISChHER] PCB 1) il /F B ok i
R R IESRE /N R, DL T 1 A 2R AR 4 T A
B A, PCB BRBE AR /IS, 3 (i A5 i 1 5 5 i sodfi IX.
oy, TG 26 52 240 S 1) )

4) PR, T PCB BRE H AR/ HiS St 2L,
R R BER AL TR, BRI E R R EH AR
Z , BT Hbs/N S 52 220, o0 T 4 Soks R M 4%
LER A Tyt K X SR AR X Tl i /K £k 1 PCB i
RSB WP RICR = A 5

ZE b, BARERITAE PCB SR AS I 4T B T ] =1
PR AR5 A A PUKEA L A AR AR R 25 1E , 75 2L
M TAERIRZ , an AR JLASJ7 1

B AR TR AR W S At SCr AR TR O EUE 4R
AR SCHRAR 0 P, 88 R AT BB 42 4 PCB Defect 5
DEEP PCB., {HiX S84 4 v i G B80S kB b 2SR AR
FHRR, L PCB B R 0 5500k RS B (ol 53k T A
FHPE A BRI —FP R R 48, ARkt &/ |
BRI — AL & R Dy ], TR A SR AR T DA 5T
Tl B2 LI DR BARSE A . BRILZ A, iR
>JH1 GAN ( generative adversarial network ) R — ARG
AL,

SRR B (AR 2 22 (B AR SEpEY ) 24
B RN Z Bbrar2&, 1T PCB SkEG K A, JE ]
DL a5 A G Hp SR B OSSR ) SCnT LTI 3% Bk 16 Y ™
AREEERYE, AR, B 2R B bR 2 [ Y
S E B — A EE I I, I, TEASR B T
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(9, BEAN BRI 5 SR w5 S P AG I 1] ) -
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PCB SRR il T H A AREO N 52 0 B A
FRAEHL L8 ST 2 — A BT A B TR, AR SO
TG BRAL BT = AL GEbL a2 > SR E 27> 3 RYEJE
AT [T 3 T LA L8 1Y PCB BB A I 5Lk, 8 4
T 9MNIFEHRSE  JFAE PCB Defect ZU4i8 5 A 1 41
ORI LU, BRI LA SRR 7 H AT FEBRAT 89/ H AR B8l
01 PASCAL-VOC \MS-COCO |3} 437 17— 26 28 1y
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