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Abstract: Mobile phone screen defect detection is an important part of mobile phone production. A accurate and efficient defect
detection is of great significance for improving the productivity of mobile phone industry. In the actual production process, there are
the problems of no obvious features in the screen defect image and great difference in the defect size, which increases the difficulty of
mobile phone screen defect detection. A mobile phone screen defect detection model based on PU-Faster R-CNN was proposed to solve
above problems. For the problem of obscure feature information of mobile phone screen images, a multi-layer feature enhancement
module was proposed to effectively enhance the target defect feature information. A multi-scale feature extraction network was con-
structed to effectively extract multi-scale defect feature information. In order to generate Anchor boxes with better fitting perform-
ance, an adaptive region proposal network was proposed to generate Anchor box templates with more accurate size by the self-iterative
clustering algorithm. The experimental results showed that the framework was superior to the mainstream mobile phone screen defect
detection framework in mobile phone screen datasets.
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1) Z 2 FRAE 38 50 A5 He ] D) G 25 1 5R BEE 11 SUE B
Rep AV J 25 6 D0 2 R oy 7 A K B

2) BIAZRERERI M4, 5 TR Z RER
B )RR AE 4 R RE

3) HE N KB MG R, A R B

AIE M Anchor AT, 4 55 50 (4 4% B2 FOAE |15 A 808 .

5 YolLo A B A . LA YoLoV4 ], PU-Faster
R-CNN 7 mAP PG E#5 12.0%., MR L E T
4A% . KBRS T 21.4%, BEFREET 7.8%. Tk
HREART 7.5%. BBREBEAM T 5%, B E T
YolLoV4 & T#4 ) BoF F#AE 4L 5 ##4E CutMix Fl Mosaic
458 . DropBlock 1F WAL RIS HIbR 21 4k . X T 4FAE B
A e g Ao PTG O 75 ORI T AL R e BB I b g
BRBEFFAE BRI , YoLoV4 f2EUEI Y RRIE(F BB 40 — 2Lk X
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HER, CEZWEIE S 52, SRR MCRN 2%, PU-
Faster R-CNN #2112 2 FRAE 5 AU B, 38 3 18 o8, ik
JH T DX 43 B 2 501 00 5 B0 R AF A S B R AR AR AS B B, R T
TRHO B AR 1 AR T, B WAL R RE L YoLo 71
Bk EM—%,

5 SSD # R A L . PU Faster R-CNN 7E mAP 4 i 48 ¥
LR 24.2% . MEREE LR 50.9%. R ER ST
65.0% . FHREET 0.9% . WIKEERBEMT 0.7%. 4%
RIFEART 50. 9%, JRHAET: FHLRFEBEE £ 0/ B br Bt
M. FEAZ BARR I o, SSD Xt /N H 5 1 K i 2% 30
B, WhZEZZEHF, SSD Xt/ H bk 4 BUAY Bl 4 45 10
EBEEEREHZ, PUFaster RCNN £ R B H7AF $2 5L 45
FlA R JE 0 SRR RN VR 2 W LA AR R, B
PRI HFR G RS B, SCRESR w kB .

%3 PU-Faster R-CNN 15 3 i £ A 45 5 45 b o

Accuracy| Precision| Recall | mAP | Error rate| Miss rate
Faster
16.5% | 36.2% [19.6% [47.6% | 83.5¢ 80. 47
RLCNN 5% % % % 5% %
YoloV3 | 33.0% | 88.4% |34.1% |47.6% | 67.0% | 65.9%
YoloV4 | 67.6% | 67.6% |72.2% |72.3% | 32.4% | 27.8%
SSD 21.1% | 24.0% [79.1%(60.1%| 78.9% | 21.0%
PU-Faster
72.0% | 89.0% [80.0% |84.3% | 28.07 20. 37
RCNN % % % % % %
3.2.2 WEEK

AR IHHG B UE 5 BT PU-Faster R-CNN 45 # Joxt #2 & F
VUGPSR G R I M RE A st . e 4, SEBG Pl T 4 Fh
AR S, 7R —EFIE G Faster RCNN fE 8 1 HE
Wy PRI T Faster R-CNN 5| A £ R FRAE $2 B
% R ZBEHIT Faster RCNN 5] A £ KB RRAE 45 M
KMZZRAE R B R R E M PU Faster R-
CNN, 4 ASASTA] S 5 07 58 43 59 76 - L 57 45 A4 4 75 2 0 24
LHPEREES R

R F RS Faster R-CNN T A £ RUBE F7AE 42 1
M4, B E—TE mAP $545 LI T 5. 8%, MEWIRIER
T 15.9%, MMREET 8. 4%, JRELET £ R FEIE R
Do 265 il T 3 ) TN 45 1 7 A 2RI )2 T 445 1) 1 1 SURRAE
LT RRAE A B R i, AR BN R R B FRAE . AH
H IR i Faster R-CNN i f — 21 B itk 1) 45 F1)Z + ReLu ¥
JZ A0 R BRI SR AE (9 7 75 B B IR B E R
EfEE, MTEEaSRIE, HMagidstne.

J5 % = B TR Faster R-CNN JIf A 22 RS RRAIE $2 X
I 26 B 22 R PR AR B oL B, B 6 4 mAP MEREde bR 4R
FTO19. 1%, WEW R AR T 30.0%. KSR RIE S T
13.2% . HEZMETFHFE—, £ mAP BRI RiEE T
24.7%, WEWRRILE T 45.9% ., KRB E T 21.6%.
P v T ML A 181 R AR Al B b, SR BE o A R R, &
L, OWRE A, PEIURRAEAR BE A e, HLGR G R KNSR

P ERFRIE 2 I 2 AR, BIGE[F — Rl sk ps, R-FADE R &
WAFTEZ T3 A6 . 22 )2 PR AiF 10 0 A5 B oo JR1 4% 70 4k 3 U-
Net 245 G0 XA 7] 288 T 04 5k B 4 A0E A5 8L i A7 4R AE 1
W, PRI S AS B R 09 07 B AR B LS SO FRAE
ZMEREE L, MR TEGRELEFER, BT G HE BN
R RRRHIE A SCHLRRAE . R 2 DA B 04 T HIL e 2 181 o 42 B
FEFEREE R .

& R 5E 8 i) PU-Faster R-CNN, #: FJf 14 Fas-
ter RECNN A T 22 ROBERREBEIU M 45 | 22 J2 R 3 9 A5 e
A TG R XA R 2%, BETT B = AE mAP PERE AR RAR &
T12.0% . MEMIRET T 9.6% . K FRF T 31.2%.
FRMMEFHEZ, % mAP st L4 & 1 30.9%,
WERR AR S T 39. 620, KRR T 44. 400, TR
FIr%E—, fE mAP PERESE AR B4R T 36. 7%, HERI AL S
T 55.5%, MR T 52.8%. JELA Faster R-CNN
RPN /24 [¥) Anchor box Ak R~F Fficie Bk AR &, i
T O R B GRS 5 R, BRI R RN A —. B AR
Ko A NEE M Anchor box #4532 fr ground truth box
FHTEB R E T, PU-Faster R-CNN [ H & i X 3 2 13 0 2%
MUNGREMEA AT B EMARE, BFREBINWRE PO
B B A BIME A Anchor box B AR R~ 1B Mz 3k
L, XFEAREHY Anchor box Bk 5 B R F LA &
AP e e e e A T 1 P RE

% 4 PU-Faster R-CNN 74 fili 32 36 P fig 45 4%

ZREE | Z 2% | A6
HRhE 42 [ o | X4 | mAP | Accyracy | Precision
g | iR | g
Faster R-CNN
X X X 47.69 16.5) 36,29
(Resnet50) % % %
Faster R-CNN
X X 53.47 32.47 44,69
(Resnet50) v % % %
Faster R-CNN
X 72.3Y 62.49 57.89
(Resnet50) v v % % %
Faster R-CNN
o N, NG < |84.3% | 72.0% | 89.0%
(Resnet50)
4 B5RIE

KLk, B f A o] — B R E Tl dlEl. F
B2 T 5l B A6 0 A O Tl 26 77 9 JE B A AR A BRI 2
FIEM ., SR, BRAFAE R . B fE R~ 25 573 K & 1) 35 BR
W THRFRE TR MAEZR, Bk, &+ PU-Faster R-
CNN f T HIL 57 7 5k 4 Ao 00 AE 22 B 48 10 A e E o () . B %t
EMGRAEA B, &Il T 2 24 IE s s, R —F
AR T G TR P P RHIE AR B . A 2 RO RRAE SR B 2%
AR 2 R R B fath R . w3 it 7 B & g X
BB M4, HiE N Anchor box B AL By =, @ &
1y 7 A A G M T 47 B Anchor box #Afk . 5L 30 25 R 3R
B, AR T LB A DU P AR AT B bR A
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