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Surface Defect Detection of Mobile Phone LCD Screen
Based on Improved PSPNet

XIAO Bin, CHEN Pinghua
(School of Computer Science, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: The screen of mobile phone is a key component of smartphones, the quality of screen directly affects the experience of
users. Therefore, the screen defect detection of mobile phone has become an important part of industrial production. However, the
surface defect detection of mobile liquid crystal display (ILCD) screens has the problems of low detection accuracy and a large number
of model parameters, which can not meet actual industrial production needs. To solve this problems, this paper studies existing defect
detection algorithms and classical semantic segmentation models, and proposes an improved mobile phone LCD screen defect detection
model based on pyramid scene parsing network (PSPNet). The model adopts the MobileNetV3 as the feature extraction network,
which effectively reduces the model parameters. the multi-scale pyramid pooling module is used to further integrate the multi-scale
contextual information, improving the feature extraction ability of the model. It also effectively addresses the issues of small defect si-
zes, blurred boundaries, and significant differences in same defect size in screen images. Meanwhile, the attention mechanism is intro-
duced to increase the robustness of the model. Experimental results show that the accuracy of the improved model is significantly bet-

ter than that of other traditional semantic segmentation models in the surface defect detection of four LCD screens: SQ, Mura, TP,

and Line.
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W, BRAR 512X512 BEIMER . TRIET, S T 48 A5 T % i %
FRIEBG kB S R R, D) ES Y BRIk AT HE
BB AMBUL B AR, LU S B R B I R SEg R
FEORMUCRIEL . e R . Y SR R R . DL R 5
FEMIFNEE L TR A A R BT ROR S5 T A B R

B A& SQ. Mura, TP, Line PURH &R ) B
SQ BRFETE Y2 BITE . M BB 2% R 5205 BB 19 8B s Mura
BB TE Y S S KU A BEAR e B s TP Bk 3 48 A9 2 1E J5 B Bl
A 1, A e SRy Line Bl BE T8 19 & 4 M G
. — R TUFERABER . AR A I . A7
IR A ESER LR BRBE . W 9 R . b B S A EE
BT 20 091 5KIE . AR 8+ 12 1 Ay LLBIdR 2y
INGRdE . SR AMEAE, BNk 3 Fivn.

(a) SQBk K4
(c) TPHI4

(b) Mural ki (d) Linefk

B9 FHLLCD BEA5 kb R B 1A

F 3 B GRS B 0 A

SQ Mura TP Line
Ik B e BA BB B

S bk |

44 | 3016 4 696 2840 | 3960 | 1561 |16 073
HIUERE:S 377 587 355 495 195 2 009
U4 377 587 355 495 195 2 009

3.2 THMESSH

S8 B A8 AR B DLAE 14 1% 45 4 Intel Core i5-7300HQ
@ 2.50 GHz 4b 3 &% 1 — 5K 12 G 1§ NVIDIA GeForce
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B JrZE % PSPNet B TR AE 5 0000 25 5 46 oy 6 i 20
M4 MobileNetV3; HE = HF R MHEMM EF5IATEZR
AT AR I Y, 5 3 b Uy 58 W) 32 X v O ML AT
XPHCSEE . JrEPIMA T k)5 9 SE i i LSE, 2
PSPNet 588 s i s 7 € IR IR 4R SE T 2 S MLl
FENKHE R Y E HE Y (CBAM, convolutional

block attention module)™"!,

F 6 A5 BIHH b S 5 PR RE X L %
Method mPA mloU
ResNet50+PPM 63.8 61.4
MobileNetV3+PPM 67.2 65.8
MobileNetV3+ MPPM 76.4 75.7
MobileNetV3+ MPPM+ LSE 82.5 79.9
MobileNetV3+ MPPM+ SE 82.7 80.4
MobileNetV3+ MPPM+ CBAM 82.8 80. 3

MRYGH A LI 25 KT LUE . %R =l il Mobile-
NetV3 &% #4 % 4t ResNet50 &5 ¥ J5, 8 HF & —# mPA Fl
mIoU PEREFSFR B BIRTH T 3. 4% A 4. 4% . RGP fE1R
FIA G2, {H MobileNetV3 fE R iR o B W 4w, &5
ResNet50 ML, HSHE WA B, KK TR 2
B, BERT TR [WIEE, HRE A B R 4 454
RETEINZG M R E Ry REN SRR E.
REIIGRE.

FREZHTFTHEZSIATZRES FH B
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% 32 &

(MPPM), # L % =4 mPA i mIoU MERESS#5 L 43 il 42
FET 9. 2%F0 9. 9% . i A R JZ KA FRAE & A 4 8
WAL, #AT2 ROE LB fE, MPPM B ZE 4 R &
TRIZ R B A0 5 B IR R R AR 5 UfE B R4 e
WRAMBHNEREN L TFTXER. X— Rt R ER”ES T
T T VA5 e s G ) B o A, I LR AT X B R R
AN R/NRDE IR Z B Pk o) LA T 54 ) R e 2

T3 G MU R AR ST 4 M A SE SR A RLHE S, 3L F )5 4 PSP-
Net B 78 FHRAEM L, AT MPPM #5fil LSE 4
Yo, 807 € = mPA Ml mIoU ¥ gEF8 b5 &0 4R TH T
6. 1% 4. 2%, 7£ MPPM #L e, HEAT T £ R F¢1F il
G, BE R ZEENE SRR, ZRERAEETT
MABGITARRENGEL, BfE Tk B AT 2R
EfER, HAEEWERRE . IS AEE A
Hils AR TE TS [ AL R, AT D A AR R A T e
FHEE R, ZBICRAG R, #F— 2 5T Bl Ba I 9 v o B

TSR SE WAL B R WAE mPA il ml-
oU MEESS#7 EAr BIR T T 0.2% F1 0.5% 5 K EANTIA
CBAM #H, Bl EWMAE mPA FlmloU PEREFE AR I 43 5 42
FET 0.3%F0.4%, REFRHE I RN A K
$ETH, HARTLIRE B A BN, BHAEEE 2N E RS
. HIL, AT URGKMALREFERERT. FEMNE
BLidE R
4 HFRIE

PlEBEF ALY KRR 52T, FHL LCD B35 09 A4 7= M
BZ K, AT T HLBE 4% SR B A T 20 45 2 Ml il 3 ol e
WA, R, BFHRERTRNAERESFHE,
LT A B A R R AR . BRI, AR SCHR T — A
T PSPNet (1B HE B R M Poix —XESL ., 7ERGHRESE , fif
Fi MobileNetV3 £ k8 T FRAE SR B 2%, 3 B 25 R IR T 4
RV TT B R S BORAR . 3E 1 080 1 % 15 A O B A BEOR
AR AE Tl R 5 v 3 B 0 S O . R, SCH AR Y
MPPM g, G HIRARGE AT IS 2 RE R R SCE R
PEm T BIRY A RRAE SR ELAE 7, SR T X/ B RS R DU 9RG
FE. A, P %F MPPM B 1) £ 30 18 &2 A FRAE R, 2
T LSE Biexd k473 B 7 AL, LU & S SRR AE 15 B
ML . BRARTESLE 2 0 T, 32F — 25 42 v A A 4G I 1) o4
W, fETHL LCD BrAsfiii 4 by sem g R R, A iR
HE I B R R T LA KA v T LR S A R ) AR

MK AELL IR A FE AR B R As TR E R R T AL
REHADEF, (HE Mura B JE 094 00K B2 18 A8 X 85K
FE S5 22 AR p AT L2 58 COR B — b Ak 3y 5K 28 B R
fEE . DARFEXT Mura SEFERRINACR . M oh, 3800 DL
AN BN S B0 0 O HE— 25 R AR TR I pLE . AT BE
— A 4R SR I S o ARG IR
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