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Abstract

Polarizer is one of the key components of TFT-LCD. Its surface defects seriously affect the imaging
quality of LCD. In order to realize the intelligent on-line detection of polarizer defects and replace the
current problem of low efficiency caused by human eye detection, an improved YOLOvV5 detection al-
gorithm is proposed, that is, CBAM attention mechanism is added in the backbone layer; A new output
layer is added in the prediction layer; The traditional border regression loss function is changed to
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CIOU_Loss. The defect sample test experiment shows that although the improved algorithm adds an
outputlayer, resulting in an increase in parameters and a slight decrease in FPS, the map increases by
4 percentage points, and the highest confidence of detection reaches 0.93. Therefore, the improved
YOLOVS5 algorithm enhances the accuracy and accuracy of defect target recognition.
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MTAER,  BL TFT-LCDCHE R S A4S Tt s &4 AR IO s a8 R . WO il LA
PR FEL N S SRR T T I R[] AR A A2 TFT-LCD MBIz —, B BoRasn
FGRR o BE TEH 1wl v LR T AR UE T8, A RVFE RIS R, JIR. ~0E. MY
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R AT SR 1) T

HAarE W, SRR K, T A s bE ik s = 9 7e N TA I E T, BR 7 kil (%, K
IS TR N TR A P o 2y RA NG o SR AINLES I BoR 38 el AHATLA B N IR A i i 91 - Bk e T2
REG, FASHTHENEAT — RYVEGAC R, AR A3, PR A ek i w4 v shiE 0 B 1. SR H
BT P AR IR A SRR R I H LSS A3 R I e e b, Hopikth E BUE RS 5L L.
n, R/NE[21RH R ARG ) A SOBMOGR, SEmBhiE IRt LLRE, SR 18 RPCA(E#E: £ il 40 4T),
W Bh b MR BOETR I R« B SCEB IR A R e, il R30I b R shiaRiie, A5
Rangefilt JEJ R BESTIL T R EARIFRHC . VR 5[4 15K F 45 K 6T G 7 1240 S8 R BRiE T L S, SRR
FA%:T RPCA [ EUGA I 7 i SREE R T Hiok o BUEE[SIHR T —Fh 22 40t s BRI T R ff . {H 2
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1 Bl ATLAS R B 2 S R e, & H bR IR I k(6] H 2t 3G 2, ldn, @X#R([7]55 N3 —Fh oot 1
YOLOvS5s filll %2 418 15535, K DenseBlock HEHACE: T M2 1Y) Jr (Focus) 454, #2751 2% 4
HURFERIRE /7: EER[8]155 AR YOLOVS Rl FT 4, 78 3 T M 48 il AL bR vE = S CA[9], R
T ITERE; Z2EF[10]15 K YOLOV3-Tiny W28 R FEEUm IR 6k E4, f# ] Dense Block #iHtfl SPP-
Net BESRAR A ILAFAESR BN 48, B T R IR .

ASCHRYE RN F R 2B 7= 5 i N R AT DI sk AR 78 B A, Bilan: . N s S5 BRI
BREEEAEA/NT 0.1 mm; FTIR. RPYRSEFZORMFFAKEA/NT 2mm, FEEEA/NT 0.05mm. Ll YOLOVS
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BRI = AN T SR A ST, A2 AR 2 A B 0 BE 5, AT IS 5 1 5% H AR AS [F)RUEE K/ T A
TEEFI[11]-[17].
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Figure 2. CBAM structure diagram
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2.2. £ CIOU_Loss %<&

YOLOV5 HIH R BREAIE =T BEAS AR B (Loby)~ 735408 5% BR B (L) FHILAHE 1] U 457 2K 2R KX
(Loox)o AbFRIH0 2R R BT S AN () s :
Loss =L + L, + Ly, (1)

LA A [B] U457 2R BRSO — N AW AR I AR, SRIT AR 1E FH 22 I0U_Loss. I0U_Loss & 1E 2016 F 42
R, HAtHEAXIMQ)PIR:
IOU Loss =1-10U ()

IOU_Loss R4 Hufif o 7 FHMAE TCA 6 ) 8, AHABAZAE SRR 4 FUAE R ECSEHEA AR AL, 5l P HEAH
SEAHAZ SR/ AIR, X PRS2 S50 TOU Loss MfH], X FEMLIEIEMOERRIEIE. Ak, 2019 4
NAEH T GIOU Loss SRik47 ek .

GIOU_Loss H#E~E WA 6 frax. HitHE ARG is:

GIOU Loss =1-GIOU =1 —(IOU —%) (3)
145 YOLOVS B4 AME R A 22 K H GIOU Loss [22|3 25 E, 1% R B AR% 8 T B ARHE AT

MERT S /NIMEFETE, (H 208 T TRIUHELE B ARAE P58 HAS [F FROIIAHE RN — SOt ) B & 7 fros, XS5
GIOU_Loss iRk i H i ) IOU_Loss BR#5 .
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Figure 6. GIOU_Loss demo image
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Figure 7. The prediction box is inside the target box

7. FUMAETE BFFHERIED
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Figure 8. Improved network structure
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Table 1. Experimental configuration
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Figure 9. Defect sample chart
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Figure 10. Defect labeling
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Figure 11. Experimental process
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Table 2. Comparison of algorithm parameters
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Figure 12. Loss function contrast curve
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Figure 13. Improved pre- and post-test results
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