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Research on visual detection technology for liquid crystal
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Abstract: The quality of electrode is extremely important for the display effect of liquid crystal panel. To solve the problem of difficult
detection due to the variety of electrode defects, small scale and complex background, an electrode defect detection method for liquid
crystal panels is proposed based on improved YOLOv7 algorithm. Firstly, the CBAM attention module was embedded into the YOLOv7
backbone network to suppress background information interference and strengthen defect features. Secondly, the feature information of
the shallow networks and deep networks was fused by cross-level connection operation. Then, the C2f module was integrated into the
feature pyramid network to lightweight the model and improve the training speed. Finally, the WloU was used to replace the loss function
of the YOLOv7 model to reduce the harmful gradient caused by low quality labeling and improve the defect location performance. By a
customized electrode defect dataset, the results showed that the proposed algorithm was able to achieve an average detection accuracy of
67.8% for large scratch, scratch, shell and dirt on electrodes with a per-sheet detection time of 5. 6 ms.
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Fig.2 Structure of improved YOLOv7
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Table 1 The number of defects in the data set

B 2R IZRSE BAIFSE MHASE
K3 ( big_scratch) 2958 359 411
Y145 ( scratch) 2210 328 251
1403 (shell) 1432 177 207
WEY5 (dirt) 2 408 298 255
At 9 008 1162 1124

A TR IR, Ry T 46 BB 3 b
Btk . PR BR AN  3E A g | A GO L B A
L HGE T R R FE NG, R ARG TR )y
e R AR T T REALAC A B RT 4T A B Mosaic
A E TR DN i) | R €N E TR P TIE 2 o2
AR 2 o) B 5 2 9 REAIE

2) SLE A

SR AR RGEAEAE IS - Ubuntu20. 04 Python
3.8 CUDA11.0 PyTorchl. 7.1, B {F ¥R 85 Jy. CPU % M
Intel Core i7-12700K, N %M 32 G; GPU 2k Jf] NVIDIA
GeForce RTX 3080, W47 10 G, YIZR R ATy 2 £chn
TN RO & R 250 K, iR E O 16, 5 A BIE K
/N 512 pixelsx512 pixels, FI4f24 > # R B E R 0. 01,2k
FHA %R K5 AR 2 2 2 AH 8B 0. 000 5, 7F
Y Zxrp i B A P RE P K (Nesterov ) 315 19 BE AL
T % (stochastic gradient descent,SGD) fi{b#%, shim it &
900.937 , T pRms B2 BBk i WO SIGE B O B Lk U
SIFTRHE AR, DT SE e ST ALY SRR AL
2.2 EMER

Sk 5 S TP A S BT 5 A TR 5 LAt AR TR g
RE , TEIRIRE A SC 50 4508 T X BB A 45 R 47 o e, £ 48
LI ERR ( Precision, P) .\ 1% (Recall , R) K5 B
(‘Average Precision, AP) | SRS B (E (' mean Average
Precision, mAP) (155 & (GFLOPs ) 46 Il i1 [7] ( Time ) ff:
yop s RN i oy e el RN B toP ey sl 8 QN ik W
Frs W, AR .

. TP
Precision = (7)
TP + FP
TP
Recall = —— (8)
TP + FN
1
AP = [ P(R)AR (9)
0
M
Y Ap
AP = = 10
m ", (10)

Horb [ TP FOR SR IEREA SR | FP R [ IR A IE
FEARRR, FN R MR B OREA B M R Bdis S
Sk

2.3 AEHH R EE ST

1) CBAM {13 Jy s

HEIE YOLOVT MIZE BRI A CBAM B 5 4 460
PERE, BLT A e SCRY F IR R A B S R AT 0 S5 52
1 JEAERERD, S50 2 78 ELANT Fl_E R RAEE A CBAM
B S5 3 7E ELANL JS i A CBAM 8L SE50 4 1E I
PREEJE KA CBAM FL8L; 5186 5 7E58 1 A FIEE 4 4
ELANI J5 ik A CBAM #idk; SE8 6 a4 1 DHE 4 4
ELANL J5 DL B AN G SRR I A CBAM ik ; 5256
7 AES 1 A FIE 4 4 ELANI J5 it A SimAM (a simple,
parameter-free attention module for convolutional neural
networks ) AR ZERAUNK 2 R,

*2 CBAM iFENERHIEE 5
Table 2 Experiment of CBAM module

LTS IERG P/% R/% mAP/%
1 105.2 61.1 66. 5 64.6
2 107.9 61.4 66.9 65.0
3 106. 0 65.8 62.2 65. 4
4 107.0 61.6 66.5 64.9
5 105.7 65.3 63.8 66. 1
6 107.0 58.4 59.8 59.6
7 105.2 68. 4 63.2 65.8

% 2 W, SR 2 AT mAP #2711 0. 4% ; 25K
3ETHT 0.8% ;550 4 $E T T 0.3%, HILARHN, oIt
£ ELANL JFi 2 LN REEG R A CBAM #53  YmT i 7t
R ARG B, Horh S8 3 /0 mAP $ETHR K, Bt
IR >, FIE, B ELANL J5 ik A CBAM £
B, AT DA G b A 1 S B T, B e A 7 i B A ik
Farfie

HSCEe 5.6 0, SE5 5 iR ALY mAP 2T T
1.5% ;5555 6 FRAK T 5% , X th T4 B RUZ A T M
2 Ry T PRy = WAL & (1Y (=9 O N 1) i i 5120 A 3
AN/ QRSB =W R (| (=D S A O B (1 . = W ol 7
SN e 4325 A ME BE DT o (TR JUDHS 2, F A 6 7E
1A 4 4 ELANL J5 ik A CBAM Bib A {7 mAP
1R, T EL T b H Al A D

NS R IRE WAL 8y RivE walllk yiaiig A
e, i ] SimAM {3 5 )BT X L SE S S ER 7 AT
A BLRIES N SimAM VR & AR 5 AR OB A 45
L ROMEET T REIORE FE  (EAHAS T CBAM & I HuRs:
DUKS B2 WA AN,

2) R HER:

T U E 2 G A X O 5 AR () S ) 2R AT
IR 525 5286 145 3 DAISE 4 4 ELANT E4%5 Concat
JZRlA s 5256 2 Backbone #73H5E 3 N HISE 4 )~ MPConv
B Concat JZRlA , 4551 3 PR,



- 230 - S 1[I I IV = 3

937

R3I BEREEIRHSHW

Table 3 Experiment of cross level connection

RS5 HESSESWN

Table 5 Comparison of ablation experiment result
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Table 6 Performance comparison of algorithms
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Fig. 6 Renderings on electrode defect test set
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