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RARG AR FRANGEFR, T2 IR (DA IRTEFREGHACREIRZ P EHAK TR OGP RET —
HARRTAMAYAER EHAR TR Z; (4T IRTAFEREK IoU D FHRNARAEGRL, B ET—HAERE
AR ToU AME AT ik ; (DA ST D HIBE R A BB P, X T —FEHXLHRFHERE S LR LI 4D
REBAFMYHAARRBAEGF R, AL TFREPIANTRBRBEZE N . BRLT DA AFG @Y HERRED, FREREA
B, ARAR T AR LA YOLOVS, st ik 69/ R<F 40 B #4789 mAP_s 8 5] 63.3%, 885 T 3.7%. £ P DRI E BT mAP_s
HE) 78.8% R T 4. 5% R DA FAm B AR mAP_s B 5 47.8% R T 3N E BB R EKF 99.8%, AESRA
SWIE T ke A A,

K D B AR ToU AME s R - # An AL B K 5 AR KRB 0

hESZES TP391.41

Graphical LCD Pixel Defect Detection Algorithm Based on Improved YOLOVS

ZHANG Feng
School of Software,Beihang University, Beijing 100083, China

Abstract During the inspection process of industrial instrument LCD displays, pixel defects are difficult to detect due to its small
pixel size. Traditional computer vision methods are sensitive to environmental changes and require manual setting of parameters.
In response to the above problems, this paper designs an LLCD screen defect detection algorithm based on deep learning, which can
identify pixel-level pixel defects on the LLCD screen under lower computing power. The main work includes: (1) Aiming at the
problem of the small number of positive samples in the sample assigner process of positive and negative samples for small-sized
targets,an adaptive positive samples enhancement method for targets of different sizes is proposed. (2) Aiming at the problem of
difficulty in small-sized targets training caused by small IoU of positive samples,an adaptive positive sample IoU compensation
weighting method is proposed. (3) Aiming at the problem that small data sets are sensitive to hyperparameters in the loss func-
tion,a positive and negative cross-entropy imbalance weight classification loss function is designed. (4)In order to solve the pro-
blem that detailed features of small-sized targetare difficult to extract,frequency channel attention is introduced in the backbone
network to enhance the ability to extract detailed features of small targets. Experiments show that compared with the baseline-
comparison model YOLOVS, the mAP_s reaches 63. 3% , which is 3. 7% higher than the baseline. The mAP_s for pixel defects
reaches 78. 85 % , which improves 4. 5%. Meanwhile. the recall rate of pixel defects reaches 99. 8%. The mAP_s for dust detection
targets reaches 47. 8% ,improves 3%. These fully verify the effectiveness of the proposed algorithm.

Keywords Minor targets,loU compensation,Imbalanced weighted loss,Positive samples enhancement
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Fig. 1 Image of defect-free chessboard shape
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Fig. 2 Image demo with random pixel defects
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(b)Dust demo # 2

(a)Dust demo #1
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(c)Dust demo # 3
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Fig.3 Image demo with dusts
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Fig.4 Training image after cropping and image augmentation
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2.6 HEENW
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Table 1  Number of detected targets in different categories and scales
* 7 /NRF # R A R+
Bk 2590 2179 N/A
E R Z L 513 450 N/A
Bl 7% % 455 144 N/A
EES 4101 3933 N/A

ARE R B AR A 98 R gk oAk 2 pran . mr
LA H 3 A SCRCHE S 1 B A A I B A A -7 289 RS 800N B4 4
I 8 LI/MG T A 470 32

# 2 AN AR AR s B

Table 2 Scale median of detection objects

% 4 EF K EFHE
EE S 34, 44 24. 82
ES 201 31.08 32.36
B 7% 4 27.09 26.73
B 4% 30. 71 28.92
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Fig. 6 Model overall structure
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Table 3 Model performance comparison with different width and

depth factors

wEET ®EEF mAP_s %% & /108
0.5000CE A) 0.33 58.8 74.83
0.3750(&K X) 0.50 59.0 55. 20

0.3750 0.75 58.5 73.68

0.1875 0.75 56.3 21.57
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Table 4 Training hardwares

ToUjs pew * ToU, (8)

A
GPU NVIDIA Tesla T4
Python 3.8
CUDA 11.8
Pytorch 2.0.0

AR SCH SR/ RS R H AR B ks N RS AR mAP_s
A Ay 5 A P i LA B AR A B i DI A R A B A
4.2 EENERIEELE

AR C 5 H P A 8 T B B Effective SECESEN™) L)
¥ Efficient Channel Attention(ECAM)#E4T T % b 528, 52
e Rk 5 g,

5 AR AU P RE X

Table 5 Performance comparison of different channel attentions
FEEAN mAP_s 55 E FPS
FCA 63.3 54.2X105 9.2
ESE 63. 4 67,0106 9.8
ECA 61.9 54,1106 12.6

M5 ATLLFR A SCR B FCA SiBE = 1 5
ESE # BE 15 hR 26 oL (HAS B A ER SCAF 30080 T 10 10° BLE
NG A BE LA K S0 I R AR 256 R - FCA M8 3 3
ROV . BeAh  AE I i AR bk B T ) X AR B 1 g
HE Y, EREETEENZE BRI B R h T
Z UK N E R A
4.3 EHMHALERRREITLEER

YOLOVS #R B T Task Aligned Assigner(TAA")
ERMEAR G, WiHFE RTMDET #8174 T
SimOTA #.3% ) Dynamic Soft Label Assigner(DSLA) IF i £
ADCHECHR MG . A SCLL B3R PIAS IE R AR TE L SR W AE 0 5%,
5ARSCHE DSLA Hefily ek i al LU B 3E B 3 0 1F A A 5
A VE e e (-DSLA) #EATSCH X b . SO I3k 6 frdil .

6 IE BB 7R DL TIC SR I X A 0 288 531 119 52 ey

Table 6 Performance under different sample matching strategies

EY K mAP mAP_s
TAA 76.0 75.4
2 % DSLA 76.3 75.2
I-DSLA 76.7 75. 4
TAA 88.4 88.3
EES DSLA 88.3 88. 4
I-DSLA 88.5 88.4
TAA 48.5 52.9
7 4 i DSLA 51.5 52.0
I-DSLA 51.6 52.6
TAA 45.2 42.2
EX 2 DSLA 17.5 44.0
I-DSLA 48.0 45.6

MK 6 ATLLE A T RFBQ R LA KRR,

Bt 4R P A TR R 20 RO AR B R A A B AS SCIE R
7S VE T2 5 W 11 20 R 5 T A6 X L DG TGC SR AR BL . X TR A 1 1)
ANRUSE S F2 09 Z B G I B B A SCIE B3R AR DE T 55 s e B I
Y — 8 75 Ut DS R S W O BT R
4.4 FEAFKRET L

A SO A 2 B AL SSDWEL 5 24 6/ i 47 288 5 41 2% o6 2K
QFL 1 VFL 43 5l %F 4 28400 B b5 19 9230 85 sk 7 i) .

RTORBIBR R REXT LL

Table 7 Performance comparison of different class loss functions
% 5l bR mAP mAP_s
VFL 74.2 72.0
Y QFL {/}. 2 71.9
BCE 75.2 71.8
S-DWFL 75.0 73.1
VFL 85.2 82.7
QFL 85.4 83.1
B % . - )
BCE 85.8 83.4
S-DWFL 86.6 84.6
VFL 53.1 52.3
QFL 53.3 55.4
A 4 R _
B % F BCE 50.0 51.2
S-DWFL 54.6 56.6
VFL 39.0 42.0
QFL 43.5 40.0
LD
B &R BCE 12.1 412
S-DWFL 41.2 39.0

240100162-4



gk g TRt YOLOVS B R R A il s BFA5 K Bl 46 I 4 1k

R 7 AT LU A SCHR 0 2 AR Ok BRBON SR AR R
BRBA AR R BBE LA RE 2% BT 3 2K I B AR BOR B df .

ST Bk 2L P Ab AR SCHE Y Y 20040 5% e B R A AL
DA K3z Ak fiE 1 8 1 T Roboflow M il $2 f ft — 4~ 2 JF B bl 4
Football-players-detection ¥E47 Y 2k FIGUE . 5 A SCHUHE S0
W E A5 A 5 280, BE B0 45 b DU A /NG B b i £ B A B
PRAERH] 300 TR EUG B HE A R Bk L SFIT] 5L LBk 6L R 4 2%
PRZE AL WP 7 R

FE7 O IF B 2 B A o A
Fig. 7 Public dataset annotations demo
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Table 8 Performance comparison of class loss functions on

public dataset

E R C mAP mAP_s mAP_m
VFL 48.9 42.9 68.2
QFL 49.0 45.0 66.9
BCE 49.2 12.7 69.6

S-DWFL 51.8 45.0 72.2

4.5 BiER loU #MEXTEL 018
4 A HARSS S 76 K ToU A IE B A2 175 B0 F (52 46
AU 9 fFral.,
£9  HERN IoU HELHERER L

Table 9 Performan cecomparison of adaptive IoU compensation

£ B i K IoU mAP mAP_s
25 x 76.3 75. 4
A 76.7 75.4
x 88.2 88.1
B %
H 88.5 88.4
) x 45. 4 49. 2
B 4 R
A 51.6 51.6
o x 42.2 41.3
EX 2 3
# 48.0 43.4

N 9 BT LA WL XA > HORSE /N B 2% BRI H A
KU, G I ToU #M3E 7 B6 0 R RURE B A — & R T, X F
B 22 TR X B0 0 ) A% DA B ARG 2 R H AR L i T el
YR BEA Z2 30 HAG I H F5 R 5K A5 T8 A 3 Ry A
BRI AN B . BAROKR TR, B IE N ToU #3735 X /)
JH R B AR A AR .

LG N ToU M7 i 78 A 1 8008 4 1 9 52 30 200908 T 3%
10 g, M3 10 AT LA H A S i B IS B ToU #b £
FEW YR A QFL LI K AR 3¢ SSDWFL 25 5] 45 2 b5 % ik, 46t
BomAP_s 19587 Bl B4R T, BEH AN R IS — B2
e,
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Table 10 Performance comparison of adaptive IoU compensation in

public dataset

B B3 W ToU mAP mAP_s
7 51.9 44
VFL
H 48.9 42.9
7 46.2 40
QFL
H 49.0 45.0
% 48. 4 42.9
BCE
H 49.2 42.8
% 48.3 12.6
S-DWFL
H 51.8 45.0

4.6 HBLIRIG

THRASE S 3R 11 ), 7E BB S 4S04 L YOLOVS
W/ 17X10° BETHE N, mAP_s 42 FF T 4. 9% ., M i 4
KT, B A ORI G BGOSR R 5 T
He Ak I f7RE AR DU TE S W L 1 35 BE ToU b2 DA B AR SCI% 3 19 26
A0SR bR A A% O O R I T R P R R

211 TH Ml R

Table 11  Ablation experiment comparison

H R mAP_s mAP 5% E
YOLOV8baseline 58.4 60.5 74.40X10°
+ Image sizeto 960 59.6(+1.2) 61.5 74.83x 108
+ Widen & DepthChange 59.8(+0.2) 62.0 55.29X10°
+ CSPNeXtBlock 59.9(+0.1) 61.9 53.18X10°
-+ FCA Attention 60.8(+0.9) 62.2 56. 50106
+ AdamW 61.0(+0.2) 62.8 56.30X10°
-+ Drop Block 61.2(+0.2) 63.1 56. 80106
+ ToU Compensation 62.1(+0.9) 63.5 56.50X10°
+I-DSLA Assigner 62.5(+0.4) 63.8 56. 40106
+ S-DWFL Class Loss 63.3(+0.8) 64.3 56. 70106
B +4.9 +3.8 —17.70
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formable DETR™Vfd; Il 451 8 £E Sy 3 B 45T Y, 50 F A< SC B¢ U
SDW-YOLO I 2tk . segefdinn sk 12 prail .

# 12 BRIPEREXT L

Table 12 Performance comparison of different models

A mAP  mAP_s mAP_s(f %) SHE
RTMDET 61.7 58.9 73. 40 42.70% 106
YOLOVS 61.5 59. 6 74.35 73.90 X108
PPYOLOE 48.3 47.1 66.50 60. 50105
YOLOV7 44,1 39.3 54.70 48.13 X108

YOLOX 59.9 58.9 74.85 70.50 X108
YOLOVS 37.2 33.6 46.05 55. 80105
YOLOV6 61.0 58.9 74.90 146. 00 105
Cascade R-CNN 61.4 59.5 75.25 265. 00X 108
DETR 0 0 0 0
Deformable DETR 59.9 58.7 73.25 162. 00X 105
SDW-YOLO 64.3 63.3 78.50 56.70X108

MR 12 FT LUA A SCER HY A A 0 A 280 256 T3 - 45 0 JEE 4
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Fig. 8 Effect comparison of different models for detection targets

with similar background color
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Table 13 Computer hardware deployment in production line
A
A B Intel(R) Core i5-8500 CPU @ 3. 00 GHz 3. 00 GHz
M % /GB 8

A B AR ot T A BB E R 0.4, T AR
1R AR IR TN B R . Bt 66 SKRIEMR AL A 1733 AR R~
HO 15 3 SR BEAR TS B AR e T 731 A8 3 B B A A T R
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L2

g

Ca) N TR A4S I H A Ch) A5 280 75 0] iy 900 I A

9 BRI H AR AL R
Fig. 9 Test results of intensive detection objects
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Fig. 10 Detection result of the proposed model on irregular

small objects
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Fig. 11  Detection results of the proposed model on pixel defects
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Fig. 12 Feature visualization of detection objects
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