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Liquid crystal display surface defect detection algorithm
based on improved YOLOvV10

Yang Ruifeng Liao Yinghua Luo Qinpeng Luo Xingran
(College of Mechanical Engineering, Sichuan University of Science &. Engineering, Yibin 644600, China)

Abstract: In response to the challenges posed by the weak characteristics, diverse types, and high similarity with the
background of surface defects in liquid crystal displays (1.CDs), which result in low detection accuracy with existing methods,
this paper proposes an improved micro-defect detection model for LCDs based on YOLOv10. referred to as LC-YOLO. First,
the convolutional module in the neck network is replaced with a full-dimensional dynamic convolution (ODConv), which
reduces the computational load of the model while maintaining detection accuracy and improving the precise extraction of small
defect features. Next, to further optimize the model’s performance, the DySample dynamic upsampling module is introduced.
This module avoids background interference by point sampling, thereby reducing false positives and false negatives, and
enhancing the model's robustness in complex backgrounds. Finally, to enhance the model’s ability to detect small targets, the
EMAttention attention mechanism is incorporated. This mechanism improves the model's sensitivity to small and dim targets,
significantly boosting overall performance. Experimental results on a dataset of 1, 774 images containing three types of
defects—scratches, corner breaks, and dents—demonstrate that compared to the original YOLOv1O model, LC-YOLO
improves mean average precision,accuracy rate, and recall by 2. 9%, 2.4%, and 5. 8%. Meanwhile, the computational load
of the model is reduced by 2%. When compared to existing object detection algorithms, LC-YOLO not only retains its
lightweight characteristics but also enhances detection accuracy and speed, showing excellent performance in detecting subtle
surface defects in L.CDs.

Keywords: L.CD screen;weak feature;defect detection; YOLOv10; EMAttentionv

FEREART P B R AR BB T O R R T W
sty S 7% S5 FA) B WL K 4 T 3 Sy 225 SOk o AR FOU ke o 22 R ke
= BRSO B I AT AN B R T R TS B5 AE R S A

0 3

B 5.7 0 9 0L B A (8 3 0D AR

il

A
N

W H 199 :2025-02-26
* FEA TR H LU AS b e 5] S i 5 B & R L I (2024Z2YD0300) L2024 4F B B2 T RBHE RO #3053 RI T H (2024CG009) ¥ Bl

« 70 o



Mg & T YOLOVIO 69k 8 2 = B & @ sk ig 4 5ok

15 1

AR PRI 4 55 B o T GR0OUR S5 o DU 63 45 A B o L 4 i I LA K
Mura {5 i 45 20 faf B 7 356 6 dle g e LA 3 0o P BR 2526 . 7
MR Tl A 77 b, 2 W B AT 3 B AN T B R AT A
W, SR, B A 7= IR BE 5 4% L 0 22 SO R 3 o LA ARk
Ll B 28 B 20 R A 5 AN 38 A5 R o, N T B o AW e
K ARG b A7 7 I R BR A . N TR G R 5 3 B 3
P95 B 252 B B L LBl K - 25 5 8t RN RS
SERFER TS, BAh Bl T O R A T
VR i J 7 B ) e 1 TR ING  2E T R R Y R T X v AT
TR B N DT B R T T e A BEOR, AT T BT AR
B, T TEMRAL G N TR DU 1 1 2 e, B T IR 2
> 18 e 5 e W0 G AR 8 A Bl B T G O 4R THIR
sty Sk 7% o SHe 4 A T 80 % RO JBE 1 A A B

SR, K0 Tl 7™ i 1) 3R TR BB I AR5 5 eI 2 X T
VR A R BE X 28 LA R /N RS e RN R 2R T O A T
F140 0 55 B0 o 330 ARG T 7 Ok R 1 T Bk R L X AT OR T B
AR SR Y 2R AR AL 2% R BSOR i D B B A B B 4 B T
R B L 5 I P 2 ) 4 27 385 Sl F B e ol 8 v A T i T 2L R
TCRESE N T R () B 2k 5 O 1 OR B BEAR 9 KN . Tao
LT —Fh Deep Scratch Net [ %%, i 11 4> 47 42 B K &k
P4 1) AR AE S 22 7R R, S B0 1) KRR A1 1) 1 280 0  {H 2 9%
HEAEE IR SR A Z R M T, sk Xt
Z RE 2R 475 50 0 B0pF T B BRI 1T T — Bl
& HGnetv2 B GBI XNRZ B AE BAIRZE UEE
AR SR A A A RS BR80T (H A e B Y
149 52 2% FEE 188 Jin 4 A5 4G 0 3 B [ . Sun %O i e B K R
THT /BB T 2 R T — B 28 9 4 FR B He CBS-SPD 3 1
ANERAE 4R B, SR1MT L 1% N 45 76 /NREAS B8 48 1 193z 1k g
T8 TIA Z RS G AE N R A, R
AR BN 23 R 2 BRI 5 22 R R AT 4R AR ) L P 0
LSKA #58Hu 185 22 KRR AE Rl A5 2050 R SF M e H 1t 5 S50 B e
AR ARG A [ 0, (H I o 25 i S ASE A0 57 7 38 L R A ) 5 it
PEAY I AT, Wan 20 AT SR (LGP B fE 2 4« H.
X FEBEAIG Y 14 58 Bl B B9 LGP-YOLO 55 15, 39 58 ) 2% %) 5
TS FRAE A R BLRE T, A R0 2 T 36 B AR T4, 42 5 W 4%
P,

U B A T 55 6 55 8 AE 18 5 | Ry 3 AR {0 ) R B A
o T AAE I AR T 3 2R B R — S
JEZAL . B, BRAT AR T A s L 2 1 Tl g i R
I 2550 25 R M B 2 P RE A2 B BRI R RS AR B T 4R
L TR] B 384 TR TR 4 5 % R LA R R TN B B, R B AE LA
PR AR AL BT =2 (8] 0 Ay T — P A b, Bk
T35 %o Gl B 11 22 0 1 R B AL PR 3 N T S R L O LR AR R TR
OB TH R W 2 R IR LT LR A L RE I A R .

ARG B AEAR DL LCD Bl Fa A8 T b S E M RS B Fiz Ak
RE 1N & Y IR) R, 38 11— Fh 3% T 20l YOLOv10 /9 il o
o BERTAE S BR Tl A 7 SR PO 4R S IR T BOR S R B

T B RRAE PR 1) PRI 35 55 G I, RRAE BRI 5 3 S5 AL BE
1o FLZ2 B0k /N RS 8 R AiF 25 1) 5T, 35 F YOLOV1on™"
SRR R L — 3 T Tl AR 7 S A A A S RS R A R
S35 R B B PR A 3. EEHRASWT .

D 4 T YOLOvIO I R B¢ e, Fl B 3 1
DySample' "™ 5 gh 4 [ oRABE S, 38 i SR AR A S 15 41
PIAZ 5 ke S0 b SRR L 1 SR A A TP R R AR X 3 S ]
R =TI ML TR REFXBEAEEDLMNS
B E R BT ER,

2) TE R UEAS DU AS B B [ B, 5 35050 I 2% o S A A5 R
R e M B 250 . 2 4600 ODConv! ™ B, il 3t 4 N4k
AT 4 PRSP T 2 7, b TR A T

3D T BRI N RO VR s R A s R Y 2 B
BE T, FETER Y/ B AR AR I 2 A BN T — R s A 2
RUBEVE T ML H) EMAttention , #3433 15 e 5 1) it vk 4
BE L IR GE 4y S 2 A TR AE , R B8 A A B A
D& AT E YN

1 LC-YOLO & & %

1.1 LC-YOLO

YOLOV10 J& YOLO F %1 B A5 A I A 58 o (1 5585 i
A%, B 1 S BUR DURG B 5 S i 2 1) A B AR . 7R AR
T AV & B B R 4R T BE L EE 200 SR AE A X YOLOVS.
YOLOv7-Tiny, YOLOv8s L & YOLOvlon #f 17 P fig #
WA DURS BE 43 A 82.4%6.78. 2% .82. 6% LA 84. 1%,
A Z T YOLOv10n S Al 68 8005, PRIk S A% S0 S Atk
B HE AT W0

9T K IS B, YOLOv10 B g AT R Y
C2f il , RARIGTR T ReAE 2R 35 68 1 . AR 1 T B A0 1 11
e, REMERE =R, AL BN B AR
A7 e — 5 1 JRy B 1 32 28 D R A A A 4 42 /N H A i 1T
W28 50 B RRAE E RN WO R B B EE R R T
L R/ RE H bR, N T 2 S RS ke A, DL
T AT R R TR I RE . RS YOLOvV10 5 R
A% L b R LT R R B O B AR TE B 2 Y S B L T B B
AP AR A LR T SR R AR R SR AT R Ak T R 2
Pk

AL YOLOv10 g 56 filf, 97 6 3L it b & — A A
T LT SEBR AR P2 BT B W A s 5 i R ST B e U 4L vk
LC-YOLO, YOLOvI10 4™ 4% %5 ¥ KRBT L4k 3 N IX
B2 o e 1 11811 S R G AN N o B T R TN ST T
T 1 55 B B R AE L o G BEAIS L RUSH /S ST R T B
IR 2 HARIE A B 55 45 05 . 78 YOLOv10n A5 %0 3
filh b AT AR B AR AL A . Bl )R B LC-YOLO B R
WREEFANE 1 R . 1 5E . B ODConv 55 He %5 i fi 455 4
AR 4 R A 1Y Conv BB, 78 (R IF 455 78 K RS 2 17 [+
WA TR AR R SRJE L R T AR VR DR T R Y

o« 7] o



948 & 2 F o

T # K

Wi K YOLOV10 JE b i F R B ey DySample 5 5 45
R R SR A P E AR AR AR DX I 3B G AR 0
RAE T U0 3t B A SR A S A e O T R T
BRI /N F b (32 BUCRE ) A b R A 70 ke ok f) e ik 2 b s
i EMAttention" " VE & J7 AL 1 58 550 25 %65 /I H b A R
L £ G 00 41 B o B T B o A5 70 o8 AR JE

l input

K1 LC-YOLO #{k%54y
Fig. 1 Overall structure of LC-YOLO

1.2 FMEAMESRFTHESREDR

FE B AR RS DUORG B RD T R G R . B AR
YEAERER  AS T 5 2 BAR L (0 22 1 46 BUBS B s R (IR 4
BMBITHE . ODConv 1B — B8 B (1 & FUERAE , 76 2
FH& B 2 W 4% 53 AE 3% 35 B8 77 1 [6) B 38 PR 48 T 31 55 &k
KU M TS %, ODConv 51 A T 3 NN 4 &
SR A TR 0 23 (8 4 B A T8 BOR B Gl GE R
ODConv TAERFE A 2 FioR .

. *
A N A R R
o dad el el ol
2 . | L H 1 | v
e e e L B L IR B TS
ReLU| 1~ 0 b b b
1 1
o ta b ta i :al.i ta i
LCE I R A AR A A I A
S LT-: L_T_.' '_T_' '._T_'
Kl 2 ODConv TAEif 2

Fig. 2 ODConv workflow

85526 B0 1) 5 B2 B2 BURRAE 2 0 A [ e i AR sl &
B BUZ R $E8L, ODConv il 3 n BUZRPE 4 & $EHUERAE L W

o« T2 o

HERESRN A ADYEETTE A FRBNTEE T ca0.a0,
a i a4 FRGE I 20 LK HEAT S A AL, 4 45 R
s A T A B A (D R .

vy = (apyw; +sy fFa,w,) o x [@D)

b i ARFAER xR IE N v, w, MIRIRE (K
B, e RFw, MEEIIRE.

ODConv B 8 S B 7E A IR 48 2 E 04T B 35 0 45
TR A VR AL AT I8 R AN [ B il ACRRALE » 4 12 %t/ H b
BRI N 52 0 B I B B A5 B S TE PR AR G TS 1 [) i 4 o
B 1) 38 B
1.3 EXRBEFEMRL

TR i S 7 e A b, R SR T 5 O R AE BRI S R
RV, FEARG MUK . YOLOvIO 9 bR BE — i R A
FE (R 470 {1 2l 8 8 B i L (H X R 7 =0T B2 B/
HARE B EK, B A B 225 55k H A5 i1 2% X 38 e ik
ZUNTT . N T R YL e ) B, A SCHE T DySample 2R
R BT AE 5 ERAEJr L . DySample iliid 8l 45 4
BCRAE SR E A L, W IR T R AE B bR R 1Y AL
RO SHEG A L, DySample 7E {4 43 J5) &8 40 55 457 1F
J5 T R AL R A R0 D> T S T 4. DySample £
W EBERARWE 3 R,

| RREA SH RPE
A

&
sw 2

. sH
grid sample —» X

Kl 3 DySample | RAEE R

Fig. 3 DySample indicates the sampling process

BE—NKRNKH CX HXW HEAEE X Fl—A KN
R 2gXsHXsW R RHAES, K 2 g KRz My &
Fr o ffi H grid_sample pR R 35 5 R AESE 0 IO E X X
FHRAE B KNH CXsH X sW BIEIER X', = (2)
iR .

X' = Gridsample(X,S) (2)

SUORFESE S SRR+ R R FH A1 7 NE L W
LR AT L B S E N T A SN Tk E, E 4
B .

HESTEE N FREM TN A E A LREET s
A—DR/NK CXHXW R X, X 58—k
2 A FIE B R C O 2gs? AN RANH sW X
sHX2 g MR E O, =X PR,

O = linear(X) (3)

TRRHEE S HEMHEREMIE G A O Z M, i
KD xR,

S=0+G 4

o 2l 2SR A F R 00 D B i T LA SEORS B M Pk



Mg S T YOLOVIO 89k 5 2 = B £ @4 st 2ok

5 15 i

HAGERET
G '
sH
K/4 2
H BEEA o
Liggv - 0.25 > + S
R s* sH
(& ) w 2 o 28
FATEEET
H
inear _()‘;SG_l g%
GAEE) W 2es A H = | ()5
H qu o 2g
Linear Yo T sw
&R w
sH G
2
K/4 g

B4 mREEAE A T AR

Fig. 4 Point sampling set generation process

OV s 3R T 190 0/ D e o AR AT it v A5 8 XoF 40 T 174 Jgk
HVRE 7 AT B I 56 b A7 A1 P50 3 6 /N BRRE
1.4 EMAttention ;¥ & 1 #l#l

EMA (EMAttention) & — 5 &4 9 2 R 1 & J 4%
B, FR O BB S e S B0 A R A O R E R
REAFRHE X AR E T B0 E N E R B REA R
WM E IR, WE S FR i AR B 2400 45 FRUZ 2 I
FRAEJG i A EMAttention B3, ¥ 51T 1] /) 38 18 R 40 2
AN A R 4y Y TR R A, H A S
1X1 433 H—4% 3X 3 433, Wi #4341 X ALY 5 )t
A, B 20 T A 38 38 47 P2 19 R AR 2 Sigmoid BRECR & 7
— . 5 AR AR SR s T A D AR . B AR AL Y
HERRATE SRR 0, 45 300 15 55 B RRAT 1B . A SO i B BN
HARKEMAE 5 EMA 3 T H @ik,

56 1 8 I8 B 55 A £ 1F 19 ECA Cefficient channel
attention) A b, EMA B &g & 7T &/ 5 REME .
TE AL BTN LU BE A 22 B Ak 5 6 3 S5 I, 8l A5 U 4k B T S

c//gxhxw 'é

g cligxhxw 13l {xpy
] i
i 8
B
cig<1x1 |
v

?_‘_’ - Output
Sigmoid c L

Hat:

cllgx1x1

4

o

_’h
z |-
- L]
] T
= |E
Ei g
h N

_+>

w X <4

cllg =

- H

- 0010
w w c//gW é
¢ cllg ‘é'
i 2]

_’E
—
h 8
gy

w

cllg o

5 EMA f&ik
Fig. 5 EMA module

FRTE TR, WA, BT IR A 2 9 DAT
(DAttention) - EMA 7 {5 & 4 B8 (9 [7] I 88 3% F A 1735
A s JU I3 5 X S I 0 S 28R R T
. EMA J&—Fh 285 5 B2 R 5 Jm #l R AE | 3 25 1A AL
R L AR BT Al & HLA (DATL ECA.
CAD TE A PRI 25 55t IR AR A9 Tl 7™ i e s A DU A 55
Hh HL A R Y 3 PR R R P DA B £ EMA AR S A F
FEH I TE R LR S B 5

2 KBEERFH

2.1 IURERESHIEESE
LI T ARG 6 MBS E. &
SCHG BT AR R A DI 55 A ER A Pytorch B L% A HE

BR HEAT A Python 4 81 5 4 5 KU 48 B9 14
YDAl 5 00 LA K 45 2R m] AL S AR DGR e

A S B A ok 2 M — SR S s AL
BEARAE = Y 3.5 BT WA R BE . TR R B SR A
TSR S BB A OIAT 55 B HEJEE SO TR A 2 2 B R
e 308 B /N RO BRI SR . PR IR A — e R 1
a4 LE— PO A SR A1 S LAY PR AR L I HE A R Ak e R 4R
FURL LA R S R B I N DU 2 E 1 o5
R T A IS MO ARBL HAR B BT D A HLR
K E/DTEIREF] 2 000 7R E LM I R GE AR LG
W SEEOR . P, B T TR P, FEXT 23 Tl
HAPLEY 73 B R R EE SR RN 285 5 B R I
LB TR T AIBL, 2) 2258 7 JLAN A [H] A9 56 98 4[]

. 73 .



948 & 2 F o

T # K

O IR IR G IR LA B O e IR e B b D't IR BE A AL
(Bl A0 2O  HEXT R i B T S B RST80T
— A B AR R AR S i v 9 B T S O B S R L 7 TR il D' R
AbZEZE T — KB AR, K — Ak PR N R Ol R 5 A [
AR08 > T S ROG R TR 4R B B R
BIBREF G WE 6 s,

F1 XBRHEEE
Table 1 Experimental environment configuration
P & HikZ %
BIERGL Windows10 21H1
CPU AMD Ryzen 9 5950X
TS GeForce RTX 4090
B 24 G
WA 64 G
R 27 > HE 2R Pytorch 2. 0.1
Opencv-Python 4.7.0
CUDA A 12.1
CUDNN 8.8.1
BT Python3. 7

B BRE G

Fig. 6 Image acquisition platform
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Table 3 The influence of ODConv optimization position on the algorithm

S Backbone Neck P/% R/% FLOPs/10° mAP/% AP/% —
scratch gravure Chipping

1 84.1 73.9 8.4 80. 8 73.6 74.8 94. 0

2 N/ 83.1 76. 4 8.1 80. 7 73.8 74.4 94. 2

3 N 84.7 78. 8 7.8 84.1 73.1 82.9 96. 4

4 N N/ 84.1 72.5 7.6 78.1 68.7 69. 2 93.4
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Table 4 Add model performance for different

attention modules %
TE 2= 1 BL p R mAP
YOLO-0O 84.7 78.8 84.1
DAT 83.2 79.6 86. 2
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MSDA 84.2 80.7 85.4
EMA 85.8 80.2 87.4
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Table 5 Comparison of ablation results

SIS ODConvv DySample EMAteention P/% R/% mAP /% FLOPs/ %
1 84. 1 73.9 80. 8 8.4
2 NG 84.7 78.8 84. 1 7.8
3 J 82.4 74.2 82.8 8.2
4 N 85.2 72. 4 86.5 8.3
5 J J 86.0 78. 4 85.2 7.6
6 J J 85.8 80. 2 87.4 8.0
7 N N 84. 6 76. 4 83.4 8.2
8 NG NG NG 86. 5 80.7 90. 0 7.6
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Table 6 Performance comparison of different algorithms

Bk mAP/Y% Params/10° FLOPs/10° FPS

YOLOvS5s 85.2 7.1 16.5 75.1
YOLOv7-tiny  82.4 6.2 13.0 85.2
YOLOv8n 86. 7 3.0 8.1 73.5
RT-DETR 84.6 32.8 10. 6 95.5
LC-YOLO 90.0 3.2 7.6 70. 4

YOLO 8k HA RAF iz

®T ZHIEIE

Table 7 Comparison of generalized experiments %

(% P R mAP
YOLOvS8 78.7 78.9 83.1
YOLOvI10 80. 6 78.5 84. 4
LC-YOLO 84.2 82.6 91.2
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