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Weak feature defect detection method for LCD screens
based on YOLOVS

LIN Feng, SHI Yan', CHEN Shunlong, LIAO Yinghua, ZHAO Lian, ZHAO Li, ZHOU Zemin

(School of Mechanical Engineering, Sichuan University of Science & Engineering,
Yibin 644000, China)

Abstract: To address the problem of low detection accuracy of weak feature defects in LCD display defects
caused by multiple convolution and background texture assimilation, an improved model YOLO-Mura for
LCD weak feature defect detection based on YOLOvV5 is proposed. Firstly, Involution operator is introduced
in the backbone network to expand perceptual field, enhance the information of weak feature defects in
spatial range, and reduce model FLOPs. Secondly, the CARAFE upsampling operator is used to optimize
the upsampling method and enhance the ability to focus on weak feature defects. Then, in the neck
network, the feature extraction ability of the network under strong background interference is enhanced by
embedding the BiFormer attention module. Finally, the BiFPN weighted bidirectional pyramid structure

is adopted to improve the feature fusion utilization at different levels. Experimental results on the homemade
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LCD Mura defect dataset show that the accuracy, recall, and mAP@O0.5 of YOLO-Mura model are
improved by 2.2%, 6.6%, and 2.7%, respectively, and the model computation is reduced by 66.5%.

In comparison with the mainstream target detection algorithms, the results show that the final improved

model in this paper has better detection performance for Mura defects with weak features of LCDs.
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nu\:

1 7l

WA B s R B AN 6 22 LB e e OG
Moura #i# fF3 55 o W i B 7S B B 23 1K 1 52 e 7
sl (8 A58 R S P AR S o AN T BT AR
B= 7R e A R o Bk B AT R 23 52 e S A X
ST P2 W o X A I 5 L S i
B 7 i AT 7 4 B R B 2 B BOH 2 A I R R
K 5 32 B E Al A3 10 4E A& 1Y AR 3 i 5L &
AOAE 2 B T R DRLIL VAR B AR T i AR B ™
K& B 0T R I . Mura BB 26 B DL R RRAE < G
XF L BE GG TR AR T DL SRR S R
5o TEWR & BE R SR BG P, Mura SR FE 90 8 2
—IOE ARSI Y e 2 — . TR R Y
Z MR PEAH G Mura i B DA b oG 31 3 2% 09 K
WV, RS 58 SIRE, SRR R A, X
T K ol 0 55 R ) Bk B, — N TME LA BRI 4R
IUA B S X 3 1 5 30 el 25 M 1 B BRI 2 ' IR
JE 27 > il B A DUy W L TR FE AR 2 N 4% A Bl
JHRAE RN, AT LU Tt Bal A o) 3 i 5
i I RRAIE

B OuF e DB R Tk 59 4 AR 8RB . 2020 4F
Zhang % N A& T — OB #8500 55 45 1F 1 5 ) 2%
(WEBNet)™. 2021 4F Du %5 A3 H 2 T i i)
LR (TFEA ) 14 58 ML 4 I 21 o B 25 R AF 32 B 5
H AR KM FE 42, 2021 4F Tao 5 A4 H — Ff B
#1 19 DeepScratchNet, il it 3 & F & 19 2 4 R 1E
PEAT R 2R, S BLES RIR [ sh R . 2023 4
TEVEHR SN TRIEEZE D &FH M E R
7 1 FAPNet, 58 4k B Fr X SBURHIE | 559167 5%
DXSRARRAE , F — 25 £ TF 55 RRAE A 0 5 vk 9 R R
2023 4F J] i A5 B T — i ik 55 AR AR R IR 1Y
— B B i o B AR 5 7E SA-YOLO, 78 43
P IS5 REAE £ 5 X 55 Rp AE A I A PR AE L EHXF
T 559 R AU ST R U, R 1 U B 2 2T 1% e o s )
HE W FE .

AR T B v X VR 5 A S AR SR R
AE Jy, #2& h —Fh & T 2k YOLOVS (You Only
Look Once Version 5) [ ¥ i B 24 55 5 AF 5l B A
W . ARSCH TAE RS IT .

(1) I Involution 5 52 A [7) 25 8] 437 ' fY
3 N A FOACE  ZE R T R 1y 2 Rl R A LR SGE
SURE L R FRARASE R ) 77 2538 SR B (FLOPs) Y.
TR Ab S PERE S % i 1] CARAFE F2R A
SRl 0 286 T o G v H A X, 3G T AR A Y 4L
T4 AE

(2) 27 & 150 R o 5 T 55 TR AT ke o A 00 ) 2
A, 76 2005 9 45 o T 3 B A B L
il BiF ormer, LA—F £ 1) 1 38 W 19 )7 24 e
FR A AH OCAR L, A 23 43 BOEE B ) T HA o C iy
Fic, i O 190 2 B R0 L 2% s €5 1 M R R R i 3
BRCRY A B PANet BRAE fl A 45 B s e oy
BiFPN, i A~ [m] ]RUBE 1) 4 AE (&1 22 8] A kb 58, 38
U b A B2 B AR Y 22 ROBERRAE , DA 34— 25 32 i 1k
535 St 574 e A0 R 000 A B

2 YOLO-Mura #& F& 4 m) F ok 09 %
K 2 Hy

YOLO (You Only Look Once) £ 1) 8 i &
— M B H AR S EE . KRR K H
s K D AT 55 26 Ak S — 4 [l U5 ) A8, 3 e — S TR
B BB 22 I 288 o) i A TR EE AT A B, 5 4
TR 1 1 i AR A28 5T . YOLO Bk 1 45
a3 B 48 43 2H R < A B (Input) |, i A&
N SF R 640X 6405 1 W 4% (Backbone) , HI T 42
B A R B R AE 5 3078 B 2% (Neck) , T TRl &
P& RRAE 5 Sk 3 9 2% (Head ) , 71 52 K 250 5 %) 2%
2 B HY AR5 IE 181 e A R AR 288 S5 S T80 R 3 B AE
WA R 100 5K S B 955 4R AL B B A A
XA ) H b R 0 AR R A M BE L, YOLOvSn
YOLOV7-Tiny F1 YOLOVSs [ AR 43 5 4 14 %



792 W5 Bos

39 %

13% A 11%,YOLOvSs A% R 9% . Mz
T YOLOv5s iy 5 filh 7 fig ¢ 45, N AR SC % #¢#
YOLOv5s 1 A Fhilh 5 25 3847 ek

AR SC F BT s B R BT R B
E/NT 5 TR FEAS B S 00 B 55 R AE i B , 64T
BT YOLOVSs (¥ it 5 T3l 55 45 A1E a5 5 Gx 0] A2 A4
ek, 1 B BE IS YOLOVSs 5L i) B 1A 45 4
Bl w2, 785 T M 4% o as g 8 0 % BLUR T
Involution, A L K IE AL AL Z B & . K5, N
T ORAN R MERE IR B YOLOVSs UG E R A
nearest & T #: 5 CARAFE | RFEE 7, i %
FE S A B bR DX 22008 3 S50 4, DT BRI
RS RN A NG L o R TE SIS I 4 N N A T
BN ASF EVE 25 WL BiFormer, £ 2 w0 40 4 15
W 2% 2R kg, A B T 48 i R0 45 6k T G TR H A A G
PERE o IR ), B SR I 4% 19 PAN et R AF fill 75 45 Bk
B ) BIFPN #2383 i 51 A BIFPN AL ]
G 71 2 R B SR G A TR RUBE b A DU R A
T 42 1o ) 4 e A M e

Input
640x640x3

/ CBS /
ARSSRRR/ >/ CBS /- [esnCluny
g Dedbone (] ... B b

Bl YOLO-Mura [ 45 55 7
Fig.1 YOLO-Mura network model

3 AT YOLOvSs# F ik it

3.1 BTMESIANFEERET
Involution /& — Fft 7 B 1 & U 1, E4E A
oA ) 2% B R SRR T DL, RE S I 3 PR AR AL 4t

BRI K FLOPs MIZ 8 . 5E5H &N
7] ) J2& , Involution %5 + 5 % J& 4 B2 25 [ 1 8
G E B AR A LS
25 () 4 B b (0 S 80045 N A [R], RID3E T8 AN 4B 1 RN A
] 455 55 PE . Involution B 1 i 38 4t =2 & P Al
Involution ] LAt FH B8 K/ 4% , i AN 2t 2 184 i O
Z 45 . Involution 5 25 0] R 5 J& 4 {5 AH [7] 94
25N TR B A A AR S TR R /IS R AR T, 3
PEWCE Z R iR fE B 2R L LA E  In-
volution 5 78 25 M| 4E B - B A 72 8 5 0
EEI I S R S NI g I - O R 1
58 38 m 3 T P28 A [R5 B & 48 AS T3] R AiE 1
fie 1. B 2R T Involution 5 F iy IH 5 i &
B, M TR AKRNNHX WX CRAEEF,, &
i Involution N #% ¢(F,,), #& B L d K /N 1 X
1 X C Yok i MO B R 48,15 B R/ L X1 XA
my sk & F/ (k52 Involution # K/N) o F-¥% F/ %
PRI ANI o X ke X G (GIE¥FIEEL C oyl G4
Mok . SRJE R REE B4 4 AR Ak
LA e X X CHYFRIEIR . e m , TR A
B IR IE RN T X1 X C

F, kxkx C B
577
AP
M
H H
— C O~ 1, 1x;ch ¢
I ==gk k<G s
XKX N v
i) HiHIll 0: BB
F/,  1x1xi? ®: REizH

2 Involution B M Fi 5 314 1 72

Fig. 2 Feedforward calculation process of Involution operator

3.2 EREFEMRK

T X I8 5 R AT ARG 0 B Y 5 1 8 R
BREE S 2y 5 SR E 1 R A AT A 01 O .
YOLOVS5s [ 2% % FH nearest 2.1, A FRAK % kb BE Bk
B G B S AETEARAE 2 R XU 1 CARAFE
TP REHG R LR FE YA ORI W R A R
5 B bR DXl 22 W 8 50 4, DT A A 158 AR R
KR e 3 Fi R, CARAFE B 1 12k
A 0 ASE e R AE A B A BT TE R
FEAZ T A B rp R 1< 1 B BOKs iy A CERAE & Y
WA BOE AR B C,o X T 4 S B REAE & 8



56 1 R

55 . 3T YOLOVS BT B 50 55 47 AE B o 4G 0 335 7k 793

Coris K Rencoter X Rencoer B9 45 FLZ T 1R AE A
5 3 iy 4G IE Bk o7k, ERFERE RN oH X
oW X ki )i, softmax J T PR ECXT 2R
FERHEATIH — AR Ab 3 . FE Rk A A e i i
SEAE P T B SRR AR AT B e S [ A AR AE 1A
8 FH LLAZE A T s B Ry, X Ry, DXS0ORT S 00 )
KA SR TR R A LRSS R

A
ku\;
(
| 1
1 11 1
| L1 1 P I
| 1EL 1
L L L |
|
I
" ST - S Do b
® HBUES

K3 CARAFE [ REEZ5H
Fig.3 CARAFE upsampling structure

(@)

&
——
HW mm&
S? g softmax
L
: — = kmw
| — ]
Hils T /_I; = KHW| :ﬁ S
et G _ ‘
e —
w { —
s Gather

3.3 HMABMLESINTFE HEHR

BiF ormer J&—Ff il 15 X2 B (1) 3h 25 5 o
BB R S I HAT N A RO Y B R 1
S3TC , TG b Al BV A 5 R PR b 8 4 Ry R R
{5 B, BiFormer ffi | BRA (Bi-Level Routing
Attention) ([ 4(a) ) fENIEAMHEH . BRAXS T
BEWMA HEREE XER" Y K AR
TEEIR 53R S X SAE & X hl, Horp B AN Xl
& (H X W) /S*AFRAE ) i, X — 20 B2 8 o
X EI R X ERS MO St gy, SRl i
LMEMIF R Q=X W' K=XW" V=XW",
H QK VERS MW ON Wi Wt W eR "¢
I3 B2 query key . value i % S AL E .

BiFormer fifi FH DU % 4 35 2549, &l 4(b)
i o FEREA B Bk FHAS [R] A 5 12 Ak 3t A B804
XF T8 — B B (i=1) , {fi /] # & Y patch embed-
ding R AR % A 25 8] 1Y 43 98 58, 138 e 8 At
XA 2 5 3 A B (7=2,3,4) , EEAE
FH patch merging 5 He S AR [A] (19 ROR

w

(b) H W H W
Stage 1.8>< 8><C Stagel.l6x16XC

BiFormer ' Patch
block embedding
A xN2 y xN3 !
Patch BiFormer
embedding block
; ;
BiFormer Patch
block embedding
A xN1 y xN4 !

Patch BiFormer ||
embedding block

H H W
— ——=X==X
4 32 32

Stage 1: x%xc Stage 1: C

K4 (a) XUZH i TER (BRA)B s (b) BiFormer iy (A 84 .
Fig.4 (a) Double layer routing attention (BRA) module; (b) Overall architecture of BiFormer.

3.4 4SEREE ML

TIASOXL [o) R A1E 48 5 15 0 2% (BIF PN) RE 8 52 31
fia] 2P A1) 22 RUBE R AIE il A, 7E B2 E A R T
A A [ s i A T3 AR R 5 . BIFPN 222
SEARAT A A — A Rk R,
TN AE 457 FPNZ5# a8 5(a) fif R, 206
FE AR N T )R SR AT AR Al A E . A
Je B ELAT T i SOAE B R AR R AT T, T L
P — WA IORS . PANet 25 &l 5(b)
7R B8 (0 BR A2 9 75 FPN 45 40 i il b 15 2~ 19
— 2% R Ia) L K7 A S A B T AR AE

rh i A5 T AR A P [ B L 8 o R i AR R
P B A5 B NI $2 = H AR R IAT 5585 Y. BIFPN
5 IN P 5(c) TR , 76 PANet 45 1) 1 3£ atk 1, o4
[F) — )22 78 H AT SR AT A TR)E 0 iR g AR
FEA SN K 22 WA 9 1 0 il 5 22 (0 Rk
6] ), 5 HT NAS 4R 8 52 fff ] BIFPN 45 4 L 5
P SRR RIS o A (D) (2) R4 IR
B — b AR AE il A 7 6 A 6] i ACRRAE A
XAl G
w, * PP+ w, *Resize( PY)

d=C , (1)
’ oy w, + w, + € (




794 W5 Bos 55 39 %

out

6
wi PP+ wj - PY + w) «Resize( P)

Conv ; . p
wl+u’2+w;g+€

s

(2)
v :Resize Jy T RAE S ERAEARAE , w &2 T F
AL E SR

P,O+@~ PO O @~ PO @~
P O—O— ‘ ‘
Py
P,O—+@—~

P3O—>‘—>

(a) FPN (b) PANet
B 5 RRAE Rl A S5 4

Fig.5 Feature fusion structure

(c) BiFPN

4 SILERL5 5T

4.1 IHRTEEMYEE

A5 7 & B9 6 fF B & S NVIDIA RTX
2060 Supers 8 GB (GPU) .Intel (R) Core (TM)
i5-12400F 2.50 GHz (CPU) ; %k {4 3 55 & CUDA
11. 6 .cuDNN 8. 2 #1 Python 3. 8, 3 3% i Pytorch
1.10. O ¥R BE2# I HESR . A SCfd ] LabelImg #5112
T HL G I B G B AN S R AT AR TR L KT
T 55 FEAE 19 Mura fift b #2  4R X) 43>8 325, W&l 6
BT, 43 ) R sk Mura 2600k Mura L X S0k
Mura,

e

I]

|

(b) Line Mura

(a) Point Mura (c) Region Mura

6 B Mura St 6 RE AR B A
Fig. 6 Sample pictures of LCD Mura defect

W 1w, BitA 2 674 5K B R VE 9256 5
P W Ar e A 0 B SR BEALAT AL S L H IR 8 10 1
B EE B 43 R I G B0 UE A DL R A L AR
A S5 B (o8 v BTSSR 5 A 4 A LG G R
AL 4 R A BOR 58 BE AN 5] S5 B0, 18

*1 RERMurathfEEESE
Tab.1 LCD Mura defect data set

W B Mura Sl 25 5 GIE e
SR Mura 855
4R Mura 367
X 3R Mura 952

FEA Y ZFEME A B T 48 B 7 972 ke
4.2 KIS AT ISR
4.2.1 %thwm¥

R 48 B 4% 1 il an R S B0 AT I 2k sh
HIE N 0. 937, W4k 2+ 2 5 0. 01, 1 1] SGD
P Ak & #EAT 0L, B 3380 0. 000 5, JFff
Warmup 98 2% 155 8 | 5 aok 8 v i ) 4 2 ) R 8
R R R T A TSR 5 e A A
SR 1 B 5 1 E R SR L A A I 2% 1Y
EUR DR F Z FE v . BB 4 AR R ST 2l 640 X
6403, Batch size & & 4 16, W 25 Il 2 I B B
24 500 epoch,
4.2.2 RAEIAR

7K S 96 38 35 K5 5 R (Precision) | 43 [8] % (Re-
call) 7% 1538 B R B (FLOPs) 1 42 26 5 H4 4 B 4
{d (mean Average Precision, mAP) &5 3§ 5 ffif i
A TERE . A 2SOF BOKS BE X 5 A R A A
T, A K (3) s o R TN IE
T A TE AR AR AN B0 R T A IE B AR B A B
W, an A=K (4) ros o A8 a0y 158k JF o T
P IEFEADNE S S IEREARAN S Z b, A =0(5)
JIF7R o

N 1
JOPdR
__i=1
Precisionzi , (4)
TP + FP
o TP
Recall—m . (5)

TE R A A, mAP W E i A5 28 00 Bl B 1Y
AP HEAG IR O B (E . Ho N SRR 9 45 46
A B2 5 %%, TP (True Positives) \FP (False
Positives) fll FN (False Negatives) 4 5l 1t 3 IE #
o DU HE 35 K5 HE 01 I A HE BB o B 1 mAP
1B e 7R AR AL TR 45 08 BOHE B b B T AR A9 A DU
.



N

5 6 4]

55 . 3T YOLOVS BT B 50 55 47 AE B o 4G 0 335 7k

795

4.3 ZBWRISH
4.3.1 B F WM& KBE LR

AR S o 52 56 R 5E Involution B X 9 45 4
fE 1) 52 W, ¥ Involution B Bk 5] A YOLOv5s #
g e e el TR S VD = N B 4 T TR <
YOLOvSs 5 8 i Femilh |, 6f Involution 5 T ¥l
B FERIABTAY A B T 25 rh AT 6 RS L, S
BWARWME 2R NEH 2.3 4l DI
Involution JZ i A P 45 H 4407 BB 52 e, R AIG 0 4%
FLOPs [ 25 i 2% , 1 % K5 51 38 .mAP@0. 5
FEAER IH &2 . MASEEG 1.2 5.6 ol i, AR5 A
%~ Involution JZ 1] Pl K I B [ K B 4% FLOPs,
B 24 mAP@O. 5 {8 B fb B A1, HL 857 0 Sk
WS, oA 8256 6 51 A 39 Involution J2 X 45 Y 1
RERZ I e Ko 5 9250 1 YOLOvSs B8 AH [, 3

xR2

FLOPsFE T 81% .mAP@O. 5FEIE T 4.6% . M
2% Az ] LLAE AR 14 Involu-
tion 55~ FLVR IS B 5 11 A9 J7 8 B 6% 45 g b T i
FLOPs FIAG MRS BE o S99 2 A b 52 56 1 1Y 19 2%
K i FALFEAR 2. 9% , mAP@O. 518 [ 1% 2. 3%,
FLOPsPEAK 66.5% . Bk, k1 P85 8 1) &2
PR S MERE PR R 2 WAL i A R R L
BRI 20 YOLO-1, K 7R T ARl K /INEAZ B
XI55 FEAE SR B A e 7, I 7Ca) L (b) W5 41 RF A1E 14
AL R OR T 1% 524 15 Involution 55 7 X A [H]
/NS e B R IE 7 2 BRE O o i 68 IX B RN
T 5 DXk, B0 DX % 7 I 286 o) g 7 1 O 3 X3
e 5 FRPR ] 1 45 B0 IR A2 BF X Ak 59 R AE LR
PEHURE J188 2% . T Involution B F7E 23 (A1 4EFF | E
Az BB S R 08 A G AR A 55 AT o

EE T W& EGLEF 5| Involution = HI Xt bb LI

Tab.2 Comparison experiments of introducing Involution layers in different locations of the backbone network
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Tab.3 Improved upsampling method
Model Precision/%  Recall/% mAP@O0.5/%
YOLO-I 93.5 91.5 92.1
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modules

T SALH Precision/%  Recall/% mAP@0.5/%
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Tab.5 Improved feature fusion

BrfEfh 4 )7L Precision/% Recall/ % mAP@O.5/%

ERIAENY 92.7 83.3 92.1
B 94.8 83.4 93. 4
PANet 96.0 95.7 96.5
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BiFPN 98.6 96.0 97.2
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G 0 A TR P B Y 5 T, AR SO 0 AT HE AT T I
Bl S5 3 ) 2 2R (Baseline) £ 8 YOLOV5s
H i A Involution # F ,CARAFE % F | BiF ormer
B K BIF PN S B 547 A 70 1) el st | Ho Al 252
KBRS SR AR I BB 5, Hoed”
FRRAE W 4 H el 7 X6 7 o0 SR s o

6 SC R FK M L B 4 7E YOLOvVSs £+
W 2% 2 5] A Involution J2 , fif FLOPs J& 2>
66.5% KRR T 2. 9% A I HRHET0.6% .
mAP@O. 5F#AK2. 4% . HILAT%N, 5] A Involution
BT BEAE K /D B AR 1 B ) [ I A BRI T
BRI 2 22 B . C ALl 5] AT CARAFE I
FREE T, 5 A4 YOLOvVSs B8 AH [, 73 [l
R mAP@O. 55 B3 AN T 2.8%.0.3%., D417E
B4 YOLO-T Ay &Ll LS fin bR+, HAF
R AR mAP@O. 54 B T 1.1%.1.5%
M2.7%. ML, B CARAFE [ RFEREDR
A0 PR R AR L O 2 B B A R R R G . R T
i — LR AR BE L 7E D 41 YOLO-IC B iy
et b, GAWIN T BiFormer 31 2 S B8, HoORS
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Tab.6 Ablation experimental results
F%5 Involution CARAFE BiFormer BiFPN FLOPs/G Precision/% Recall/% mAP@0.5/%  FPS
A 15.8 96. 4 88.9 94.5 99.0
B NG 5.3 93.5 91.5 92.1 131.6
C N/ 16.5 94.0 92.7 94.8 116. 3
D NG NG 5.9 94. 6 93.0 93.8 122.4
E NG N 6.0 94. 2 93.1 92.6 119.0
F NG N 19.1 94.5 90 93.2 112.5
G NG NG N 6.1 96.0 95.7 96. 5 109.8
H NG NG N 5.8 94.8 93.5 94.3 113.5
J N/ N/ N 5.6 96. 2 95.4 94. 6 110. 3
I NG NG NG NG 6.3 98. 6 96.5 97.2 103.1

R A 1R mAP@O. 5, FLOPs 2 % 3 fin 1
1.4%.2.7%.2.3% #M0.2% ., HAGEM T BIFPN
FROE R G B, HORS i 3 L 1118 . mAP@0. 543
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0.1%. AL, 800 BiFormer 3 & i #5581
U N BIF PN RFAE Rl 450 B RE 4 T35 AL R RE , HXS
R AL S TR B 3 3 U /N S o T2 R o 2
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ROAL, HORG 8% 4 B8 . mAP@O. 5 . FPS 43 1)
T 2.2%.6.6%.2.7% frd. 1. LI EZRE
W, i 2 0 9E 9 Y OLO-Mura #5135 55 $5 4
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Fig.9 Heat map of the improved algorithm
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B R ST I, R 25 R 32 6 iR . YOLOvbs
5 T e 2 AL B Y O L O-Mura 1 I 46 %43 5]
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Tab.7 Comparison of grayscale values of missed defects

WaorY EErE
. e K B .
1 K B e i e i Z1MH
184.57 179.75 4.82

184.74 182.12  2.62

YOLOvV5s 45
YOLO-Mura 6

4.7 AEHREMNEEITE

PSSR A | 230 R A 15 DA BAH S5
—FHAE T 81t 5 YOLOV3-Tiny . YOLOv4s-
Mish.YOLOS5n,YOLOV5s %89k AT X L S2 86,
VEAS T4 1 A7 55 2 1 A I B =2 () 1
ZEME IR MR PN . TELRA % IET ,YOLOvSs
P FE R AL AT, BT AAR SCHE R Y OLOv5s 1 2y S fith A5
RIPEAT Ok . R 8 AT UL AR SCR Al ) Y OLO-

®8 FREHEEMERERTLE

Tab.8 Performance comparison of different algorithms

FLOPs/ Precision/ Recall/

Model G y Y mAP@O0. 5
YOLOv3-Tiny 12.9 84.9 88.2 90.1
YOLOv4s-Mish  20.6 91.6 93.5 95.4

YOLOvV5n 4.2 93.6 90.1 93.2
YOLOV5s 15.8 96.4 88.9 94.5
YOLOv7-Tiny 13.0 87.1 86.3 90.5
YOLOv8n 8.0 92.8 92.2 94.8
YOLOvS8s 28.4 93.4 92.9 95.3
YOLO-Mura 6.3 98.6 96.5 97.2
& X X WK

Mura B B 9 8 86 % 4 [FR  mAP@O. 5 5 5 .
B X VR B W58 4 A Mura Bl B4 R HE 4 RS ) 5
T, 38 S R0 R 4 T2 RO A A N TR I A fif
BRI 11 O 4% ) R AE 6 2 RS FE IR FLOPs 9 )
A 2E — 25980 T R IR FE

5 4% 7w

AR SCAT X Bl 55 R AE A Mura it 28 22 I 46 R
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JEE 1 TR] B A3 A% 78 1 i el A ARG . S T b
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