.@ ﬁ‘\i t % N S SCOPUS, Z5EHTI
~ - A E., REE E

Journal of Applied Optics

EHTUHYOLO11H) B ERAR SRIGIIUBTIE

LEFM KFE R L KB

Defect detection in greige fabric based on improved YOLO11

SHI Zeyang, ZHANG Xiaolong, CUI Chuanjin, ZHANG Yuanzhao

SIHASC:

I, SkF I, EE AL, SF. JET Y OLO A B A SREG AN TEJ]. LI, 2026, 47(1): 202-212. DOI: 10.5768/JA0202647.0103004

SHI Zeyang, ZHANG Xiaolong, CUI Chuanjin, et al. Defect detection in greige fabric based on improved YOLO11[J]. Journal of Applied Optics, 2026, 47(1): 202-212. DOI:
10.5768/JA0202647.0103004

TELR R BE View online: https://doi.org/10.5768/JA0202647.0103004

T RO HA S R

Articles you may be interested in

FETF Y OLOVS s i T 622488 SR S

Defect detection of curved optical lenses based on improved YOLOvSs

M. 2024, 45(4): 781789 https://doi.org/10.5768/JA0202445.0403003

FETBOHYOLO- VAR Fr — A3 B R T SRR

Surface defect detection of patch diode based on improved YOLO-V4
N 2023, 44(3): 621-627  https://doi.org/10.5768/JA0202344.0303007
FHTHSESLAMAN B AT i3 St I Hay

Semantic SLAM based on visual SLAM and object detection

R, 2021, 42(1): 57-64  hitps://doi.org/10.5768/JA0202142.0102002

ETERFIE B RLA ) B A5 Bk

Object detection and tracking algorithm based on audio—visual information fusion

NI 2021, 42(5): 867-876  https://doi.org/10.5768/JA0202142.0502007

H T AR A7 [V R BE PR 4505 K B A

Nighttime low—light image enhancement and object detection based on knowledge distillation

R . 2023, 44(5): 1037-1044  https://doi.org/10.5768/JA0202344.0502004

HTIDOU-YOLOKZLAMEHR BN B Anisilida v
Infrared image UAV target detection algorithm based on IDOU-YOLO
N . 2024, 45(4): 723-731  https://doi.org/10.5768/JA0202445.0402001

PSEE (EFAVIN

Jo
S
an
e
¥
,E?t
=
il
E


http://www.yygx.net/
http://www.yygx.net/
http://www.yygx.net/cn/article/doi/10.5768/JAO202647.0103004
http://www.yygx.net/cn/article/doi/10.5768/JAO202445.0403003
http://www.yygx.net/cn/article/doi/10.5768/JAO202344.0303007
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0102002
http://www.yygx.net/cn/article/doi/10.5768/JAO202142.0502007
http://www.yygx.net/cn/article/doi/10.5768/JAO202344.0502004
http://www.yygx.net/cn/article/doi/10.5768/JAO202445.0402001

5547 4% 5 1) B Ot % Vol. 47 No. 1
2026 4F 1 H Journal of Applied Optics Jan. 2026

X E 4 S:1002-2082 (2026) 01-0202-11

Sl AR R, sk T, B L 4, 45 TRl YOLOLL (1 (R A Bl B A BF 52 [9]. 13 FH 2%, 2026, 47(1): 202-
212.

SHI Zeyang, ZHANG Xiaolong, CUI Chuanjin, et al. Defect detection in greige fabric based on improved YOLO11[J].
Journal of Applied Optics, 2026, 47(1): 202-212.

JEF G YOLONT By 11 4 A (5 s 16 01 9 5

¥ &M, RER, e, KT

(Hedp 3 TR M TR 4B, L Ji L 063210)
B B 4O A BTG IRANEE R HEEAA L RS EZWFA, 3 YOLOIl BA#IFTT 24
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W &I, dkA B iE 8 R JE @k 4 (adaptive scale fusion, ASF) #£ 3k 5 DySample £ 3= % 2% ASF-
DySample 83k, T 2 R EHEWHE RS TN AE LA, KRG @ T8, #—FRA D
B AR 4 ﬁ%ﬁl&ﬂ‘ THERZRS, RE, 7}/‘0”'1 3k £ A MultiSEAMHead, i@ it % 4 % & 3L
fEFgAe £ F LR A K ek, 3t —F BB AR ARG 52 R R, Bt s % DAM-YOLO *%ii_
# mAP@0.5 & /& 4 YOLO11 #£ & & # T 2.3%, LwiT G A B ARANAES TR RRS E
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Defect detection in greige fabric based on improved YOLO11
SHI Zeyang, ZHANG Xiaolong, CUI Chuanjin, ZHANG Yuanzhao
(School of Electrical Engineering, North China University of Science and Technology, Tangshan 063210, China)

Abstract: To address the challenges of low detection accuracy and high miss rate in defect recognition of
greige fabric, this study systematically optimized and improved the YOLOI11 model to enhance detection
precision and speed in complex textile inspection scenarios. Firstly, a C3K2-DCNv2 module was introduced
into the backbone network, leveraging deformable convolutions to improve the model’s adaptability to target
deformation and complex backgrounds. Secondly, in the neck network, the DySample and ASF modules were
integrated to construct ASF-DySample module, achieved dynamic sampling and spatially adaptive fusion of
multi-scale features, effectively preserving detail information, significantly improving small object detection
accuracy and feature representation capability. Finally, the MultiSEAMHead module was adopted in the
detection head, which further strengthened the target representation capability through multi-branch semantic
decoupling and contextual aggregation strategies. Experimental results demonstrated that the improved DAM-
YOLO model achieved a 2.3% increase in mAP@0.5 compared to the original YOLOI11, validating the
effectiveness and practical value of the proposed method in object detection tasks.

Key words: object detection; YOLO11; C3K2_DCNv2; ASF-Dysmple; MultiSEAMHead
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Bt 5 2 e s A S AR 1 A g, A AR
R 7 B A 7 I DR R, HG T S )
B JF S S A R T g e g 1. 4R, B
B 43 1] 9 A0 Al A5 A N T A T, 3 A 7 =X
AFAERG IR CRA | T A TR A 256 o S5 [m) A, [] Bsf
FTIARMEE & o B E T 4R (8 AL G HL AR
PR B2 AR HEAT B 3l A B B A, 33X Fh 5 v BOAR 4
b TR & AEAT A — 3 W R BR M o (& SR L
AL B AS  32  X T HOE AR AR Y 4 O TR
N TR BYRAAE, XF 40 58 00 A RN BR324 45l L
JR&, THI X 10 R AT A AR JC A T 22 Rl B 2 01 L
o R 1 | TR 2% i A ) R, oIk B AR T T K BR
A7 O T B TR DU A R OR o R, it —
T AR v 8. S R R ) 1 B A A Ny kA
=

Bifi 7 B AR A & R RN Tl A s AR K, TR 2
SJREAIC 2 2 Tz o B R M ) A A
Rl b, JF B2 A T RAFRYRCR . B bR Ak
F= A B B AR R B B Ry
B B b A D B 1k S AR Al PR R U R AE, PR T
Ao 3 X S8 — A T A BG5S, A A v
JE FRCAR AR, ELARG I 280 3 L ARG, o 2R ARV Y O
11 Z #E /& RCNN( regions with convolutional neural
network) ™' & %1]; 1 LA YOLO(you only look once) ™
RANHACTR BB BB, B4 ARG b B By
AiE, I [V 10105t P A 0 o 2 R o 2 5 21, R K4
FET KA

BT RT R AT S5 5 R AR 0 SR R RORS R ) S, AR
Z W5 AL Z PP IR EE 27 2 A B AT T 2 308
F o TS ME T ZEXE Fsater-RCNN P28 5| A T A
ARVEG AR, DAY sl il 42 4% G2 45 BROME DU I 1) 42 2
TERFHIERIBE T, IR T X323 L (generalized
intersection over union, GIOU ) #i 2k pR 5 AL G 11
22 FF ¥ (intersection over union, I0U) 41 2% pR %,
EAR T SR SO A MERR R . (R B E AR A
AR AEAE TR K R I S B8 Y [R) L,
750 38 o ml A & B & I WL (convolutional
block attention module, CBAM) F1 XX [1] 45 11 45 7= ¥4
™ 4% ( bidirectional feature pyramid network, Bi FPN),
DL T X6) A7 VG ik i 1) 2R £ 8808, A 28 T Bk
FEAEFNE S, B8 1 A IS B2 R BUAS T AN 4 1 %
o FTUEEE TRt YOLOVS £, 5]

A 1k 45 B ( grouped shuffle convolution, GSConv)
P 285 . X ) R AR 4 T35 Al TransViBlock #5H, 7H %%
P TE T AT DT BRI (RS E S S L RS s
5| A Y5 %5 41 2% #5 %X (equalization loss, EQL ) Fll 2 fif
1 2% PR B v2(equalization lossv2, EQLv2) , fifk T
YOLOVS #7245 S At B A, AT 5 1 44 [
R, IG5 G SURRE 4 T8 W 4% (efficient feature
pyramid network, EFPN) 71 I 75 5o 78 7k 222 g 4 455 ke
(noise reduction-residual shrinkage building unit, NR-
RSBU), & 4% s/ S8 A A0 B8 7 o B e kMY
GLEGIRE B M FAR S, 218 T —
T B BT SV R I Ty v o R AR TR B A S
AU R, SR T TR Y 1 SO iR
AE 7, I3 5 T F AN W] 28 Y B 2L I 5 RO RS
B, HREAR SR /D Hel i 5 BRI S8 3K,
TR 1 32 IR 55 BB MERE UK .

BEOF DL b Tn) R, Ay i im0 2 A e A T A
JEE, AR SR — i T2t YOLOT1 1 FH ER A Bk
KA DAM-YOLO. 7 M4 il A C3K2-
DCNv2 A A JE 45 BRI £, 38 axk 1 15 J8% R0 g AR AE
149 i B 1 RS [] 9 25 TR) L 8 L SR A s A i ACRRAIE
WAL, >F R 5 B AR v ) SRR L, DA o 4 B
FE % T 0 e R4 RS2 R rh R AR R AE . R
ASF-DySample | RAFERIH, FEAR T 5 ADE IR S
X FERE S AN ) e o ] B A 0 Sk 4% 4 R Multi-
SEAMHead"” #3¢, £ & 7 FFAE B (10 43 FF 32, 10
XN H AR TR 1 g

1 YOLOI11 #EIF I8
1.1 YOLO11 # A&/

Ultralytics [#1BA T 2024 4= 9 H %4 T YOLOL1I,
AH A b A1 BN L —ARAE i YOLOVS, H = 22 A
&t C3K2 AL, B 4 f5i 5 A7 C2f, JF7E SPPF J il
T 2T EE JIHLE B C2PSA; 78 I A 1Y fift
RSN Sk PR 6 1 PR A TR B 4 B AR B (depthwise
convolution, DWConv) , DWConv & — Ff' 5 3% it 45
FRO7 2, 3 aak B Kb B A 5 T R D T B, 4
A 1x1 By 25 B T (pointwise) , T2 IR E 7T 43 5 45 1
(depthwise separable, DSConv), 1] LLTEf4 45 I’ 4% 11
FIE 1) [7] Fsf 0 R b il /D A5 A6 (1) T 53 52 2 2 B R 24K
s [RIE T YOLO1 1 A5 78 (4 U8 B 1 56 B 5 Btk A7
TRUEEE P . YOLO11 W 4% 25 k) = B A 55 i A
%t (In-put) . & T M 4% (Backbone) . £i7# (Neck ) Fl:
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% HATHEE 1Y

M3k (Head) 4 #8437, AHF 53 487 FH 2 500 FORE 1 7 4%
AR YOLO11 {E R Sgedsin], Hegiindl 1 fs.

) [ViiDsea]
| Coﬁcat |
[ Concat | ((C3K2 ) [ VIiDetect |
IUPstpleI
C3K2
Concat C3K2 [ VIiDetect |
Backbone Neck Head

E 1 YOLO11 M &5 E
Fig. 1 Network structure of YOLO11

1.2 DAM-YOLO igit 218
1.2.1 C3K2-DCNv2 #£3

15 45 1) 2 FUAH 28 W 2% ( convolutional neural net-
work, CNN) fiff FJ [& 5 A9 . BLIU % 45 AU (i 3x3),
TE MR b 42 B B R R FERRAE o 3R [ 2 1Y
AR T PR 1AL LA A2 I FH AR I AR 22 4k
35 N BE T, JLHAE A B 26 g 5, iR AR TE |
BRI f A e i R 2% . P AR T 4
(deformable convolution network, DCN) +& X £ 4 %5
TR — g Ji, LA 0 JEVAELZ 7 [ 2 SR A A5 3 A
e, dE AR ) R B, A A R B SR A RE S AR
P AFEOESEAT [ 38 8 B, DT 30 2838 NI AL o
SR, 78 45 BRUAS B] ( ReAE 7T E 23 32 B 0 K K&
WA T 55 ZAUA] 28 B 5 RN 2% ( deformable
convolutional networks v2, DCNv2 ) i iz 2 F} JL ] 7
B HE 1 NI 25 i B2 K i DON, D 500K ff i 12
B HARXT S B RFIESS B, DON BEgs i an & 2 fis .

7E C3K2-DCNv2 #E 8 v, oy i A e 3 e 5 —
A 11 45 B B 2 v JR) E E AR e, BE SR IO S
n />4 DCNv2 [ F 18, B 4> 1 B8 oy 34 &
Ix<1 [ 4EE TR 3x3 Al 28 1 4 L DCNv2 Al 1x1 I

Conv Offset field

Deformable convolution Output

Class score map

B2 DCN g
Fig.2 Structure of DCN
o 5 AR, A 0] T 5 Ak 22 M RS IUAE BB . B
J5 it ik — A 1< B PR RGE TR ¢, SEIN
FRAEAS e, FOSERE AR 3 R

n

C3K2-

milrEenl i en
DCNv2 Selit Il penye {:}DCNVZ

B 3 C3K2-DCNv2 T{EREEE
Fig.3 Schematic diagram of C3K2-DCNv2 working prin-
ciple

DCNV2 A A

k
W@)= " Wi X(a+di+Ady)- Amy (1)

A X M AFRIEE L a 8 R SFEE; wa) N
i S RRAE B BAR R S a BFRAE; W R 2E 3 B
d, N8 E M i 5 Ad, WARFE A k AT 22 2]
FoAH; Amy G ZE i k BRI, BUEE Y [0,1],
1.2.2  ASF-Dysample #

£ Neck [ 25t @il5 T A & W R Rl A (ada-
ptive scale fusion, ASF) #£ £t 5 Dysample #5 £t JE
BT Neck M4 . Hirp, ASF AL o 25 & 25 1]
RS AR 52 BORS A EL PR3 08 S 491 53 1) o IR B
£ YOLO 43 HIHEZE () JEalh L abA7 4 . Bk, 5l
AT RE 7 5 F#1E fil 4 (scale sequence feature fu-
sion, SSFF) A543 iof SSFF #54, W 2% BE RS A5 2 i
Ak AR REE RRIEAR B, $E T XA [/] R~
HAR BN AL B GE 77 . R T i — AL AR R 42
Boad #8, BLdeiR 5] AT = 3 RRAE 4 S 48 (triple
feature encoder, TFE) B3 . 88 Pl o il 5ok A
Koo, AN RUBE A RRAE 8], RS 25 G AN IR RUEE i 20
WAF B, 2D R X B AR 09 4y SRR T, e
SEAE R /IN RS H Ak U AN A 2275 S i R I R
gl . A X PRI LS G, 2N AR A% T
I M PR R 2 ROBEAS L, i BEAE 40 719 42 A1 B AR iR
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590 7 TG B TR oA 1, S O TR AE B BR A
A EMTE S5 R FE

SSFF 452 He i 18 il A v 2 4l 15 5 TR 23 08 AR
fiE, i TR T A% G R SR A op AR 40 5 A ) R
AR T Z REAE S, ST T M2 X% 415 i 1
BB, fE/AN B E s PRI H 6, b
b, SSFF A5 6 A 1 IR AN 75 () 4R IE R B L, 384
S TR TR (B M SRS B, AE /0N E Ak T N RS
Sy RIS TSR . W A A BN fiw,h),
HGERE T w. BN by ¢ 9 FRAE TR 60 4E R
g1, H A FRAE B 5 2 S g AR Go(w, h) 1746
iz B )5 15 20 08 I 45 R F(w, h). e i A )
SSFF A4 4 e 12 4% AT 38 3k 3of i 2 g A PR A7 R

Ak, Hat B il
{F(,(w,h) =G, (w,h)f(w,h)
WA (2)

G,(w,h) =

c 202

2no?

K Gy(w,h) R —Fp RS T A, 2]
T B ARG A% rp 0 W 7 RN 40T, LA i B AR 1Y
FRAE, IR AR i bR vfE O 2% o AT, o 45 08 D% 25 19
PR A R, B R R S BB BR R
R AT AR AN, W0 R BRI AL, B AR 75 O
o R -, B/INEY o 23 A R 1Y v T R
B MR Z, MARM o2 R IZ 5
iy R AL, (A5 BRI~ .

P3. P4 il P5 43 5| 7R FRAE 42 735 P 28 Hh AN [
E . AR R R E R RHERL, o, P3 BT
m RS R BRI EE WA E R, HaE A /AR
JE H bR FRAE 2235 . R LA SSFF B He b, 15 %,
Wi 1x1 B AU P4 R PS HRAF B8 E 5 g — R
256, LA DR 5 2 b B — 3tk S sk vk . R,
FHIRIT AR (L P4 F1 PS A9 R SF I 4% 2 P3 4AE 1A

Y ), AT 52 BIAS ) RO R AE (8] 1Y Gt — RUEE XoF
5. MJa, it unsqueezel ME K = 4Rk &P R H
VU2, SR R AE R, O JE SLR AR G R A 4 A S
o B4 s R OE IR IR R 4R 2 9f 4, I8 it
B2 REE B RE R, 758 =486 RS 2k
IR A o e, 8 S AR EXT P S
R B AT 2 — 25 b B, 5] B &5 A = dE U bR
1k (batch normalization, BN) £ SiLU 3 1 PR % ( sig-
moid linear unit, SiLU) $2HURE 7 51 RRAE - 38 5 45
R FRIBHE T . X Se AR, SSFF BLHURNMUA
ARG TN TR ROBE AR AT, IR ER T T R0 28 X0 48 75
FZe ROBEAR B i BUREE

XTI A D R AE AR 2 AR /N BAR Y [R] L, 4%
GERFE AL A T AR AR AU N RS R AE B R A7 R
FEEC S TR RAAE 4G JF, RBEFE 43 A KR
FHERE TR ER . hfdax —m, #2117 TFE
R B E G 07 F A RE A [R] RUBE (Y R
TR, TR LA R AiE, $2 T 1 40795 Bt it 5 4R R R
iKAEJ) . TFE BEHURULRER T 45 RUBERRE A 40715,
WAL T RRERL G, JCHAE 2 RS B Rl G o
b, SO TR/ B AR RN AT A 2 RE
PEiE T LA A RO MR R %

& TFE #5E 5 rp s At HT A9 3 408 b SR AE 408 47
R W, A &S, AGE T R R R .
[A Bt 4 FHl Dysample 3 & b RAE R 5 A bR AE,
AR BB BUR 0 R IR 5 M B iR s P AR
R AE L Ul BE Y 25 G 4 B RE D A5 #
THESR  EEXF R L N 3R R REE YRR A
S AT A B AR DR OGS B, B S 1
OE AR R PR, T SE B T 2 R AR Y
ARES S5RG . 25 i TFE 158 8 iy 4544 40
&l 4 firs o

Downsampling

(0.5¢25) el
Large [ f— 19
AvgPooling
(1¢,25) (1¢,18)
- ) 16,15) =
(led (e, 5| @e,l
M | >{ConBNSIL ] oty
- ©
S (16,0.55) (16,18)
1¢,0.5
Small ( 5) Dysample
(1¢,185)
~ @@ @

B4 SIABNE_EREER TFE R
Fig. 4 TFE module with dynamic upsampling
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K 4 ¢ i 8 8, S 9 ERAE | RN, A
TFE #LH0K 3 FhOR R RF R AE EVE ST . 7
A B R R R AE ] (large) I, 156, ) 8 AR B 1
P di A RRAE A 38 B B0 % R 138, DARE R 2k
Wb FRGE—AEFE . RS, 43 0Ok R Kt Ak 5 57 1
Ak MG AT ORAE, HE—28 46 25 1l B, R
TR B o A3 R AR A R N 4 o FE X /N RST R AR
Pl (small) (10 Ak 23 5 5t v, ) 30 o 4 RS B o L
T BT G — A, DU IR R R R E Bl A i —
S AN, WA, B PR L NRSE R
FFAEE (F1, Fm F Fs), £33 TFE 55  fi R AE
€| FTFE=Concat(F1, Fm, Fs), fi i 45 F €] FTFE 143
PR 5 o ROBE 4R AE B Fm A (A, (H 8 38 502 Fm
) =A% o i XAy 3K, TFE B s T s2 8 1R[]
FUBEREAE Ol A, B T 2 (S BRI RE T .

4

- > 0.5¢
Linear s i
" 2gs
X h__ w 2gs? w28

- >
Linear

w 2gs*

Dysample 551" 2 — 0k 2 5 ¢ H s A 3K
MBS ERAERLER, 21 T — M L s &6
FRI BT LB, I FH PyTorch 4R P & D RER T
R, BEAS AR I FEAIE P 3 25 R R A T 3, R —
P R A2 AR SUOR B P RE AR BT % . Dy-
Sample B HL A S5 F49 40151 5 BT, 8 2 RAE fUAE IR
o 1Y AN AT 6 IR

Sample set
. P—
Sample point sk '
generator u!
| sSw g
. sh
hl x Gird sample—p| X'

c
w ¢
sw

& 5 Dysample & 45+ &

Fig. 5 Dysample module structure diagram

sh G

w28

Pixel shuffle s/

Q
fanV
A2y

57

6 ENEBRERERNR

Fig. 6 Dynamic sampling point generator

TEE S, X o ARRIE, X ok R FRTE, ¢ A
T AR Z X WL AT 2 2] R AR . AR B
S6 38 o B A R A A iU AR (sample point generator)
T A SR AE A A, SR A SRR 8 38 N SRR AR
B 2S [R1AR AL . 24, SRAFE eREL o F) 3k 26 2E B 1)
SR ASUOGTAREAE L H 2x () 28 4 7S o %5 (grid sampling)
EAT HE TR AR, B R I 2% BE % B 47 b A AR
B an 5 (5 5 . R, Hal ik — R #4E, -
FAE T B RRAE L BE % 48t 0T w1 3 R A 21
YT, R e S A B IR AR AL T O A E B
PP T Bl A RAE 1Y SR A D7 A A B 22 RUFE &
Gt BA IR KB P, R 08 42 FH s B XT /N H Ar 8k
Y75 TR RE T o

&1 6 Ry sl A5 RAE A A S B R, A O 2 A
LG RFE M 2% (G) AR A i (0), s I LR
P B PR, SRAE AT AR JC A i Sigmoid pREL o X
B NFEOE AT IO FI A a9 A o A — AR 2R
B AR B SRR B AR B RGO, S T
I EG RS (4 [ B £ 5 H 4075, DySample #5623 F)

FHE B )22 2 REAE B i) B — 7 B A BT g
IR 6 D #2 [ i o %AW B8 HE IR T DU R SR R
B H bR E Z A A2 [ A2 B G &R, e 1R AEAK
M EAERER . R, R R IR ERARD
(pixel shuffle ) ¥ i L&) if fiss £ 12t H 20 Ay 0 15 43 ¢
RS i (8] o 38 X AR Oy = e RS R e g
0 b T 7 i AR PR e S 7 B, DR
(23 R0 55 o A i R R A SR 4 19 {5 5 J 4 )
8, DySample 5 X fi A SRR LT 3 0 R, 1%
Jo A T A B 1 S ) AR B A5 G e o PR A RS B A
JSCHT R AIE &, DA T 7E SR A 3 i b A 0O B R AR
40755 I 42 T ER o B AR, E— 2D B sR X /N RUE H
T DX SRR R S 1) T e

A, 4 SCOF: ASF BB 5 Dysample #5H @l A
% Neck P 2%t 76 QR UEH = 52 18 [R] B, A 2%
P FE 1T R A SO P T A R
1.2.3 MultiSEAMHead ##] sk

MultiSEAMHead #& il Sk 1 [8] )5 73 32 #1532 53
SCPIERAF LN . AP RN H 43 3251 A MultiSEAM £



NG 2026,47(1) B, & 3L Tt YOLO11 () FH BRAR S 5 A6 U A 7% . 207 -

B A 23 RV RRAE A RE 7, AT 48 T H A5 0k
o Al Sk aE ik 22 ROBE 5 FRORT [ 3 I AL R A
RO T RE RN AR T, RSB ACE S LT A
T N7 R HE AN [ AR 1) A, 5] S A O G
A B o 38 2 4 A £E AU K U distribution focal
loss, DFL) A5 He 44 85 i 3 413 5 46 Ay 3% 232 300 5HE Ak
P DFL A A% 0 SRR 2 SRHE 1 101 0[] R 1k
N A A 2 ), EAROR U, DFL K 21 FHE
AR AR CAn b 5L D BE L ) o — R
A1, 38 5 B /M TN 43 A 5 LS8 A3 A 22 T Y 22
SERAAEREAL . DFL A~ n=X(3) ii7R:

DFL(p,q) = - ) a/In(p) (3)

R py SRR T 64 70 A 5 g A L SE oA o 732
3 ST SR AR AR R — S TR AT 0 s s R
( depthwise separable convolution, DWConv) P 5% 3
o R AL B B, 2 3 o — A BRI Ak 4
JE, FEAH MultiSEAM Kb 5 73 208 A5 B, &
2t i — R N S B R  . MultiSEAM-
Head 59401 7 7 .

Conv |—>|Mu1tiSEAM|—>| cOnvzd|—>| DFL

DWConv|—>| Conv |—>|Mu1tiSEAM|—>|cOnv2d

B 7 MultiSEAMHead k224
Fig. 7 Overall architecture of MultiSEAMHead

MultiSEAM St — i 2 3 1 2 1 ML, H 454
i E 8 o, W HE 34 A A T (patch-3. patch-
5. patch-7) 1% i i& 5 %5 [H] JE & (channel and spatial
mixing module, CSMM) £ 3t B Sl 3 2 ~F- 1l Ak
(average pooling) #4 F X i L& 45 B (%) 4y Hy 47 &b
P, SR )5 #5470 B 3 (channel expansion) #21F, fix
J5 AR 3 LA B AL G 5B 0 R AR R s o B 8 A5
CSMM #E He (1 5 A0 A1 Jmy o 32 Bl 3 >R F A T[] )R
Y patch KA R I RUBERRAE, DT Aff O 0 2%
RERE AL R B 2 RE MR B o Ak, BEHn A
FHGBE AT 43 185 45 FROR 2% ) 23 [A) 4 i 5 30 38 2Z 7] 7Y
KFR . WEER 4386 AR08 0 2 PR AN 53 & 4
J&, 135 Bl 0 25 4 41 21 5 0 4 2R A 18] R Ak
B FR o X Fh 7 2, CSMM BEHA TR
T& T RAAE SR B Z2 RV, IR 3 5 T AR AN [6] R
JEFFIE R AL FREE T, AT = 1 B AR 1 RRAE KR
Jiit. CSMM ik, Patch embedding 4 A 1 [&]
B3 (patch) FEATHR A BYIRAE, iR 22 4 pE ot

( gaussian error linear unit, GELU ) /& — F #if1 2 [ 4%
TS R, B E AP b SN R R 2 e Y AR Ze
FEPE, TR AL Y 2R 35 B8 71, BatchNorm 47 41t
9 — AL, F T sl Y 2kt F, B o 1 fe O el 2
o #1-& B & 4=, Depthwise convolution A % & A 43
B RS, T R A A 38 53 0 E AT A R ERAE,
Pointwise convolution & i & 4 LM, fff F R ~F
Ix1 1Y 45 BRUAZ R Rl TR B P 0 B9 A5 AR B AR, T
AFRE I HEAT AL B, ZAE R BT B 78 A 0 25 ]
2 J R ) A0 SO B, BG4 X6 /N H AR Y
AL GE J) . 2R G I 2 ROBE FRAE FITR
BETT 4 B 5, CSMM 7R AR R THERCR 9 [R] B, £
f T RRAE SR OSB3 X TN H A D G H
B

] 1 {
[ CSMM ] [ CSMM ] [ CSMM ] (C_GELU )

Patch=3 Patch=>5 Patch=7 ~~——
convolution

BatchNorm

Average
Pooling

D
T

Pointwise
convolution

Channel expansion

®

| CBaom )

B8 MultiSEAM E{k42#y
Fig. 8 Overall architecture of MultiSEAM

i 32 ¥ MultiSEAMhead fil A 2] YOLO11 (£
WSk v, i T BRI 5 2 3 5 rh 2 B 1 R A R
TR AR RE T o
1.3 DAM-YOLO #&%!

BT RO, ASCLL YOLO1 1A FhihAs
IR T MR DAM-YOLO, #%%, 76 YOLO11
(1Y) Backone FJ%% 1, i C3K2 #iffly T C3K2 DCNv2,
DCNv2 7ER[ SR P BIAT “ I ” (modula-
tion) , i &8 &1 411 AL TR 24 2] BN SRAE S IR RS
G T a2 ) B i, B B Y R az
AN P Je B [ 2 T, T 2 BE AR U S A RRAE 1915
SUAE BB sh S T %, DT B8 v o b B2 B H bR 6 52 1Y
FRAEME B . HK, £F Neck M 2% tf 45 il T ASF
e, ¥ Zoom cat H' TFE R (U1 4B I RAFE LB h
A FoRBEEE, JETE Neck B Tk fin T b SR pEAR



¢ 208 NoOH e % %475 F 1

B Dysmple, A R TE T4 F R A Bk K AR Y JEE 138 18 =2 18] YA OGP . DAM-YOLO # AL RE S
Jio Ja, BRI Sk i 4l Detect MultiSEAM, o FEORS ofi i RS 00 1 60 A SEOE , 4G 0K 32 M FH 78 47
I 22 ROBE R Al RN J3E ] 8 2 RO 27 2] 25 ] A B E T, DAM-YOLO 254N 9 s .

nv

| gl
|

s

cat

» Zoom_cat

C3K2_DCNv2

Conv *
C3K2_DCNv2
Add
| Backbone 1 v Nek bt Head | !
9 DAM-YOLO # % £ E
Fig. 9 Structural diagram of DAM-YOLO model
2 XWHERS5HH $4E 53 R (hole) . 3K (scratch) . 549 (objects) .
21 R R R R S B R 1575t (stain) 4 2, A& 10 s o

P R AT A SRR AR D, BT AR SRR T A
FREARAE, VR LR S 00 A B O SR 22, O
SR T R BAR R B AR, AR T —
73 TILDA i 4, Ho AUy A 57 i 7 vh 3R A /Y
FSAEAR . HE B AR IR 2107 sk KR, B4 H]
ipg M5 A7, L4 N TILDA Hh i B 800 gk 18] A
1307 5k AHI R o KB Btk 8+ 1: 1Y L
EABURWSRIEZR SNSTIFRW SUIE AT SO €/ S ) B 10 AEhHEEE
5 4 FhIBOE, 8 15 X5 BOHE SR REAS B9 40 B Ab 3, R B Fig. 10 Sample of greige fabric dataset

Objects

Scratch Stain




NG 2026,47(1) B, & 3L Tt YOLO11 () FH BRAR S 5 A6 U A 7% « 209 -

22 EWHESSHIEE

S 86 % FH Pytorchl.10.0 78 FE 2% > HE 28 ¥k 17
YOLO11 £ &Y (4 44 . Il 2k ALk o 55 4% ok H
NVIDIA GeForce RTX 4090 %t K, batch K /)N i% &
16, YIl R A KR E O 300 2, A T CUDALL3
( compute unified device architecture) #f 17 K] JE &b B
#% (graphics processing unit, GPU) il i, LA $£ T35
HLIEDE A 2 e
23 FMIER

ALl RS A % L A3 R R FPEIHG B
Y418 (mean average precision, mAP) P, ,p, 1 15 il
X R AT e B A 1Y) S EEPEAN HE AR . mAP AL
PG HE B AR A RO AR R o Py Ry Pap BT 25K

SN 4~z (6) FroR:

D
P=—1 (4)
Dy + Dy

Dy
R=
Dr+ Dy

PmAP:%ilPARi:%znledR (6)
i=1

i=1

(5)

e Dy Sk I R B A B AR DE MR
00 1) ) B KL 5 Doy SRy A BB A I 1) d5R o 1
Pap HEAZNE T8 B 5 n Oy HARK DU AT 55
WO S, IL Ak, 3 S %0 (Params/10°)
VERBERIRCR T 808 2 —, S8 B, f
TS A N
24 HBLRIE

R T 56 AR S A S P B A B A T 11
20, DL YOLO1T JEARE RS g B Al R A7 T 78 Al s 58
SR T A TR DL K2 G Rl AR . T S
ZERING 1 PR, N Rzt

F1 HRBLWER

Table 1 Results of ablation experiment

C3k2 DCNv2 ASF-Dysample MultiSEAM P/% RI% mAP@0.5/% FPS
82.5 74.3 80.2 186.5
J 83.0 74.7 80.6 183.2
\/ 84.2 75.0 81.2 165.6
\ 82.9 74.9 80.8 175.8
J \ 84.5 76.0 81.6 1735
v 3 83.3 75.1 80.9 1783
y y 85.0 76.5 82.1 170.2
y y y 86.8 76.9 82.5 1723

B2 1Al R B B mAP@O.5 A 80.2%,
JIA C3K2_DCNv2 5 3 f Ao K B2 A1 [l e A
FTHE T, B UE T AT AR 4 BRGS0k 7
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B B AT RO R TR BERRRE W A g
[] Fsf 7 Hp 43 SRR AR L SC BT 5 1 SF- A, DTG
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Table 2 Comparison of experimental results among different models

Model P/% RI% mAP@0.5/% Params/10° FPS
SSD 72.5 62.3 72.3 272 46.8
Faster-RCNN 72.9 63.5 73.1 136.3 272
RT-DETR-1 70.3 63.2 74.8 28.6 88.6
YOLOV5s 84.4 69.6 78.2 9.1 148.3
YOLOV8n 80.9 72.2 78.4 3.1 174.3
YOLOv10n 81.1 66.4 75.1 7.4 175.6
YOLOL11 82.7 74.3 80.2 2.6 186.5
YOLOvI12n 82.5 73.6 79.8 2.58 180.5
DAM-YOLO 86.8 76.9 82.5 53 172.3
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mAP@0.5 i} F YOLO RAEE N —f, I H=
B AR, RE AR R IR S 5= .
kb SSD, Faster-RCNN f4 45 T 1 fig 43 T 2 71, (252
ik B T 136.3M, 1T IR R A, R
BRI A, NG A SR . YOLO & §1) 5 AU 78
i 5 R B 2 () 3K 3 T 84T 1 P-4, YOLOVSs 1Y
K B0 3R A Il A, 43l Sl 84.4% FT 69.6%,
mAP@0.5 4 78.2%, A VERERAT, (HAH L. T DAM-
YOLO 5 H e i A A, G EE R A A 2 . YOLOv8n
) mAP@O0.5 A tt YOLOvSs i A 2 71, (H 2 $ &
i /N T YOLOvSs, YOLOv10n 4% I 48 45 #H % T
DAM-YOLO # i # K . YOLOvI12n 45 J7 Ifi % B
R4F, [ 25 0 1R DL K mAP@O.5 B B A1
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