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Abstract: Microfiber leather is a high-end composite material, and its defect detection is critical for ensur-
ing product quality. To address the challenges posed by the multi-scale, diverse aspect ratios, and numer-
ous small defects on the surface of microfiber leather, the MFL._YOLOVS algorithm for surface defect de-
tection was proposed in this study. The MFL_YOLOVS algorithm first introduced the multi-scale feature
extraction module DCNv3-LKA based on the Deformable Large Kernel Attention (DLKA) mechanism,
which significantly enhanced the backbone network’s multi-scale feature extraction capabilities. Subse-

quently, the incorporation of a P2 feature map and a Dysample upsampling module in the feature pyramid
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network strengthened the network's ability to extract detail information from small targets. Finally, the

Minimum Points Distance Intersection over Union (MPDIoU) was utilized to mitigate the inefficacy of the

loss function on small targets during the initial stages of training, thus improving the detection performance

for small targets. Experimental results on a self-constructed microfiber leather surface defect dataset dem-

onstrate that the proposed algorithm achieved 92. 47 % of average detection precision and 92. 40% of aver-

age detection recall, with improvements of 5. 38% and 7. 27% compared to YOLOv8n. Additionally, the

algorithm attainsed a frame rate of 135. 2 frames per second (FPS), meeting the accuracy and real-time re-

quirements for industrial applications.
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Fig.1 Diagram of imaging equipment
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Fig. 2 Surface defects of microfiber Leather
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Fig.3 Statistical chart of sample number of defects and their size distribution
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Tab.1 Defect detection results of different algorithms

Models Precision/ % Recall/ % Params/M FLOPs/G FPS/(framess™")
SSD 72.31 68. 46 24.3 62.3 43.2
YOLOv4-tiny 84.27 82.98 6.0 16.5 103. 2
YOLOv5n 79.21 77.83 1.8 4.2 179. 3
YOLOvVSs 82.47 83. 15 7.0 18.5 87.2
YOLOv7-tiny 84.16 83.96 6.1 13.1 82.5
YOLOv8n 87.09 85.13 3.0 8.1 149. 3
YOLOVS8s 87.75 85.22 11.1 28.5 78.2
YOLOv9n 81.35 78.31 4.1 8.1 120. 8
MFL_YOLOvS 92. 47 92.40 3.6 9.4 135.2

4.3.2 Hakgik

Sy T A VAL A5 SR H T Y OLOv8n 24k
T AU A R 2 R 3R T A A 55 v A 5 ), A
FEBTT T — FR G IH S5, XA AR B Bk 5] A

MAEGI AT T M. LRasRmE?2
iR

%6, A DCNv3-LKA #He J5 , K6 ) 8
M\ 87.09% 4 T+ & 89.18% , A Inl F I 85.13%
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Tab.2 Ablation experiments results

DCNv3-LKA P2 Dysample MPDIOU Precision/% Recall/% Params/M FLOPs/G FPS/(framess ")
87.09 85.13 3.0 8.1 149.3
N 89.18 88. 32 3.5 8.5 140.5
N, 88.52 87.25 3.1 9.0 135.6
N, 88.13 86. 69 3.0 8.1 151.2
N 87.91 86. 83 3.0 8.1 149.6
N N, 90. 25 89.91 3.6 9.4 132.1
NG N N 91.62 91.12 3.6 9.4 135.1
N N, N N, 92. 47 92. 40 3.6 9.4 135.2

P m & 88.32%, MR TR R S B0 W Y
AR RS R AE 22 RUBE AN 9E b 25 S 0 R A B
R b B0 3 AR GE B T DCNv3-LKA
Yol i 45 5 T AR P B UM K 6 B S T T R A
) REAE $2 BCRE 7 o FLUR, A P2 REAIE B AL B
Jo o, KRG PR T & 88.52% , A [l F T =
87.250 R E T AT, T E FPS B i
T B % 135. 6 frame/s, {H 1% 5 P8 i o I
ERERLS AR TN E R E S, B
FRRTE T N RS BOUE 0 R I AR . 4R L Dys-
ample [ RAFEBIHLE A B2k 31 88. 132, A [0 %
PETHE 86.69% , RARSHE MIT A R K4 D
F AL, {0 Dysample #5233 b 4 87 B2 1 fm £ 75

s H AR BRI A, SR A MPDIoU # #: CloU
2% R B R IR BE R A ]2 4y 0 R T &
87.91% #1 86.83% , MPDIoU & i 1t fk /M H #r
(4 320 SFHE 8] 05, A7 R0 e T U0 R0 0l F
MUE A E CloU R, B F 4w T/hE
P BRI AR o B2 LR A A B IS L OF B
WOKG BE R T T 5.38%, F M H R R R T
7.27% ,FPS Fa %€ ¥ 135. 2 frame/s, 36501 /2 T
R T 2 THT B G I X S B R A 1 A
B3R,

4.3.3 RAELEEB LR TN

3R T TS SR AR N R B G2 )

) YR8 V8 R IR X EL 5 SR U S IR 285 R A

il A KT /N H AR B30 SR A b B R PERE I 5 THI 00 o 0t T 0 50 B8 A BT A SO 28
F3 RIBEFEITLL
Tab.3 Comparison of confusion matrices
True Stains Debris Spots Wrinkles Seams o
Background Precision/ %
Pred (368) (247) (165) (169) (84)

Background — 22(—15) 41(—44) 6(—2) 5(—8) 3(—2) —
Stains 29(—28) 343(+22) 7(—2) 0(—3) 1 0 90.26(+8.16)
Debris 18(—5) 1(—5) 198(+47) 0 0 0 91.24(+7.35)
Spots 9(—6) 2(—2) 1(—1) 158(+5) 0 0(—1) 92.94(+5.51)

Wrinkles 13(—28) 0 0 0 163(+38) 0 92.61(+4.54)
Seams 3(—1) 0 0 1 0 81(+3) 95.29(+1.31)
93.21 80. 16 95.76 96. 45 96.43
Recall/ % — —
(+5.98) (+19.03) (+3.03) (+4.73) (+3.57)
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)L R DU RIS R B AR T . AR R AR TS B
R E 35 1 /N RO BECE A T, e A A I R
HE T R RS BE R IR X T A ED R Sk R X
ROEE A 98 22 5 K 1 BBUHE , o5 3 J 17 452 8 [i]
TP B BRI AR AR T . BRORE L Bl S
R e R W A A O E 8 7 N sy i
(ARG B2 35 5 T 90 %6 M b v, o7 3 BRI 1) A [ 26
W T 800 HY R AR E SR, LAY BRI 280 i) 43 [l
R T 90% o

Stains Debris

ag@

SLAE My Iy s 1 MFL_YO-
LOv8H¥E S YOLOvS 551 X T i 3 i 28 Y i) 4
WXt B 7E B, 8 A AE £ 78 MEFL_YOLOVS
SRR g5 R i A HEAR R T YOLOVS 1) 44
B G RERM AP I MFL_YO-
LOV8 B AE A U A A T/ RS K & 24 B 4R
e gy i, WAL T AR HER YOLOVS 53, i 2
T AT A RS I A T B T 2R CRZ 1 L 3 )
HL R o

Wrinkles Seams

P8 A [al A58 ) A6 ) 45 2

Fig. 8 Detection results of different models

4.3.4 DCNv3-LKA B3 4 2B 5 4

FAGH T RLHA DLKA £ f DC-
Nv3-LKA 18 i % bbS2 g0 285 4 o 45 SRR W 6
DLKA BEH A -+ W& 5, Bk 7 45 AE 42 8,
K DAY ORE B R A Il R 4y i 4R T 0. 720 Al
1.15% , {0 2 % & 1 Jm 1.7 M, FPS F & &
108. 3 frame/s, & M 3 B i R4 I o A b SE b

bl i B DCNv3-LKA 58 B i i 7 #2890 2 [A]
HEAE I 5] A Z A HLH, KT TR
BN AE R SO S B9 DCNv3-LKA #EH
ALK A BE A [l 4805 T 2,090 F13.19%,
M H A F DLKA B, S8 T 1.2 M,
FPS £ 7 & 140. 5 frame/s, fE 78 2 it /2 52 I 46
7 75 5K o

%4 DLKAFIDCNv3-LKAR LG R
Tab.4 Experimental results of DLKA and DCNv3-LKA

Models Precision/ % Recall/ % Params/M FLOPs/G FPS/(framess ')

Baseline 87.09 85.13 3.0 8.1 149.3

DLKA 87.81 86. 28 4.7 9.5 108. 3
DCNv3-LKA 89. 18 88. 32 3.5 8.4 140. 5

g 3 — 2 56 3 DCNv3-LKA £ B 78 45 B
FL I JE AR 0 R A 5 T A R L A BIF ST R
Grad-CAM (Gradient-weighted class activation
mapping) R X iR YOLOvSn £ 5 fif A DL-
KA B3 1 YOLOvSn £ # DL & fin A DCNv3-
LKA # 85 B YOLOvSn # 58 gE 47 7 #4186 43
Bro B9 Ca) k4 BN FEOE i S5l . TEL 9 (b) R,

TEARSIA KRG B M AL & BN T, R
T B 32 BE G T R O X R, [ B A A )
T e f) g H TS S AR ROE X, H R AE 2
WA — 2 R RM. 51 A DLKA B )5, & 9
() B RBAEIGEEHEIEEFNER LT X
5 B0/ T8 S T, % XU S ik
Y A — 7 BRI B % B 4 T M 2 T B R
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TR BBE B AR AE . B O(d) ik — 25 R W 78 DL- 3R A2 00, 384 3 7 X6 BOIE R AE A0 48 BUAE 7, AT
KA A im A DCNv3 Ja , B 88 3% e 17 e i X $TE T BRI 1R RE

(a) R A (b) Baseline (c) DLKA (d) DCNv3-LKA
(a) Original

K9 IR

Fig.9 Heatmap visualization

4.3.5 Dysample 853 A 20 5 #7 AR 4 LR M .CARAFE"" I Dysample
AWFFAE YOLOvSn FEAfi #7843 51| X e it PgE AT X He S8, S5 R N 3% 5 ME 10 s o

K5 ARERFEEROIREER

Fig. 5 Experimental results of different upsampling modules

Models Precision/ % Recall/ % Params/M FLOPs/G FPS/(framess™")

Nearest 87.09 85.13 3. 007 8.1 149. 3

Bilinear 86. 28 84.95 +0.005 8.2 140. 5
CARAFE 87.76 85.33 +0.076 8.1 138. 2
Dysample 88.13 86.69 +0.012 8.1 151.2

(a) JHIA (b) Nearest (c) Bilinear (d) CARAFE (e) Dysample
(a) Original

B 10 HEhE R A Ak

Fig. 10 Feature map visualization
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N5 1 S 50 45 R AT AT e Jr A8 47 1 R L £k
PE A (B T SRR B AH H TR T e )
HEAT 6 AE , AR B8 78 43 T8 B /Iy B A5 R 3 % R A AR
B M2 F,CARAFE I R R He il i 51 A
W22 SRS B R, 03E TR E 8 418K
S BE R T TS BN E R H S E T
0.076 M,FPS T [% % 138. 2 frame/s. Dysample
e ) 388 4T 378 A SR A O A g RS o, S T TR
RO 2SO SR AE AU T 0. 012M 1 2 8K
iR B AN | g 4R TF 1.02% M 1.560%,
FPSik%]151. 2 frame/s,

10 7R T 4% B ALTE Neck #4045 18 )2 %
FHATE T3 =0 R AR JR B9 4R AE & A Hhml DL
WA, 5 HA b oRAE T M e, Dysample £
FE A% T 1 PR 52 I %) 40 1 R AE 0 HEAE A B /N
H AR F1 1 2% 4015 Dy i R B 6 . X E B Dysam-
ple 7E 4G BE M4 5 A W e ) L By W AL, 0
T FH /N ROST SO A A T AT 55

5 T WILIKLiE

J T ¥4 MFL YOLOvVS & 78 52 b 4 72
W RN, AR R A & LT T
J = A H B . A D ), MFL
YOLOvV8 B yE S W T 3 A A= =k I & 48 v, % 5
B 1.6 m Y £F 45 3 A 7E 20~50 m/min i i
o P N AT T L IO AR I L 1R 1148 SR
T =A A ), 145 45 AT i AE TR 8E h
H R e S5 A . s R, MFL_YOLOVS 5
T ARG W0 ) A R RIS MR R T R SR BT Tk
AR . 5485 A T A )7 36 A e, MFL
YOLOv8 Bk i 48 = T A AR A T W s
B AG | K 0 7 i AR, O A AR TN A
MR A . FF L EZE R MFL_YOLOvS B L 7E
2T 5 3 T ST AG I B A S RN S A A
T AR R R N B RV B B AT BT
V&) F 1 FH A )

™ Precisio/% ™ Recall/%
100

96.7
96

96.4
L 953 95 952
928 93.2
2l HI 91!8 91.9! H l
| 87.5 ! ‘ ‘
88t | l a ™ |

80 L;| | ‘HJ| | ’Jl
Stains Debris Spots ~ Wrinkles ~ Seams

P11 Tk 30 b i A 25

Fig. 11 On-site detection results in industry
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I S P RS E M L B R T R A 1 R RIS R
WM . Rk A 5T T AR M & F ik — 45
A SR A5 A, AR A I0HS B, O R 2R e oAt
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