$£48%5 F12H Computer Engineering iT&EH T2 20224E 12 A

FERMRESTENA- TEHS: 1000-3428(2022)12-0288-08 XEARERG A th[E 4 22 . TP393

ZRESMEEENBEGHNESEN A YR G
M O, RRE
(VLR R N TR SRS, LA T8 214122)

OB SV HCEE RS IR 25 U5l AR 7= R Y BRSSO G I H A AR /N B b UG T R R [
b S BB 1 B8 L 25 57 R X S ISk B o v A TR) AL, 4 — BT 10 2 A SV B R T B . LA YOLOv4 [ 2% Sy it
filh, fd FH 4% 52 fb X 45 MobileNetv2 i = T W4 , A /DS H O E5E0 &, U2 LR FR. &
MobileNetv?2 ¥ 35 5% 2% 45 ¥4 HP il A Coord Attention ¥ 3 F1 B e K 25 AR A 7 15 B e A B30 38 78 78 1 v, 14 50
2 B AR /N HARERAE B9 BE 1 o 1T 1 35 7 25 (AR AF Fil S ( ASFF) R 48 g ik R 45 B 4 W 2% (PANet) , (i 455 780 5 5 2% >J 3R
15 22 RO R AF B 0 5 ACEE , T 78 43 A FH 38 2 BRAE 5 IR 2 SRAE 4 $2 55 55038 6 /N B bR 380 19 K D AS 1 . R
K-means++33 720 1 SC 50 HE R F, 37 F Focal Loss #R A& MU AU PRI BREL , B8 1K 1L | 070 AF A AS ST 5 6 K62 10 285 SR 1) 52
W, fiff DR AN [] b 28 FBOIE S 5 LU 25 57 R T 2 ) AS S 4 ) ) T, SR 85 SR 2R B AH A+ YOLOv4 B3k T #2500k 19 7 1
G T 2.3 F 205 Kl BE 3R T T 12 frame/s, AE4C U B FH - 2000 HOBEAG I

KR SUP IR DN 5 [ 35 N 2 (B AE Al CoordAttention B ; YOLOV4 X 4% ; MobileNetv2 [ 4%

=],

FHRE(FERSE)IFEB(OSID): 3

HEYE
s AR A5, RS 2 RERHE A 380 Al S 10488 i A 2V B A I [T ]. 73R4 TR, 2022, 48(12): 288-295.
FEX 5| M : YANG Y, SANG Q B. Lightweight-fabric defect detection based on adaptive fusion of multiscale
features[ J ].Computer Engineering,2022,48(12).:288-295.

Lightweight-Fabric Defect Detection Based on Adaptive
Fusion of Multiscale Features

YANG Yi,SANG Qingbing
(Schoolof Artificial Intelligence and Computer,Jiangnan University , Wuxi,Jiangsu 214122, China)

[ Abstract] Fabric defect detection is an essential process in the textile.industry for ensuring product quality.A algorithm for
detecting lightweight fabric defects based on multiscale feature adaptive fusion is proposed to minimize small-target defect
detection difficulties in fabric defect detection and the significant differences in the aspect ratios of different defects and high
requirements for real-time performance.Based on the YOLOV4 network, lightweight network MobileNetv2 is used as the
backbone network to effectively reduce the total number of model parameters and the cost of calculations to satisfy real-time
requirements.In the inverse residual structure of MobileNetv2, a new attention mechanism is added.CoordAttention module,
which embeds the spatially accurate position information necessary for detecting small-target defects into the channel
attention, is used to enhance the ability of the network to focus on small-target features.Second, the Adaptive Spatial Feature
Fusion (ASFF) network is used to improve Path Aggregation Network (PANet) to enable the model to obtain the fusion
weights of multiscale feature maps through' learning, fully utilize shallow and deep features, and further improve the
detection accuracy of small-target defects.For different defect types and problems with significant aspect ratio differences
and unbalanced categories, the K-means++ algorithm is used to determine the prior frame size, and the Focal Loss function
is used to modify the model-loss function to reduce the impact of the positive and negative sample imbalance on the
detection result. The experimental results show that compared with YOLOv4, the mean Average Precision (mAP) of the
proposed algorithm increases by 2.3 percentage points, and the detection speed increases by 12 frame/s. The proposed
approach can be effectively applied to fabric defect detection.

[Key words] fabric defect detection; Adaptively Spatial Feature Fusion (ASFF) ; CoordAttention module; YOLOv4
network ; MobileNetv2 network
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