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Abstract: For the low detection accuracy problem of small targets and low-contrast defects on the
surface of latex gloves, an improved YOLOv (you only look once version) 8n algorithm for
defects detection on the surface of latex gloves is proposed. The receptive field attention convolu-
tion module is introduced in the feature extraction network to dynamically adjust the spatial
feature weights within the receptive field, and to enhance the network’s focus on defect features.
The C2f module is redesigned based on the proposed multi-scale convolution, which captures the
contextual information from shallow features through multi-scale convolutional kernels, and
improves the network’s ability to extract shallow features. The context and the spatial feature
calibration network are added to the feature fusion network, where feature calibration refines and
aligns contextual information and spatial features, and further enhances the representation of
defect features. Experimental results show that on the homemade dataset, the mean average
precision (mAP) of the improved algorithm reaches 93. 2%, which is 3. 1% higher than that of

YOLOv8n. It effectively improves the surface defect detection accuracy of latex gloves. In addi-
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tion, on the VisDrone2019Det and steel defect detection datasets, the mAP reaches 36. 1% and
79.8%, respectively, which are 1. 1% and 2. 7% higher than that of YOLOvS8n, and further

verifies the effectiveness of the improved algorithm.

Keywords: small object detection; defect detection; YOLOv8n; feature enhancement; multi-scale

convolution
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£ 3R
x3 FHEZEHMHBESELINIRER
FUEIE 6 I 4 92 P/% R/%  mAP/%
VisDrone2019Det  YOLOv8n  46.7 34.6 35.0
R 1 47.4 36. 2 36. 1
NEU-DET YOLOv8n  70.1 75. 8 77.1
R 1 80.5 72.7 79.8

I 2% 3 AT, o i B E VA B30 4 T i A
WL T RARR, ££ VisDrone2019Det Bt 4
bk E R mAP # T 1.1%, 78 NEU-DET
B LR T T 2. 700, 3 B B AR R W) B8 4R
A R A R 2 AL g
3 FiE

X LK T AR T BB /N T T R B e DL X
3R R L 32 T — A B e YOLOv8n 1 ik b sz il
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By, @Eid5l A RFAConv #He, B iE W 7 % &
S RERZ AR 2 [ RE . 353 C2_MSC
B, $2 T 22 ROBE 4 AE 42 JRURE T o 10 Ak R ik 32 H A%
AN 2% ik BE J7 5 I R i 9 CSFON BB 4%
WE R SCRZS (B R AE 52 B /N B AR R AR5 B0 K
AL AL B, S 45 R R WL BUk VA 7E GLO-DET
B bW S 1T H AR bl R R DU M RE L 0 A
G AR XoF L B2 5k i /DN B B Bk B oh R BT S S
BAh . fE VisDrone2019Det #1 NEU-DET %t 4 45 |
Bk 1R W ATz A . SR R el ARk
FER RS BE b 2 B R 4, (ARG 0 3k 32 A7) 75 42 71 R
K AT e I 2% DA SIS B TN o Y S )
iRl
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