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Detection Model of Wood Surface Defects Based on Improved YOLOVSs
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(Sichuan University of Science & Engineering School of Automation & Information Engineering,

Atrtificial Intelligence Key Laboratory of Sichuan Province, Yibin 644000, Sichuan, China)

Abstract: To improve the identification of complexed features of wood surface defects and detection
efficiency, a detection model of wood surface defects based on YOLOvSs was proposed. First, the
coordinate attention mechanism (CA) was introduced into the Backbone network to enhance the
information interaction between each channel, then, the structure of hybrid spatial pyramid pooling-fast
(HSPPF) was used to reduce information loss, next, the GSConv volume was used to reduce the number
of parameters, and the modified curve efficient intersection over union (CEIoU) was used as the loss
function of the model during training to improve the accuracy of wood defect detection. The experimental
results show that the improved model can detect wood surface defects effectively. The mean average
precision (mAP) of the model was 84.4%, which was 2% higher than unimproved methods, and the

detection speed reaches 73.9 FPS. It is also superior to other mainstream models, and achieves a
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significant reduction in the number of model parameters, which can meet the requirements of wood

surface defect detection.

Key words: HS-YOLOvS5s; wood surface defect detection; coordinate attention(CA); hybrid spatial

pyramid pooling-fasttHSPPE); curve efficient intersection over union(CElIoU)
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Tab.2 Detection results of different algorithms

. o] £ A5 1Y
HS-YOLOVS5s YOLOV3 SSD
T R 13.2 155.128 274.723
ZHa 7771 665 61539 889 24013232
o I 5 /HZ 73.9 30.1 36.4
SZAAFE 44
jﬁ;iggg}i 84.4 65.7 56.1
[ EEPNIN 15.1 245 92.1

Rl 2 R84, mAP b YOLOv3 F1 SSD 43 il #2 7+
T 227% 32.3%: FERlRAESHEI M, W5
/b; YOLOV3 il SSD #5¢ A4 4R 52 Fo [ B ) 2% 45 44
0033 E # R, {H mAP A BT R B . HS-YOLOvSs
FERIF AT v (A A B, B K /M 15.1 MB,
FiE s HEAEES RS L, FPSIAH| [ 73.9 Hz,
REME I 2 SR R . A 55 2% S0k 8 9.
11 AR B 7 A B, %R 7R REAG I BF 22 1) o 5
. £ BordT, ARWEHE H I HS-YOLOVSs 1
TP 2545 K DU BE A T YOLOV3 2548 S i 2 724
HAR TR D R B R, BT XA
T B e I 75 3K
2.4 JHELELL

T VA A SO AR R B HL A 5 o AR R
AR RS, FERCHR A BdhAT 7 VR SEES . Vi Rl
IR T H B, MO RERKXRN
ELWL 75, T DABGAIE C50dt 7 2 2 75 A R A Aot 12
mEtERE. LT S 4L REAY, 45 IR BT 3,

#+3 HRASIZITRNER

Tab.3 Design and results of ablation experiment
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