®13E F£9MW 2 B8 it E M5 M A
Vol.13 No.9

2023459 A

Intelligent Computer and Applications Sep. 2023

XEHS: 2095-2163(2023)09-0172-05 hESES: TP249

T ¥t YOLOV6 F 50 8 2 5 % 45 M A0 4 T 77 S5 T 5

e, HARERE
(#iTIE T K2 A TR, B 310018)

MR SRS A

B O HWARIA R R RO R L 2 R A SR T — Mk A9 YOLOve HARKIALRL 7 YOLOV6
R LA T, 78 neck #8735 1A Ghost ZJ 5245 BUSLHR, 5 T+ 00 28 A5 A A 4G I 580 B2 5 7EAG U0 4 A CBAM 45 BRTE = SR LA
SRS I HARE B, SR TR 2R ARG 2 . SCY0E TR IS 19 YOLOvG BURITERERFE 1 —E B9 Tt HORS i 548 T} 1
15 ANE 70,0 v Bl B A T v A5 R RGN AT R ) S BR T L

REIRE: B4 YOLOVG B BRUE R I, KI5 G R

Research on detection method of illegal parking of electric bicycles
based on improved YOLOv6

WANG Yanchao, HU Xuxiao

(Faculty of Mechanical Engineering, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] Daily electric bicycles are illegally parked to eliminate safety hazards This paper proposes an improved YOLOV6 target
detection model. Based on the original YOLOv6 model, the Ghost phantom convolution module is introduced in the neck part to
improve the detection speed of the network model; the CBAM convolutional attention module is embedded in the detection part to
highlight the information of the detected targets and improve the detection accuracy of the network model. The experiments
demonstrate that the performance of the improved YOLOv6 model has been improved to a certain extent, and its accuracy rate has
been increased by 1.5 percentage points, which is of greater practical significance for the detection of illegal parking of electric
bicycles.
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Fig. 1 YOLOV6 network structure
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Fig. 4 Network structure of CBAM module
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Fig. 5 Channel attention module network structure
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Fig. 6 Structure of multi—layer shared perceptron
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Fig. 7 Spatial attention module network structure
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Fig. 8 YOLOV6 model detection results
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Fig. 9 Improved YOLOvV6 model detection results
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