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Marigold Recognition Method Based on Improved Lightweight YOLOVSs

LI Xin, XU Bo, ZHANG Lei, YU Hao, JIA Yingxin, LIU Zijian
(Hebei Mechatronics Intermediate Pilot Production Base Co. , Ltd. , Shijiazhuang 050081, China)

Abstract; Traditional recognition network structure has the features of redundant and low universality, which leads to
complex reasoning process and low efficiency, and it is difficult to meet the needs of dense growth marigold detection. To this
issue, an improved lightweight YOLOv5s marigold recognition method is proposed, and an appropriate data set enhancement
technology provides reliable data support for the recognition method. This method replaces CSPDarknet53 with ShuffleNet
V2 as the backbone network, and introduces SimAM attention mechanism to reduce the network size and improve the detec-
tion efficiency of dense targets. The neck network adopts the Slim-neck structure, and combines the GSConv and VoV-GSC-
SP modules to improve the feature extraction efficiency of dense targets. During the training process, using the WloU error
function and dynamically adjusting the bounding box through Soft-NMS to enhance the generalization ability of the network.
Through example analysis and field measurement, the results show that the average accuracy of the improved lightweight
YOLOv5s network is 3% higher than that of existing commonly used models, the parameter amount is reduced by 6. 44 MB,
the number of floating-point operations per second by 14. 70 G, the model volume by 12. 24 MB, and the number of frames
per second is increased by 47. 19 frames. The network has strong robustness, which greatly reduces its application and pro-
motion costs.

Keywords: marigold detection; lightweight model; improved YOLOv5s model; ShuffleNet V2; attention mechanism
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Model  |mapr/%| T | FLOPS/G | size/MB| FPS
ters/M

Faster RCNN | 77.50 | 137.00 | 194.30 | 108.00 | 34.62
SSD 80.30 | 23.70 | 115.70 | 91.60 | 83.71
YOLOv3-tiny | 87.70 | 8.60 12.80 | 17.44 | 307.54
YOLOvd-tiny | 85.40 | 6.12 15.90 | 23.57 | 293.42
YOLOv5s | 87.50 | 7.01 15.80 | 13.71 | 220.24
YOLOvZ-tiny | 90.10 | 6.02 13.20 | 12.29 | 207.83
Ours 90.50 | 0.58 1.10 1.47 | 267.43
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Model -2 R B ]/ (s/m*) R HEB %/ %%
Faster R-CNN 65.1 72.3
SSD 58.7 74.4
YOLOv3-tiny 40. 6 76.2
YOLOv4-tiny 42.5 81.9
YOLOvSs 48.5 87.4
YOLOv7-tiny 47.2 92.9
Ours 35.8 95.1
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