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Tomato recognition and detection algorithm based on improved YOLOVS

DING Renji, CHEN Bingsan
(School of Mechanical and Automotive Engineering, Fujian University of Technology, Fuzhou 350118, China)

Abstract ; In order to improve the efficiency of automatic picking robots in orchards and the accuracy of tomato
fruit recognition, a tomato recognition detection algorithm based on improved YOLOvVS is proposed. This algo-
rithm is based on the YOLOvS5 algorithm, and improves the BottleneckCSP module in the neck network, which
enhances the network’s ability to extract the deep semantic information of the target by adding a batch normali-
zation layer and the SiLU activation function. It adopts the lightweight universal upsampling operator CARAFE
to expand the sensory field, reduce leakage detection and maintain lightweight. Combined with the lightweight
attention mechanism SimAM, it provides a three-dimensional attention weight for the network, filters out re-
dundant information, and improves the accuracy and robustness of the model. Replacing the CloU loss function
with SloU effectively reduces the redundant frames while accelerating the convergence and regression of the
prediction frames. Experimental results show that the improved tomato identification and detection algorithm a-
chieves 96.5% mean average precision for tomato target detection, which is 3.4% higher than that of the origi-
nal algorithm, and the omission rate for small tomatoes and tomatoes occluded is also effectively reduced, and
the real-time requirements are met.
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Tab.1 Experimental environment configuration
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GPU RTX3060Ti, @17 8G

CpPU 7 #% Intel Xeon CPU E5-2680 v4@ 2.4GHz
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Tab.2 Parameter settings
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Tab.3 Comparison of different attention mechanisms

ey =waLiINil P/% R/%  mAP/%
YOLOvV5 90.7 85.3 93.1
YOLOv5+SE 92.9 85.5 94.1
YOLOv5+CBAM 91.4 86.5 93.9
YOLOv5+CA 89.5 84.3 92.4
YOLOv5+SimAM 92.6 87.4 94.8
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Tab.4 Ablation test results
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Tab.5 Performance comparison of mainstream algorithms

iRl mAP/% R/ % mi/f - s~
SSD 75.7 72.6 18
Faster—RCNN 81.6 87.5 9
YOLOv4~tiny 88.4 84.1 52
YOLOv5 93.1 85.3 90
it 5 YOLOvS 96.5 89.1 82
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