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Fig.6 Detection results before and after the improvement of YOLOv5s
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A-C: YOLOV5s; D-F: i YOLOvSs Improved YOLOv5s; A, D: i % i High density; B, E: H % if Medium density ; C, F : IR % i Low
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Fig.8 Detection results of different densities of plums before and after improvement of YOLOv5s model
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Table 4 Experimental results comparing

performance of improved YOLOvV5s with other models

o BRI N S/
- P./% R/% P/% MB (Mi/s)
Model .
Model size Inference speed
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RCNN! 83.87 85.64 74.70 521 17.07
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Ssph 90.82 72.99 95.26 90.6 36.06
Centernet'”’ 91.57 72.20 98.20 124 55.53
Btk YOLOVSs
Improved YO-  97.56  94.09 97.95 23.8 91.37
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Fig.9 Detection results of different models for targets of different sizes
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Recognizing plums in orchard environment based
on improved YOLOV)5

HE Yinghao'?, TANG Dezhao', NI Ming"*, CAI Qigi'

1.College of Information Engineering Sichuan Agricultural University, Ya’ an 625014, China;
2.Ya’ an Digital Agricultural Engineering Technology Research Center, Ya’ an 625014, China

Abstract This article proposed an improved YOLOv5s model to improve the accuracy of detecting
plums ( Prunus salicina Lindl. ) with high occlusion and density in orchards and the lightweight. Firstly, a
new Focus-Maxpool module was used to replace the down-sampling convolution in the backbone network,
enabling the model to retain more feature information of small and highly occluded targets during down-
sampling. Secondly, the weighted loss of focal loss and cross-entropy function was used as the classifica-
tion loss of the model to improve its recognition ability for adhesive targets. Finally, several sets of detec-
tion experiments were designed to evaluate the performance of the model. The results showed that the aver-
age accuracy of the improved YOLOv5s model was better than that of YOLOvSs, YOLOv4, Faster
RCNN, SSD, and Centernet. Compared with the detection results of the YOLOv5s model, the average ac-
curacy, recall rate, and accuracy of the improved model increased by 2.84,9.53, and 1. 66 percentages,
respectively. The detection speed of the improved model reached 91. 37 frames per second , meeting the re-
quirements of real-time detection. It is indicated that the model improved has higher accuracy of detection
and robustness in real orchard environments. It will provide data reference for studying fruit-picking robots
and monitoring orchard environments.

Keywords Prunus salicina Lindl. ; mechanical harvesting; fruit recognition; YOLOVS; image pro-

cessing ; attention mechanism ; object detection
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