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Improved YOLOVvVS5s algorithm of tea buds detection in natural scenes
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Abstract: The plucking of tender tea buds is a crucial stage in tea production, and intelligent tea harvesting relies on a deep
learning-based tea bud detection algorithm as a technical foundation. To enhance the speed and accuracy of tea bud
detection, this paper proposes an improved detection algorithm TN—YOLOv5s based on the YOLOv5s network model.
First, GhostConv, a depthwise separable convolution from the GhostNet network structure, is introduced to replace the
ordinary convolution layers in the feature extraction and fusion networks of the original YOLOv5s model. Second, the CA
spatial attention mechanism is added at the end of the model's feature extraction network. Third, the SIoU_Loss is
employed as the regression loss function in place of CloU_Loss. Finally, Soft—NMS is used to replace NMS. The results
of the study show that the improved model achieved 7.1%, 5.9%, and 6.4% higher model precision, recall, and average
precision values, respectively, and the weight size decreased from 13.7 MB to 7. 48 MB compared to the original YOLOv5s
algorithm on the custom tea buds dataset. Furthermore, when compared to current mainstream detection algorithms, the
improved model shows better performance in detection accuracy, model size, and detection speed. The improved model
reduces the leakage detection rate of obscured tea buds, and enable saccurate and rapid detection of tea buds in different
scenarios, providing a technical foundation for the development of tea-picking robot technology and equipment.
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Fig. 1 Images of tea buds in different scenes
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Fig. 4 Dataset enhancement effects
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Fig. 6 Improved YOLOV5s network structure
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Tab. 2 Results of ablation test

(=RPR SR GhostConv CA SloU_Loss Soft—NMS P/% R/% mAP/ % Params/M
YOLOV5s 74.9 73.5 78.4 7.022
YOLOv5s—G N 73.4 73.7 78.0 3.685
YOLOv5s—GC N NG 78.6 76.9 82.9 3.710
YOLOv5s—GCS N NG NG 81.3 77. 4 83.7 3.710
TN—YOLOV5s NG NG NG NG 82.0 79. 4 84.8 3.710
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Fig. 11 Comparison of performance parameter changes during

model training based on different improvement methods
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Tab. 3 Comparison of experimental results of different
network models

R E KR FPS
N )TiIJ 0 0 0,
(=R P/% R/% mAP/% IMB /(- s )
Faster R— - -
ONN 48.69 65.7  53.27 108 12.51
SSD 70.29 44.31 53.68 90. 6 47.58
YOLOv3  78.47 54.52 64.25 235.0 61.95
YOLOv4  80.60 64.45 68.39  244.0 51.07
YOLOVA— 75 49 52.36 60.72  22.4 120. 21
Tiny
YOLOvSs 74.9 73.5  78.4 13.7 107.53
YOLOv8s 70.6 77.9  81.3 21.4 121.95
TN—
VOLOvse 820 79.4 848 7.48 74.07
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Fig. 12 Comparison of tea buds detection effect before and
after YOLOv5s improvement in smooth and backlight scenes
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Fig. 13 Comparison of tea buds detection effect of YOLOv5s
before and after improvement in different time of day scenarios
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Fig. 14 Improvement effect of tea buds leakage detection
in the case of shading
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