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Figure 1  Different picking patterns of tea buds
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Figure 2 Image acquisition platform
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Figure 3 Images of fresh tea leaves in natural environment
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Figure 4 Fresh tea leaf dataset
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Figure 5 Data enhancement
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Table 1 YOLOVS series parameter comparison
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Figure 10  Comparison of different attention mechanisms
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Table 2 Network ablationtest
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mAP/ % 10°M  FLOPs/G  /MB
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N X X X 78.2 69.1 80.4 0.85 1.8 1.85
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Table 3 Three-classification target detection performance of
YOLOv5s-SPCS
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Table 4 Comparison experimental of different lightweight approaches

R S AR B H {8 EY o TE e A BRI A/ i 5
; mAP/ % Params/ > 10°M FLOPs/G /MB EFPS/(Mfi-s™")
MobileNetV3 81.9 1.38 2.3 2.92 52.68
GhostNet 83.1 5.08 10.6 10.03 38.33
ShuffleNetV2 82.4 0.96 2.2 2.09 67.87
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Figure 12 Model training process of
YOLOv5s-SPCS
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Figure 13 Comparison experimental using different IoU
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Table 5 Comparison experimental using different loU

Sk S Y R Y {E A6 00 i 1] IS )
mAP/ % /ms FPS/(i-s ")
GIoU 81.7 15.2 65.42
DIoU 82.3 15.1 66.30
CIoU 81.5 15.2 66.21
EloU 82.4 14.8 67.32
SloU 82.4 14.7 67.87
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Table 6 Comparison experimental of different detection models
wim Ko S Y Y SRk » T s S FEAL RN
P/% mAP/ % Params/ <X 10°M FLOPs/G /MB
Faster R-CNN — 72.2 136.73 369.8 521.60
SSD-300 — 63.7 23.88 61.0 91.63
YOLOvV3 80.9 82.1 61.51 154.6 117.73
YOLOv3-tiny 81.3 79.4 8.67 12.9 16.63
YOLOv4 80.2 82.5 60.40 130.7 115.80
YOLOv4-tiny 79.6 81.6 3.07 6.4 5.96
YOLOvV5s 79.1 82.4 7.02 15.8 13.67
YOLOv7 83.3 81.9 37.21 105.1 71.32
YOLOv5s-SPCS 81.8 82.4 0.96 2.2 2.09
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Figure 14 Model feature visualization
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Figure 15 Model heat map visualization
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Figure 16 Comparison of tea leaf recognition results before and after improvement
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Lightweight fresh tea leaf recognition method
based on improved YOLOVSs

WU Qing" ?, WEI Runxuan', ZHOU Le', YANG Hao',
LIU Wanru', XU Hongmei" *

(1. College of Engineering , Huazhong Agricultural University, Wuhan 430070, China; 2. Key Laboratory of
Agricultural Equipment in Mid-Lower Yangtze River Ministry of Agriculture and Rural Affairs,
Wuhan 430070, China)

Abstract: The classification and recognition of tea buds represents a crucial aspect of renowned tea production. In view of the
problems of large model size, large computational complexity and inability to distinguish the picking morphology of the current
tea bud recognition algorithm, this study proposes an enhanced fresh tea leafl recognition model (YOLOv5s-SPCS) based on
YOLOv5s as the foundational model. Firstly, images of fresh tea leaves were collected in both laboratory and natural
environments to create a dataset of fresh tea leaves. This was done through offline and online collection of images in multiple
scenarios, with the resulting images divided into a training set and a test set. Secondly, the Shuffle Block module was
constructed based on the ShuffleNetV2 idea for replacing the convolution module in YOLLOv5s backbone network, which
reduced the number of model parameters and the amount of computation while increasing the speed of feature extraction.
Subsequently, the Partial Convolution structure, PConv and SimAM were incorporated into the neck network to construct the
C3-PCS module, replacing the original C3 structure which further reduced the model computational redundancy and memory
access, while improving the recognition accuracy with a minimal increase in the number of parameters. Finally, the SIoU
bounding box loss function was employed to enhance the convergence velocity and precision of the prediction frame. In
addition to accelerating the convergence of the model prediction frame regression, the use of this loss function also generates
more accurately positioned prediction frames. The experimental results demonstrate that the enhanced YOLOv5s-SPCS
model exhibits 14%, 14% and 16% of the YOLOv5s model in terms of the number of parameters, computational volume and
weight file. The size of the model is, respectively, with an accuracy of 81.8% and a mean average precision (mAP) of
82.4% for the fresh tea image recognition, which is 2. 7% more accurate than the original model. The accuracy was enhanced
by 2.7 percentage points, while the mean average precision of mAP remained unaltered. Furthermore, the overall
performance of the enhanced YOLOv5s-SPCS model is superior to that of the prevailing target detection models, including
Faster R-CNN, SSD, YOLOv3, and YOLOv4. This study offers a valuable technical foundation for fresh tea leaves
recognition classification and subsequent mobile deployment.
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