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Strawberry target detection method based on transfer learning and lightweight YOLOVSs

Guo Jingtao', Lii Feng'. Zhang Huiting' . Yang Biao®. Liu Dayang'
(1. College of Com puter and Control Engineering , Northeast Forestry University, Harbin, 150040, China ;
2. Electronic Information and Electrical Engineering College s Shangluo University , Shangluo, 726000, China)

Abstract: To achieve the accurate detection of strawberry in agricultural harvesting, a lightweight network model based on
YOLOV5s is proposed considering the limited memory and low computational power of embedded devices, as well as the huge
parameters and computational demands of current target detection models. First, the YOLOV5s structure is lightweight processed
by replacing ordinary convolutions with depthwise convolutions (DWConv) and substituting the C3 module in the original network
with the C3Ghost module to reduce the model complexity. Second, to enhance the ability of the backbone network to extract
feature information and improve the interaction between channels in the input feature maps, an efficient channel attention
(ECA) structure is integrated into the C3 module of the backbone network. Additionally, a parameter-free attention module
(SimAM) is added to the feature fusion network, so that the model can focus on more effective feature information
without increasing the number of parameters of the model while improving the recognition accuracy. Finally, transfer
learning is combined to accelerate the convergence speed of the model and further improve the detection accuracy. The
results indicate that the lightweight model reduces network size by 55. 8% and computation by 55.1%. The mAP @0. 75 tested
on a custom strawberry dataset reaches 74. 9% , which is 3. 1% higher than that of the original model. The average inference time
per image is only 6. 4 ms. This enables accurate and fast detection in strawberry picking tasks and provides support for the
intelligent production of strawberries.
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Fig. 1 Images of two varieties of strawberry
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Tab. 1 Information on strawberry dataset distribution 5k

B H br 25 51
il HRE O OARM el gy
Il 25 4 2 508 16 347 8 427 6 525 6 810
I UE £ 238 1592 783 642 643
3 4 103 810 422 285 361
it 2 849 18 749 9 632 7 452 7 814

1.3 & %KRg
HFMBE BRI GRE WA 2
FiR

B2 EFEBEIRMOIGRE
Fig. 2 Training process based on transfer learning strategy
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Fig. 3 Improved YOLOv5s network model structure
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Tab. 4 Performance comparison of four improved network structures
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Tab. 5 Comparison of performance between improved

method and original model in strawberry target
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Tab. 7 Performance comparison of different

lightweight models in strawberry target detection

TR :
0.75/% /ms /% /MB /G
YOLOv5s 71.8 9.9  80.8 13.7 15.8
AR LAY 71. 9 6.4  80.6 6. 06 7.1
5 7
?Wi?f‘ 74.9 6.4 81.3 6. 06 7.1
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Fig. 10 Comparison of loss convergence process

between transfer learning and without transfer learning
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Tab. 6 Strawberry target detection results based on

lightweight YOLOv5s network and transfer learning

) mAP@ T  F1{f #AEE FLOPs

S 0.75/% /ms /% /MB /G
YOLOvSm— 71.2  22.5 81.1 8.15 7.2
Mobilenetv3 ’ ’ ’ Y ’
YOLOvSI— 69.0 8.3 79.9 7.62 8.0
Shufflenetv2 o ’ o ’ ’
YOLOv7—tiny 69.1 19.1  79.6 11.7 13.1
A SRR+
T 74. 9 6.4 81.3 6.06 7.1
)
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A 1592 82. 6 80. 4 83.2 81.5
EES:] 783 76.7 78.5 78.9 77.6
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B 643 88. 6 90. 2 92. 4 89. 4
Mt 3 898 83.5 79.3 83.9 81.3
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Fig. 11 Effectiveness of different lightweight models in
strawberry detection task
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