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Development of Detection Model for Tomato Clusters Based on
Improved YOLO v4 and ICNet
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Abstract; For the deep neural network model deployed to embedded devices (such as tomato clusters
picking robots) , there are some problems, such as slow running speed, low recognition rate of picking
targets, inaccurate positioning and so on, an efficient model for tomato clusters detection was proposed
and verified. The model was composed of two modules: detection and semantic segmentation. Target
detection was responsible for extracting the rectangular region where the tomato cluster was located, and
then using the semantic segmentation algorithm to obtain the tomato stem position in the rectangular
region. In the tomato detection module, a backbone network based on deep convolution structure was
designed to improve the accuracy of crop recognition while realizing the sparsity of model parameters.
K-means + + clustering algorithm was used to obtain a priori frame, and DIoU distance calculation
formula was improved to obtain a more compact lightweight detection model ( DC — YOLO v4). In the
semantic segmentation module (ICNet) , MobileNetv2 was used as the backbone network to reduce the
amount of parameter calculation and improve the operation speed of the model. The model was deployed
on the tomato clusters picking robot for verification. The self-made tomato data set was used for testing.
The results showed that the average detection accuracy was 99.31% on tomato test set, outperforming
YOLO v4 by 2. 04 percentage points. The mloU and mPA achieved 81.63% and 91.87% on tomato
stem set, exceeding ICNet by 2. 19 percentage points and 1.47 percentage points, respectively. The
accurate picking rate of tomato clusters was 84. 8% , it took 6s to complete a picking operation.

Key words: tomato clusters; picking robot; deep learning; YOLO v4; ICNet; picking model
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Fig.1 Picking robot collects tomato samples
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Tab.2 Performance comparison of different recognition models

HER R/ % [ 2/ % F1 {4/%
el mAP/ % i} 6] /ms
(tomato_c/tomato_g) (tomato_c/tomato_g) (tomato_c/tomato_g)
YOLO v4 92.00/95. 90 88.46/91. 67 90/94 97.27 7.62
MobileNetv3 — YOLO v4 94.30/94. 30 93.94/93. 94 94/96 98.23 6.74
YOLOX 88.46/91.51 88.46/95. 10 88/93 95. 69 5.58
YOLO v5-m 92.59/97. 18 96.15/97. 64 94/97 98.03 7.06
YOLO v6 98.30/97. 41 98.99/96. 23 98/97 98.97 6.93
CenterNet 96.15/93. 48 96.15/91.98 96/95 96.97 19. 00
DC-YOLO v4 98.86/97. 56 98.48/97. 35 99/97 99. 31 6.32
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Fig. 14  Test results of different segmentation models
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Tab.3 Performance comparison of different

segmentation models

e mloU/% mPA/% A} [/ ms
ICNet 79. 44 90. 40 8.16
DeepLab_v3 + 74.59 88. 36 9.74
U — Net 73. 89 86. 99 12.58
PSPNet 71.92 87.21 10. 71
Ptk i) ICNet 81. 63 91.87 8.21
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