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Semantic segmentation of apple tree point cloud in dormant period based
on deep learning

LI Qi', GUO Meng-yuan®
(1.School of Elecironic Information and Artificial Intelligence , Shaanxi University of Science and Technology, Xi’ an 710021, China; 2.School of Electrical
and Conirol Engineering, Shaanxi University of Science and Technology, Xi’ an 710021, China)

Abstract: Aiming at the problems of complex structure of apple trees, mutual occlusion between the trunks, and
false pruning of large-scale mechanical equipment at home and abroad, a semantic segmentation of apple tree point cloud in
dormant period based on deep learning was proposed. Taking the dormant apple trees in Liquan apple planting base in
Shaanxi province as the research object, in order to solve the problem of large registration error caused by the large distance
between non-overlapping point pairs in dual-view point cloud registration, the Kinect V2 sensor was used to obtain the point
cloud of dormant apple trees, and the improved iterative closest point algorithm (ICP) was used for multi-view three-di-
mensional reconstruction of each fruit tree. For large-scale fruit tree point cloud data, a fruit tree segmentation network

based on super point graphs (SPGNet) was constructed to perform semantic segmentation on fruit tree point cloud, and the

complex geometric information of fruit tree point cloud was

s B #:2022-09-08
E&THE : B4 4 BHE G155 T2 50 B [ 201806117YFOSNC13
(1) ] BT R T4 BHE AT (2015NY028) ;e error of the dual-view point cloud of the fruit tree was less

retained. The results showed that when the registration

FRHH 2 WL RLIF R 5405 H (BJ13-15) than 1 mm, the trunk and branches of the apple tree in the
TEERG 2 B(1973-) 4 BEPETE 2 A, 11 3082, BT dormant period could be successfully segmented. The clas-
mAOL B AL AR B IR E S, (E-mail) ligidg@ sification accuracy and intersection over union of predicted
sust.edu.cn and true values (loU) were evaluated. The classification

BIUESE S , (E-mail ) 940516893@ q.com accuracy and IoU of the trunk were 94.0% and 0. 85, re-
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spectively, and the classification accuracy and loU of the branches were 83. 1% and 0. 75, respectively. In a word, the re-

search results could solve the problem of high mis-cutting rate in the process of automatic pruning of mechanical equipment,

and could realize the segmentation of trunks and branches of dormant apple trees under natural light conditions and large-

scale dormant apple tree scenes, and could provide a basis for large-scale automatic pruning.

Key words;

point cloud semantic segmentation
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Fig.1 Test site for semantic segmentation of apple tree point cloud during dormant period
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Fig.2 Data collection of point cloud of apple tree during dormancy period
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Fig.3 Preprocessing of point cloud of apple tree during dor-

mancy period
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Fig.5 Schematic diagram of multi-view three-dimensional reconstruction algorithm of apple trees during dormant period
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Fig.6 Process of dividing the trunk and branches of a dormant
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Fig.7 Semantic segmentation algorithm of apple tree in dormant period based on SPGNet
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Fig.10 Error comparison of different dual-view registration

schemes
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