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Research and Experiment on Recognition and Location System
for Citrus Picking Robot in Natural Environment
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Abstract; For citrus picking robot in natural environment, the accurate recognition and location vision
system is one of the key factors ensuring the efficiency and safety of picking operations. In order to make
the robot not only acquire the location information of the picking target accurately but also the surrounding
obstacles, a novel obstacle recognition and location system based on Kinect V2 and improved you only
look once ( YOLO V3) algorithm was proposed. Firstly, five classification principles of citrus tree in
natural orchard were defined, including one class that the fruit can be picked directly and four obstacle
classes. Secondly, three maximum pooling layers were added to the convolution module of the YOLO V3
structure and K-means clustering analysis was conducted on anchor box to enhance the feature extraction
performance of branches and leaves of the convolution neural network. Finally, three-dimensional
coordinates of the classification targets were obtained by using the Kinect V2 depth mapping to guide
obstacle-avoiding picking operation. The experimental results showed that the F'; —scores of obstacles and
normal fruits were 83.6% and 91.9% , respectively, the positioning error was 5.9 mm and the
processing time of each frame was 0.4 s, the success picking rate was 80.51% and success rate of
obstacle avoidance was 75.79% . The research results provided a basis and guide for the picking path
planning and obstacle avoidance of robotic harvesting task in natural scene.
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Fig. 1  Schematic of recognition and position system
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Fig.2  Classification of recognition object
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Fig.3 Network model for obstacle recognition and detection
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Partial recognition results
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Fig. 14 Measurement of light intensity on fruit surface
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Tab.2 Results of 3D coordinate of citrus fruits

central points

Fe SERREREE/Ix - X/m Y/m Z/m AE/m
1 5.06 x10*  0.345  -0.056 0.848  0.006
2 5.16 x10*  0.284  -0.348 0.868  0.005
3 3.22x10*  0.165 -0.412 0.921  0.007
4 5.45x10*  0.124  0.281  0.836  0.005
5 3.65x10*  0.118 -0.162 0.832  0.008
6 4.74 x10*  -0.037 0.324  0.751  0.004
7 4.36 x10° -0.098 0.273  0.792  0.006
8 3.88x10*  -0.236 -0.173 0.823  0.007
9 4.16 x10*  -0.184 -0.327 0.934  0.005
10 4.97 x10* -0.168 -0.403 0.913  0.006
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Fig. 16  Recognition and location system interface
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Fig. 17  Process of picking experiment
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Fig. 18  Statistical results of harvesting experiments
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