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Abstract: [ Objective | In order to improve the recognition and orientation accuracy of the navel orange

fruit in the natural environment by the picking robot, this study proposes a deep learning combined with fast
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guided filtering method to identify navel orange fruit in natural environment.[ Methods | This study selected the
Gannan navel oranges as the research material.In order to highlight the color and texture characteristics of the
images , the improved guided filtering method was used to remove the noise information such as the illumination
of the navel orange image in the natural environment.The Darknet—53 with residual module was used as the fea-
ture extraction network, the multi—scale fusion 3—scale detection network was reduced to a 2—scale detection
network , the GloU boundary loss function was introduced to replace the original loss function, the DBSCAN+
Kmeans clustering algorithm was used to cluster the training data set, and the anchor box size of the prediction
branches were optimized. The recognition model for navel orange fruit was established by the transfer learning
training method, five test sets of single fruit, light, backlight, overlap and leaf occlusion were designed for the
comparison experiment, and the performance was compared with that of other recognition models.[ Results | The
fast guided filtering method could remove the noise information of the navel orange image in the natural environ-
ment, such as illumination and edge blur.When the sizes of three prediction branches were optimized , the com-
prehensive performance of the improved model was better than other networks in the five environments , espe-
cially in the real planting environment, the recognition accuracy rate reached 91.22%, and the recall rate was
97.30% , the average value of F1-score was 94.16% , and the recognition rate was about 26.48 fps.[ConcluSion]
The results show that the navel orange fruit recognition model established by fast guided filtering combined
with deep learning methods has higher robustness and real-time performance in the recognition of navel or-
ange fruits in natural environments, thus providing technical support for the visual recognition of navel orange
picking robots.
Keywords : navel orange fruit;deep learning; guided filter; YOLO v3
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Tab.2 Detection results of four recognition models

i) HEWIR PI% H IR RI% F11{H/% PUSEE S/lps

Model Precision Recall Fl=-socre Speed
YOLO v3 89.45 96.22 9271 25.86
SSD 87.86 93.87 90.77 22.56
Faster—-RCNN 93.44 97.48 95.42 1.44
et YOLO v3 A 91.22 97.30 94.16 26.48
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