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Abstract

In order to automatically provide information on fruits in agricultural related broadcasting contents, instance image segmentation
of target fruits is required. In addition, the information on the 3D pose of the corresponding fruit may be meaningfully used. This
paper represents research that provides information about tomatoes in video content. A large amount of data is required to learn
the instance segmentation, but it is difficult to obtain sufficient training data. Therefore, the training data is generated through a
data augmentation technique based on a small amount of real images. Compared to the result using only the real images, it is
shown that the detection performance is improved as a result of learning through the synthesized image created by separating the
foreground and background. As a result of learning augmented images using images created using conventional image
pre-processing techniques, it was shown that higher performance was obtained than synthetic images in which foreground and
background were separated. To estimate the pose from the result of object detection, a point cloud was obtained using an RGB-D
camera. Then, cylinder fitting based on least square minimization is performed, and the tomato pose is estimated through the axial
direction of the cylinder. We show that the results of detection, instance image segmentation, and cylinder fitting of a target object
effectively through various experiments.

Keyword : Data augmentation, Tomato detection, Tomato pose estimation, Fruit detection, Instance segmentation
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Fig. 12. (a) 2D cherry tomato instance segmentation image, (b) Tomato location of 3D point cloud
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Fig. 14. Results of the detection and instance segmentation test of the model learned with real image data
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Fig. 15. Results of the detection and instance segmentation of the model learned with synthetic image data
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Fig. 16. Results of the detection and instance segmentation of the model learned with data augmentation image of real
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