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Training Data Augmentation for Hidden Fruit Image Segmentation by using Deep Learning
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This paper proposes a method to detect apple fruits areas from field monitoring images. The proposed method can detect the

fruits areas even if they are hidden by leaves or other fruits. We use a deep neural network with a way to create a large amounts

of artificial field images as training data. Since the developed system uses the fruit and leaf image components and can easily

retrieve their exact areas in the creation process, the created data include annotations of hidden fruits. The experimental results

showed that the proposed method showed promising results in terms of accuracy compared to that of the COCO pre-trained

model.
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