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Abstract

The presence of one or a few defective fruits in a fruit package reduces the commercial value of the fruit.
Currently, defected fruits are being sorted by naked eyes. However, the lack of objectivity by the conventional sort
method and decrease in farming population are becoming problems. Various image processing methods have been
introduced to overcome these problems. The convolutional neural network (CNN), an enhanced image processing
method, provides an efficient solution for sorting the defective fruits. Recently, MobileNet has been proposed to
incorporate CNN in a device with low arithmetic performance. Nevertheless, when it is used to sort defective fruits,
there is a possibility of identifying good fruits as defected ones. Therefore, the thesis proposes a revised MobileNet
algorithm that can be applied to a high-speed fruit sort machine that is being used in the industry as of now.
Moreover, it is to prove the usefulness of the proposed algorithm through a performance evaluation.
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