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Detection of Coffee Bean Defects using Convolutional Neural Networks
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ABSTRACT

People’s interests in coffee are increasing with the expansion of coffee market. In this trend, people’s taste
becomes more luxurious and coffee bean’s quality is considered to be very important. Currently, bean defects
are mainly detected by experienced specialists. In this paper, a detection system of bean defects using machine
learning is presented. This system concentrates on detecting two main defect types : bean’s shape and insect
damage. Convolutional Neural Networks are used for machine learning. The neural networks are comprised of
two neural networks. The first neural network detects defects in the bean’s shape, and the second one detects
the bean’s insect damage. The development of this system could be a starting point for automated coffee bean
defects detection. Later, further research is needed to detect other bean defect types.
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