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Abstract

Food poisoning, sometimes lethal, caused by accidental eating of toxic mountain plants,
occurs every year because it is difficult to distinguish edible mountain plants from poisonous
ones. In this paper, we propose toxicity recognition for mountain plants using Convolutional
Neural Network (CNN) in order to prevent accidentally eating toxic mountain plants. Our
research identified toxicity in 27 mountain plants by using a CNN with two convolutional layers,
two pooling layers, and two fully connected layers. It also indicated variation against
recognition performance in use of different hyper parameters for CNN. Finally, the difference of

recognition performance between our CNN and AlexNet is discussed.
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