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Construction of The Highly Precise Plant Identification System by The Deep Leaning Method
and Adaptation to Satoyama Conservation

Hiroki NAKAYAMA, Rumi AKEBONO, Miho IGURO, Tomoko NISHINO, and
Atsushi NOGAMI

Identification of the kinds is an important factor in an ecosystem investigation by the Environmental Impact Assess-
ment and the environmental conservation activity of the Satoyama. However, the knowledge of the expert is necessary
for accurate identification. On the other hand, the applied study of the image recognition technology by the Al advances
since the establishment of the deep learning method (DL method), and the effect is expected in the identification of the
kind. I built the plant identification system using the DL method until now in this laboratory, but, in the identification of
56 kinds of flowers, the precision remained in 62%. I coordinated the metastasis learning, and the high precision
planned becoming it in the identification of the plant in this study. As a result, precision to exceed 90% in 47 kinds of
identification was provided. In addition, I got equal precision in 53 kinds of identification that I photographed originally
in a plant park. With that in mind, for the trees of a Satoyama becoming the environmental conservation district, [ in-
spect the identification precision of an image and the top of the tree image using a digital camera and the drone and ex-
amine adaptation to Satoyama conservaion. I used Keras for deep learning system and used the MeanShift method for
the making of the top of the tree image.



