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ATTEMPT TO IMPROVE PLANT IDENTIFICATION ACCURACY IN DEEP
LEARNING METHOD

Rumi AKEBONO, Atsushi NOGAMI, Tomoko NISHINO, Hiroki NAKAYAMA and
Rizumu FUJISAKI

Identification of the kinds from a photography image is an important factor, and, as for the image iden-
tification technology by the machine learning method that in late years develops rapidly, the application
to this field is expected in a vegetation investigation and a creature investigation. It becomes necessary to
decide the maintenance of training data and a learning parameter by trial and error from experience for
the learning precision improvement. In this study, I tried the optimization of a processing method and the
learning parameter of the training image for the images of the flower of the plant. The image prepared
from ImageNet. | made a learning model with 14 kinds of Compositae, Orchidaceae 84 kinds as identifi-
cation of the having many kinds of 56 kinds, identification of the same course and, on the basis of four
kinds of characteristic identification, evaluated it. In four kinds of identification, I got a high correct an-
swer percentage by adjustment, the processing of the training image, the re-learning handling of parame-
ter. However, a correct answer rate greatly varied according to a kind by 56 kinds of classifications and
the correct answer rate of Compositae and the Orchidaceae was remarkable and lowered. I will reexamine
the quality of training data in future.
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