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ATTEMPT TO EVALUATE CONTRIBUTION OF CIVIC ACTIVITIES FOR 
REALIZATION OF FUTURE VISION

--- CASE STUDY OF HIGASHIOHMI --- 

Reina KAWASE, Jaegyu KIM and Masaaki NAITO 

 Higashiohmi city, with citizen’s subjective participation, described a quantitative future vision in 2030
from view points of 3 axes; environment, society and economy. For the realization of the vision, all the
actors collaborate, give thought to a method available for progress management, and are working toward
practice. This study evaluates 23 civic activities selected by Higashiohmi round table committee by 3 in-
dicators and supplies the information of degree of contribution. The indicators are CO2 emission reduc-
tion(environment), time spent interacting with nature and people in region(society), and regional econo-
my circulation(economy).

In total 23 activities, the contribution of each indicator is less than 1.5 % of the target value in the fu-
ture vision. By showing the results to actors, however, secondary effects are expected such as increase in 
their motivation for the activities by finding that the activities contribute to the evaluation axis which is
not the purpose of the activities.
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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. I 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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