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Abstract In recent years, many natural forests, which occupy about 60% of the forest area in Japan, are no longer used due to
changes in lifestyles, and tree diameters are increasing. On the other hand, while supply from Fukushima Prefecture, which had been
the main source of supply, decreases, production of mushroom logs such as Oak (Quercus Serrata) has become a pressing issue
nationwide. Under these circumstances, methods to efficiently investigate the resources of natural forests are necessary to effectively
utilize woods produced from natural forests. Therefore, in this study, as part of R&D to achieve significant labor saving in forest
resource investigation, we attempted to develop methods using deep learning to estimate abundance of oaks from aerial photographs
(ortho images) of forests acquired by UAVs (drones). We developed two estimation methods, "canopy region extraction by tree
species discrimination system" and "canopy region extraction by SegNet", and confirmed their usefulness by evaluation experiments.
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Fig. 1 The system overview (Tree species discrimination).
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Fig. 2 The structure of AlexNet.
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Fig. 3 The system overview (SegNet).
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Fig. 4 The structure of SegNet.
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Fig. 5 The estimation results (Evaluation experiment I ).
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Table 1 Estimation accuracy (Evaluation experiment I ).
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Fig. 6 The estimation results (Evaluation experiment I ).
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Table 2 Estimation accuracy (Evaluation experiment I ).
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Fig.7 Example of estimation result.
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Table 3 Estimation accuracy (SegNet).
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