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ABSTRACT

This study proposes a method for forest vegetation monitoring using high-resolution aerial imagery
captured by unmanned aerial vehicles(UAV) and deep learning technology. The research site was
selected in the forested area of Mountain Dogo, Asan City, Chungcheongnam-do, and the target species
for monitoring included Pinus densiflora, Quercus mongolica, and Quercus acutissima. To classify
vegetation species at the pixel level in UAV imagery based on characteristics such as leaf shape, size,
and color, the study employed the semantic segmentation method using the prominent U-net deep
learning model. The research results indicated that it was possible to visually distinguish Pinus
densiflora Siebold & Zucc, Quercus mongolica Fisch. ex Ledeb, and Quercus acutissima Carruth in
135 aerial images captured by UAV. Out of these, 104 images were used as training data for the deep
learning model, while 31 images were used for inference. The optimization of the deep learning model
resulted in an overall average pixel accuracy of 92.60, with mloU at 0.80 and FloU at 0.82,
demonstrating the successful construction of a reliable deep learning model. This study is significant
as a pilot case for the application of UAV and deep learning to monitor and manage representative

species among climate-vulnerable vegetation, including Pinus densiflora, Quercus mongolica, and
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Quercus acutissima. It is expected that in the future, UAV and deep learning models can be applied

to a variety of vegetation species to better address forest management.

Key Words:

U-net, Remote sensing, UAV(Unmanned Aerial Vehicles), Species classification, Pinus

densiflora Siebold & Zucc, Quercus mongolica Fisch. ex Ledeb, Quercus acutissima Carruth.
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Figure 2. Distribution of Pinus densiflora, Quercus mongolica, and Quercus acutissima Communities Based on the
Ecosystem and Nature Map and Area by Conservation Class of Vegetation, and Four Field Survey Sites((D:
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Table 2. Target species GT data ratio(%)
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Table 4. Pixel count and prediction ratio for the class between the GT and U-Net predicted results.
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Figure 7. A, B: UAV image, GT data, and U-net output result(Red: Pinus densiflora, Green: Quercus mongolica,
Blue: Quercus acutissima). a, b, c, d, e: Field image of target species(a, d: Quercus mongolica, b: Pinus
densiflora. c, e: Quercus acutissima)
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