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Vegetation extraction algorithm for the Tibetan Plateau based on YOLOvVS and
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Abstract: Vegetation coverage on the Qinghai— Tibet Plateau is a crucial metric for ecological studies and
environmental monitoring. Traditional methods to detect vegetation coverage are effective in regions with simple
terrains and concentrated vegetation. However, in complex terrains, issues such as high costs, restricted survey
areas, and extended time intervals reduce the accuracy of the results obtained using such traditional methods. In
recent years, rapid advancements in computer vision and deep learning have created new opportunities for precise
vegetation extraction in the complex terrains of the Qinghai— Tibet Plateau. Here, we introduce a two-stage
vegetation extraction algorithm that integrates YOLOv5 and an improved DeeplabV3+ . The algorithm utilizes a
vegetation detection model based on YOLOv5 to minimize background interference during the second stage of

vegetation segmentation; and a newly designed DeeplabV3-+ semantic segmentation model for accurate vegetation

Wk H 81 :2024-02-27 ; 50 A H H £ 2024-05-16
BEGWUH WA AR I Bk R G U SR A Y 5 A T D2 A 1 T S 3T (2023-QY -208) BEH) .
FE#H T FEMf L (2002—) , 2o, REEALTE AR E-mail: 210809010426@ghu. edu. cn

* il {F/E# Corresponding author. E-mail: hjqxaly@163. com



42 ACTA PRATACULTURAE SINICA(2025) Vol. 34,No. 1

segmentation and extraction. The improved model incorporates the lightweight backbone network MobileNetV2,
optimizes the dilated convolution parameters of the ASPP module, and integrates EMA and CloAttention
mechanisms. The experimental results on the unmanned aerial vehicle dataset of the Qinghai—Tibet Plateau
demonstrate that the algorithm attains an intersection over union (IoU) of 90.40% and a pixel accuracy (PA) of
96.32%, significantly outperforming other current technologies and greatly reducing the model’s parameters. Under
various environmental conditions, the algorithm exhibits high-precision capabilities for vegetation extraction, offering
effective technical support for the rapid and precise measurement of vegetation cover on the Qinghai— Tibet Plateau.
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Fig. 1 Unmanned aerial vehicle aerial images of the Tibetan Plateau
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