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Abstract: Xinjiang Uygur Autonomous Region, endowed with abundant land and solar energy resources, has emerged as a national leader

in terms of installed photovoltaic (PV) capacity, driven by the growing demand for renewable energy and advancements in PV technology.
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Accurate, real-time identification of PV station distribution and quantitative analysis of its effects on the spatial aggregation of surrounding
vegetation provide crucial data and informed decision-making support for PV siting in Xinjiang.

This study employs deep learning semantic segmentation models constructed by combining three architectures (UNet, pyramid scene
parsing network, and DeepLabV3+) with four backbone networks (ResNet-34, ResNet-50, ResNet-101, and ResNet-152), as well as
alternative DeepLabV3+ backbones including MobileNetV2, DarkNet53, VGG16, and DenseNetl21 in different combinations. The
objective is to determine the optimal model for PV station detection and map the spatial distribution of PV stations across Xinjiang. Global
Moran’s I values are calculated as a time series within buffer zones divided into equal intervals (ranging from 30 m to 600 m around the PV
stations) to assess the effect of PV station construction on vegetation spatial aggregation.

Results reveal that (1) the UNet-ResNet50 model demonstrates superior performance in PV station recognition, achieving an accuracy
of 98.64% (improvement of 0.09 percentage points), an F1 score of 95% (improvement of 0.4 percentage points), and an intersection over
union value of 90.47% (improvement of 0.57 percentage points). These exceptional recognition capabilities are primarily attributable to the
high accuracy of the PV sample set and the model’s outstanding feature extraction and depth balancing abilities. (2) With Sentinel-2 remote
sensing images and the UNet-ResNet50 model, the 2020 PV stations in Xinjiang are extracted and classified into vegetation-covered and
bare-land PV stations, with area proportions of 30% and 70%, respectively. (3) Within different buffer zones ranging from 30 m to 210 m
from a PV station, the Global Moran’s I of vegetation shows a remarkable downward trend from 2012 to 2020. In the buffer zones 210—600
m from a PV station, decrease in the Global Moran’s I of vegetation slows down substantially. The closer the location is to a PV station, the
greater the influence on the spatial aggregation of vegetation is and the more evident the decrement in the time series is.

Therefore, remote sensing monitoring of PV stations and their surrounding buffer zones offers critical data and technical support for
construction planning, precise operational management, and assessment of ecological effects associated with PV stations.

Key words: photovoltaic station, semantic segmentation model, vegetation spatial aggregation, Global Moran’s Index
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