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Abstract

With the rapid development of low-altitude unmanned aerial vehicle (UAV) remote sensing technol-
ogy, the high-resolution images obtained provide abundant data sources for the identification and
classification of refined land cover features. However, current deep learning-based semantic seg-
mentation models often face challenges such as blurred land cover boundaries, large intra-class
variations, and high inter-class similarity when processing such images. Moreover, most studies
only employ RGB color information as input, and the insufficient exploitation of multi-dimensional
spectral characteristics of images leaves room for improvement in classification accuracy and ro-
bustness of the models in complex scenarios. To address these issues, this study focuses on the ef-
fective fusion of RGB spatial information and multi-spectral features, and optimizes semantic seg-
mentation and land cover classification models for low-altitude UAV remote sensing images. A dual-
branch feature extraction network is constructed to process RGB images and spectrally transformed
information separately, and a cross-modal feature interaction and fusion module is designed to
achieve complementary enhancement of spatial details and spectral discriminative features. Exper-
imental results demonstrate that the proposed fusion model significantly outperforms baseline
models using only RGB information in classification accuracy for multiple typical land cover cate-
gories including buildings, vegetation, roads, and water bodies. It exhibits outstanding performance
especially in distinguishing land cover features with similar spectral characteristics but different
spatial textures, effectively improving the continuity of segmentation boundaries and the homoge-
neity of classification results. This study not only provides a technical solution with higher accuracy
and stronger adaptability for the automated interpretation of UAV remote sensing images, but also
offers important practical reference for promoting intelligent applications in precision agriculture,
urban mapping, environmental monitoring and other fields by exploring multi-source information
fusion mechanisms.
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Table 1. Analysis of cross-modal feature interaction and fusion module
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Figure 1. Comparison of semantic segmentation accuracy of different models
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