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Abstract

To address the limitation of KPConv in modeling global semantic information during the decoding
stage, a global context-aware point cloud semantic segmentation model named GCA-Net is proposed.
The model incorporates a lightweight global-local feature guidance mechanism into the decoder,
enabling global semantic information to effectively constrain local feature recovery during upsampling
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and enhancing the semantic consistency of the output features. Global semantic representations are
constructed through global attention pooling and refined by a bottleneck structure that strengthens
inter-channel dependencies, and are subsequently fused with encoder features to improve the col-
laborative representation of global and local semantics. Experimental results on the ISPRS dataset
show that, compared with the baseline KPConv network, GCA-Net achieves improvements of 0.9%
in overall accuracy (OA) and 2.7% in F1 score.
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Figure 1. GCA-Net network structure
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Figure 2. Global-local feature-guided structure graph
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Table 1. ISPRS dataset point distribution
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Table 2. Comparison results of different methods
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Figure 3. Visualization of experimental results and error plots
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Table 3. Decoding stage ablation experiment results
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