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Abstract: To address the issues of single-scale feature extraction, detail loss, and blurred boundaries in
aerial image semantic segmentation, this paper proposed an aerial image semantic segmentation network
with cross-level interaction and orientation awareness. A position awareness module was constructed
through a direction-decoupled attention strategy to enhance the model’s ability to process spatial directional

information; a cross-level interaction module was designed for inter-channel feature interaction and fusion
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to improve spatial perception, while a channel-spatial attention mechanism was used to enhance feature ex-
traction capabilities and alleviate detail blurring issues in complex scenes; finally, a lightweight design was
implemented for the segmentation head, removing redundant operations to reduce computational load
while ensuring segmentation performance. Experimental results indicate that the proposed network
achieves a 1. 7% and 1. 3% improvement in mean intersection over union on the UAVid and Aeroscapes
datasets, respectively, compared to the baseline model SegFormer, demonstrating the network's effective-
ness in semantic segmentation under complex conditions such as aerial images. The segmentation accuracy
of the Human category improved by 1. 8% compared to the baseline model, demonstrating that the net-
work proposed in this paper performs excellently in small object segmentation. Compared with several
mainstream networks, the method proposed in this paper achieves the highest segmentation accuracy on
both datasets, showing superior generalization capability.

Key words: inter-level interaction; semantic segmentation; aerial imagery; lightweighting; direction de-

coupling
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Tab.2 Comparison results of various categories with mainstream networks on the UAVid dataset.

Ik FLOPs Params Clutter Building Road Tree LowVeg Movin Car Static Car Human mloU
ABCNet™’ 62.9 14.0 67.4 86.4 81.2 79.9 63.1 69. 8 48.4 13.9 63.8
SegFormer™"! 53.3 13.7 65.6 87.5 80.7 79.4 62.3 70.4 50.5 28.0  65.5
MANet”” 51.7 12.0 64.5 85.4 77.8 77.0 60. 3 67.2 53.6 14.9  62.6
AFFormer™’ 31.1 2.3 56.2 81.2 73.5 55.5 61.3 61.3 32.3 17.3  56.4
PIDNet 23.8 7.6  66.7 859 80.5 79.4 63.0 71.5 58.2 281 66.7
MambaUNet™ 160.3  35.9  56.6 78.5 76.1 71.5 53.0 66. 4 40.5 15.9  57.3
DecoupleNet™ 32,1 6.8 65.1 85.4 80.6 78.8 62.1 74.1 49.7 30.8 65.8
RSMamba'* 193.5  28.6 69.5 84.2 68.8 75.2 66.5 S57.7 47.7 27.9  62.7
UrbanSSE™  19.4 3.6  65.0 857 79.1 79.6 63.3 69.0 54.7 29.3  65.7
UNetMamba ™' 100.6  14.8 65.5 80.8 744 72.8 55.6 66.9 51.0 23.8 61.4
7R SC R 4% 56.9 16.4 64.3 88.3 80.5 79.9 62.6 73.4 58.9 29.8 67.2
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Fig. 5 Visual comparison results of some networks on the UAVid dataset.
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