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Abstract: For the application scenarios of autonomous landing of UAVs in complex electromag-
netic combat environments, an airport runway detection algorithm based on image semantic seg-
mentation is proposed, and a lightweight and efficient end-to-end runway detection neural network
called RunwayNet is designed and constructed. In the feature extraction part, ShuffleNet V2 is
modified by using atrous convolution to obtain a backbone network with adjustable output feature
map resolution. Self-attention module is designed using the self-attention mechanism to make the
network capable of global runway feature extraction. And the decoder module is designed to fuse
the rich details, the spatial location information of the low-level layers, and the rough, abstract se-
mantic segmentation information of the high-level layers to obtain a fine runway detection output.
The experimental results show that RunwayNet can accurately segment the runway area during the
entire landing of the UAVs, and can achieve near real-time processing speed on the embedded com-
puting platform, which has strong practical value.
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Fig. 3  Self-attention module
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Tab. 2 Result of ablation experiment for RunwayNet modules

Method SAM Decoder Params GFLOPs fps  MloU/%
Our-Basic ~ — — 1. 09 4.41 24.5 85. 28
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Fig. 8 Visualization of self-attention module intermediate layer
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Fig. 9 Segmentation results of Runway test set
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