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Airborne formation intention recognition based on spatio-temporal
graph attention network

Niu Jingqi Yang Fengbao Wang Xiaoxia

(College of Information and Communications Engineering, North University of China, Taiyuan 030051 ,China)

Abstract: To address the issue of missing dynamic interactions between units caused by existing intent recognition
methods failing to account for formation spatial characteristics, this paper introduces a spatiotemporal coupling
mechanism and proposes a formation intent recognition method that integrates dynamic graph attention mechanisms
with spatiotemporal modeling. First, a global interaction backbone network is established based on target attributes
within the formation, combined with a Top-K nearest neighbor strategy to dynamically generate an adjacency matrix.
This transforms the dynamically evolving formation state into a structured temporal graph. Second, a Graph Attention
Network (GAT) enhanced with a Co-evolution Aware Pooling mechanism is employed to adaptively learn differentiated
interaction weights between different targets, enabling rapid capture of spatial coordination features in the dynamic
formation temporal graph. Finally, a Bidirectional Gated Recurrent Unit (BIGRU) augmented with a Multi-Scale
Attention mechanism is introduced to perform temporal analysis on the node state sequences extracted by GAT, which
contain spatial coordination information. This establishes an intent recognition model that deeply integrates
spatiotemporal features (STGAT-BiGRU). Simulation results show that, compared to existing methods, the proposed
approach achieves average improvements of 8. 78% and 8. 9% in accuracy and F1 score, respectively, demonstrating its
effectiveness and providing technical support for mastering situation evolution and gaining decision-making initiative.
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Table 1

Detailed description of the formation intent space
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Fig. 1 Intent characteristics of formation targets
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6 MSA BLl B iy BiIGRU %544
Fig. 6 BIiGRU architecture enhanced

with MSA mechanism
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Table 3 Experimental parameter settings
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1E N4k 2 %8 (dropout) 0.3
i K /N (batch_size) 32
7 F 8 8 %X (transform_channels) 256
& & )73k 30 (Heads) 8
4B (Top-K) 3
WahdE 0K EF (Window Size) 10

100
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Fig. 8 Formation intent recognition confusion matrix
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Table 4 Formation intent recognition results %
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Table 5 Comparison of experimental results %
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Table 6 Ablation experiment results %
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