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A complex unknown radar signal deinterleaving method based on
selective deep embedding clustering
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Abstract: With the continuous advancement of electronic warfare and radar technologies, radar signal in battlefield envi-
ronments has become increasingly complex and diverse, which poses severe challenges to signal deinterleaving. Tradi-
tional deinterleaving methods typically rely on prior knowledge and a preset number of categories, making them unsuit-
able for handling unknown signal sources and dynamically changing features that may arise in real-world applications. To
address this issue, a complex unknown radar signal deinterleaving method based on selective deep embedding clustering
was proposed. By integrating the feature extraction capabilities of deep learning with the flexibility of a density-based
clustering algorithm, this method achieved adaptive embedding and clustering of radar signal parameters without relying
on specific prior knowledge. Through automatic feature learning via neural networks coupled with a density-based cluster-
ing algorithm, the need for manually defined features with limited generalizability was avoided. Experimental results on
radar signal datasets from complex environments indicate that the proposed method achieves a cluster purity of up to
99.46%, demonstrating robust adaptability and extensibility in identifying unknown or dynamically changing signal char-
acteristics. Compared with traditional methods, selective deep embedding clustering provides a more universal and reli-
able solution for large-scale, complex radar signal processing and offers valuable references for other extensive data min-
ing tasks involving unknown signals.
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