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Multi-Parameter Radar Signal Sorting Based on t-SNE Dimensionality Reduc-
tion and DBSCAN Algorithm
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(Beijing Research Institute of Telemetry, Beijing 100076, China)

Abstract: This study explores the combination of t-Distributed Stochastic Neighbor Embedding (t-SNE) dimensionality reduc-
tion technique and the Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm to address the challenges
in multi-parameter radar signal sorting. As the complexity of radar signals has been increasing, traditional signal processing methods
have revealed limitations. t-SNE effectively extracts essential features from the data by reducing dimensionality, eliminating noise
and redundant information, and providing a clearer boundary for subsequent DBSCAN clustering. In the experiment, we generated
five different types of radar signal data and conducted analyses using t-SNE and DBSCAN. The results show that the t-SNE dimen-
sionality reduction combined with the DBSCAN clustering algorithm performs well in terms of purity and silhouette score, confirm-
ing the effectiveness of this method in complex radar signal sorting.
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Fig. 2 3D visualization of original data (TOA, CF, and PW)
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