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Space target RCS anomaly detection method based on CNN-BiGRU
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Defense Technology, Changsha 410073, China)

Abstract ; In accordance with the difficulties of extracting the effective features of short RCS sequence and
the low detection accuracy by traditional attitude anomaly detection method, which caused by the low data
rate of RCS under the phased array radar system, an RCS anomaly detection method based on a convolu-
tional neural network (CNN) and bidirectional gated recurrent units ( BIGRU) is proposed in this paper.
First, the sliding window is adopted to accumulate the real-time RCS data of space targets. Then, the
one-dimensional CNN is adopted to extract high-dimensional features of the RCS sequence, while the
BiGRU helps to extract time-series dependency features of the high-dimensional feature vectors. Multiva-
riate feature information of RCS varying with target attitude is extracted effectively by cascading two net-
works. Finally, the fully connected layer is used for the classification and recognition of anomaly targets’
RCS. The simulation experimental results indicate that the proposed method presents higher detection ac-
curacy and stronger noise robustness than traditional methods. Moreover, the real test experimental re-
sults indicate that the model trained by simulation data has high detection performance under the condi-
tion of low data rate for the measured data of different sources, demonstrating that the model has strong
generalization ability, which means that our method is more applicable for RCS anomaly detection under
phased array radar system.
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Fig.9 Capability diagram of various methods under
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Fig.10 Capability diagram of various methods under

different window lengths
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