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Specific Emitter Identification Based on Progressive Self-training Open Set Domain Adaptation

ZHANG Taotao, XIE Jun and QIAO Pingjuan

School of Command and Control Engineering, Army Engineering University of the PLA,Nanjing 210007, China
Abstract Aiming at the problem that the specific emitter identification model trained in the closed set scene will suffer from the
degradation of the known class recognition performance and the error of the new class recognition when deployed in the environ-
mental conditions of the specific emitter identification containing the new class, this paper proposes an specific emitter identifica-
tion method based on open set domain adaptation in the noise change scene. The maximum and minimum thresholds are used to
distinguish the known class and the unknown class,and a target classifier is trained by a progressive self-training method for tes-
ting the scene. An unknown classification of the target classifier fit the feature distribution of multiple unknown classes at the
same time may lead to the problem of boundary confusion of the learned known and unknown feature distribution. Based on this,
a multi-center loss is proposed to increase the compactness within the unknown class of the target known class and the distin-
guish ability between classes, which can improve the accuracy of the target classifier. At the same time,in order to reduce the
problem of fingerprint feature offset caused by noise between the source domain and the target domain,a prototype-to-prototype
contrastive learning is used to learn domain invariant features. Six groups of experiments are carried out on the public data set.
The HOS index of the proposed method in five groups is better than other methods,and the HOS reaches 93. 8 % in the task of

10dB-8dB. The experimental results show the effectiveness of the proposed method.

Keywords Specific emitter identification,Open set domain adaptation, Self-training, Center loss,Contrastive learning
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Fig. 3 Difference map between the three indexes of the proposed method and the comparison methods
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Table 4 Experimental results of different self-training epoch in
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