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Open set recognition of specific emitter identification

based on deep auto—encoder

LIN Ziyu, WANG Xiang", SUN Liting, KE Da, LIU Zheng
(College of Electronic Science and Technology, National University of Defense Technology, Changsha Hunan 410073, China)

Abstract: A processing process of open—set specific emitter identification is built in order to
achieve accurate control of urban frequency equipment. The core lies in the effective interval filtering of
fingerprint features and the open set recognition model based on the deep self-encoder. By visualizing
deep network activation using Class Activation Mapping(Grad—CAM), the section of signal contributing
more to neural network activation can be determined, and then interval filtering for the signal can be
performed without losing too much fingerprint information. On the other hand, an open-set specific
emitter identification model is established based on semi-supervised adversarial autoencoders,
achieving effective monitoring and identification of unknown emitters that may occur in the spectrum.
Experiments show that Grad=CAM can filter out the most advantageous part of the extracted signal
fingerprint, and the proposed model can achieve high—precision open set recognition without degrading
the closed set recognition rate.
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Fig.1 Training process of open-set specific emitter identification
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Fig.2 Testing process of open-set specific emitter identification system
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Table2 Open—set recognition results
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AUC 0 0.928 0.858 0.792
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close—set accuracy 0.972 0.962 0.973 0.966
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