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Abstract: This paper proposes a specific emitter identification model suitable for one-dimensional
signals under open set scenes based on prototype network. The model is used to solve the prob-
lems of weak robustness and low recognition of existing algorithms for specific emitter identifica-
tion under open set scenes. Firstly, the I/Q signals collected are preprocessed by power normali-
zation, slicing and noise addition. Then, a one-dimensional convolutional neural network for rec-
ognition of 1/Q signals is designed, and a squeeze-and-excitation block with attentional mecha-
nism is added to the network to improve the weights of feature channels with high efficiency. Fi-
nally, the preprocessed data set is used to train and test the network based on the idea of proto-
type learning. During the training process, the distance cross entropy loss function is used for
prototype learning for each category, taking the distance between the signal features and the pro-
totype as the classification basis. At the same time, the prototype loss function is used to increase
the inter-class distance by compacting the intra-class signals, which further enhances the classifi-
cation ability. During the testing process, the network can learn an adaptive distance threshold

for each category by using the adaptive distance classification rule. The distance threshold is used
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for the classification of known classes and the detection of unknown ones. Experiments are car-

ried out on the signals collected from five ZigBee devices. Simulation results show that the recog-

nition rate of proposed model is about 8% higher than the common models based on extreme value

theory between a signal-to-noise ratio from —10 dB to 10 dB.
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Fig. 1 Recognition models for closed set and open set
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Fig. 2 Specific emitter identification model based on prototype network for open set scenes
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