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Abstract: In order to solve the problem that the signal recognition technology based on deep learning
network cannot currently realize the incremental recognition of unknown signals, a method for incremental
recognition of such unknown signals, based on the combination of the multi-flow ConvNeXt network and
Mahalanobis distance metric (MDM) is proposed. First, the improved multi-flow ConvNeXt network is
used to extract the attribute features of signals. Then, the MDM judgement method is used to detect
unknown signals, and apply the binary classification for known and unknown signals. Finally, the
parameters of the model is automatically updated according to the increasing number of unknown signals.
In such way, the model has the ability of self-evolution, and it has the ability to recognize incrementally
more types of unknown signals. The simulation results show that the average recognition rate of unknown

signals is more than 97%.
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Fig. 1 Structure block of the method proposed
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Fig. 3 Unknown signal recognition model based on multi-flow ConvNeXt-MDM
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8PSK  AM-DSB BPSK CPFSK PAM4 QAM16 QAME64 QPSK WBFM KA S
8PSK 385 0 1 0 0 1 0 1 0 12 96. 3
AM-DSB 0 213 0 0 0 0 0 0 167 20 53.3
BPSK 2 0 374 0 0 0 0 2 0 22 93.5
CPFSK 0 0 0 394 0 0 0 0 0 6 98.5
PAM4 0 0 0 0 391 0 0 0 0 9 97.8
QAMI16 8 0 0 0 0 342 23 2 0 25 85.5
QAMG64 3 0 0 0 0 31 339 1 0 26 84.8
QPSK 0 0 1 0 0 0 2 386 0 11 96.5
WBFM 0 57 0 0 0 0 0 0 324 19 81.0
AM-SSB 0 0 0 0 0 0 1 0 0 399 99.8
GFSK 0 0 0 0 0 0 0 0 8 392 98.0
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Tab.5 Identification results of unknown signal

B £ 5
SEFR( 5

KA KR 2 KRS R4 KRS K6
8PSK 1 3 1 3 0 1
AM-DSB 10 5 0 2 3 0
BPSK 2 8 3 7 2 0
CPFSK 0 3 3 0 0 0
PAM4 0 3 5 1 0 0
QAM16 7 9 6 2 1 0
QAMEG64 1 6 12 2 4 1
QPSK 0 1 8 0 2 0
WBFM 0 13 0 3 2 1
AM-SSB 395 3 0 0 1 0
GFSK 2 386 1 2 1 0
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Fig. 6 ROC curves of two dichotomous methods
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Tab. 6 Comparison of identification performance

e R/ %
B3 ACE Y SR2CNN  Inception-vd  MobileNetV3
8PSK 96. 3 85.5 85.7 87.5
AM-DSB 53.3 73.5 65.0 72.3
BPSK 93.5 95.5 94.5 88.5
CPFSK 98.6 99.0 87.0 89. 8
PAMA4 97.8 94.5 85. 2 87.0
QAM16 85.5 49.3 71.7 36.5
QAM64 84.8 44.0 72.3 44.5
QPSK 96. 5 90. 5 89.0 91.2
WBFM 81.0 32.0 66. 1 22.5
- R 87.5 73.7 79.6 68.8
Rox 97. 2 95.9 92.9 91.4
Ry 98. 8 99.5 97.8 92.6
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Fig. 7 Average recognition rate of unknown signal

of different algorithms
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