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Abstract: In the military and civilian fields, the Morse telegraph is always as an important means of short-wave
communication, but the current automatic decoding algorithms still have problems such as low accuracy,
inability to adapt to low signal-to-noise ratio and unstable signals. A deep learning method is introduced to
construct a Morse code automatic recognition system. The neural network model consists of convolutional
neural network, bidirectional long short-term memory network and connectionist temporal classification layer.
The structure is simple and can implement end-to-end training. Related experiments show that the decoding
system can achieve good recognition results under different signal-to-noise ratio, code rate, frequency drift and

code length deviation caused by different sending manipulation, and the performance is better than the
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traditional recognition algorithms.
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AL PG T AT T F R R . SCHR[10] A T
Ba I JR Al K AR A (Hidden Markov Model, HMM) Al
IREEFZ M 2% (Deep Neural Networks, DNN)R1H
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CNN) FIE A 28 K 2% (Recurrent Neural Network,
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F, CNNERRIUES & ZERAE, BA RHK
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& 3 MEFEHMDKMEFIL T HIERDERHE

T2 (%) TR 2 (%)
FiafES 99.92 99.65
BRAERS 96.23 91.71
BB ARYK  22 95.88 90.40

* 4 BRIUEREECNNAIE IR ELE

RS TR (%) WEHERER(%)
HCNN, LI 23 99.92 99.65
JCCNN, A 42 92.71 73.90
HCNN, A 26 96.23 91.71
JECNN, A 47 63.11 20.35
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