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Modulation Recognition Algorithm By Using Parallel CNN-LSTM
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Abstract: To improve the performance of modulation type recognition algorithm based on convolutional neural network,
CNN-LSTM parallel network is designed by CNN spatial feature extraction ability and LSTM Time series feature extraction
ability. The upper branch consists of a pooling layer and a convolution layer, and the lower branch uses a single-layer
LSTM network. The in-phase component and quadrature component are directly used as input data, and the upper and lower
branches extract the spatial and temporal characteristics of the signal respectively, to improve the feature expression ability.
The experimental results of modulation type recognition for 7 kinds of signals, such as BPSK, QPSK, 8PSK, 16QAM,
32Q0AM, 16APSK and 32APSK, show that the algorithm does not need to artificially design the characteristic parameters and
reduces the influence of human factors. At the same Time, the algorithm has good recognition performance at lower SNR.
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Fig.1  CLP network model diagram
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Tab.1 Average recognition accuracy and network training time

of different convolutional layer signals in the upper branch

MgERRL  BRUZR Acc Time
A 1 1 97.13% 187 s
iR 2 2 95. 64% 251 s
PR 3 3 96.19% 314 s
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Tab.2  Average recognition accuracy and model training time

for different kernel size networks

BRBERST s K Acc Time
2x5 1x2 96.75% 194 s
2x5 1x3 96.97% 190 s
2x5 1x4 96. 84% 196 s
2x6 1x2 97.13% 187 s
2x6 1x3 96.74% 192 s
2x6 1x4 96.71% 196 s
2x7 1x2 96.9% 171 s
2x7 1x3 95.9% 192 s
2x7 1x4 95.89% 192 s
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Tab.3  Average recognition accuracy and model training

time of different LSTM layer networks in the lower branch
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Fig.5 Comparison of four algorithm average recognition accuracy
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Tab.4  Average accuracy comparison of four algorithms
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SEHTEHGRBIZ/%  97.13 96.08  95.74  85.02
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Tab.5 Comparison of training parameters and time

of four algorithms
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