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Abstract: The existing modulation recognition algorithms based on deep learning theory require a large number of 1Q
signal samples during the training phase. It is difficult to obtain a large number of samples in complex electromag-
netic environments, resulting in a decrease in the generalization performance of modulation recognition algorithms
based on deep learning. A signal enhancement based modulation recognition (SEBMR) algorithm was proposed to ad-
dress the issue of poor network generalization ability. Firstly, a feature extraction and reconstruction module was de-
signed to capture the global features of IQ signals. Secondly, an 1Q signal enhancement network based on auxiliary
classifier generative adversarial network (ACGAN) was proposed to achieve dual enhancement of sample quantity
and quality. Finally, the support vector machine algorithm was employed to achieve modulation recognition and classi-

fication. To achieve recognition of debugging signals in complex channels, reconstructed signals representing global
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features were for training, and 1Q baseband signals which experienced wireless fading were used for testing. The ex-

perimental results show that the proposed method can achieve better recognition accuracy performance in small

sample training sets and fading channel environments compared to existing recognition methods based on long short-

term memory (LSTM), convolutional neural network (CNN), attention mechanism, etc.

Key words: modulation recognition, attention mechanism, signal enhancement, generative adversarial network
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AL R B R R S5 R N 1B 5 BT, R AE X R B2k S
S E N BB, YR VEE B R B
fiE o PEANREAE 7 8 5 3% 70 2 I AT W UG A E
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Noise=Input() Input()

Dense() conv2d_1(Conv2D)
Reshape() leaky re lu I(LeakyReLU)
Upsampling2D() dropout 1(Dropout)

Attention module

conv2d_1(Conv2D)

Batch_normalization 1(BatchNormalization)
Upsampling2D()

conv2d_2(Conv2D)
Batch_normalization_1(BatchNormalization)
conv2d_3(Conv2D)
Batch_normalization_1(BatchNormalization)

conv2d_4(Conv2D)

conv2d_2(Conv2D)

leaky re lu 2(LeakyReLU)
dropout_2(Dropout)
Batch_normalization_1(BatchNormalization)
Zero_padding2d_1(ZeroPadding)
conv2d_3(Conv2D)

leaky re_lu_3(LeakyReLU)
dropout_3(Dropout)

Global average pooling2d_1

Dense()
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BENLAE BB 2

datag,.=TrainModelG(z,label);

D=TrainModelD(datag.ye,fusion): /I8l 7 A= B A

if (Max (Lgt+Lc) )

end for

BEALAE B 75 2
G=TrainModel(z, label); /[ 5& ¥ 5] W 2%
Xt A 3 0 4 REAT A0 B 5

end for

TRA 53 FEAELR
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fE o ARSI A A BIQREAR BN T 36T
A SRR AE BRI AR s, DR R A v T L
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