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Abstract: Modulation recognition is a key technology in communication countermeasures. Most of the existing mod-
ulation recognition studies based on deep learning are conducted on simulated datasets or open-source datasets. As a result,
the models obtained through training face huge challenges of being unable to adapt to specific scenarios in practical applica-
tions. First, this paper proposes a mirror data augmentation method for modulated signals. The signals transmitted by a vec-
tor signal source and received by a receiver are used as the original data. Signal augmentation is achieved through opera-
tions such as filtering, different rate sampling, phase shift, frequency shift, and noise addition. The augmented dataset gener-
ated in this way can adapt to the influence of various factors in real-world scenarios, such as different symbol rates, Doppler
frequency shifts, receiver carrier offsets, signal-to-noise ratios (SNRs), and receiver characteristics, and is similar to real sig-
nals. Next, a signal modality transformation module is designed to perform modality transformation on 1Q sampling data
samples, providing a data basis for subsequent multi-modality processing. Then, a Transformer-based modulation recogni-
tion model with multi-modality multi-scale convolution fusion and SE denoising mechanism is designed. After that, the pro-
posed model is trained using the RadioML2018.10a dataset. When the SNR is above 12 dB, the accuracy of the test set
reaches 98.3%. However, when the trained model is used for testing in real-world scenarios, the result is only 10.4%. Final-
ly, the proposed model is trained using the augmented dataset. When the SNR is above 16 dB, the average accuracy is 90.1%.

The trained model is used for online practical testing, and the recognition rate reaches 91.9% when the SNR is 12 dB.
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Figure 1  Flowchart of mirroring data augmentation
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Table 2 Comparison of model parameters and performance
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Figure 9 Recognition performance of the model trained on simulated

datasets when applied to real data
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Figure 10 Recognition performance of the model trained on the

augmented dataset under real data
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Table 4  Effect of sample size and modality on model accuracy
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