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Abstract: Modulation recognition technology is a crucial component of communication signal reconnaissance, serving as
an essential prerequisite for classifying and identifying unknown communication signals and extracting information. Exist-
ing deep learning-based modulation recognition methods have poor feature extraction capabilities under low signal-to-noise
ratio (SNR) conditions. To address this issue, this study proposes a signal modulation recognition algorithm based on

multi-scale feature fusion extraction. The algorithm uses a multi-scale convolution module composed of multiple convolu-
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tion kernels of different sizes to extract multi-scale features of the signal and fuses these features through convolutional lay-
ers to extract key features of the signal’ s modulation information. Then, a global feature extraction module composed of a
multi-head attention mechanism is used to extract global features of the signal, and modulation recognition is achieved
through average pooling layers and fully connected layers. To optimize the network parameters and computational complex-
ity, this study proposes replacing the standard convolution with group convolution to simplify the model. Results from ex-
periments on the RadioML2016.10a dataset show that the proposed method can accurately identify various modulation
types, with recognition accuracy exceeding 95% for most modulation types under high SNR conditions. Compared to ex-
isting neural network recognition methods, the proposed method improves the recognition rates by 1.47% to 7.26%. Under
lower SNR conditions (-6 to 0 dB) , it achieves an improvement of 4.73% to 9.09%, demonstrating better noise resis-
tance. Additionally, using group convolution instead of standard convolution reduces the network parameters and computa-
tional load by 38.9% and 54.9%, respectively, with minimal performance difference. An ablation study was designed to
verify the performance improvement of each module in the proposed algorithm. Experimental results validate the effective-
ness of the proposed algorithm in terms of recognition accuracy and noise resistance.

Key words: modulation recognition; convolutional neural network; multi-head attention mechanism; group convolution
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Fig. 2 Network structure of multi-scale feature fusion extraction
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Fig. 3 Schematic of feature extraction in the multi-scale
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Fig. 5 Confusion matrices at -8, -4, 0, and 10 dB
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Fig. 7 Comparison of performance among different networks
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Tab. 2 Recognition performance of the proposed network model compared to other network models

A -6 dB~0 dB X IE 1 %/% 2 dB LIS IE /% SEHIE#R 1%
CNN 68.63 81.13 56.08
LSTM 69.22 89.73 60.11
MCLDNN 72.99 92.07 61.87
PET-CGDNN 69.35 90.23 60.74
MCformer 71.55 84.36 58.14
MFFE 77.72 92.74 63.34
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Tab. 4 Performance results of group convolutional layer

versus convolutional layer

i8] ZHEIK B EM P IERE%
CNN 1592.38 13.01 56.08
LSTM 201.10 25.82 60.11
MCLDNN 406.20 49.15 61.87
PET-CGDNN  71.87 8.32 60.74
MCformer 47.98 48.64 58.14
MFFE-CNN  318.99 28.92 63.41
MFFE-GCNN  195.00 13.05 63.34
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