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ABSTRACT

In this paper, light weight deep learning-based light weight Convolutional Neural Network (CNN) model is
proposed for automatic modulation classification in cognitive radio. To minimize the vanishing gradient problem
he skip connection structure of ResNet is applied to the proposed model, and to reduce computation complexity
the proposed model is designed as bottleneck architectures. To extract the features through the proposed model
synchronization, normalization, and aggregation dealt with for the input signals, and for performance evaluation
the proposed model is compared with the conventional networks, ResNet and VGG, about the accuracy and
inference by using the dataset that has 24 modulation classes. According to the simulation result by Matlab
analysis tool, the proposed model has better performance on the predicted accuracy than others, especially over

than 10% at SNR 10 dB. The performance of inference time also has smaller time than others.
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Fig. 1. Example of the system model for automatic
modulation classification
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B 1. A=k A4 2d 2 AH
Table 1. The description of proposed CNN model.

¥ 2. DCNN =ejAlg 44
Table 2. The configuration of DCNN simulation.
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Table 3. Computation complexity of each model.
Number of Predicted Time

Model .

Parameters | Consumption [ms]

VGGI[17] 257K 0.1279

ResNet[17] 236K 0.1006

AMC-CNN[12] 27K 0.0485

Proposed Model 84K 0.0671
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