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Performance Analysis of Deep Learning—based
Modulation Classification under Phase Offset
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Abstract

Automatic Modulation Classification (AMC) plays a crucial role in enhancing transmission efficiency and reliability
in various cooperative and non-cooperative contexts, and numerous Deep Learning (DL)-based approaches have been
reported. However, existing studies mainly focus on improving classification performance using training and test data
from the same environments, and models trained only under specific conditions can be sensitive to distortions in
received signals and may have limited applicability in real-world environments. This paper analyzes the classification
performance and practical applicability of DL-based AMC in the presence of phase offset. Through extensive
computer simulations that consider phase offset conditions and structural characterestics of modulation-specific signal
patterns, we show that a DL model trained with diverse phase offsets can be effective in practical environments.
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Fig. 1. System model for deep learning-based AMC
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Table 1. Deep learning model for AMC

Layer name Architecture
convi conv(16, (1, 8)) + bn + relu + maxpool
conve conv24, (1, 8)) + bn + relu + maxpool
oonv3 conv(32, (1, 8)) + bn + relu + maxpool
oonv4 conv(48, (1, 8)) + bn + relu + maxpool
convh conv(64, (1, 8)) + bn + relu + maxpool
oonvé conv(96, (1, 8)) + bn + relu + avgpool
fc linear(K)
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