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Performance Comparison of CNN Classifiers for Analog Modulated Signals
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Abstract

In this study, we proposed a classifier and learning method based on a convolutional neural network (CNN) to distinguish analog-modu-
lated signals and compare the performance of the classifier with different input types to the CNN. We considered seven analog-modulated
signals, including frequency modulation (FM), and six types of amplitude modulation (AM) signals, namely, double-sideband (DSB), up-
per-sideband (USB), and lower-sideband (LSB) signals with and without carrier insertion. Four types of inputs to the CNN were examined:
in-phase and quadrature-phase (IQ) components, magnitude and phase (MP) components, amplitude and phase (AP) components in the
frequency domain, and the spectrogram (SG) of the baseband complex equivalent signal. We also present a learning method for handling
cases in which the spectrum of the received signal is shifted from the center frequency. Simulation results show that for signal-to-noise
ratios (SNRs) below 0 dB, the AP and SG inputs, which represent frequency-domain signals, achieved significantly better classification
accuracy. In particular, the AP input, which included phase information, demonstrated superior accuracy compared to the SG input under
most SNR conditions. By reflecting the spectral shift into the baseband equivalent signal for training, the classification accuracy remained
nearly consistent regardless of the input types, even when the frequency shifted within £20 % of the sampling rate.
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Fig. 2. Classification accuracy of the proposed classifier accor-
ding to the input format of the neural network.
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