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Abstract

This paper presents an automatic modulation classification method that involves the application of various imaging algorithms to a
convolutional neural network (CNN). The effect of time-series data imaging on the performance of CNN-based modulation classification
is analyzed. Our experiment suggests that converting raw signal data into image data using Markov transition field can reduce the error
rate of CNN classification from 34 % to 30 % in case of —6 dB signal to noise ratio (SNR) and from 37 % to 18 % in case of

0 dB SNR. This study shows that time-series imaging is a viable preprocessing method for improving the performance of CNN-based
modulation classification.
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Table 1. CNN structure for AMC.

Layer Output dimension Output dimension
(image data) (IQ data)
Input 2x128x128 1x2x128
Convl 064x64%64 64x1x64
Conv2 64x32x32 64x1x32
Conv3 128x16x16 128x1x16
Conv4 256%8x8 256x1x8
Conv5 512x4x4 512x1x4
Average pool 512x1x1 512x1x1
Fully connected 4 4
Softmax 4 4
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1. Automatic modulation classification performance
under various SNR conditions: (left) RP image
data, (right) 1/Q data.
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Table 2. Modulation classification performance using signal
imaging and CNN under various SNR conditions.

Algorithm Error rate
—-6dB | 4dB | —2dB 0 dB
RP 0.316 0.281 0.266 0.242
MTF 0.3 0.27 0.197 0.18
GASF 0.324 0.299 0.299 0.294
GADF 0.3 0.282 0.262 0.253
1/Q 0.348 0.362 0.374 0.375
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