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Abstract

In this paper, we use various deep learning models for automatic modulation classification (AMC) of received signals and compare
the classification performance according to different input types. To enable a fair comparison, a dataset consisting of 26 analog and
digital modulation schemes is generated. Five input types are considered: time-domain inphase and quadrature components, time-domain
magnitude and phase, frequency-domain real and imaginary components, frequency-domain magnitude and phase, and time-frequency
spectrogram. The classification performance is evaluated using five representative deep learning models, including convolutional neural
network (CNN), long short-term memory (LSTM), residual network (ResNet), Transformer, and a hybrid CNN-LSTM model, under
various signal-to-noise ratio (SNR) conditions. Simulation results show that the LSTM model with time-domain inphase and quadrature
inputs achieves the best classification accuracy with a significant margin compared to the other models and input formats. For the
remaining models, the time-domain inputs generally outperform the frequency-domain inputs, while no significant performance difference
is observed between the two time-domain types. These results demonstrate that both the choice of deep learning model and input type
have a substantial impact on the performance of deep learning-based modulation classifiers.
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Table 2. Deep learning neural network models for classifiers.

Number of
Model Structure trainable
parameters

Input (1x1024x2),
Convl (c:128, k:3x3),
Conv2 (c:128, k:3x3),
Conv3 (c:64, k:3x3),
Conv4 (c:64, k:3x3),

Flatten, FC1 (260), FC2 (26)

CNNE 1.3x10°

Input (1x1024x2),
Convl (c:128, k:3x3),
CNN-LSTM Conv2 (c:128, k:3x3), Flatten,
SLI6LLM] LSTMI (h:256), LSTM2 (h:256),
LSTM3 (h:12),
Flatten, FC1 (260), FC2 (26)

3.5x107

Input (1x1024x2),
ResNet Convl (c:128, k:1x1),

[L13] [ResBlock (c:128, k:1x3)] x4,
Flatten, FC1 (260), FC2 (26)

2.9x10°

Input (dim=8),
LSTM LSTMI (h:256), LSTM2 (h:25),
(e LSTM3 (h:128),
Flatten, FC1 (260), FC2 (26)

1.0x10°

Input (dim=8),
Transformer| PositionalEmbedding(Seq_len=1024),

g [Heads (4, d k:128), FF (128), FC (16)]x2,
FC1 (260), FC2(26)

3.1x10*

E 3 dolelyl 74 % 299 8
Table 3. Dataset configuration and simulation environment.

Parameter Value
Number of training sequences 300,000
Complex sequence length 1,024
Samples per symbol 4
Number of modulation classes 26
Training:validation:test T:1:2
SNR (dB) —20:2:30
Number of blocks in Fsg input 4
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