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Introduction

CNN

ResNet

Frequency errors

e Modulation classification: For a given set of
digitized electromagnetic (EM) samples, we
classify what modulation data the EM wave
contains.

e Previous works use expert features to classify

e Deep neural networks learn the best features from
the data without expert knowledge

e A Convolutional Neural Network (CNN) and
residual NN (RESNET) are considered.

e The input is 5ms of sampled 1Q data and the
output is one of the eleven modulation types.

e We have also explored the effect of frequency
error on the performance

Methods

Network Architecture:
Input— ConvBlock(6x) — FC+Softmax — Output
Dataset: 100k Synthetic Signals ~ CanvBlock
70k Train, 20k Test, 10k Val SonyolHlionlk=s
MiniBatch Gradient Descent: Bathh NO;,mal!'zat'O"
Learn Rate - 0.00001 "
Batch Size - 32

Results
Test Accuracy = 82%
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Methods

Network Architecture:
Input— ResBlock(6x) — FC(3x) — Output

Dataset: 100k Synthetic Signals ResBlack
70k Train, 20k Test, 10k Val Convolution k=1
MiniBatch Gradient Descent: Residual Unit
Learn Rate - 0.00001 IRl Yl
Max Pooling

Batch Size - 32

Results
Test Accuracy = 81%
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Methods

e Center frequency of a signal is typically off due to the effect
of clock source inaccuracy and doppler.

e This causes a phase error that is ramping with time and
from a constellation diagram point of view, frequency errors
(Fe) cause the points to rotate with time.

e We generate test data with Fe = 200 Hz and study how
our model trained on 5Hz Fe classifies 200Hz Fe data.

5Hz Frequency Error 200Hz Frequency Error

Discussion

Future

Dataset

The dataset used is generated synthetic signals with
introduced channel impairments.

Number of Samples: 10k per class (11 classes)
Sample Size : 2x1024

- 2rows representing the | and Q of the Q.
Sampling Frequency: 20KHz

- 5ms 1Q samples containing 128 symbols
Labels: One hot encoding of modulation type

The sampling duration and the samples per symbol
length is reasonable for a stationary channel
assumption and modulation types used.

Model Performance: The basic CNN implementation
outperformed ResNet by a small margin of 1% in test

accuracy. The ResNet Accuracy |CNN  |Resnet
loss s'hlows the model Train 84% 92%
overfitting. So more

82% 81%

Data is likely needed to traij Test

Performance effects due to frequency errors

e For Fe=200hz, the points rotate by 360 degrees in
5 ms.

e In 5ms the points are spread all over the
constellation diagram and therefore many of the
phase modulation types which are sensitive to
frequency errors, are confused as 64 QAM.

Why Deep NN Outperform Traditional Models

We understand physics behind the problem accurately. Still,
modulation classification is quite a challenge. In the illustration
below [5] - note the complexity of the equation involved - thanks
to the ability of deep neural networks to understand complex
relationships that it is able to outperform traditional models.
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« Adapt alternate architectures — VGGnet, LSTM.

« Utilize real world dataset from DEEPSIG.io

« Focus on subset of classes to attempt
performance improvement.

« Effect of frame misalignment on performance
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4. Modulation classification MATLAB:
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https://www.mathworks.com/help/deeplearning/examples/modulation-classification-with-deep-learning.html

