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Abstract

In this paper, we explore the automatic modulation
recognition problem using neural networks. Classic neu-
ral networks such as CNN, RNN and numerous pretrained
networks have been widely applied in classification tasks.
However, A recent popular network framework called Gen-
erative Adversarial Network(GAN) shows great potential in
solving semi-supervised learning problems. We implement
this feature into the modulation classification field. Using
the Tensorflow and Keras package, we successfully imple-
ment our GAN network and compare the results with other
models. Our overall model accuracy is up to 50% with all
kinds of SNR data. The best modulation classification accu-
racy is more than 73% using GAN.

1. Introduction

Modulation recognition plays an extremely important
role in cognitive radio(CR) technology. The traditional
modulation recognition is accomplished by expert’s man-
ual work. But this approach has several shortcomings which
limits its performance under certain conditions. First, it can-
not adapt to unknown tasks and signals, which is common
when performing CR work. Besides, it requires a lot of
hand-craft work to be done by the experts. Thus, we put
forward a new method which can overcome the problems
mentioned above. Our approach is based on generative ad-
versarial network(GAN) of semi-supervised deep learning,
and it is able to discriminate between real signal and fake
signal. What’s more, our model can classify the different
types of signals. If performing well, our model is able to
replace the traditional method and save a lot of hand-craft
work.

2. Background

In this section, we will review the motivations and re-
lated works that have been done in the modulation clas-
sification field. Modulation is a kind of technique that
changes the original signal including amplitude, frequency

and phase into another another form of expression. The his-
tory of modulation classification dates back to the develop-
ment of signal detection problems in 1950[9]. At that time,
people use binary classifications to judge whether it’s a sig-
nal or not. Later on, modulation classification extends the
signal detection of yes-no questions into multi-classification
problems. This marks people are able to distinguish what
types of the original signals are in the receiver part.

Nowadays, using computer software and hardware be-
comes an integral part in classification problems. They use
different datasets to train deep neural networks. Typical
models are CNN, RNN and numerous pretrained networks
such as Resnet, GoogleNet, VGG16 and so on. Thanks to
the rapid development of deep learning, several researches
have been done on the Deep learning to automatic modu-
lation recognition (AMR). Azzous et al is a pioneer in this
field. According to [1], He proposed to use an artificial neu-
ral network (ANN) to classify the analog modulation com-
munication signals. This is a very significant attempt which
inspires the idea of applying deep learning to AMR. O’Shea
et al proposed a method to apply the convolutional neural
network (CNN) to the modulation recognition field in [6].
It should be noted that they use time-domain in-phase or-
thogonal (IQ) signal as the input of the network which is a
good start. We also use the dataset generated by O’Shea’s
research which will be mentioned in the later section. Re-
cent research focuses more on the supervised learning and
the most distinctive one is proposed by Tang Bin et al [8].
He applies GAN as an approach of data augmentation to do
the classification which is quite novel and eye-catching.

In this paper, we introduce a recent popular neural net-
work called Generative Adversarial Networks (GAN) to do
the classification tasks. This concept was firstly put forward
by Goodfellow et al. [2] in 2014. The GAN network plays
min-max games which greatly improved the generalization
ability of the model although the initial edition is not very
stable in different scenarios. After that, hundreds of im-
provements on the GAN emerged in the recent years’ study
such as CGAN [4], DCGAN [7].

1



3. Dataset and Features
In wireless communication, the true signal can be ex-

pressed as:

S[n] = SI [n]cos(2πfcn)− SQ[n]sin(2πfcn) (1)

Where fc is the carrier frequency. Then the SI and SQ will
be extracted and stored into two rows to form the original
data for each data point. The dataset that we used has the
same logic. par In our project, we will analyze based on
the electronic signal data with different signal to ratio rates
and different preferred modules. The dataset that we eval-
uate is a synthetic RF data set [5] generated by researchers
at Virginia Tech. 8 digital and 3 analog widely used modu-
lations are included in the dataset. These include 16QAM,
64QAM, BFSK, CPFSK, PAM, BPSK, QPSK and PSK for
digital signals and AM-SSB, AM-DSB and WB-FM for
analog signals. There are 220 thousand signal sets, and for
each signal data, it comes with 2*128 float numbers as fea-
tures and we wish to classify them into 11 different mod-
ules. As mentioned we extracted In-Phase and Quadrature
samples to form this 2-wide dimension. The label of each
datapoint includes both modulation types and SNR. The vi-
sualization of 11 modulations are shown below:

Figure 1. Visualization of 11 different modulation types

4. GAN Model
Figure 2 is the model that we referenced[3] and make

some changes on it. Our model consists of 4 parts, the en-
coder(E), generator(G), discriminator(D) and classifier(C).

Figure 3 is the detailed design in the feature extraction part.

Figure 2. General Structure of GAN[3]

Figure 3. Detailed design in feature extraction

The encoder is responsible for extracting the features
from the input real data. We first extract the mean and
variance of the latent variables, then combine them using
the Gaussian distribution equation to get the latent variables
which will then be passed to the generator. In order to bet-
ter utilize the temporal connection of the input signal, we
use LSTM as the first layer of E. Then the two separately
dense layers are followed to get the mean and variance. At
the end, we use a self-build layer to combine them to get the
extracted features.

In terms of the generator, it combines the extracted fea-
tures from the encoder and the real labels of the input sam-
ples. It then generates the real samples and passes them to
the classifier and discriminator. We also provide the gener-
ator with random latent variables from gaussian distribution
and random label. The generator utilizes them to generate
fake samples, which are also passed to the classifier and
discriminator. In detail, the generator consists of an em-
bedding layer and a hadamard product function which com-
bines the latent variables and the input label. Then a dense
layer and a reshape layer are applied to convert the input
into a 3-dimensional variable. After that, three transpose
convolution layers and a reshape layer are used to generate
the signal with the same shape as the real samples.

For the classifier and the discriminator, they have the ex-
act opposite structures as the generator except the last dense
layer. The last dense layer of the classifier has 11 nodes
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followed by a softmax activation function in order to pre-
dict the label of the input signal. On the other hand, the
last dense layer of discriminator only has 2 nodes which are
used to differentiate the fake sample from the real ones.

5. Implementation

In this section, we will introduce the experiment envi-
ronment and parameter settings in coding level. The de-
tailed model layer and configuration will be shown in the
following figures.

We use Python 3.6 as our programming language. And
we apply Tensorflow and Keras packages as our platform to
implement deep neural networks. Also we use GPU pro-
gramming to speed up our model training and testing. All
of the results can be tested again.

5.1. MLP

Figure 4. MLP Layer Structure

The structure of MLP is quite Intuitive. We add 5 Dense
layers to train our model. In fact,we use this structure as our
baseline in our project. The output layer is using Softmax.

5.2. CNN

In this part, we design a standard CNN structure. It starts
with a reshape layer of 2*128 and then adds a zero-padding
layer. After that we add the convolution layer and drop
layer. Finally we add three Dense layers to output our re-
sults. The optimizer of CNN is Adam with learning rate of
0.001 and weight decay of 10−6.

5.3. GAN

The detailed configuration of 4 sub-models are shown in
the figure. Encoder receives 2*128 original signal inputs

Figure 5. CNN Layer Structure

Figure 6. Layer Structures of Encoder and Generator

and output the encoded 100 neurons. This process com-
presses and extracts useful information. Then the Generator
receivers two inputs: the real one and the fake one generated
by the random Gaussian variable. After layer computation,
it outputs 2*128 data point which generates the real data and
fake data. The next step is to let classifier(C) and discrimi-
nator(D) to distinguish the real one from the fake one. We
can see that C and D have similar structures and the differ-
ence is the output part which is not shown in the figure. The
function of classifier is to give a label for the input using
one-hot encoding so the output layer is Softmax. The func-
tion of discriminator is to give a score based on the input to
see whether it’s real or fake.

We use the Adam to be the optimizer of all our mod-
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Figure 7. Layer Structure of Classifier and Discriminator

els(E,G,C,D). The learning rate of C is 0.0004, while the
learning rate of E,G,D is 0.0001, which comes from the fact
that C is much harder to train than the others. We have
trained for 300 epochs and the batch size is 500, for each it-
eration within an epoch, we first use E to get the latent vari-
ables of real samples, then generate random latent variables
of the batch size, then concatenate them and use generator
to reconstruct the real samples and fake samples. The clas-
sifier and discriminator are then updated according to the
samples before.

Another data result is, we use the discriminator to dis-
tinguish between generated fake signals with Gaussian Dis-
tribution and the real signals, the model gives more than
99.9% accuracy, which offered better performance on im-
proving the classification model.

6. Results and Analysis
In this section, we will compare the results among three

different models with different SNR. It can be seen from

Figure 8. Classification Accuracy on three different models with
different SNR

the figure that MLP has very bad results in all SNRs. How-

ever, larger SNR gives a little bit of improvement on the
classification accuracy. CNN and GAN actually have simi-
lar results. GAN has a little bit higher accuracy in low level
SNR. On the other hand, CNN has a little bit better accuracy
in high SNR.

The result for the accuracy of GAN is not very ideal. We
think the reasons are: (1) we only run 200 epochs to do the
classification. But the training and testing accuracy are still
increasing. With more epochs, we may have better results.
(2) the model itself still has potential to improve in terms of
some layer structures and hyper-parameter tuning. (3) GAN
do not have absolute advantages in modulation classifica-
tions. Instead, the generalization ability and unsupervised
learning features are the direction that we need to focus on
in the later work.

7. Conclusions and Further Work
For fully connected multi-layer perceptrons, we use it as

a baseline mode and the result is shown above. The overall
accuracy for validation is 21.63%. The MLP is very easily
overfitted in the middle of the 120 epochs of training, and
it clearly shows that we could have better performance with
other architectures instead of a simple MLP.

For CNN, we use different optimizers to do the im-
age classification. The overall accuracy for validation is
50.22%. It shows that large momentum value will accel-
erate the convergence speed and the performance of adding
momentum will be better than the simple SGD optimizer.
In the future, we try to add the layer to the current CNN
network. Now the best error rate is around 11%. So it has
great potential to reduce the error rate in comparison with
the up-to-date pretrained networks.

The GAN based semi-supervised model provides more
potential for the accuracy of classifying the signals in over-
all result, we achieved up to 46.29% accuracy in all SNR
rates together, and for different SNR results, the result is
shown in the figure above. It is noticeable that the con-
vergence speed for our model is slower than the light-
weight simple CNN classification model, but we believe our
model’s potential is higher than the CNN model, which pro-
vides a good chance for further improvement with a reason-
able level of computation resources and times in the future.
We have spent around 20 hours on training the GAN model,
and it continuously gets the better performance. We hope
that in the future we could use more time to train the model
and the overall performance could reach the expected level,
which is higher than the CNN model.
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8. Contributions
Jiawei Yin: (1)Prepare for the dataset and do the pre-

possessing step. (2)Develop CNN model and plot accuracy
and loss graph with different SNRs. (3)Write the final paper
(4)Wrote some critics to peer review.
Jinglong Du: (1)Work together on analysising data and
model building. (2)Develop a basic MLP baseline model for
baseline comparison and help on other models. (3)Wrote
some critics to peer review.(4)Working together with the fi-
nal report
Ziwen Li: (1)Develop GAN network using Keras pack-
age.(2) Debug the core part of GAN network (3)Wrote some
critics to peer review. (4)Working together with the final re-
port
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9. Reply to review
9.1. Group 38

1. The loss plot shows that the model is evolving
continuously. The accuracy plot is important indeed and we
have added our accuracy results in our paper. The axis have
been adjusted to proper size. The representation of X-axis
has changed. And it’s just a visual problem and each epoch
is integer.
2. The purpose of using GAN is when the label of one
signal is lost, we need to use previous experience to judge
this signal. Basically, GAN belongs to the unsupervised
learning field. And it should have good generalization
ability.
3. We will change our recording equipment next time to
have better recording effects.
4. We will do more practice before recording next time.
5. We have added this part in our paper. Thank you for
your advice.
6. Good suggestions. We will add markdown next time.

9.2. Group 63

1. Analog and digital are just different modulation types.
In the training dataset, they are just different IQ values in
the matrix. We have drawn visualizations in our paper to
see the difference.
2. The function of the classifier is to do the classification
among 11 modulation types. One-hot encoding is just a
representation to see the final result after the softmax layer.
3. Yes, the core idea of Generator is to confuse Discrim-
inators using fake signals(generated by Gaussian Random
noise).
4. Due to limited time, we only trained 25 epochs. In our
epoch we trained 120 epochs.
5. We just need to plot the accuracy value stored in the
fitting function.
6. We will change our recording equipment next time to
have better recording effects.

9.3. Group 76

1. We have added this part in our paper. Thank you for
your suggestion.
2. It’s a typo in our slide. It’s -20 dB to 18 dB.
3. Good Suggestion. We will change the size next time.
4. We have added our results in our paper.
5. Actually, GAN is not very stable in different datasets.
We still have lots of work do to modify our codes.
6. The preprocessing has limited improvements. We do
think that AM-DSB modulation dataset has some problems
when plotting.
7. Good suggestions. We will add it in our code.
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