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ABSTRACT Accurate modulation identification of the received signals is undoubtedly a central compo-
nent in multiple-input multiple-output (MIMO) communication systems, facilitating the demodulation
task. This study presents a flexible and semi-supervised deep learning-driven strategy for automatic
modulation identification. To this end, the multiclass classification problem is treated as multiple binary
discrimination problems to address modulation identification challenges. Here, we merge the features
extraction ability of the Generative Adversarial Network (GAN) model and the semi-supervised anomaly
detection scheme, the one-class Support Vector Machine (1SVM). Essentially, a single GAN-based 1SVM
detector is trained using training data of each class, with the samples of that class as inlier and all other
samples as anomalies (i.e., one-vs.-rest). The 1SVM is trained using the features learned by the GAN
model. A dataset consisting of three digital modulations (i.e., BFSK, CPFSK, and PAM4) and three
analog modulations (i.e., AM-DSB, AM-SSB, and WB-FM), widely used in wireless communications
systems, is employed to demonstrate the performance of the considered deep learning-based methods.
Compared to Restricted Boltzmann Machine (RBM) and Deep Belief Network (DBN)-based 1SVM, the
conventional GAN, DBN, and RBM with softmax layer as discriminator layer, the proposed GAN-based
1SVM detector offers superior discrimination performance of modulation types by achieving an averaged
accuracy of 0.951 and F1-Score of 0.954. Results also showed that the GAN-1SVM detector dominates
the state-of-the-art modulation classification techniques.

INDEX TERMS Modulation recognition, MIMO systems, Deep learning, GAN, semi-supervised anomaly
detection.

I. INTRODUCTION

COMMUNICATION systems are experiencing tremen-
dous growth and fast development in today’s compet-

itive atmosphere due to the massive need for information
dissemination. With higher expectations for meeting the
increased requirement in terms of speed and underlying
diversity to support the increased capacity of different
systems, spatial multiplexing techniques, such as multiple-
input and multiple-output (MIMO) and massive MIMO,

is becoming a critical component in the recent generation
of communication network systems [1]. Several signals in
space come from different systems with distinct modulation
types on different frequencies are received, and it is essential
to recognize and monitor them for numerous military and
civilian applications [2]. Discriminating signals from differ-
ent systems makes modulation and demodulation techniques
crucial elements for ensuring wireless data transmission [3],
[4]. Importantly, the modulation classification (MC) consists
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in automatically discovering the modulation type of the
received signals with limited or without prior information
on the signals parameters [5].

Crucially, modulation enables a certain level of encryp-
tion, particularly in the military domain, making difficult
the message decryption at the reception without knowing
the type of modulation used on transmission [6], [7]. Thus,
the modulation types must be reliably identified in non-
cooperative communication systems to guarantee reliable
data transmission. To this end, discriminating modulation
types is undoubtedly a pivotal element to carefully address
for achieving correct demodulation [8], [9]. Of course,
developing effective and automatic modulation classification
techniques is essential to maintain high transmission qual-
ity, and it is a non-trivial task from both communication
researchers and engineers [10]. In recent years, modulation
detection techniques have become necessary for military
and commercial applications, e.g., in coding transmission
and spectrum management. Various procedures aimed at
identifying modulation types have been reported in the
litterature [7], [10], [11]. For instance, in [12], an approach
based on Independent Component Analysis (ICA) has been
applied to classify different modulation types in A MIMO
system. The challenge in classifying modulation in MIMO
systems involves handling a set of different signals at the
receiving antenna array. However, in this approach, noise
variance is assumed to be known. In [13], the authors
introduced a blind modulation classification approach for
a MIMO system without knowing channel matrix and noise
variance. At first, an Expectation-Maximization (EM) algo-
rithm is applied for every modulation candidate to estimate
the channel parameters. Here, the obtained estimation is
utilized for the likelihood assessment of the corresponding
modulation candidate. Then, the maximum likelihood crite-
rion is used in the classification decision. Results indicate
satisfactory classification for BPSK, QPSK, and 16-QAM
modulations under white Gaussian noise conditions. In [14],
authors addressed modulation classification as a clustering
problem for every modulation type. Then, the maximum
likelihood criteria are applied for the final classification
decision. Results show that this modulation classifier has
a robust performance for a low SNR. The authors in [5] in-
troduced an approach for modulation classification for PSK
signals based on random graphs. Essentially, this approach
is designed through the graph’s connectivity formed using
the Fourier transform of the second and fourth powers of the
acquired signal. Experiments are conducted using PSK sig-
nals generated by Rohde&Schwarz generator and analyzer.
It has been shown that this approach can be used to classify
phase-shift keying (PSK) signals in MIMO systems. In [15],
a modulation classifier has been presented for multipath
signals based on cepstrum. At first, this approach elimi-
nates the impact of multipath channel coefficient using the
cepstrum-based preprocessing technique and then applies a
logarithmic functional fitting approach for modulated signals

classification. Experimental results reveal this approach’s
capacity in discriminating quadrature PSK (QPSK), 16-ary
quadrature amplitude modulation (16QAM), and 4QAM.
In [16], a coupled approach is introduced to classify modula-
tion of MIMO-OFDM signals by combing ICA and support
vector machines (SVM). At first, the ICA JADE technique
is performed for separating the data streams of the MIMO-
OFDM signal. After that, maximum likelihood and SVM are
applied to detect the modulation of separate data streams.
This approach achieved 85% classification rates for SNR
high than 15 dB.

Accurately recognizing modulation type is increasingly
important in wireless communications for enhancing radio
performance. The main objective of this paper is to design a
deep learning-driven detector for modulation identification
in MIMO systems, which is an essential component in
numerous communications systems. As a data-driven, the
introduced modulation discrimination approach could be
used for both SISO and MIMO systems under varying
channel conditions, such as multipath fading, which is not
the case of many procedures in the literature. Moreover, this
approach is performed without estimating channel/signal-
to-noise ratio (SNR) nor timing and frequency offset cor-
rection. In addition, this is a semi-supervised approach
that does not require labeled data to construct a model to
discriminate different types of modulation from the received
signal in MIMO systems. Unlike supervised approaches,
semi-supervised methods are more attractive for modulation
discrimination since it is not always easy to get accurately
labeled data. Of course, the paper has the following contri-
butions

• This study presents a semi-supervised deep hybrid
model for modulation identification in MIMO systems.
To this end, the multiclass classification problem is
treated as multiple binary discrimination problems.
Specifically, we merge the features extraction ability
of the Generative Adversarial Network (GAN) model
and the detection sensitivity of the one-class Support
Vector Machine algorithm (1SVM). This choice is
motivated by the flexibility of the GAN model in
learning relevant information from complex data with-
out the need for labeled data or prior hypotheses on
data distribution. In addition, 1SVM is an efficient
anomaly detection scheme due to its capability for
learning linear and nonlinear decision boundaries to
detect anomalies. As we know, this is the first time
that this hybrid deep learning model has been applied
for automatic modulation discrimination. Indeed, first,
for each modulation, we construct a single GAN-based
1SVM detector using training data of the considered
class, with the samples of that class as inlier and all
other samples as anomalies (i.e., one-vs.-rest). Then,
each detector is used to sense a specific modulation
from the received signals. This approach builds up a
detector to distinguish between modulation types. The
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extracted features from the received signals using the
trained GAN discriminator are used as the input of the
1SVM scheme. The core concept of 1SVM consists
of determining a hyper-plan closer to the training data
samples corresponding to a specific modulation, and no
labeling is needed to construct 1SVM. After that, the
newly received samples are classified as comparable
or distinct from the training data. Of course, 1SVM
is a semi-supervised binary classifier that has been
widely exploited for anomaly detection in different
applications.

• Furthermore, for comparison purposes, we investigated
other deep learning models for modulation identifi-
cation, including Deep Belief Network (DBN) and
restricted Boltzmann machine (RBM)-based 1SVM
methods, as well as the GAN, DBN, and RBM with
softmax layer as discriminator layer for multi-classes
classification. As far as we know, this is the first
time that these methods have not been explored before
for modulation classification. The publically available
RadioML 2016.10A dataset is employed in this study
to assess the efficiency of investigated deep learning-
based methods. Five statistical indices are employed to
compare the discrimination accuracy of the considered
methods: accuracy, precision, recall, F1Score, and the
Area Under the Curve (AUC). Results demonstrate the
effectiveness of the proposed GAN-1SVM detector for
automatic modulation identification and its superior
performance compared to the other models and the
state-of-the-art techniques.

• Finally, we compared the discrimination performance
of the GAN-1SVM detector with the state-of-the-art
methods, and showed the capacity of the proposed ap-
proach to improve automatic modulation identification.

The rest of the paper is structured as follows. Sec-
tion II presents the related work. Section III presents the
preliminary material required in the proposed modulation
detection approach given Section IV. Section V conducts the
experiments to assess the proposed approach and compare
it with the baselines. Finally, concluding remarks and some
future lines of improvement are provided in Section VI.

II. RELATED WORK

Recently, deep learning has emerged as a promising re-
search line to improve the performance of communication
technologies, both in academia and in industry [17]–[19].
Essentially, deep learning methods are an efficient tool for
automatically retrieving pertinent information from high-
dimensional and voluminous datasets without the need for
manual features [20]. Deep learning techniques have been
applied for different application, such as communication
technologies [21], resource allocations [22], traffic con-
trol [23] and modulation classification [17]. Nevertheless,
deep learning technologies have not been well exploited

and explored in communications systems. Until recently,
few studies have focused on exploring deep learning tech-
nologies for modulation classification, a crucial element in
non-cooperation communications. For instance, in [24], a
two steps-based deep learning approach called cascaded
convolutional neural network (CasCNN) has been intro-
duced to classify PSK and QAM modulation formats. This
approach is formed of a two-block of CNN. The first
block is employed to classify the modulation type, while
the second one is used to identify the indexes of the
modulations. An accuracy of 90% is obtained by using
CasCNN at SNR of 4 dB and the symbol length of 256.
The authors in [19] employed the CNN and the long
short-term memory (LSTM) for modulation classification.
The advantage of the CNN-LSTM model is its ability to
effectively exploring feature correlation and the spatial-
temporal characteristics of raw complex temporal signals;
the spatial features are extracted using CNN, while LSTM
is powerful in learning time-dependent in time series data.
Here, two streams interact in pairs are used to learn the
features; one stream (i.e., CNN-LSTM) extracts the local
raw temporal features from raw signals, and the other stream
(i.e., CNN-LSTM) learns the knowledge from amplitude and
phase information. Results indicate that the CNN-LSTM
improved modulation classification compared with some
existing state-of-the-art methods. In [17], a Gated Recur-
rent Unit (GRU)-based deep learning approach is proposed
for modulation classification with resource-constrained end-
devices. The classification is performed using a SoftMax
layer as an output of the GRU model. It has been shown that
the GRU-driven model reaches a classification accuracy of
92.4% with a memory footprint of 73.5 kBytes (51.74% less
than the base approach). The study in [18] investigates the
application feasibility of two deep learning models, AlexNet
and GoogLeNet, for modulation classification using signal
constellation diagrams. To this end, different data conversion
techniques have generated gray images, enhanced gray
images, and three-channel images. Results showed the su-
perior performance of deep learning models for modulation
classification compared to traditional methods. In [25], a
deep learning network with three hidden layers is used
for modulation classification using 21 features, including
cumulants and instantaneous amplitude. The network has
been randomly initialized rather than using the greedy layer-
wise algorithm for pretraining, making it difficult to exploit
the full capacity of deep learning. In [26], ResNet deep
neural-driven approach, primarily constructed for images
classification, is applied to identify modulation formats.
However, its performance is limited because the time-series
data is different from spatially distributed images.

Bahloul et al. considered two higher-order cumulants of
the transmitted signal streams for classifying modulation
types in MIMO systems [27]. They introduced a soft-
decision fusion technique to find the classification result.
In [28], a classifier based on random graph theory is
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employed to identify M-Quadrature Amplitude Modulation
(QAM) signals for MIMO Systems under unsatisfactory
channel conditions. In this approach, the features obtained
using discrete Fourier transform and sparse transform are
used by the undirected random graph for classifying the
M-QAM signals. This approach showed satisfactory clas-
sification results based on simulated data. In [29], a three-
dimensional convolutional network-based approach has been
proposed to classify MIMO-OFDM modulation from re-
ceived signals. This approach learns the modulation patterns
based on the assumption of unknown frequency-selective
fading channels and SNR. Simulation results showed that
this approach reaches the classification accuracy of around
95% at 0 dB SNR. In [30], Wang et al. considered a su-
pervised deep learning framework to automatically classify
modulation in MIMO systems using the convolutional neu-
ral network-based zero-forcing (CNN-ZF) approach. Simu-
lation results revealed that the CNN-ZF approach achieved
better classification performance than the artificial neural
network with high order cumulants when applied under
the perfect channel state information condition. However,
results showed that the performance of the CNN-ZF method
is influenced not only by the channel’s error coefficient
but also by the number of antennas at the transmission
(Nt) and the reception (Nr). For instance, simulated results
showed that the CNN-ZF approach achieved high clas-
sification performance when the channel error coefficient
equals 0.2 and SNR=10db, Nr=4, and Nt=1. Nevertheless,
the performance of this approach has been significantly
degraded by obtaining an accuracy of 50% when using four
receiving antennas and four transmitting antennas. The study
in [31] focused on the problem of classification of Superim-
posed Modulations for 5G MIMO two-way cognitive relay
network over Nakagami-m channels by using a MultiBoost-
ing (MultiBoostAB) classifier. Simulation results showed
satisfactory classification performance of the MultiBoostAB
classifier even at low SNR. Also, it has been shown that
this approach exhibited superior performance compared to
the J48 classifier. Gao et al. proposed Distribution Test
Ensemble (DTE) classifier to classify M-QAM and M-PSK
modulations in MIMO systems [32]. They included weather
data such as cloud cover and temperature as predictors. They
achieved better classification accuracy than other distribu-
tion test classifiers in different channel conditions. They also
showed that even the DET is inferior to the machine learning
classifier in the AWGN channel, the DTE provides rea-
sonable modulation classification with lower computational
complexity than machine learning classifiers. Wang et al.
introduced a cooperative approach based on a convolutional
neural network (CNN) to recognize the modulation types
in MIMO systems [33]. To this end, at first, CNN obtained
the classification sub-results from every received antenna in
the MIMO systems. After that, a final decision is accom-
plished using the sub-results and cooperative decision rules.
Simulation results indicated the promising performance of
the coupled CNN and weighty averaging decision rule in

classifying modulation types. Zhang et al. presented a gen-
eralized CNN-driven technique for modulation recognition
in IoT systems [34]. This approach has been constructed
using data with varying noise conditions, making it more
robust compared to the conventional CNN approach. Results
show the superior classification capacity of this approach
compared to the conventional CNN. Much research has been
done on designing modulation identification mechanisms
for MIMO systems. For example, see some relevant review
papers [9], [35]–[37].

III. METHODOLOGY
This section briefly introduces the modulation recognition
problem, the GAN models, and the 1SVM-based detector
used to develop our GAN-based 1SVM modulation identi-
fication approach.

A. MODULATION RECOGNITION PROBLEM
This section aims to provide a basic idea behind the modu-
lation classification problem. Generally speaking, the main
elements in wireless communication systems with mod-
ulation classification components consist of a transmitter
and a channel model at the system level. The simplified
schematic presentation of a wireless communication system
with a modulation classification unit is depicted in Figure 1.
Essentially, the modulation recognition component is an
intermediate procedure between signal detection and demod-
ulation on the receiver side. The modulation recognition task
aims to identify the modulation type of the received signal to
facilitate understanding the type of communications system
and emitter present. For more details about communication
system components see [38], [39].

FIGURE 1: A simple illustration of a signal model process-
ing framework.

The received data on the receiver side is a contaminated
version of the emitted data because of different channel
impairments and noise measurements. Thus, the received
data rt can formulated as,

yt = xt ∗ ct + nt, (1)

where xt denotes the modulated signal, ct refers to the
impulse response of the transmitted wireless channel, and
nt represents is the additive noise. On the transmitter side,
the central role of the modulator is to map the information
signal (also called modulating signal), v(t), into one of the
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carrier parameters. The resulting signal from the modulator
is the modulated signal, xt, which is expressed as:

x(t) =ℜ(v(t)Acexp(j2πfct)) (2)
=Aca(t)cos(2πfct+ ϕ(t)), (3)

Ac and fc refer to the carrier magnitude and the carrier
frequency of the carrier signal, respectively.

FIGURE 2: Illustrative example of a modulation procedure.

At the receiver side, the demodulation task intends to
strip the information signal from the carrier. This could be
correctly accomplished after recognizing the type of modu-
lation used in the received signal. The most simple receiver
to recognize an unknown modulation scheme employed a
brute-force search strategy by applying several demodu-
lators for every specific modulation type. By using this
strategy, only the demodulator corresponding to the correct
modulation can achieve the desired performance. However,
the implementation of this strategy is computational and
time-consuming, which makes it undesirable solution. As
an alternative, a more proficient and attractive strategy for
modulation recognition is based on analyzing the received
data using data-driven methods, particularly the machine
learning paradigm.

Classically, modulation recognition is treated in super-
vised modulation classification as a multiclass classification
problem. More specifically, each class corresponds to a spe-
cific modulation; we have N classes classification problem
for N modulation types. Crucially, the central objective of
modulation recognition consists in maximizing the value of

Pi = P (xt ∈ Ni|yt), (4)

based on the received signal y(t), where Ni denote the ith
category of all the modulation types.

B. GENERATIVE ADVERSARIAL NETWORKS
GANs have recently emerged as effective and efficient
deep learning models for data generation and learning data
representations from unlabeled data [40]–[42]. GAN has
been successfully applied in various areas, such as image
data generation and learning, time-series prediction [43].
Conventionally, GANs contain two neural networks called
a generator G and a discriminator D, which are placed in
an adversarial way. They are trained in unsupervised way,
making them very attractive as labeling is an expensive
task. Moreover, the GAN’s generator and discriminator
could be trained via only backpropagation. GAN adopts a

clever procedure in training: the generator model is trained
to continually generate fake data, while the discriminator
model seeks to identify between true and fake (generated)
data. Traditionally, the Generator model is trained to capture
the distribution of the training data and generate new data.
At the same time, the discriminator is simultaneously trained
to discriminate real from generated samples(Figure 3). An
adversarial competition process trains the two networks to
improve the quality of the generated data, which becomes
progressively comparable to the ground truth (training data).
The GAN is optimized once the Nash equilibrium between
the two models is obtained, i.e., superior discriminative
ability and suitability generate the fake data with approx-
imatively identical distribution to the ground truth [44].

FIGURE 3: GAN architecture.

Given noise data z distributed following the distribution
pz(z) (usually uniform distribution), the generator gener-
ated data with distribution pg(x). Then, together with the
generated and the ground truth data pdata(x), are sent to
the discriminator, which tries to discriminate the original
data from the generated one. As a composite model, the
GAN consists of two-loss functions, the generator and
discriminator losses. Minimizing the GAN loss function (
known as the min-max loss) is performed by maximizing
D(x) and minimizing D(G(z)). The GAN training aims to
solve the following optimization problem [45]:

min
G

max
D

V(G,D) = Ex∼pdata
[logD(x)]

+ Ez∼pz
[log(1−D(G(z)))] (5)

The parameters of the discriminator are updated in train-
ing via the stochastic gradient given in (6).

▽θd
1

m

m∑
i=1

[log(D(xi)) + log(1−D(G(zi)))]. (6)

While the generator updates the model parameter via a
descending stochastic gradient (7).

▽θg
1

m

m∑
i=1

log(1−D(G(zi))). (7)
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The discriminator D function convergence is given in (8).

D∗ =
Pdata(x)

Pdata(x) + Pg(z)
, (8)

where Pdata(x) refers to the the training data distribu-
tion and Pg(z) is the learned distribution. See [45] for
further details about the GAN model. Crucially, the GAN
model is constructed by alternately updating the generator’s
parameters and a discriminator using the batch (a subset
sampled from the training data). Even if GAN was initially
designed for computer vision problems, the adversarial
training procedure attained promising performance for the
prediction problems.

Of course, the GAN model is trained via a self-supervised
procedure by alternately optimizing the generative and dis-
criminative networks to learn representations of unlabelled
data [45]. The goal of the training step is to learn the
true distribution that generates the data to resemble the
received signals. Once the model is trained, the discrim-
inator network is employed for the rest of the study as
the role of the generator is to support the discriminator in
differentiating true from fake (noisy) data. The discriminator
automatically extracts the effective features that provide a
compact continuous representation of the received signals.
In this study, the extractor features from the trained GAN
model will be used as input for 1SVM to discriminate the
types of modulation used in the received signals. Thus, the
next section is dedicated to the description of the 1SVM
approach.

C. ONE CLASS SVM
This section expounds on the idea of a one-class SVM
(1SVM) algorithm adopted in this study for modulation
identification. The 1SVM algorithm is one of the most
popular anomaly detection techniques, known for its in-
sensitivity to noise measurements and outliers in training.
Crucially, the 1SVM is based on two essential concepts,

maximizing the margin and mapping the data to a high
dimensional feature space induced by a kernel function [46].
It should be noted that 1SVM is a semi-supervised bi-
nary classifier [47], [48]. More specifically, the 1SVM
is constructed using unlabeled training data that contains
inliers samples (anomaly-free data). In the training stage,
the 1SVM process consists of estimating a boundary area,
which contains most of the training data. This is carried out
by determining a hyperplane with the largest distance to the
nearest training data [49]. After that, the designed 1SVM
is used to identify anomalies (outliers) by checking if a
new test data falls within this boundary or not. Of course,
testing data points are declared normal (inlier) if they are
within the previously defined boundary; otherwise, they are
identified as an anomaly (outliers). The 1SVM procedure
assures finding a hyperplane that produces a good data
separation by using kernel tricks. Figure 4 provides a basic
illustration of the 1SVM-based anomaly detection concept.

FIGURE 4: A basic illustration of of 1SVM procedure.

Of course, 1SVM aims to classify one class of data and
separate it from any other possible samples (Figure 4). The
samples from the normal class can be classified as inlier
by the 1SVM; however, any distinct data compared to the
normal data will be classified as outliers. In other words, the
1SVM is trained to reject data that are dissimilar from the
training data. As a semi-supervised anomaly detection ap-
proach, 1SVM has gained attention in different applications,
such as photovoltaic plant supervision [50], uncovering
obstacles in self-driving cars [51], detection of abnormal
air pollution [52], and water quality monitoring [53].

The essence anomaly detection using the 1SVM scheme
is first trained the 1SVM to recognize normal behavior
and then used to decide on whether the tested data is
normal or not (outliers). To this end, samples are mapped
in high-dimensional space to facilitate separating samples
by using kernel tricks. Explicitly, 1SVM separates the data
by determining the hyper-plan that optimizes the data-origin
separation margin. This optimization problem is given as:

min
ωγρ

(
1

2
ωTω − ρ+

1

υl

l∑
i=1

γi

)
(9)

Subject to :
ω. Ψ(x) > ρ− γ

where l denotes the training data size, ω refers to a weight
vector, υ ∈ (0, 1] represents the regularization factor,
whereas γ refers to the non-zero slack variable employed
to penalize the samples that do not lie within the decision
boundary in the training phase. Furthermore, ρ is the margin
separating the origin from the mapped samples in feature
space, known as offset. The 1SVM applies a decision
function F defined in (10) that provides −1 for an outlier
and 1 for a typical sample using the predefined hyper-plane.

F(x) = sign

(
ω. Ψ(x)− ρ

)
(10)

Here, Ψ denotes a nonlinear function (i.e., kernel) em-
ployed to project data into feature space. The term

ρ

∥ω∥
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denotes the hyper-plane (Figure 4), and it is, indeed, the
euclidean distance separating the origin from the support
vector points; this term needs to be maximized. Support
vector points refer to the points closer to the hyperplane
and affect the orientation and position of the hyperplane.
The 1SVM quadratic optimization problem is presented in
(11).

min
ωγρ

(
∥ω∥2

2
− ρ+

1

υl

l∑
i=1

γi

)
. (11)

Thus, in the 1SVM training process, the aim is to max-

imize the margin
∥ω∥2

2
− ρ and minimizes the average of

the slack variables γ. In this work, the Gaussian radial base
function (RBF) K (12), a popular kernel used for 1SVM
due to its flexibility, is utilized.

K(x, x′) = ⟨Ψ(x),Ψ(x′)⟩ = e(α∥x−x′∥2) (12)

where α refers to a parameter controling how dissimilar x
is to x′.

Since the 1SVM is built using unlabeled data, it is well
suited for modulation identification in MIMO systems. In
addition, the 1SVM detector is known to be robust to
noise in the training data. Leveraging on the desirable
properties of the GAN methodology and 1SVM detector,
this paper aims to develop a semi-supervised approach to
discriminate between different types of modulations based
on the received signals.

IV. THE PROPOSED FRAMEWORK
This study introduces a proficient and semi-supervised ap-
proach to automatically identify modulation types in MIMO
systems. Specifically, this approach is the coupled GAN-
1SVM detector, which addresses modulation classification
as an anomaly detection problem. The general framework of
the proposed modulation identification approach is presented
in Figure 5.

FIGURE 5: Illustration of the modulation identification
framework.

The core idea in this work is to construct a GAN-based
deep learning model for each modulation type. Feature
extraction is crucial to the success of modulation identi-
fication. Essentially, the GAN learns the distribution of the
underlining training data. The learning procedure comprises

two phases. Firstly, the Generator and Discriminator are
trained in a competitive way to learn the distribution of
the training data to generate a real-like distribution. The
parameters of the discriminator model are fine-tuned to
reach the global optimum. Moreover, in the GAN-1SVM
approach, the output of the GAN model is used to feed the
1SVM scheme. In training, the 1SVM maps the GAN fea-
tures into kernel space and determines the threshold hyper-
plan that separates the data points (inliers) from the origin.
Crucially, the GAN-1SVM is constructed to recognize each
class separately without any data labeling, which makes it
very attractive for online applications.

An innovative modulation identification technique based
on deep learning and the semi-supervised once-class SVM
is introduced in this study (Figure 6). In short, the GAN
model is employed as a feature extractor to learn relevant
information from the received signal, and the 1SVM checks
the output of the GAN discriminator to identify the mod-
ulation type. Figure 6 summarizes the main steps in the
proposed GAN-driven 1SVM modulation recognition. In the
preprocessing stage, the training data is normalized via min-
max normalization within the interval [0, 1] and used for
model training.

The normalization of the recieved signals, y, is accom-
plished using the following formula.

ỹ =
(y − ymin)

(ymax − ymin)
, (13)

where ymin and ymax refer to the minimum and maximum
of the raw received signals, respectively.

For each modulation type, we first train the 1SVM uti-
lizing the GAN discriminator output based on training data
that contains only data for a specific modulation (Figure 6).
Note that unlabeled data is used for 1SVM construction.
The training phase’s essence consists of determining a
hyper-plan as close as possible to the normal samples
(data from a specific modulation type). Unlike supervised
methods, 1SVM as a semi-supervised method needs only
the data of normal samples (i.e., signals related to a specific
modulation) in training and without labeling. After that, the
constructed GAN-1SVM is applied to evaluate the dissim-
ilarity of the new test samples from the training samples.
Note that it is not always easy to get accurately labeled data
of different modulation types in MIMO systems, making
the semi-supervised GAN-1SVM approach very appealing
in practice.

In this study, five statistical scores commonly used in the
literature are employed to quantify the performance of the
studied methods computed using a 2 × 2 confusion matrix
(Table 1): Accuracy, Precision, Recall, F1-Score, and Area
under curve (AUC). For a binary detection task, the number
of true positives (TP), false positives (FP), false negatives
(FN), and true negatives (TN) are employed to compute
the evaluation metrics from a 2 × 2 confusion matrix. The
accuracy (14) calculates the fraction of data points that are
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FIGURE 6: Illustration of the GAN-based 1SVM modulation identification framework.

correctly recognized. Recall (15) refers to the capacity to
recognize modulation type correctly. Precision (16) point out
the success probability of correctly identifying modulation
type. The F1-score (17) calculates the harmonic average of
precision and recall. These evaluation metrics have values
in the range [0, 1], where 1 means the highest performance.

TABLE 1: A 2× 2 confusion matrix.
Identified modulation

Positive Negative

Actual Modulation Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

Accuracy =
TP + TN

TP+ FP + TN+ FN
. (14)

Recall =
TP

TP + FN
. (15)

Precision =
TP

TP + FP
. (16)

F1− Score = 2
Precision.Recall

Precision + Recall
=

2TP

2TP + FP + FN
.

(17)

V. RESULTS AND DISCUSSION
A. DATA DESCRIPTION
The efficiency of the proposed method is verified using
the public datasets RadioML.2016.10a, which is widely
used as a benchmark in modulation recognition [54]. In
addition, this dataset comprises modulations that are widely
used in wireless communications systems globally. More
specifically, this data comprises radio signals synthetically
simulated via the GNU Radio. More specifically, this data
contains radio signals with different modulations (three
analog modulation and eight digital modulations) collected
under varying SNR levels from -20 dB to +18 dB with a step

of 2 dB. Generally, signals transmitted via radio channels
are tainted with different effects. The generated data have
been passed via several channel imperfections and inter-
symbol interference to mimic the realistic wireless systems.
Specifically, the RadioML.2016.10a data are generated by
considering these non-ideal effects, including thermal noise,
symbol timing offset, Doppler, and phase difference [55].
This study assessed the considered modulation identification
approaches using a dataset consisting of six modulations.
We considered three digital modulations, Binary Phase Shift
Keying (BPSK), Continuous-phase Frequency-shift Key-
ing (CPFSK), and Pulse Amplitude Modulation 4 (PAM4)
and three analog modulations (i.e., Amplitude Modulation-
Single Side-band Modulation(AM-SSB), AM-Double Side-
band (AM-DSB), and Wide-band Frequency Modulation
(WBFM)), widely used in wireless communications sys-
tems. The datasets have been modulated by a rate of eight
samples per symbol using a normalized average transmit
power of 0 dB.

Figure 7 provides an example of the time evolution of the
raw complex signal at the receiver for different considered
modulation types. We observe that the received signals
are tainted with noise measurements because of channel
effects and different imperfections. Visually, we can see
different distinctive patterns with some similarities between
modulations. It is not easy to visually discriminate between
modulations based on the raw received signals by a human
expert, particularly under noisy conditions.

Of course, we observe that the received signals are
distorted, making the automatic recognition of one particular
modulation by human eyes challenging. Thus, this study
aims to develop a data-driven modulation identification
approach by combining the power of the GAN model as a
feature extractor and the sensitivity of the 1SVM in anomaly
detection.

In this study, we concatenate the imaginary and real
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FIGURE 7: Example of received signals of different modulation types: (a) BFSK, (b) CPFSK, (c) PAM4, (d) AM-DSB, (e)
AM-SSB, and (f) WB-FM).

values of the received signals under different SNR levels
for each modulation type. This enables augmenting the size
of the data sets comparing of using amplitude or phase.
Then, data is normalized, and for each class, 80% is used
for training and 20% for testing. For the testing, 20% of
the target class (inliers) is merged with the other classes
(outliers) to evaluate the proposed approach’s capability
to distinguish between inliers and outliers. This procedure
(testing) is repeated for all classes. This paper combines
a generative deep learning model, namely GAN, as a
features extractor and detector, namely 1SVM, to detect a
given modulation class. Of course, we designed six GAN-
1SVM-based modulation detectors based on features of only
received signals of one type of modulation.

B. MODULATION IDENTIFICATION
In this section, two experiments are conducted to show
the benefit of the proposed modulation identification ap-
proach. DBN and RBM [56], [57], popular unsupervised
generative models, were considered the reference methods
for comparison. RBMs are generative stochastic models
designed with a simple architecture constituted only by two
layers. The Contrastive Divergence algorithm using Gibbs
sampling is employed in RBM training, which is relatively
slow [56]. On the other hand, DBN, which is constructed by
stacking several RBMs, is trained to ern complex features
via layer-by-layer learning strategy [57]. Unlike RBM and
DBN, GAN does not use Monte Carlo approximation in
training. For more details on DBN and RBM, see [58].
The first experiment assessed the performance of GAN,
DBA, and RBM-based Softmax classifiers for modulation
classification. A softmax classifier tops RBM and DBN
for multiclass modulation classification. For GAN-based
multiclass classification, a SoftMax classifier is placed at
the output of the GAN discriminator. On the other hand,

the second experiment aimed to verify the performance
of the GAN, DBA, and RBM-based 1SVM detectors for
modulation identification. The experiments in this study are
conducted using an Intel i7 CPU, 12 Gigabytes for memory.
The implemented approaches are performed using Python
3.6 with Tensorflow 2.3, Keras 2.2, and Scikit-learn 0.20
under Ubuntu 18.04 LTS.

At first, the models were trained based on training data.
The values of the tuned parameters of the trained models
are listed in Table 2. All the hyper-parameters are computed
during the models training by the minimization of the cross-
entropy of the reconstructed error.

TABLE 2: Tuned parameters in the investigated approaches.

Model Parameters
1SVM kernel=RBF kernel, nu=0.01, gamma=0.2
RBM layers: (visible layer 6, hidden layer 32), Dense(1,

activation=’Sigmoid’), Epochs=500, n_gibbs_steps
= 5, Loss=Cross Entropy, Optimizer=Rmsprop

DBN layers: 02 RBMs, Epochs=500, batchsize =
1024, n_hidden = (64, 32), n_gibbs_steps =
5, Optimizer = Rmsprop, Loss =
CrossEntropy

GAN Generator: 03 Layers (32, 64, 30), Discriminator:
03 Layers (30, 60, 32), Epochs=500, Batch size =
1024, Loss=Cross Entropy, Optimizer=Rmsprop

In RBM, DBN, and GAN-based Softmax classifiers, the
training data includes labeled data from all modulation
types. This will help distinguish between them through
computing the probability of belonging to a class using the
softmax layer. A softmax classifier provides probabilities
for each class. Indeed, the last layer is softmax in the
investigated models (i.e., RBM, DBN, and GAN), acting as
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a classifier fed from a features space constructed by the deep
models during the first phase of unsupervised training. The
softmax layer is trained in a supervised manner permitting to
fine-tune and adjust the deep model parameters learned dur-
ing its unsupervised training. Specifically, the second stage
of training is conducted in supervised learning (fine-tune),
where the deep generative considered models parameters
are adjusted and optimized to improve the classification
performance.

Modulation classification results of RBM, DBN, and
GAN-based Softmax classifiers using testing data are tab-
ulated in Tables (3-5). We first observe that the GAN-
based Softmax slightly outperformed RBM and DBN-based
Softmax. Specifically, the GAN-based Softmax classifier
reached an averaged accuracy and AUC of 0.56 and 0.54,
respectively (Table 5). While RBM and DBN recorded
an averaged AUC of 0.51 and 0.53, respectively, and an
averaged accuracy of 0.53 and 0.54, respectively (Tables 3
and 4). The obtained results show the RBM, DBN, and
GAN-based Softmax classifiers are not able to accurately
discriminate the considered types of modulations. Even with
the high capacity of the GAN-driven deep learning model
in extracting relevant information from input signals, the
GAN-based 1SVM classifier cannot accurately discriminate
between the six considered modulations. These unsatisfac-
tory classification results could be attributed to the limitation
of the Softmax classifier in separating nonlinear features.
Specifically, the Softmax classifier can only represent linear
classification boundaries, which limits its discrimination
ability. In addition, this unsuited result indicates that sepa-
rating these different modulations is not an easy task.

TABLE 3: MC results using RBM-based Softmax.
Classes Accuracy Precision Recall F1-Score AUC
AM-DSB 0.68 0.50 0.68 0.57 0.54
AM-SSB 0.89 0.41 0.89 0.56 0.55
CPFSK 0.31 0.71 0.31 0.43 0.47
BPSK 0.55 0.71 0.55 0.62 0.61
PAM4 0.55 0.71 0.55 0.62 0.61
WBFM 0.22 0.41 0.22 0.28 0.27

TABLE 4: MC results using DBN-based Softmax.
Classes Accuracy Precision Recall F1-Score AUC
AM-DSB 0.50 0.57 0.50 0.53 0.52
AM-SSB 0.69 0.45 0.69 0.54 0.53
CPFSK 0.50 0.47 0.50 0.49 0.48
BPSK 0.60 0.63 0.60 0.61 0.60
PAM4 0.57 0.72 0.57 0.64 0.64
WBFM 0.38 0.51 0.38 0.43 0.43

TABLE 5: MC results using GAN-based Softmax.
Classes Accuracy Precision Recall F1-Score AUC
AM-DSB 0.72 0.50 0.72 0.59 0.57
AM-SSB 0.86 0.40 0.86 0.55 0.54
CPFSK 0.37 0.89 0.37 0.53 0.56
BPSK 0.62 0.59 0.62 0.61 0.60
PAM4 0.63 0.96 0.63 0.76 0.75
WBFM 0.18 0.56 0.18 0.27 0.25

In the second experiment, the effectiveness of the unsu-
pervised GAN, RBM, and DBN-based 1SVM detectors to
discriminate the type of modulation in a MIMO system is in-
vestigated. Contrary to the previous experiment using super-
vised classification, we merge the features extraction ability
of the RBM, DBN, and GAN models and the detection
sensitivity of the 1SVM. In other words, we treat modulation
identification as a multiple binary discrimination problem
without considering labeled data. Modulation identification
results when applying RBM, DBN, and GAN-based 1SVM
detectors are listed in Tables 6, 7, and 8, respectively.
Results in Tables (6-8) exhibit that the amalgamation of the
deep learning models with the 1SVM detector considerably
improved the capacity of modulation recognition compared
to the previous results obtained with RBM, DBN, GAN-
based Softmax classifier (Tables (3- 5)). The proposed
GAN-based 1SVM detector offers superior discrimination
performance of modulation types by achieving an averaged
accuracy of 0.951 and F1-Score of 0.954. The DBN-based
1SVM obtained an averaged accuracy of 0.911 and an F1-
Score of 0.913. The RBM-based 1SVM approach almost
reached comparable detection performance to the DBN-
1SVM approach with averaged accuracy of 0.912 and an
F1-Score of 0.914.

TABLE 6: MC results using RBM-based 1SVM.
Target Classes Accuracy Precision Recall F1-score AUC
AM-DSB AM-SSB 0.944 0.957 0.93 0.943 0.944
AM-DSB CPFSK 0.956 0.963 0.948 0.956 0.956
AM-DSB BPSK 0.964 0.975 0.952 0.964 0.964
AM-DSB PAM4 0.964 0.981 0.946 0.963 0.964
AM-DSB WBFM 0.947 0.961 0.932 0.946 0.947
AM-SSB AM-DSB 0.845 0.789 0.942 0.859 0.845
AM-SSB CPFSK 0.855 0.811 0.926 0.865 0.855
AM-SSB BPSK 0.852 0.794 0.95 0.865 0.852
AM-SSB PAM4 0.87 0.819 0.95 0.880 0.87
AM-SSB WBFM 0.86 0.800 0.96 0.873 0.86
CPFSK AM-DSB 0.887 0.849 0.942 0.893 0.887
CPFSK AM-SSB 0.883 0.849 0.932 0.888 0.883
CPFSK BPSK 0.885 0.840 0.952 0.892 0.885
CPFSK PAM4 0.884 0.854 0.926 0.889 0.884
CPFSK WBFM 0.886 0.847 0.942 0.892 0.886
BPSK AM-DSB 0.946 0.936 0.958 0.947 0.946
BPSK AM-SSB 0.96 0.953 0.968 0.960 0.96
BPSK CPFSK 0.944 0.934 0.956 0.945 0.944
BPSK PAM4 0.941 0.926 0.958 0.942 0.941
BPSK WBFM 0.944 0.939 0.95 0.944 0.944
PAM4 AM-DSB 0.874 0.883 0.862 0.872 0.874
PAM4 AM-SSB 0.86 0.873 0.842 0.857 0.86
PAM4 CPFSK 0.861 0.897 0.816 0.854 0.861
PAM4 BPSK 0.856 0.872 0.834 0.853 0.856
PAM4 WBFM 0.868 0.872 0.862 0.867 0.868
WBFM AM-DSB 0.964 0.979 0.948 0.963 0.964
WBFM AM-SSB 0.956 0.973 0.938 0.955 0.956
WBFM CPFSK 0.966 0.981 0.95 0.965 0.966
WBFM BPSK 0.962 0.981 0.942 0.961 0.962
WBFM PAM4 0.966 0.979 0.952 0.966 0.966

To recapitulate the evaluations, we provide the barplot of
the averaged AUC values per method in Figure 8 and as
per method in Figure 9. Overall, Figure 8 confirms that the
GAN-1SVM dominates the other models (RBM and DBN-
based 1SVM) by showing better detection performance
in identifying modulation types from the received signals.
In addition, both digital and analog modulation can be
recognized by the proposed GAN-1SVM approach.
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TABLE 7: MC results using DBN-based 1SVM.
Target Classes Accuracy Precision Recall F1-score AUC
AM-DSB AM-SSB 0.95 0.957 0.942 0.950 0.95
AM-DSB CPFSK 0.951 0.965 0.936 0.950 0.951
AM-DSB BPSK 0.955 0.961 0.948 0.955 0.955
AM-DSB PAM4 0.949 0.959 0.938 0.948 0.949
AM-DSB WBFM 0.96 0.962 0.958 0.960 0.96
AM-SSB AM-DSB 0.838 0.780 0.942 0.853 0.838
AM-SSB CPFSK 0.852 0.792 0.954 0.866 0.852
AM-SSB BPSK 0.856 0.803 0.944 0.868 0.856
AM-SSB PAM4 0.853 0.795 0.952 0.866 0.853
AM-SSB WBFM 0.858 0.792 0.972 0.873 0.858
CPFSK AM-DSB 0.888 0.845 0.95 0.895 0.888
CPFSK AM-SSB 0.895 0.848 0.962 0.902 0.895
CPFSK BPSK 0.895 0.852 0.956 0.901 0.895
CPFSK PAM4 0.878 0.835 0.942 0.885 0.878
CPFSK WBFM 0.872 0.826 0.942 0.880 0.872
BPSK AM-DSB 0.963 0.958 0.968 0.963 0.963
BPSK AM-SSB 0.949 0.946 0.952 0.949 0.949
BPSK CPFSK 0.939 0.931 0.948 0.940 0.939
BPSK PAM4 0.943 0.942 0.944 0.943 0.943
BPSK WBFM 0.939 0.930 0.95 0.940 0.939
PAM4 AM-DSB 0.865 0.889 0.834 0.861 0.865
PAM4 AM-SSB 0.858 0.891 0.816 0.852 0.858
PAM4 CPFSK 0.863 0.889 0.83 0.858 0.863
PAM4 BPSK 0.88 0.906 0.848 0.876 0.88
PAM4 WBFM 0.871 0.904 0.83 0.865 0.871
WBFM AM-DSB 0.972 0.974 0.97 0.972 0.972
WBFM AM-SSB 0.959 0.973 0.944 0.958 0.959
WBFM CPFSK 0.96 0.981 0.938 0.959 0.96
WBFM BPSK 0.959 0.966 0.952 0.959 0.959
WBFM PAM4 0.956 0.962 0.95 0.956 0.956

TABLE 8: MC results using GAN-based 1SVM.

Target Classes Accuracy Precision Recall F1-Score AUC
AM-DSB AM-SSB 0.976 1 0.952 0.975 0.976
AM-DSB CPFSK 0.972 1 0.944 0.971 0.972
AM-DSB BPSK 0.959 0.973 0.944 0.958 0.959
AM-DSB PAM4 0.977 0.998 0.956 0.977 0.977
AM-DSB WBFM 0.954 0.971 0.936 0.953 0.954
AM-SSB AM-DSB 0.967 0.974 0.96 0.967 0.967
AM-SSB CPFSK 0.959 0.966 0.952 0.959 0.959
AM-SSB BPSK 0.962 0.977 0.946 0.961 0.962
AM-SSB PAM4 0.955 0.952 0.958 0.955 0.955
AM-SSB WBFM 0.969 0.976 0.962 0.969 0.969
CPFSK AM-DSB 0.767 0.697 0.944 0.802 0.767
CPFSK AM-SSB 0.972 1 0.944 0.971 0.972
CPFSK BPSK 0.853 0.791 0.96 0.867 0.853
CPFSK PAM4 0.917 0.899 0.94 0.919 0.917
CPFSK WBFM 0.78 0.706 0.96 0.814 0.78
BPSK AM-DSB 0.978 0.998 0.958 0.978 0.978
BPSK AM-SSB 0.973 1 0.946 0.972 0.973
BPSK CPFSK 0.971 0.994 0.948 0.970 0.971
BPSK PAM4 0.978 1 0.956 0.978 0.978
BPSK WBFM 0.967 0.978 0.956 0.967 0.967
PAM4 AM-DSB 0.974 1 0.948 0.973 0.974
PAM4 AM-SSB 0.981 1 0.962 0.981 0.981
PAM4 CPFSK 0.988 1 0.976 0.988 0.988
PAM4 BPSK 0.975 1 0.95 0.974 0.975
PAM4 WBFM 0.977 1 0.954 0.976 0.977
WBFM AM-DSB 0.938 0.942 0.934 0.938 0.938
WBFM AM-SSB 0.972 1 0.944 0.971 0.972
WBFM CPFSK 0.984 1 0.968 0.984 0.984
WBFM BPSK 0.972 0.996 0.948 0.971 0.972
WBFM PAM4 0.968 1 0.936 0.967 0.968

In summary, these results prove that the GAN-1SVM
approach provided satisfactory results in identifying mod-
ulation types from the received signals. The main reason
that the proposed hybrid approach outperformed the rest
of the methods is related to its principle-based on (i) the
recognition of each class separately, (ii) the approximation
of the data distribution by the creation of latent space, which
is appropriate in the representation of original data, and (iii)
the high capability of 1SVM in separating atypical features

FIGURE 8: Averaged AUC values per modulation.

FIGURE 9: Averaged AUC values by method.

from the training data.

Now, the execution time of the considered models is
analyzed. We conducted all experiments using CPU intel i3
with 8 G.B to guarantee a fair comparison. We implemented
the investigated methods via Python with Tensorflow 2.3,
Keras, and Scikit-Learn 0.22. The averaged testing times of
the GAN-1SVM, DBN-1SVM, and RBM-1SVM are 0.3057,
0.24, and 0.21, respectively. We observe that the RBM-
1SVM approach requires a lower testing time compared
to DBN-1SVM and GAN-1SVM. The RBM model has
a simple structure compared to DBN and GAN models.
The GAN-1SVM model requires, on average, 0.3057s for
testing, in which the average of 1SVM predicting time is
0.000325s. Note that the training is performed offline, and
once the model is trained, it can be used for detection. After
training the GAN model, we used only the discriminator
model, a feed-forward neural network. Each hidden neuron
performs a linear combination of inputs X and applies a
non-linear (or activation) function: sigmoid (XW + b) with
W and b are respectively the weights matrix and bias vector.
It is worth noting that the central characteristic of a model
is its capability to accurately recognize the modulation type.
Thus, there exists a trade-off between training time and per-
formance. The RBM-1SVM and DBN-1SVM approaches
require less training time, but the GAN-1SVN shows better
detection performance. In addition, the training is performed
offline. Crucially, the selection of the modulation identi-
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fication approach should be based not only on detection
accuracy but also on model complexity. The time complexity
provides relevant information about the time needed for the
investigated model for the execution, generally computed
using O notation. Assume that an algorithm will process n
data points. An algorithm will have a constant complexity
(i.e., O(1)) if not relying on n. However, if the model
depends on n, the complexity depends on the line code in
the model (e.g., O(n), O(n2)) [59].

The computational complexity of deep learning models
(e.g., GAN, DBN, and RBM) relies principally on the
structure of the model: the number of layers and the number
of neurons in each layer. The time complexity of the pro-
posed GAN-1SVM approach can be evaluated with regard
to feature extraction by the GAN model and modulation
identification using the 1SVM algorithm. The primary com-
ponents of the GAN architecture are two neural networks:
an encoder and a decoder. As described in TAble 2, the
GAN encoder and decoder consist of a neural network
with three layers. The time complexity of neural networks
during training and testing are O(dNtrIL) and O(dNte),
respectively [60]. Where d is the data dimension, L denotes
the number of layers, Ntr is the number of training data
points, Nte denotes the number of testing data points. The
time complexity of 1SVM is O(Nte3) [59], [61]. Then, the
total computational complexity of the GAN-1SVM model
in training is O(2(dNtrIL)+(Nte3)). As reported in [62],
the time complexity of DBN is similar to that of SVM,
O(Nte3), which is relatively high. The time complexity for
training the RBM model is O(c(m + n)), where n and m
denote the number of visible and hidden units, and c denotes
the number of iterations [57], [63].

C. COMPARISON WITH THE STATE-OF-THE-ART
This section compares the performance of the proposed
RBM, DBN, and GAN-based 1SVM detectors with state-
of-the-art (SOTA) methods applied to RadioML 2016.10a.
Several deep learning-driven methods have been developed
to address the problem of automatic modulation recogni-
tion, including LSTM [64], CNN [65], CNN-LSTM [66],
CLDNN [65], CM-CNN [65], SCNN2 [67], combined
Fourth-order cumulant with SVM [68], 2-layer GAM-
HRNN-GRU [69], and GAM-HRNN-GRU [69]. Table 9
compares the achieved average accuracy of the proposed
approaches (RBM, DBN, and GAN-based 1SVM) with
those of the state-of-the-art methods. It should be noted
that the average accuracies of the SOTA methods listed in
Table 9 are estimated from the provided accuracy curves in
the original papers. This is because the original papers do
not provide specific classification accuracy values. Table 9
shows that combining traditional feature extractors with
shallow classifiers leads to the worst recognition perfor-
mance. Specifically, in [68], an approach combining higher-
order cumulants and SVM for modulation classification.
Specifically, high-order cumulants are extracted from the

received signals and used as input for the SVM to clas-
sify modulation types. This combined approach achieved
improved performance than the standalone SVM, but its
average classification accuracy is not satisfactory, i.e., 0.473.
This indicates that traditional features are not efficient in
characterizing the modulation schemes of received sig-
nals, maybe due to the different effects of various noises.
The study in [65] introduced a correction module (CM)
to mitigate signal distortion to improve the modulation
accuracy. They revealed that CM combined with CNN,
CM+CNN, achieved better accuracy (0.59) than CNN (0.52)
and Convolutional Long short-term Deep Neural Networks
(CLDNN) (0.55). However, the classification accuracy is
still below the desired performance even with CM. Authors
in [67] presented a spectrum analysis-based convolutional
neural network (SCNN) scheme for modulation classifi-
cation and achieved an accuracy of 0.611. This approach
applies SCNN to spectrogram images obtained by applying
the short-time discrete Fourier transform to the observed
signals. In [70], an approach called LSTM-IQFOC achieved
an average accuracy of 0.519 by merging the raw In-
Phase and Quadrature (IQ) data, Fourth-order Cumulants
(FOC), and LSTM for modulation recognition. Besides, the
average accuracy obtained by using LSTM [70] is 0.624.
This means that the modulation recognition has not been
improved even by using powerful deep learning models.
In [69], by combining modified hierarchical recurrent neural
networks with a grouped auxiliary memory GRU (GAM-
HRNN-GRU), significantly improved results have been ob-
tained by reaching an accuracy of 0.916. Also, in [69],
an accuracy of 0.922 has been obtained by using the 2-
layer GAM-HRNN-GRU approach. Table 9 revealed that
the GAN-based 1SVM method outperformed the SOTA
methods by achieving a satisfying recognition accuracy of
0.951. Thus, we can deduce that the GAN-1SVM scheme
is well adapted for discriminating modulation schemes from
the received signals and presents an effective and flexible
way for automatic modulation recognition than other deep
learning-driven methods.

TABLE 9: Comparison with the state-of-the-art methods.

Refs Model Average accuracy

[67] SCNN2 0.611
[68] Fourth-order cumulant + SVM 0.473
[69] 2-layer GAM-HRNN-GRU 0.922
[69] GAM-HRNN-GRU 0.916
[64] LSTM 0.624
[70] LSTM-IQFOC 0.519
[65] CNN 0.520
[65] CLDNN 0.550
[65] CM-CNN 0.590

Proposed RBM-1SVM 0.912
Proposed DBN-1SVM 0.911
Proposed GAN-1SVM 0.951
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VI. CONCLUSION
To guarantee reliable performances complying with wireless
communication, accurate recognition of modulation types
of signals is becoming an indispensable component in
MIMO systems. This study introduced a semi-supervised
deep learning-based strategy for modulation discrimination
in MIMO systems. Importantly, we addressed the problem
of multiclass classification as an anomaly detection problem
based on unlabeled data. The designed data-based scheme
merges the extended capacity of the GAN features extractor
and the discrimination ability of the 1SVM-based anomaly
detection scheme. Specifically, the 1SVM detector is applied
to the features extracted by the GAN model for separating
modulation types. The efficiency of the proposed method is
verified using the public datasets RadioML.2016.10a. Five
statistical scores have been utilized to judge the detection
accuracy of the studied methods, including accuracy, preci-
sion, recall, F1-Score, and AUC. Results revealed that the
proposed GAN-1SVM offers superior discrimination perfor-
mance of modulation types and dominates the investigated
methods (RBM and DBN-based 1SVM) and the state-of-
the-art techniques.

Despite the improved identification of the modulation
type from the received signal using the GAN-1SVM, future
works will be aimed at improving the robustness of the
GAN-1SVM model to noisy measurements by developing
a wavelet-based GAN-1SVM detector. To this end, we will
use wavelet decomposition to capture multivariate informa-
tion in the time and frequency domains and then employ
a GAN model to extract relevant features that will be fed
to the 1SVM for modulation identification. It is expected
that by applying wavelet-based multiscale denoising to
the received signals, noise effects will be reduced, thus
improving the modulation recognition of the GAN-1SVM.

Furthermore, another direction of improvement consists
of using data augmentation techniques to generate large-
sized data, which improves the construction of deep learning
models and thus enhances modulation recognition. Although
the proposed GAN-1SVM approach provided superior per-
formance for automatic modulation recognition than the
other models, this approach has a significant execution time
cost. An interesting direction for future work is to further
reduce its computational complexity while maintaining high
modulation recognition accuracy. This could be done by
integrating feature selection procedures or incorporating an
attention mechanism in the GAN model to focus only on
the relevant features.
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