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Abstract

Research in the field of cognitive radio (CR) has emerged to meet both the military's communication
and the public safety sector needs. The CR often share the same requirements as civilian radio-mobile
telecommunication operators.

One of the main features of a CR device is to be aware of its radio environment and to detect
available bands. The objective of the research work in this doctoral thesis is to develop a blind digital
modulation identification algorithm that can be used for STBC-MIMO and STBC-OFDM systems.
The modulation identification process requires four steps: 1- The extraction of higher order statistics
(HOS) from the signal; 2- HOS processing (normalization and use of PCA to keep only a subset of HOS
with large variance); 3- The use of Pattern Recognition tools (ANN, SVM, RFF and KINN) for modulation
classification; 4- The improvement of classification using a decision fusion center. The results obtained
show the effectiveness of the proposed algorithm.

Keywords: Multi-carrier, Cognitive radio, spectral sounding, blind waveform identification, multiple antennas,
multiple-input multiple-output systems.

Résumé

Les recherches dans le domaine de la radio cognitive (CR) ont vu le jour afin de répondre aux besoins
de communication de I'armée ainsi qu'aux besoins dans les secteurs de la sécurité publique. La CR partage
souvent les mémes exigences que les opérateurs de télécommunication radio-mobile civile.

Une des principales fonctionnalités d'un dispositif de radio cognitive est de prendre conscience
de son environnement radioélectrique et de détecter les bandes disponibles. L’objectif du travail effectué
dans le cadre de cette thése de doctorat est de développer un algorithme qui sera utiliser pour
'identification aveugle de modulations numériques pour les systemes STBC-MIMO et STBC-OFDM.
Le processus d’identification de modulation exige quatre étapes : 1- L’extraction des statistiques d’ordre
supérieur (HOS) a partir du signal ; 2- Le traitement des HOS (normalisation et utilisation de la PCA
pour ne garder qu'un sous ensemble de HOS a grande variance) ; 3- L’utilisation des outils de Pattern
Recognition (ANN, SVM, RF et KNN) pour la classification de modulation ; 4- I’amélioration la
classification en utilisant un centre de fusion des décisions. Les résultats obtenus montrent Uefficacité de
Palgorithme proposé.

Mots Clef: Multi-porteuses, Radio cognitive, sondage spectral, identification aveugle de la forme d'onde, antennes
multiple, Systemes multiple-input multiple-output.
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Introduction

Research motivations

Todays, the need for more mobility and ability to share or exchange information at any
time, using mobile devices (cell phones, personal digital assistant (PDA), laptops) has
yield the notion of intelligent networks, or cognitive networks very widespread. This
technological progress makes currently, telecommunications networks in the context of
cognitive radio one of the most active domains of computer research.

The increasing on new technologies of wireless applications has considerably limited the
use of the available radio spectrum, which has become a precious resource. Numerous research
on the spectrum management shows that the spectrum is rarely used in totality, and that certain
frequency bands of the radio spectrum are unoccupied, others less occupied and little used.

The cognitive radio (CR) is a technique to overcome this underutilization of the spectrum
with which an unlicensed secondary user (SU) seeking to use idle parts of the spectrum when
transmission from the licensed primary users (PU) is absent. One of the CR functions, called
spectrum detection, allows a CR device to permanently search for free bands and to detect the
spectrum holes (frequency band sufficiently free to be able to use them) [1].

Spectrum detection is an essential function for increasing the capacity of any CR system.
To achieve these objectives, the CR must identify certain basic characteristics of the intercepted
signal, that is: Single-carrier and multi-carriers transmission identification, identification of the
coding type, and identification of the modulation type [2-3].

The digital modulation classification (DMC) process is considered an intermediate step
between intercepting signals and informations retrieval. The application of DMC is found in
communication systems such as spectrum monitoring, interference identification, and adaptive
receivers in software-defined radio (SDR). A lot of research concerning modulation recognition
methods has been proposed. They have objective to develop rapid and precise algorithms to
produce acceptable results in real applications.

Previous published research on the modulation identification topic was limited to single-
input single-output — single-carrier (SISO-SC) systems [4-5], and for multi-input multi-output —

SC MIMO-8C) systems [6-7]. Only a few studies deal with the modulation classification
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problem for MIMO-Orthogonal Frequency Division Multiplexing (MIMO-OFDM) systems [8-
9]. The contribution that we brought through this thesis is to examine the impact of the joint
estimation of channel and carrier frequency offset (CFO) on the digital modulations
identification for MIMO-OFDM systems operating in frequency selective channel and in the
presence of impulsive noise.

The DMC problem for MIMO-OFDM systems is more difficult than in the case of
MIMO-SC systems, because the OFDM technique is extremely sensitive to transmission
degradations. For cognitive devices, it is highly desirable to develop a DMC algorithm, which is
robust to synchronization and channel errors for MIMO-OFDM systems. In this context, we
propose a low-complexity blind and semi-blind joint estimation method of MIMO channels
and CFO. Furthermore, in most research, the assumption of Gaussian noise is considered.
However, this assumption is not applicable in railway communications where noise is
considered not Gaussian and impulsive. The existence of impulsive noise is not often taken as
a working hypothesis. This is the reason why we are interested in studying this noise, and their
reduction methods, and this in order to improve the performance of DMC. Contrary to
Gaussian white noise, impulsive noise has a non-standard statistic; it is generally non-stationary,
non-Gaussian and of very complex frequency behavior. This considerably degrades the
transmission characteristics of MIMO-OFDM signal [10].

Reducing impulsive noise in the received signal is a difficult task. In this context, various
studies and measures have been developed to model the heavy-tail impulsive noise. In [11], it
has been proven that the symmetrical a-stable (SaS) distribution allows it possible to model
the impulsive noise generated in railway environnements. Authors in [11] - [14] address the
problem of modulation detection in an impulsive environment. The method introduced in this
thesis to reduce the effect of impulsive noise is based on Myriad filtering [15]. The results
obtained are better and reflect the robustness of the methods proposed regarding to
synchronization and MIMO channels errors, and to impulsive noise.

The existing DMC algorithms in literature can generally be classified into two categories:
1) Algorithms based on the criterion of maximum likelihood: these algorithms based on likelihood
consider the modulation classification problem as an inference task, where the classification
decisions are taken by maximizing the likelihood function of each candidate modulation type.
These algorithms characterized by a very high computational complexity, which increases
significantly with MIMO antennas number [106]. 2) Algorithms based on features extraction, from the
received signal using a higher order statistical (HOS). These specific features extracted from the

received signal in order to discriminate the candidate modulation types using a certain classifier.
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Functionality-based algorithms are efficient in terms of lower computational complexity in
general and more practical for real-time applications [17]. The HOS used for the features
extraction, are combined with pattern recognition methods to solve the modulation
identification problem. The digital modulations types concerned by the identification in this
thesis are [2, 4, 8]-PSK, [4, 8]-ASK and [16, 64]-QAM. The channels considered for the

simulations are multipath Rayleigh type.

Thesis contributions

The spectrum detection in radio mobile environment is the main function of CR. For this, all
the parameters that could affect the performance of the detection, such as interference,
frequency offsets, spatial correlations, and impulsive noise must be estimated.

The CR detection capacity is improved by identifying several characteristics contained in
the received signal, that is: the number of transmitted antennas, the noise power, the channel
effects, the frequency offset, the modulation and the coding type. These detected informations
from the radio domain are introduced into the operational platform of CR.

In this thesis, we focus on the identification of the modulations type contained in the

received signal. The main contributions of this thesis are summarized as follows:

1- Based on the extraction of HOS and on the pattern recognition methods, we were able
to identify the modulation type used by MIMO system operating space-time block
coding (STBC) with spatial correlation.

2- To improve the quality of the identification, it is necessary to estimate the parameters
affecting the detected signal. For this, we blindly and semi-blindly estimate the frequency
offset and the MIMO channels.

3- The assumption of Gaussian noise is no longer valid for developing and evaluating
modulation identification algorithms used by CR devices in railway environnements.
The noise generated in this environnement is of impulsive type. Impulse noise of the
heavy-tails type, considered the most severe, will significantly degrade the performance
of the transmission system. This noise is modeled by the symmetrical a-stable
distribution. To reduce these effects, we will estimate the parameters characterizing this
noise. These estimates are used to design a Myriad filter (MF). Applying the Myriad filter
to the MIMO-OFDM system improves these performances.

The ultimate goal is to build a practical, robust and light classifier that must be able to identify

almost all the different modulation schemes used in different telecommunications systems and
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for different transmission scenarios. The modulation type and order must be recognized at the
same time and without a priori information of the received signal. Processing time must be
reduced to ensure real-time operating conditions.

The various studies of the DMC problem over the past decades have made a lot of
progress, but never have an optimal classifier. Some algorithms require a priori information
about the signal (for example, carrier frequency, signal bandwidth, baud rate, offset
synchronization, etc.), others require a high signal to noise ratio (SNR) value. Some classifiers
are limited to identifying a small number of modulation types; others cannot be used in real-
time applications [1].

Therefore, through this thesis we were able to develop an optimal blind classifier of digital
modulations used by MIMO-OFDM system, and this in a realistic environment characterized
by the presence of multipath, CFO, and impulsive noise. The results obtained demonstrate the

effectiveness of the proposed algorithms.
Thesis organization

This thesis is divided into three chapters. In the first chapter, we have reviewed the main
characteristics defining cognitive radio. Then, the second chapter presents the techniques for
digital modulations classifications in STBC-MIMO systems. Finally, the methods of digital
modulations identification in MIMO-OFDM systems are studied in chapter 3.

The first chapter describes the concept of CR, its definition, its architecture, its cycle, and
its possible applications.

The second chapter discusses the digital modulation identification process for spatially
correlated STBC-MIMO systems. In this part, we examine the particular constraints inherent in
the particular nature of radio environment, which is spatial correlation, radio channel
interference, etc. The spatial correlation between the system antennas is a practical problem
that could decrease the performance of the system. The extraction of HOS, ie. the
functionalities as well as their exploits by the pattern recognition algorithms allowed us to
classify several modulations types with different orders.

Since the modulation classification in MIMO-OFDM systems has not been discussed
previously at least to the best of our knowledge, chapter 3 proposes the blind digital modulations
identification in MIMO-OFDM systems, i.e., multi-carriers or wideband systems. In order to
improve identification, joint semi-blind channels and CFO estimation, and impulsive noise
reduction, are necessary. The results obtained reflect the robustness of the developed algorithm

to the errors introduced by channel.
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Chanter 1. Introduction to Cognitive Radio

1.1 Introduction

The radio spectrum is one of the most widely used natural resources around the world, and
is regulated by government agencies. Most frequency bands are authorized for the long
term over large geographic areas. Recent studies indicate that many portions of the licensed
spectrum are not used for long periods of time or in certain geographic areas. A wider range of
applications operating in unlicensed bands causes overpopulation in this band. It is increasingly
difficult to find frequency spectra which can be made available either for new services or to
develop an existing service [1].

Consequently, it has become necessary to find new methods for managing radio frequency
resources. To this end, a new technique, called cognitive radio, has appeared. One of the main
functions of a CR device is to become aware of its radio environment and to detect the available
bands [18]. CR is an optimal solution for managing radio frequency resources. This will at some
point allow unauthorized users (SU) to detect and intelligently access the unoccupied portions
of spectrum or spectrum holes (see figure 1.1) i.e. which is not used by authorized users (PU).

Power Speclrum occupied by

A primary users
Frequency

prd

-»ﬂ ,/ﬁ

Dynamlc Spectrum " Time
Access(DSA)

Spectrum holes

Figure 1.1- Spectrum holes concept [19].

Cognitive radio systems must also be able to recognize the different wireless networks
deployed in their environment and their transmission characteristics and to be able to
communicate with these networks. The identification of the some key characteristics of the
signals present in the analyzed band can significantly enhance the performance at the receiver’s

side.
1.2 From information theory to cognitive radio

In 1948, Claude Elwood Shannon [20] invented a new theory known as “iuformation theory” which

has radically changed the vision of modern telecommunications. In his work, Shannon provided

7
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in particular the answer to a fundamental telecommunications problem concerning the quantity
of information transferred without errors between two nodes, which communicate in a given
environment at a given time. However, the rate of information transmitted without error is
naturally limited by the bandwidth of the communication environment and the signal
transmission power. Therefore, if one of these three basic resources reaches its limit, we cannot
effectively transmit information [21].

In this context, Joseph Mitola in his research work [18] explained that the inefficient use
of radio frequency resources (in particular bandwidth) has resulted in a huge waste of these

resources.
1.3 The cognitive radio definition

The “Cognition” is a process by which we acquires knowledge; it regroup the various mental
processes ranging from perceptual analysis of the environment to motor control via
memorization, reasoning, emotions and language.

Cognitive radio is used to describe a radio system with the ability to detect its radio
frequency environment allowing it to adjust its transmission parameters in an interactive,
dynamic and autonomous manner.

This capacity allows each radio device to adapt to current spectral conditions and
therefore offers users more flexible, efficient and complete access to this resource. This
approach can significantly improve data throughput and range of links without increasing
bandwidth or transmission power. The CR also offers a balanced solution to the problem of
spectrum congestion by first granting priority use to the owner of the spectrum and then

allowing others to use unused portions of the spectrum [18].
1.4 Cognitive cycle

Introducing a cognitive cycle allows the CR to analyze its context and act accordingly. Many
variants have been proposed [18, 22-24] but we can reduce all of them to the generic cycle

presented in figure 1.2.
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Spectrum Radio
Meters

Action Orientation
Apply New ITO'CZUOD .
Configuration to Policies l}){zd_lo
Radio Knobs

Decision
What Change is
Needed to Adapt to

this Situation?

Figure 1.2- The generic cognitive cycle [25].

This cycle includes four essential capacities for any autonomous agent [20]:

*  The ability to observe: The resource has sensors to collect information on its operational

context.

* The ability to orient: The resource influences its environment through its actuators. The
transmitted signal occupies spectral resources and the applied processing consume
energy resources. The radio can reconfigure itself and thus modulate this influence

according to the situation and the objectives of quality of service (QoS).

* The ability to decide: The resource exploits the information collected to identify the

most suitable configuration and learn from its experiences.

* The ability to act: application of the new configuration on the radio.

1.5 The cognitive radio architecture

In the literature, there are several architectures of CR according to the studied system [1, 27-

28]. Figure 1.3 represents one of these architectures [27].



Chapter 1. Introduction to Cognitive Radio

! . Cognitive Radio Platform

Application
Transport

Network

Link/MAC

Figure 1.3- Cognitive radio architecture [28].

The functional components of this architecture are:

1.

Cognitive Engine (Intelligent part of CR): The cognitive engine appears as the
simplified open system interconnection (OSI) stack to perform the modeling, learning
and optimization processes, which are required to reconfigurate the radio
communication system. The cognitive engine searches for a solution to the problem in
its conept space called the objective space. The architectural features of the reconfigurable
equipment (i.e., available modulation and coding schemes, maximum amplifier power,
accessible portions of the spectrum) bound this space. The information accumulated by
the cognitive engine is derived from the radio environment and from the three main
domains of CR architecture, namely the user domain, the radio domain and the policy domain.
User Domain: The user is directly concerned by the QoS provided by the radio link.
The QoS is a qualitative concept taking on a different quantitative sens for each
application. Real-time applications valorize low-latency communications while the
efficiency of the radio link is measured in terms of throughput for non-real-time
applications. The user domain transmits information relevant to the uset's application
and must contribute to the optimization of the cognitive engine.

Radio Domain: Radio domain information consists of radio frequency and
environmental data, which could affect the system’s performances such as propagation

or sources of interferences. The radio environment provides the communication

10
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medium used by the system. Its influence on communication performances depends on
the developed waveform and the installed receiver. The radio link will become more
effective if the signal is modulated over a wide bandwidth unless it is perturbed by one
or more sources of interferences. Likewise, the QoS will be greatly degraded if radio
operates in a very selective channel without a complex receiver structure. A simpler
receiver would however be possible in the presence of a direct path [27].

Policy Engine: This engine receives information about the rules in the policy domain.
This information helps the CR to avoid prohibited and illegal solutions and to choose

the best solution among those, which respect the local regulations [1, 27].

1.6 The cognitive radio applications

Figure 1.4 represents a high-level classification of possible CR applications [1, 29].

Interoperability

Enabling
Wirelass Cogn itive Radio Communication
Resources Quality
Optimizing Applications Enhancing

Service Specific

Figure 1.4- Classification of cognitive radio applications [29].

This classification is based on the relationship between each application and the cognitive

concept:

1.

4.

Wireless ressources optimization: These resources include spectrum, power,
network, hardware/software, etc.

Communication quality enhancing: For example. Improving link reliability.
Interoperability enabling: This is one of the most desirable features of CR.
Interoperability allows two or more communication systems to exchange information.

Service specific: It is the services and users needs in private, public and military sectors.

In general, some targeted applications belong to different groups, for example: transmit traffic

congestion information to the mobile in advance and maintain communication in disaster

11
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situation, etc., can take advantage of applications set and they can work together to improve

wireless communications [1, 29].
1.7 The cognitive radio functions

The CR includes many functions (steps) to permanently analyze the spectrum and determine
the PU and SU. Figure 1.5 describes the different functions that must be integrated into the

cognitive user in order to create the CR network.

Radio
Environnement

Spectrum
Sharing

Spectrum
Mobility

Decision
Request

b

Spectrum
Decision

Figure 1.5- Cycle and functions of cognitive radio [30-32].

There are four main functions of CR:
1.7.1 Spectrum sensing

Spectrum sensing consists of determining the presence of PU (detection of unused spectrum or
spectrum hole), and sharing the detection result with other users [32]. In particular, a CR
transceiver periodically detects unused spectrum and determines the access method without
interfering with the transmission of licensed data. There are two types of spectrum detection:
- Centralized spectrum detection: A detection controller detects the target frequency band and
shares information with other nodes in the system.
- Distributed spectrum detection: A distributed detection consists in cooperative sensing
detection that depends not only on the user’s strategy but also on the strategies taken

by other users, without the detection controller.

12
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1.7.2 Spectrum management

The CR should decide on the best spectrum band to answer the QoS requirements on all
available frequency bands. Therefore, spectrum management is necessary for CR with its two
functions:
- Spectrum analysis is used to characterize different spectrum bands, which allows exploiting
user requirements in terms of the spectrum band.
- Spectrum decision determines the data rate, transmission mode and transmission
bandwidth. Then, the appropriate spectrum band is selected based on the spectrum

characteristics and the user needs.
1.7.3 Spectrum sharing

The CR allocates the spectrum hole to SU when PU does not use it. This property is described
as spectrum sharing.

- Underly spectrum sharing: is the availability of access to the radio spectrum with a minimum
transmission power so that the temperature of the interference above the preset
thresholds is not increased [33].

- Owerlay spectrum sharing: In this technique, unlicensed users can use a spectrum band for

a fraction of time where licensed users underuse this band.
1.7.4 Spectrum mobility

This process allows the SU to change its operating frequency. CR networks try to use the
spectrum dynamically by allowing radio terminals to operate in the best available frequency
band, to maintain transparent communication requirements during the transition to a better

frequency [34].
1.8 From software radio to cognitive radio

In 1995, Joseph Mitola proposed a new concept called Software Radio (SR) [35]. This concept
allows equipments to communicate with any radio communication standard, without changing
any hardware component and only by modifying the integrated software. This technology,
which may seem very simple at first, not only introduces many new advantages, but also raises
many technological challenges. Mitola understood the necessity to integrate, simultaneously
intelligence into the network and equipment in order to respond the user needs and resource
constraints, resulting in increased spectral efficiency. That is why he proposed the idea of CR

[18].

13
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1.9 Conclusion

The purpose of this chapter was to introduce the concept of cognitive radio. Indeed, a detailed
description of the CR and these characteristics in terms of its architecture, these functions and
these applications. CR permit to the transmission system to become aware of its radio frequency
environment, and therefore to seize opportunities by detecting spectrum holes to improve
spectral efficiency.

The objective of the CR is to give a communication system the ability to make these types
of decisions independently. It is even highly desirable that our telecommunications devices can
intelligently execute this reasoning precisely.

This intelligence allows the equipment to choose the best conditions to meet their
communication needs. The choice ideally implies a real-time change of the transmission
parameters, or even a change of standard. To do this optimally, Mitola has shown that an SR.
should achieve real-time change. He concluded that CR would be more effective if supported
by SR technology.

In Chapter 2, the techniques used in digital modulation classification in STBC-MIMO

systems will be studied.
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2.1 Introduction

In the signal processing, the source separation is used to extract initial signals from a mixture
of several signals detected by a receiver (SU). According to the context (the signal’s type, the
channel’s propagation type, the receiver’s type, etc.) there exist different methods of sources
separations.

Therefore, waveform identification or waveform knowledge is very beneficial for CR
devices. In this chapter, the transmission characteristics identified by the CR device including
the identification of the number of transmit antennas and the recognition of the modulation
used for the transmission process. The important contribution in this chapter consists in the
development of a blind modulation identification algorithm for STBC-MIMO systems spatially
correlated and in the presence of channel estimation errors [7, 36].

We will start by mathematically formulating the signal transmitted in baseband for the
MIMO system, and the STBC-MIMO system. Next, we contribute the digital modulation
identification algorithm in STBC-MIMO systems, and we finish by providing and explaining

the results of the simulations.
2.2 Basic principles of modulation

The aim of the modulation process is to transfer a signal (whether it is analog or digital) over a
channel to a given destination. The data are carried by a radio frequency carrier in the form of

a sinusoid called carrier wave. A modulated carrier wave has the following form:

s(t) = a(t)- cos(anCt + (p(t))
= iR{a(t) - exp (j(anCt + <p(t)))}

= R {a(t) . exp(j(p(t)) . exp(janCt)}
= R{QO) exp(j2rf.t)}

@.1)

where a(t) is the signal amplitude, @ (t) is his phase, f. is the catrier frequency, and the function
b(t) = m{a(t) . eXp(j(p (t))} is the baseband signal.

Carrier-wave based modulation is the process of varying one or more properties of the
carrier signal, with a modulating signal that typically contains information to be transmitted. In
addition, the signal is transmitted at a given frequency, which may be different for different

users. There are different modulation types modifying different parameters of the carrier

including [37]:
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- Amplitude Shift Keying (ASK),

- Phase Shift Keying (PSK),

- Quadrature Amplitude Modulation (QAM),
We note n the number of bits per binary symbol. Therefore, we have M = 2™ possible symbols.
To simplify the writing of modulated signals, we model the bit stream by independent and
identically distributed (i.i.d) random variables (r.v). In addition, we will admit that the bits are

equiprobable, i.e., the probability of occurrence of a “0” or a “1” equals to % For the amplitude

a(t), we assume without loss of generality that the symbol’s constellation is normalized, i.e the

average energy of the symbols is unitary (E[|s|?] = 1).
2.2.1 ASK modulation

The ASK modulation includes manipulating the amplitude of a carrier according of the

baseband signal (see figure 2.1). The general expression of the modulated signal written as:

S() = B @mgr,(t —mT) cos(2nf,t)

s;(t) cos(2mf,t) 2.2)

where the function gr, (t) is the impulse response filter of the pulse shaping at the transmitter.
The signal 5;(t) changes the amplitude of the carrier p(t) = cos(2mf.t). We will take a priori
an alphabet a,,, € {zmalm =1, 3,..,(M — 1)}.

sq(t)
—(M - 1)a —30 —a| a 3o (M —1)a s1(t)

Figure 2.1- M-ASK modulation constellation.

2.2.2 PSK modulation

The PSK modulation includes manipulating the phase of a carrier according of the baseband

signal (see figure 2.2). The general expression of the digitally modulated phase signal written as:

s(t) = XYmcos2rf.t + ay) gr (t —mT)

s1(t) cos(2nfit) — so(t) sin(2mf.t) 2.3)
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The signal s;(t) changes the amplitude of the carrier cos(2mf.t), while the signal sq(t)

changes the amplitude of the carrier sSin(2mf.t). We call the first cartier the carvier in phase, and

the second the carier in quadrature. We can take a priori an alphabet a,, € {(po +

2mtm

e lm=0,1,.., (M- 1)} where @ is the phase offset. In the following, we consider some

special cases of PSK:
& Binary-PSK (BPSK) modulation: with this modulation type, each symbol could indicate two

states (M = 2), one bit per symbol (0 or 1), and two different phases (@¢g = 0,y =7

with @y = 0).
& Quadrature-PSK (OPSK) modulation: is a simple extension of the BPSK by adding two
additional phases (ag = %, a, = %, a, = _T3n, a3z = _Tn with @y = %) Each symbol

could indicate four states (M = 4), two bits per symbol (00, 01, 11 ou 10).

01 00

Quadrature Amplitude
Quadrature Amplitude

1 10

05 o os 1 i 2 s | % o
In-phase Amplitude In-phase Amplitude

BPSK QPSK
Figure 2.2- M-PSK modulation constellation (M = 2, 4).
2.2.3 QAM modulation

The ASK and PSK modulations can be combined to create QAM modulation. In the same way
as QPSK, the signal with QAM can be represented as a combination of components in phase
and in quadrature (see figure 2.3), but the constellation points are distributed on all the area of
the constellation diagram rather than on the circle as for M-PSK. This is achieved by amplitude

modulation at several levels of each component. The M-QAM signal can be written as follows:

st) = Xmanm COS(Zﬂfct + lgm) ng(t —mT)

51(t) cos(2mf,t) — sq(t) sin(2mf;t) @4

As for phase modulation, s;(t) and So (t) modify the amplitude of the catrier in phase and in

quadrature, respectively.
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Figure 2.3- M-QAM modulation constellation (M = 16).

2.3 MIMO system

The technological development of wireless communications depends on many technologies
such as the large-scale implementation of integrated circuits, energy storage, and antennas, etc.
The MIMO technology has been one of the major contributions in the wireless communications
domain for several decades until today. The spatial diversity created by MIMO systems increases
capacity, and the transmission rate. On the other hand, MIMO systems permit to combat the

fading of multipath channel (see figure 2.4).

F 3 Power obtained \n{ith diversity

Received Power (dB)

. NaoiseZone

" Received Power. 2 Path. 1

Time i
Figure 2.4- Principle of improving the power level at receiver by the antennas diversity effect
[38].
2.3.1 MIMO techniques

MIMO techniques are designed to improve significantly the performance of wireless mobile
communications. These techniques use multiple antennas on transmission and/or reception in
order to improve the quality of the SNR and/or the communication capacity. A MIMO system
can provide two types of gain; a gain in spatial diversity and a gain in spatial multiplexing:

- Spatial diversity: The same signal is transmitted simultaneously on different

transmitting antennas. Several copies of the transmitted signal pass through different
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independent propagation paths with flat fading. At the receiver, the signals received on
each of the receiving antennas are then re-phased and summed coherently. In a MIMO
system with N, transmit antennas and N, receiving antennas, the maximum diversity
gain is (N¢ - N,), assuming that the path gains between each pair of transmit-receive
antennas are i.i.d [38]. Smart antenna techniques [39], Alamouti coding [40] and space-
time (ST) codes [41] are well-known spatial diversity techniques. Spatial diversity
techniques improve the reliability of communication in fading channels, eliminating the
effects of fading thus increasing the transmission SNR. For these techniques to be
effective, the MIMO subchannels must be decorrelated (independent).

- Spatial multiplexing: If spatial diversity is a way of eliminating fading, spatial
multiplexing is a way of exploiting this fading to increase the transmission rate. The
MIMO systems can achieve orthogonal sub channels between the transmitters and
receivers antennas through a rich scattering environment and consequently increase the
data rate. The signals received on the receiving antennas are combined to reconstruct
the original signal. In a MIMO system with N, transmitting antennas and N, receiving
antennas, for a high SNR, Foschini [42] and Telatar [43] have shown that the channel
capacity increases linearly with m = min(Ny, N,.), if the sub-channel gains are i.i.d.
BLAST (Bell Labs Layered Space-Time) technique [42] is a spatial multiplexing

technique. As for MIMO diversity, the propagation subchannels must be decorrelated.
2.3.2 An overview of a MIMO system

With the assumption that the MIMO paths are not correlated, the MIMO channels have a higher
capacity compared to the SISO channels [44].

First, we consider a narrowband MIMO channel with N; transmit antennas at the PU
side, and we assume that there are N, = 1 antennas at the CR mobile terminal (SU). The SU

receiver detects multiple primary sources (PS) where the PS is the signal of a PU.

LetTs = 1 / f the sampling period. The signal received at a sampling time Ty at the n,.-
N

th antenna is written as:

Yn, (nTy) = §nr (nT) + Mn, (nTy) (2.5)

where §, (nT) is the superposition of the possible simpled PS signals including the effects of
path-loss, multi-path fading and time dispersion, and 7, (nTs) is the noise. To simplify the

notation, let In, n) 2 In, (nTs), §nr (n) £ §nr (nTs), and Nn, (n) £ Nn, (nTs) [1].
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In presence of N; primary sources (1 < ny < Np), the signal received by the n,-th antenna is

written as:

Vo, (n) = Znt L Xz hnrnt(n Dsy,(n =0 +n,®), n=12,.. (2.6)

where sy, (n) is the n-th symbol transimitted by the n;-th primary sources, L is the number of
the channel coefficients, also called channel/ order, between PU and each antenna of SU, and
hy, n, (M, 1) is the (I + 1)-th coefficient of the channel impulse response between n;-th

transmitted antenna of a PU and the n,.-th received antenna of a SU at instant n. The MIMO

system is expressed in matrix form as:

[yl(n) ] [hi1(m)  hi,(m) - hyy ()] [771(71) 1

) | _ | haa (o) haz(m) "Z'Nt(")ls(nﬁlnzgn)j n=12. @7
ya, () th W) Byt o () M, ()
=y(n) =H(n) =n(n)

T
where s(n) = [sl(n), v st =L+ 1),..,sy,(),...,sy,(n— L+ 1)] . The vector
h, ,.(n) = [ (M 0), o by (0, L — 1)] represents the channel coefficients between
the ng-th transmitted antenna of a PU and the n,.-th received antenna of a SU at instant n.

Let us consider N consecutive samples and define the corresponding signal/noise vectors:

Y@ = 1), o, i (= N + 1), e,y (), e,y (= N + D]
sy(n) = [sT(n), ..., sk ()]
v @ = [ @), e, 110 = N + 1), e, 1y, (1), ey iy, (= N + D]

where s, (n) = [Snt(n), Sp,(n—=1),...,sp(n—L—-N+ 1)]T. The signal model is expressed
in matrix form as:

yn(n) = Hy(m)sy(n) + ny(n) (28)

where Hy is a matrix of N.N X N;(L + N) written as :
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[Hi1(n) Hiz(n) - Hypy, ()]
Hy(n) = | B2a(D Haz() o Hyy ()|
lHNT,l (n) Hy, - n) - Hy, v, (n)J
where the matrix Hy, . of N X (L + N) is defined by:
[hy, n, (M) 0 0 1
0 h (n—1) :
Hn,n, = : e .. . 0
0 0 hy, . (n—N+1)

In the rest of this thesis, we assume that 1(n) is an additive white Gaussian noise (AWGN)

vector with zero mean and variance 0,?.

The SNR is the ratio of the average received signal power from PU to the average receiver
noise powet, that is:

_ E[lyo)-nm)|1?]
SNR = E[llmm)|12]

2.9)
In general, modeling a MIMO channel can be applied to evaluate correctly the
performance of a given system and to create the exemplary channels. The precise channel model
obtained will allow us to understand it and also to make precise hypotheses on the system
conception.
The purpose of the following subsection is to evaluate the performance of a MIMO

system with correlated channels.
2.3.3 Spatial correlation models

Different correlative models have been proposed for MIMO such as the Kronecker model, and
the exponential model. We focus on the first model in this thesis.

The spatially correlated MIMO channels are modeled by the Kronecker model [45]. To
reduce the complexity of analysis, this channel model assumes that the spatial correlations
between the receiving antennas are independent of the correlations between the transmitting

antennas. Under this hypothesis, we show that the Kronecker model is given by:

H = RY?H,,R}/? 2.10)
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where R; of (N X N¢) and R, of (N, X N,.), are the emission and reception correlation
matrices, respectively. Hy, of (N, X N;) is a matrix containing a circularly symmetric complex
Gaussian (CSCG) and i.i.d variables with zero mean and variance equal to unity. The equivalent
Kronecker model describing the total correlation of the channel Ry perhaps express by the

Kronecker product “@” of the correlation matrices Ry and R, [46]:
Ry =R;®R, (2.11)

The two matrices R; and R, are expressed, respectively, by the transmit correlation coefficient
Pt and the receive correlation coefficient p,:

Rij=p", ij=1..,N

tlij pt|i_]'| . ]. t (2.12)

[Rylij=pr 7 Lj=1,..,N,
The correlation matrices can be presented by the exponential correlation model, which was
introduced in [46], and developed in [47]. This model defines the elements of the correlation
matrix R by a single coefficient:

/7 i
R|;; = . . ; 2.13
[R]:, { [Rw]ji: L>] @13

where |p| < 1and R,, = H,,H. The curves in figure 2.5 show the cumulative distribution

function (CDF) versus the capacity of a correlated MIMO system.
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Figure 2.5- CDF versus the channel capacity using the Kronecker model and the exponential
model, for different correlation coefficients. py = p,, = p. Ny = 2, N,, = 2. SNR=10dB.
BPSK modulation.
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2.4 Space-time coding

Hoping to reduce the exponential complexity of the decoder used in Space-Time Trellis Coding
(STTC) [48], Alamouti [40] proposed a simple scheme of space-time diversity at the transmitter
side, subsequently extended by Tarokh and /. [49], in order to forming a new class of space-
time codes called space-time block coding. According to Tarokh [49], STBC codes can be seen as

an orthogonal design and a linear application, which applied to the complex vector of
. . T . . .
information data symbols §; £ [SiK' SiK+1r e» 5(i+1)1<—1] gives in the output the matrix G, (s;)

of U X N, where U is the length of the code STBC and K being the length of the data vector
before coding. This matrix should satisfy the following orthogonality property:

c}[gc = ”Sl“%INtXNt (2'14)

The most studied criterion [48] when designing STBC codes is diversity. This diversity can be
characterized by the number of independent detectable paths at the receiver side for each
transmitted symbol. In addition, it also depends on the number of antennas at the transmitter
and receiver. The objective of using STBC is to achieve maximum diversity gain with the

smallest number of antennas. The rate of an STBC code, R, represents the number of coded
symbols transmitted per symbol period, and defined by R = K / y- Also, U represents the
number of symbol periods (or the time-slots) that the receiver must wait before starting to
decode the symbols coded from the same matrix G.. In summary, STBC codes ate designed to:
* Maximize the rate of the code,
e Minimize the number of antennas,

*  Maximize the gain of diversity.
Table 2.1 shows three types of STBC code, which are the most, used in the literature.

Table 2.1. Different types of STBC code with different rate.

Alamouti (G4;) [40] | OSTBC3 (G3) [41, 49] | OSTBC4 (G4) [41, 49]
- S0 S1 S 1 - S0 S1 Sz S3 -
—S;  So —S3 —-S; Sg —S3 S
—S2  S3 So —S,  S3 So  —S51
So 51 —S3 TSz S1 —S3 —S; 5 So
-5 SS] So  S1 S So S1 S, 83
—S] So  —S3 —-S; Sy —S3 S
—S; Sz So -s, S3 Sy —S;
—s3 —S; 51 |—s; —Ss, 5] Sg
Ne=2K=2U=2| N=3K=4U=8| N, =4K=4U=8
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A comparison is presented in figure 2.6, in terms of bit error rate (BER) between different STBC
codes (Alamouti, Orthogonal-STBC3 (OSTBC3), and Orthogonal-STBC4 (OSTBC4)) and
spatial multiplexing (SM). The Rayleigh fading channel for two types of QPSK and 16QAM

modulation.

10°F T T T T T T T T

——QPSK without coding (1Tx,1Rx)
—«—QPSK-Alamouti (2Tx,1Rx) ]
—o—16QAM-OSTBC3 (3Tx,1Rx) |
—4—16QAM-OSTBC4 (4Tx,1Rx) :

Bit error rate

| 1 1 1 1 | 1 1 1
0 2 4 6 8 10 12 14 16 18 20

SNR (dB)

Figure 2.6- BER versus SNR, of STBC coding in a Rayleigh fading channel for two types of

modulation.

Note that antennas gain increases SNR, while diversity gain reduces fading.

2.4.1 A special case: Alamouti coding

STBC coding of Alamouti type [40] is characterized by two transmitting antennas (Ny = 2) and
N, = 1 receiving antennas, so K = U = 2.

To transmit b bits, we use a modulation technique that maps the b bits according to a
real or complex constellation (QAM ou PSK .. .etc.,) to generate data symbols. The Alamouti
coder divides the data stream into several substreams. Each substream is composed of two
consecutive symbols. Therefore, the coder processes two successive symbols of the
constellation at the same time (S; £ [Sy;, Spi+1]7), such that s,; and  Sp;4q are sent,
simultaneously, during a first time-slot (u = 1), by the two transmitting antennas n, = 1 and
ng = 2, respectively. During the second time slot (u = 2), the encoder sends, simultaneously,

the symbols (—S5;,1) and S; to the antennas n; = 1 and n; = 2, respectively. The data matrix

after STBC coding corresponding to the symbols [S,;, Spi41] is defined as:

Soi 52i+1]

Ga(s) = [_ (2.15)

* *
S2i+1 S2i
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This code provides a total diversity equal to 2N,.. The decoding used is based on the maximum
likelihood algorithm. The results obtained are much higher than that obtained using a single

antenna [20], see figures 2.6 and 2.7.

10°E T

I I i I

——sISO i
—sk— Alamouti (2TX, 1Rx) ||
——SIMO (1Tx, 2Rx) [
—&— Alamouti (2Tx, 2Rx) []
—4—SIMO (1Tx, 4Rx)

Bit error rate

0 2 4 6 8 10 12 14 16 18 20
SNR (dB)

Figure 2.7- BER versus SNR, using Alamouti coding and a Single-Input Multiple-Output
(SIMO) system in a Rayleigh fading channel with QPSK modulation.

We can introduce another form of STBC(N, K, U) coding, where the ST coder generates matrix

blocks of size U X N using the following expression [50-51] :

T
Ge(s)) = [Assi Assiy .. Ausi] 2.16)

T
where s; = [m[SiK]rm[SiK+1]r s Rs@anye=1] Ssicl, Slsixcr1, ---;3[5(i+1)1<—1]] :

We take an example of Alamouti coding (STBC(2,2,2)), the two coding matrices written

as:
_10j0]
Al_010]'
[0 -1 0 j
AZ_[1 0o —j 0

2.5 Digital modulation classification algorithm

In this section, we will study the problem of blind identification or classification of several types
of digital modulations from a mixture of received signals, for STBC-MIMO system using a

correlated and noisy channel.

A structure for blind-DMC (BDMC) for a transmission system using the STBC-MIMO

technique is given in figure 2.8.
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Received signal y;

Figure 2.8- Structure of a blind digital modulation classification process in STBC-MIMO

system.

To identify the parameters of an unknown received signal, we propose to estimate at first the

number of transmitting antennas. This estimate limits the number of possible codes. Then we
estimate the noise power 6‘}?. After that, the recognition of the communication coding € is
performed, then a channel estimation technique H is employed. At the end, we determine the
modulation M of the transmitted symbols.

2.5.1 Basic model of modulation identification for STBC-MIMO systems

A block diagram of a blind modulation identification in STBC-MIMO system with Ny transmit

antennas and N, receiver antennas (N, = Np) is illustrated in figure 2.9.

n; (
D A(1) (1) .
Y—éLfb MIMO 5i Features 3, Classification | M (D) _
: : i extraction . ANN, SVM, ... .

Y

H Channel

i Estimation &
Wy) Decoding /
Equalization

)

Decisions M‘
Fusion —P

Center

& (Ng) (Ng
i Features i Classification
extraction ANN, SVM, ...

M W)

number of
transmitting
antennas

—

Figure 2.9- A block diagram of the modulation identification process at the receiver [7, 36].

By applying an STBC coding to the complex vector of data §; of size (K X 1), we construct a

matrix X; of size (Ny X U) as follows:

X =61 (s) @17)
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The entries of X; are linear combinations of the elements of S; and their conjugates. The source

symbols X; are assumed i.i.d.

The channel is considered quasi-static. The received signal vector at time u for i-th block

1s written:
Yiu = HX;y + My (2.18)
with:
Yiu= yfﬁu, yl(ﬁu,. . ler)] : received signal vector ;
Xiy = xi(lljlu,xi(f,lu, ...,xi(gi)u : transmitted source signal vector ;

L‘qi,u = nfll,lu,nl(lz,lu,. ,nl(gi)u] : AWGN vector, where (k) ~ V'(0, a,?lNr);

And the MIMO channel matrix H of (N,. X N) is considered complex and spatially correlated:

A1) hw2 p@NY
H- h21) h22  pQ@NY)
RD RN Ny

For the i-th block, the matrix form of the received signal is written:

Y, = HX; + W, (2.19)
where:
€Y €Y (1)
Yivrr Yz - Yi+nu Yl(l)
2 2 @ 2
Yy, 2 y¢U+1 y¢U+2 y(l+1)U = yz() :
) (z'vr> T )
Viv+1 Yiv+2 - Yi+nu yi -
r. (1) €] €]
Xiv+1 Xiu+z - x(l+1)U |[ 1(1)
@3] 2 ) 2
X; & |Yw+1 Xivez - x(l+1)U| —l 1( ) :
WO N (N (zv)
Xiyt1 Xipva x(z+t1)u ‘
(€Y) €] €]
[niu+1 Niv+2 - 7’(1+1)U] [‘] = ]l
2) ) ) 2
W, 2 |771U+1 771U+2 77(1+1)U| =| Tll( . l
) (M) NS (N»J
Nivs1r Miv+z - 77(L+1)U
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2.5.2 Additive Gaussian noise model

In probability theory and statistics, the Gaussian distribution is one of the most suitable
probability distributions for modeling generated processes by the superposition of many
independent effects (this is the case of thermal noise). Additive noise resulting from the
superimposition of several i.i.d random signals different from the useful signal. We assume that
the average noise power is the same on the different receiving antennas and that the noise is
spatially independent. The second order statistics of a Gaussian noise are equal to E [T]ml}[] =

O—%IN-r’ where 07? is the average noise power on each receiving antenna, and 1; =

T
[ngl),ngz), ...,ngN’")] . Then, the probability density of the noise vector N; is given by the

relation:

y=—1 __ — L In:]12
fm) = e (- oz il 220

In general, a system designed according to the Gaussian hypothesis will produce serious

performance degradations when the noise statistics are based on heavy-tails models [52].
2.5.3 Estimated number of transmitting antennas

In a non-cooperative context, the number of transmitting antennas is unknown information to
the receiver, which must blind estimated from the received samples [53].

Most of estimating methods for the antennas number available in the literature
approximate the distribution of transmitted signals by the Gaussian distribution. Generally, this
approximation motivated by two reasons [53-506]:

- The received samples on each antenna are composed of a mixture of several i.i.d random
variables and of Gaussian additive noise.
- The Gaussian distribution is relatively simple to manipulate because its statistics of first
order (mean) and second order (covariance matrix) fully describe it.
Therefore, the method chosen in our work is a sequential test. This method based on second
order statistics. The technique for estimating the number of transmitting antennas consists in
maximizing the probability of obtaining the samples Y relative to the antennas number q [53,
56-57]. This probability is called the /kelzhood function of the parameter q and is denoted by
A[Y|q]. When the transmitted signals are Gaussian, the logarithm of the likelihood function

expressed in the form [58]:
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(HNT_ Xn )ﬁ
log(A[Ylq]) = N(N, — q).log | ~—P—L—=— (2.21)

Ny—q an=q+1 }‘nx

The term in parentheses corresponds to the ratio of the geometric mean and the arithmetic
mean of the smallest (N, —q) eigenvalues an. In the case where the (N, —q) smaller
eigenvalues are equal, we will have log(A[Y|q]) = 0. In practice, a possible detecting method
of the antennas number consists to achieve a sequential hypothesis test. By initializing the value
q to 0, the estimated antennas number corresponds to the first value g for which
log(A[Y|q]) = 0. The nullity test of likelihood function can be performed by a threshold
detector. When the function log(A[Y|q]) is approximately zero, the distribution of the statistic
—2log(A[Ylq]) < Yq follows a x? law of degree (Q — q)? — 1 [59]. The detection threshold
of the test, noted ¥, is then set from a probability of false alarm (P, = 1073) and the estimated
antennas number, 1\7t, corresponds to the first value of q respecting —2 log(A[Y|q]) < Yq- To
illustrate the principle of the test, figure 2.10 presents the value of the statistic =2 log(A[Y|q])
and the detection threshold for a MIMO communication (N, = 5, N; = 2). The first index q
for which the statistic —2 log(A[Y|q]) is less than the threshold, here 2, corresponds to the
number of transmitting antennas.

The detection method by sequential hypothesis test makes it possible to identify between
0 and N, — 1 transmitting antennas. Its use requires fixing a detection threshold based on the

probability of false alarm.

600 T T T T T

—e— statistic -2log(A[Y|q])

e}
8 threshold ~
< q
£ i
-
a3
o
o
-l
-2log(A[YlgD)<y, ]
0 1 1 1 hd t 7.

Figure 2.10- Detection of antennas number by sequential test. Example for a MIMO system

(N, = 5, N; = 2), with N = 512, and SNRgg = 0dB.
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2.5.4 Equalization algorithms in MIMO
In this section, we present the equalization algorithms that are used in our study:

2.5.4.1 ZF algorithm

The Zero-Forcing (ZF) technique applied to remove some ambiguity from the received
symbols. This technique consists in applying an equalization matrix Gzg on the received vector

y; [38]. This matrix Gz is defined by:
Gz = H* = (H"H)"1H* (2.22)
where H* is the pseudo-inverse of the channel matrix H. The transmitted signal is estimated by:
$i = Gzpy; = s; + (H'H)"'H"n; (2.23)

Here we assume perfect channel state information (CSI) at the receiver side (semi-blind
classifier). The ZF equalization is usually increases the noise level. This is the reason why we

have considered another equalizer type.
2.5.4.2 MMSE algorithm

The Minimum Mean Square Error (MMSE) technique searches a matrix Gyysg, which
minimizes the mean square error between the transmitted signal §; and an equalized version of

the received signal y; [60]:

e? = E[(s; — GmmseY)”* (i — Gumseyi)] (2.24)
The linear solution of MMSE is given by:
A -1
8 = GuuseY: = (0fly, + H'H) "HYy, (2.25)
The MMSE equalizer can minimize the global error caused by noise and mutual interference
between received signals [60].
Figure 2.11 shows the BERs of both the MMSE and ZF equalizers along with the

Maximum Likelihood (ML) detector, and this for STBC-MIMO system using QPSK

modulation and operating in Rayleigh fading channel.
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Bit Error Rate
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Figure 2.11- BER versus SNR of the ZF and MMSE equalizers and the ML detector for
STBC-MIMO system with a configuration (2X2) and QPSK modulation. Fading channel is

Rayleigh type.

In the three previous cases, we assume that CSI is available at the receiver. Otherwise, channel
estimation must be performed. In this chapter, we will study the impact of channel estimation
errors on the performance of the modulation identification process. Therefore, we model the

estimated channel as follows:

H=H+oH, (2.26)

where the elements of H,, are i.i.d and CSCG variables with zero mean and variance equal to

unity, and 02 represents the variance of channel estimation error.
2.5.4.3 SCMA algorithm

Other types of equalization algorithms exist in the literature; inspired by Blind Source Separation
(BSS) algorithms [61-62]. Among these methods, we used a simplified method of the Constant
Modulus Algorithm (CMA) called Szmplified-CN.A (SCMA). This algorithm is designed for blind

separation and recovery of source symbols (without CSI). Using an equalization matrix V of

size (N, X N;), where V = [Vl, Vo, wur) VNt], we have:

z(i) = Vy, = VHs; + V¥iy; (2.27)
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The transmitted symbols S; are determined using a permutation matrix P and a diagonal matrix
A as follows:

G =V H=PA (2.28)

Indeed, the SCMA criterion uses only one dimension, for example the real part (or the imaginary

part) of signal. The SCMA based on the minimization of the following cost function:

Jsema(V) = tht:l E [(i}%(znt(i))z B R)z]

(2.29)
Subjectto : V'V =1y,
_ E[R@E@)Y] . . . . . .
where R = RG] is the dispersion constant. SCMA implemented using the stochastic

gradient (SG) algorithm. The equalization update equation is obtained by calculating the

gradient of Jgcma as follows:

Vo (D) = ¥, (i — 1) — pi63y; (2.30)

where @; is the SG step size, €; = (iR(Znt(i))z - R) ‘R(Znt(i)) is the error signal, and y; is
the pre-whitened received signal [63].

2.5.5 Features extraction

One of the important aspects of modulation identification is the selection of the proper features
using a HOS from the received signal. Previous works have shown that higher order cumulants
(HOC) and higher order moments (HOM) of the received signal are among the best candidates
for modulation recognition in SISO and MIMO systems [7, 36, 4, 64-65]. The HOM of a signal
“x” is defined by [66]:

Hap(x) = E[x*7"(x)"] (2.31)

where a is the moment order with 0 < b < a. The cumulans order “a” of the zero-mean signal

“x” is defined by [7]:

Kqp(x) = Cum [x, v X, x5, ...,x*l (2.32)
a—-b b

The relationship between moments and cumulants can be expressed as:
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K(xy, o %a) = Tole = DN (=D D [heq ETTiey ] (2.33)
where @ runs through the list of all partitions of {1, ..., a}, v runs through the list of all the
blocks of the partition @, and € is the number of elements in the partition ®.

Based on equation (2.33), the moments estimation leads to estimate the cumulants. We

can estimate the moments of a signal x with N samples, as:

1 — *
”ab(x) = N 7I¥=1x1611 b(xn)b (2.34)

For a complex signal, the estimate of cumulants can be defined as indicated in appendix A. The

common self-normalized HOS of order “a”, are defined by [60]:

~ _ Hap
Hap = ua/z
21

o (2.35)
ab — ~a/2
Ky

The decision rule for digital modulation using HOS is described in table 2.2, where we assume
that the constellations are normalized to have a unity energy (K1 = 1). We have M ordered
hypotheses so that p; < g, < --+ < py. In addition, and for simplicity, we consider that all the

variances are equal (07 = 0% = -+ = g). In this case, the decision rule based on the choice of

hypothesis H verifying [4]:

(#k—1 +lk

2

)SH<(%) avec:{

Ho =

—Q0

Hy1 = T00

Table 2.2. The decision rule based on HOS of order “4” and “6”.

(2.36)

4" HOS : H = |Ryo]

6" HOS : H = |Ke, |

0, = {BPSK, QPSK, 8PSK}

0.5 < H < 1.5 = QPSK

{H < 0.5 = 8PSK
1.5 < H = BPSK

2<H<10= QPSK

yH< 2 = 8PSK
10 < H = BPSK

BPSK, QPSK, 8PSK, 4ASK,

0z = { 8ASK, 16QAM, 64QAM

}

H < 0.31 = 8PSK

0.31 < H < 0.65 = 64QAM
0.65 < H < 0.84 = 16QAM
0.84 < H < 1.12 = QPSK
112 < H < 1.3 = 8ASK
1.3 < H < 1.68 = 4ASK
1.68 < H = BPSK

(

\

H < 0.9 = 8PSK

0.9 < H <194 = 64QAM
1.94 < H < 3.04 = 16QAM
3.04 £ H <5.59 = QPSK
559 < H <7.75 = 8ASK
7.75 < H < 12.16 = 4ASK
12.16 < H = BPSK
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To improve the accuracy of identification model, all input and output parameters have been

normalized to ensure that they have a zero-mean and variance equal to unity.
2.5.6 Normalization of features

Accelerating the learning process of the classifiers and improving the accuracy of identification
can be achieved by normalizing the extracted features (HOS) to ensure that they are zero-mean
and unity-variance. Then, we use principal component analysis (PCA) to choose an optimal
subset from the uncorrelated extracted HOS.

The PCA allows to select an optimal subset of HOS to improve the identification process
[7]. The PCA technique is a standard technique for preprocessing and visualizing high
dimension data. The PCA is a linear transformation, which orthogonalizes the data components
and reduces the dimensionality (the size of variation) [67]. Therefore, the other components

tend to be highly correlated and can be neglected with minimal loss of information.

A E—— IS [
41 ’Er PC1 . ) N N
PC2k AN o0 e e
0 A o Pl
g ]fww"'? E |: Bl i__. il :};
o ¢ e
~ PC1
Gene 2 Gene 1

Figure 2.12- A three-dimensional dataset (gene) transformed into a two-dimensional subspace

using the PCA algorithm [67].

After selecting the subset with greater variance, the final classification process started.
2.5.7 Comparison of classification methods

The pattern recognition approach is used to solve the problem of modulations identification.
This section is consecrated to the study of different classification algorithms such as: Multilayer
artificial neural networks (ANN), Support Vector Machines (SVM), Random Forest Classifier
(RFC), and K-nearest neighbors (KNN). For digital modulation identification in STBC-MIMO
system, these classifiers use three steps:
1- The preprocessing of the signal at the input of the classifiers: Extracts and normalizes
the optimal features for each realization of the received signal ;

2- Training and learning phase to adjust the classifier parameters ;
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3- Test phase which evaluates the performance of the classification with real signals in
order to achieve a final decision about the modulation type of transmitted signal ;
According to figure 2.9, a banc of classifiers of the same type is used to identify the Ny processed

(Ng)
a; ¢

signals [agl), s ] where Ng = (K or N; or N,.). The modulation type in the candidates

pool © = {BPSK, QPSK, 8PSK, 4ASK, 8ASK, 16QAM, 64QAM} is determined by the T-

dimension HOS vector defined by a(nd) = [M CP1CI1' ) MquT, CquT]T and represented

i D191’
by the label N; for each processed signal. These vectors are then used by the classifier bank to
give the decisions []\7[ @ ., MW d)]. These decisions are used by the decisions fusion block

to generate the final decision M.
2.5.7.1 ANN classifier

The multi-layer perceptron (MLP) used in the modulations identification is a linear classifier
based on a neural network with back propagations (BP), composed of several layers: an input
layer, an output layer, and one or more hidden layers. Each layer consists of a variable number
of neurons, and a transfer function for each neuron. The neurons of the output layer always

correspond to the outputs of the system.

The inputs of MLP (agnd)) propage from layer to another and combine at the output

layers. The MLP can be expressed by the following equation:

Vi = Pk (Z?=1 Wi ¢i(2?=1 ’Wijaj)) (2.37)

where Yy, is the output of the MLLP network, ¢; () is the activation function of the i-th neuron,
w; is the link weighting between the neuron «j » and the neuron « i », and a; € a™d is the j-

th input feature of the HOS features set [68]. A visual illustration of an MLP network is given

in figure 2.13.
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Figure 2.13- Multilayer back-propagation neuron network.

The weights training method of 4#;; adopted for this MLP is back propagations. This algorithm
adjusts the weights through an iterative process by calculating the variation of each weight with
respect to the error function E [69]. For example, the mean squared error (MSE) function give
the equation:

OB _ OB Dy Sup (2.38)

SWU Syi Sui 6wij

where y; is the output, and u; is the inputs weighted sum of i-th neuron. The weight value

adjusted using the gradient descent approach as follows:

wii(t+1) = wy(£) — e = 2.39)

8wij

where € is the learning rate that dictates the convergence speed. With a high learning rate, the
convergence is faster. However, this is done with a risk of oscillation. On the other hand, with
a low learning rate, many additional iterations will be necessary to attain convergence.

The use of ANN classifier goes through two phases: a learning phase, which allows
adjusting the weights of neurons. In order to properly adjust the weights of the neurons, learning
should relate to a large number of HOS vectors and to all associated modulation schemes, in
order to achieve acceptable decision precision, while taking into account different parameters

of transmission |7, 70-71].
n . . .
The features subset al( a) lets starter the test process in order to obtain the desired

modulation M ™) for the Nng-th branch. The selection of ANN parameters is based on the
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choice of structure, which offers the best precision of the probability for making a correct

decision in the test phase.
2.5.7.2 SVM classifier

SVM constitute the best-known form of methods based on the use of so-called &erme/ function,
which allow optimal binary separation by supervised learning data. The simplest example of a

kernel function is the linear kernel, which defined by the equation:
K (xi,X;) = X! X; (2.40)

The SVM method inspired by the statistical learning theory of Vladimir N. Vapnik [72-
73]. This method based on the existence of a linear classifier in an appropriate space. If there is
a two-class classification problem, @ = {M (m), M (n)}, then, the solution is obtained by using

the sign of h(a), as shown in the equation:

_ {M (m)/ h(a) = ajw + w2 0 2.41)

MM/ k@) = aTw +w, < 0

where g is a constant, a; is the HOS features vector at the classifier input, and w is the

weights vector (or the normal vector of the hyperplane, see figure 2.14) to optimize. The weight

is obtained by considering a training samples set {a;, Ni}livzt‘it, with N; € {—1,4+1} a target value
also called the binary cass label corresponding to sample a; and Ny is the total number of
realizations for the candidates pool @. For lineatly separable samples, the optimal hyperplane

can be found by solving the following optimization problem [74]:

Minimize Q(wr, w, ;) = %wTw +C YN g, (2.42)

Subject to N;(K (a;, w) + wy) =1 —&;

where £; = 0 are the Lagrange multiplicative variables, and « C » is the margin parameter that
determines the arrangement between maximizing the margin and minimizing the classification

error. The cost function @ is minimized compared to ¥, and maximized or reduced according

. N
to the sign of X}, X9 &;.
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SVMs are also called /arge-margin separators because their objective is to find the optimal
classification hyperplane as a decision surface that maximizes the margin between classes in a
large dimension space. The margin is the distance between the separation border and the closest
samples, also called support vectors. A maximum margin allows obtain a smaller dimension, which

ensures good performances in generalization.

alw +w, <0

-1 i i i A i i i
-1 -0.8 -06 -04 -0.2 0 02 04 0.6 08 1

X

Figure 2.14- Optimal hyperplane of SVM binary classification.

By ensuring these conditions, the learning model of SVM classifier provides accurate
classification results and test-ready in order to validate unlabeled data samples.

SVMs are considered easier to deploy compared to neural networks. The main advantage of
SVM is its remarkable performances using large data. However, they are slow in convergence

and memory intensive when it comes to process large datasets.

A linear SVM classifier algorithm
Input: N;,¢ vectors of the HOS features set derived from each candidate modulation @ =
{M (1), M (2)}, an observed vector a®™@) with extracted feautures for the ny-th branch.

Step 1 ¢ Initialization of weight wy, wr
Step 2 Repeat
Step 3 Update the weights via equation (2.42) using the function Q.

Step 4 Until the maximum number of iterations is reached.

Step 5 al w + w is calculated.

Step 6 If al-Tw + wy = 0, M (1) is given as classification decision M
Step 7 If al-Tw + wy < 0, M(2) is given as classification decision M
Output M
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2.5.7.3 RFC algorithm

The classification based on random forest algorithm is a learning methodology based on a
samples set [75]. The main steps of this algorithm are as follows:

(ng)

1. Forming the training sample subset by N, HOS vectors a; “’, in order to obtain the
desired label N;. nf out of N¢or samples are selected, and €y, ..., €y, atre the samples seeds
generated and assigned to 1 tree nodes.

2. Random selection of features: ¢ty out of I features are randomly selected, from the

above samples subsets, as the training samples for RFC, and are assigned to each tree
nodes (see figure 2.15).

3. Estimation of errors: Every decision tree of RFC is not growing until the percentage of
the classification purity in each node achieves the desired growth or a given

layer. After that, one decision tree in the random forest is generated.

4. Complete growth of the decision tree: Repeat the above steps, until achieving an optimal

classification and the RFC with n trees is eventually established.
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Figure 2.15- Architecture of RFC classification model.

2.5.7.4 KNN classifier

Another supervised algorithm studied in this section. It is a KINN algorithm, which the
performance depends on the number of neighbors “K”, the distance type used, and the data
representation space.

KNN is a simple learning and non-parametric method for classification. Despite the

simplicity of this algorithm, it works very well and is constitutes an important reference method.
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The KNN classifier requires a metric « D » and a positive integer “K” [76]. However, KNN is

slower to classify new data, since it must launch and completely treat their process for each new

input data.

The learning samples set {a;, N; ivztit is displayed on an initial space of dimension « D ».
The principle of the supervised selection algorithm is to extract a subset of “K” features among
all features set, allowing to classifying this labeled data. The obtained KINN classifier model is
used to calculate the distance (for example, Euclidean distance) between unlabeled input

samples from “K” neighboring samples. KNNs are found and a voting scheme used to find the

most common neighbor label. The class with the maximum number of neighbors is considered

the class of the test sample (see figure 2.106).
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Figure 2.16- K-nearest neighbors method.

With the KNN classifier, the Euclidean distance metric is a simple and easy-to-implement
method for calculating distances in a multidimensional input space [77-78]. The Euclidean
distance between two points in a space is the length of the line between them. In Cartesian

coordinates, if pg and q4 are two points of the Euclidean space D, the distance between pg and

qq 1s given by:

dg = JZE:K% —Pa)? (2.43)

The outputs of the classifiers are combined in the decision fusion center in order to improve

the precision of the identification and the final decision.

2.5.8 Decisions fusion center

Since there are multiple antennas at the receiver, it is possible for them to cooperate to achieve

higher identification reliability. The modulation scheme of each stream among N processed
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streams is identified independently and all the decision vectors are jointly processed to take a
final decision. We call this cooperative identification scheme as decisions fusion. The final decision
is taken by combining the decision vectors and applying the “M-out-of-N;” decision fusion
rule, L.e., a certain modulation scheme is identified when it is decided on M classifier among the
Ny classifiers [7, 30].

Suppose that the decisions are independent, the total probability of the modulation

identification scheme is given by:

N —
P=3n, kd) pE(1—-B,,) " " (2.44)

where (]\I[(d) = #dik)!, and P, , is the detection probability for each individual classifier. Here,
we consider that the probability of identification is identical for all the decision branches (B, =

Ni), which all the classifiers are identical and the Ny processed signals are statistically identical.
d

Note that the M-out-of-Ny decision fusion rule includes different logics:
1. Logical OR: The cooperative detection performance with this fusion rule can be

evaluated by taking M = 1 in the equation (2.44) :

Por =1—(1—-P,,)" (2.45)

2. The majority: The fusion is based on a majority rule. The cooperative detection
performance with this fusion rule can be evaluated by taking M = [%] in equation

(2.44), where [+] denotes the ceiling function:
N N, Ng-k
Pyay = Zki[ﬂ] ( kd) Pk (1-P,)" (2.46)
2

3. Logical AND: The decision at the fusion center is calculated by the logical “AND”.
The cooperative detection performance with this fusion rule can be evaluated by taking
M = Ny in equation (2.44):

N
]P)AND == Pndd (247)

When the decision vectors do not fit the decisions fusion rule, the final decision is rejected.
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2.6 Simulation results

The objective of these simulations is to evaluate our classification method in order to identify
the modulation schemes. The algorithm studied has been checked and validated to identify the

different modulation schemes in the pool © = {BPSK, QPSK, 8PSK, 4ASK, 8ASK, 16QAM, 64QAM}.
We assume that the Ny branches are equiprobable.
In these simulations, we consider the different configurations written below:

- Antennas configuration : Ny = 2 and N, = 4

- Alamouti coding: Ny = 2, K = 2, U = 2;

- Number of symbols : N = 512 i.i.d symbols ;

- All results are based on 1000 Monte Catrlo trials for each modulation scheme i.e.

Niter = 7000 Monte Catlo trials in total for @ ;

The probability of identification is given in percentage and is estimated by:

P, = ¢ x 100 (2.48)

iter

where N, is giving by:

Ne = Xit,,e0 Nit,p, (2.49)

where Nz is the number of decisions for which each modulation in the pool © is correctly
identified.

The probability of correct identification P, is evaluated by the modulation classification

process, and is given in percentage by:

1 —~
Pei = ey 2m P(M = M,,|M;,) X 100 (2.50)
where P() is the probability of an event, the card(®) is the modulation pool cardinal of ©,
and M is the estimated modulation scheme.

The performance of the identification is also confirmed by the probability of false alarm

Pfa, and is evaluated in percentage by:

1 —~
P = rie) Y P(M = Mml]\/[n),mm x 100 (2.51)
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Since OSTBC decouples the space-time channel into parallel scalar channels each with SNR
considered in our simulations is defined as [79]:

1 p? o2

SNRdB =10 IOglo <EN_tJ_7Z, (252)

IHI1)

where 02 is the average power of the samples on each antenna, 0,? is the noise power, N;

number of transmitting antennas, p? is a constant used to control the transmit power, and ||H||
is the channel matrix norm. We assume that the transmit power is equal to one for each antenna
(hence p% = Np).

We define the minimum required SNR for close to optimal modulation identification,

Pi(OO)—Pi(SNR>SNRmin)
Pi(c)

SNR i by < €, where normally, € = 0.01 and P;(o0) = 100% [7].

In the following, we present the simulation results of the two proposed algorithms ZF-DMC
and SCMA-DMC.

2.6.1 Performances of antenna correlation

In this section, we evaluate the behavior of the radio channel in the digital modulations
classification in the presence of spatial correlation at the transmitter and receiver side. We

consider the case where the channel matrix is modeled by the Kronecker model as indicated in
equation 2.10, where HWNCN(ONrXNtJ Iy & INt): we conclude that HNCN(OerNt’ Ry, ®
R Nt) [1, 7]. Here, we will consider the presence of both spatial correlation on transmission and
on reception with |p| = |p¢| = |p,|. These coefficients are parameters used to adjust the level
of spatial correlation.

Figure 2.17 examines the identification performance of modulations in the presence of

spatial correlation. As noted, performance degrades as correlation increases.

Prob. of Correct Identification (%)
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Figure 2.17- Probability of identification versus SNR for ZF-DMC with the Kronecker

correlation model.
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The SNRin of the modulation identification via the spatially uncorrelated MIMO channel is
8.7dB, while the SNR i, is 9dB and 12dB when |pt| = |pr| = 0.3 and Ipt| = |pr| = 0.7. In
addition, the SNR,in of the modulation identification is 15dB when |pt| = [pr| = 0.9. The

results found indicate that when [p| — 1, the performance degrades quickly.
2.6.2 Performances of equalization and channel estimation error

In the ZF algorithm, the modulation identification is considered semi-blind, assuming that the
perfect CSI at the receiver. However, the ZF equalizer could be considered blind using the
channel estimation error. On the other hand, the SCMA equalizer is used to blindly separate
MIMO sources and the identification is considered blind. The objectives of this simulation are:
- Compare the identification of different schemes in the blind and semi-blind case in
order to show the influence of channel mixing on the probability of modulation
identification.
- Examine the impact of channel estimation error on modulation recognition rather than

on the estimation process. An incorrect channel estimate is modeled in equation (2.20).
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Figure 2.18- Probability of identification versus SNR for two equalization methods with

channel estimation errors.

From figure 2.18, we noticed that the ZF-DMC algorithm offers the best performance when
perfect CSI is assumed. However, the proposed ZF-DMC algorithm is sensitive to channel
estimation errors. It should be noted that, the presence of an incorrect channel estimate causes
a rapid performance degradation when the error variance g2 = 0.1. Also, this erroneous
estimation leads to an upper bound of the probability of correct recognition (< 100%) contrary

to the perfect CSI case. This upper bound decreases as g2 increases. To solve this problem, the
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blind SCMA-DMC algorithm was proposed. This algorithm solved the upper bound problem
without any CSI knowledge. However, the SCMA-DMC requires a higher SNR to obtain the
same performance as ZF-DMC when the perfect CSI is assumed [1, 7, 65].

2.6.3 Probability of correct identification and probability of false alarm

The detection thresholds for each digital modulation processed is based on the probability of
correct identification Pj and the probability of false alarm Pg, (see equations 2.50 and 2.51). In
this study, we examine P and Pg, separately for each modulation scheme instead of calculating
the average probability P; for all the schemes. To answer the requirements of our detection

system, the typical values of Pg, must be between 1% and 10% for SNRyg = 5dB.
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Figure 2.19- P.; and Pg, versus SNR for each modulation scheme, ZF-DMC algorithm.

According to figure 2.19, when the SNR is relatively low, the BPSK modulation has a higher P

and a lower Pr, compared to the other modulations.
2.7 Conclusion

In the second part, we are interested in the problems of recognition of the various parameters
of the transmitted signal as a supervised classification problem. The supervised algorithms are
applied on labeled databases. The DMC process studied here is proposed for STBC-MIMO
systems spatially correlated and based on HOS subsystem as a features extraction and the neural
network as a classification subsystem.

The simulation results show that the ZF-DMC algorithm using a ZF equalizer is less
complex compared to the SCMA-DMC algorithm. The ZF-DMC algorithm shows better results
if there is perfect CSI. The SCMA-DMI algorithm blindly separates the symbols and provides
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a better estimate without any CSI knowledge. The proposed algorithms are examined through
correlated STBC-MIMO channels and their ability to identify different digital modulation

schemes is confirmed with great precision.

The robustness of these algorithms to synchronization errors, and to frequency offset in

STBC-MIMO system is the subject of future work.
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3.1 Introduction

IMO systems represent an important role in the development of future broadband

] » I wireless communications, because they offer improved channel capacity compared to

SISO systems. By using MIMO techniques, the effects of selective fading channel can

be considerably reduced. However, Inter-Symbol Interference (ISI) generated in a frequency

selective channel results in serious performance degradation. To overcome this disadvantage,

the OFDM system is used, firstly for its simplicity of equalization and on the other hand to
increase the spectral efficiency.

In order to recover the transmitted symbols from an observed noisy mixture at the CR
receiver side in MIMO-OFDM system, recognition of the digital modulation type is necessary.
This improves the capacity of the CR system to allow it to select the appropriate demodulation
process.

Various modulation classification algorithms have been proposed for MIMO-SC systems
[6-7]. Only a few research works deal with the modulation classification problem for MIMO-
OFDM systems.

In [17], an algorithm based on the SVM classifier using HOCs as discriminating features
is reported. Furthermore, the DMC algorithm based on the approximate Bayesian inference
adopting the Dirichlet model is proposed in [9], which allow obtaining a better classification
performance with a higher computational complexity.

In this chapter, we treat the DMC algorithm in MIMO-OFDM systems. The deployment
of our identification method in MIMO-OFDM systems is more difficult than the case of
MIMO-SC systems, because the OFDM technique is extremely sensitive to transmission
degradations (the problem of symbols synchronization) [80].

Also, the different transmitters do not share the same equipment, which causes frequency
offsets between the different transmitters. Indeed, if they are not compensated, the subcarriers
are no longer orthogonal and the performance of the receivers is degraded [81]. In order to
increase system capacity, we use blind and semi-blind techniques to jointly estimate the CFO
and channels.

In addition to channel fading and the synchronization problem, the MIMO-OFDM signal
is distorted by the presence of AWGN noise, which is the most widely employed noise model
in the literature. Indeed, in the majority of research papers, the hypothesis of Gaussian noise is
considered. However, this hypothesis is not applicable in railway communications which exhibit

non-Gaussian and impulsive noise. Impulsive noise is described as one or more repetitive or no
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repetitive pulses with the random duration and the occurrence. This degrade severely the
transmission characteristics of OFDM signal [10]. In this context, various studies and
measurements have guided to the reality that the impulsive noise is a heavy-tailed. Our objective
is the mitigation of the impulsive noise present in the received STBC-OFDM signal, which
consequently ameliorates the DMC process. To achieve this goal, we estimate the impulsive
noise parameters, and then implement the Myriad filter (MF) in the STBC-OFDM receiver.

In order to obtain the estimates of transmitted signal we decode the received filtered
signal. After that, a HOS calculation is done to extract features followed by pattern recognition
process (ANN, SVM, KNN or RFC). Outputs of this step are jointly processed, in a decisions
fusion center, to decide about the used modulation. The proposed algorithm is robust and
allows it possible to identify the different parameters of radio signal in more complicated
scenarios with a comparatively lower computational complexity. The algorithms used address
the DMC problem in MIMO-OFDM systems using the Alamouti matrix for ST coding and SF
(space-frequency) coding.

In the rest of this chapter, we discuss the OFDM modulation technique, followed by the
basic concepts of STBC-OFDM and SFBC-OFDM systems. In each MIMO-OFDM system,
we describe the different processes proposed for our DMC algorithm. The chapter ends with

conclusion and perspectives on future projects.
3.2 OFDM techniques

OFDM modulation is an extension of the Frequency Division Multiplexing (FDM) technique.
The basic idea of FDM is to divide the bandwidth into many narrow sub-bands and use a large
number of parallel narrow-band subcarriers to transfer information [82]. The main advantage
of FDM is its robustness against:

- Erequency selective fading: Fach subcarrier treaty with flat fading rather than frequency

selective fading like a broadband carrier.

- Narrowband interference: Narrow band interference will affect only one or two subcarriers

of the set of subcarriers. The other subcarriers will not be affected by the interference.
The OFDM technique is a multi-carrier modulation whose available frequency band is divided
into several orthogonal subcarriers thus authorizing a certain overlap between the sub-bands,
allowing to increase the spectral efficiency. Interference between the subcarriers is eliminated
due to the orthogonality between them; this contributes helps to reducing the implementation

complexity of the transmitter and the receiver [83-85]. The bands occupied by the subcarriers
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are very narrow, therefore considered flat compared to the interferences introduced by the
channel, and can be easily equalized.

The spacing of the subcarriers is carefully selected so that each carrier is located on all the
crossing points of other carrier spectrum and the power spectrum of each subchannel is
relatively coherent [80].

To write this technique mathematically, we assume a symbol §j; sent on the k-th

subcarrier at time iT. So the signal transmitted in baseband is written as [87]:

1 _ ~ , o™
Sm = = SN By S g lm — iN]e 6
where N is the number of subcarriers and the function g[m] is given by :

[m] = {1 0<m<N
9 0 sinon

(3.2)
In a perfect channel, the reconstruction of the transmitted symbols is assured by the condition

of orthogonality:

krm

. km .
Y glm —iNlg[lm — i'N]e’*" N e/*™ N = 81,614 (3.3)

The expression of equation (3.1) can be easily and effectively obtained using the inverse fast

Fourier transform (IFFT). Thus, the IFFT algorithm is applied to each vector §; =

[So. §14r or Sw—1s] which is called a symbol OFDM.

When the signal is transmitted over a frequency-selective channel, we will observe an
interference between the symbols of the same block (Inter-Carrier Interference (ICI)), but also
between the symbols from two successive OFDM symbols (ISI).

The OFDM orthogonality is lost due to the appearance of ISI. To reduce this problem, a
first solution consists in extending the number of subcarriers N, to increase the OFDM symbol
duration. The second solution is to insert a guard interval or cyclic prefix (CP), greater than or
equal to the maximum channel spread (N, > L) [88].

The guard interval contains a copy of the last symbols of a block; we can also delete ISI
from the same block. At the reception, the CP is first deleted, then an fast Fourier transform

(FFT) operation is applied to the remaining symbols.
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3.3 STBC-OFDM system model

In general in OFDM modulation, all N subcarriers are modulated using data symbols (N = Nj),
but in certain situations (semi-blind system) some subcatriers among the N are assigned to Ny,
non-zero pilots symbols. Only N, (N = Ng + N,) from N subcarriers are used, the remaining
(Nysc = N — N.) subcarriers represent the virtual subcarriers (VSC), where N = Ng + N, +

Nysc. The pilot symbols are known at the transmitter and receiver side and are used for the joint
channel and CFO estimation. The pilot symbols can be distributed over several consecutive
OFDM symbols.

In this project, we consider a wireless OFDM system employing an STBC architecture

with N¢ and N, transmit and receiver antennas, respectively. The data and pilot symbol streams
S and P are collected into N, blocks {Sl Nb+m} of length Ng and {pl Nb"'m} of length

Ny, respectively. Nj, is the number of the inputs of the STBC encoder. Each block constituted

Ny data symbol vectors, S;,, = [Si,m(o)lsi,m(l): e Sim (N — 1)]T and N, pilots symbol

vectots, Pim = [pi,m(O),pi,m(l), ...,pi,m(Np — 1)]T. Data and pilot symbols ate randomly
and independently drawn from well-defined modulation scheme. STBC encoder maps the
vectors S; and P; in space and time coding matrices C = G4,;(s;) and B = G4,(p;) of size
N¢Ng X U and N¢N,, X U respectively, to be transmitted from N; antennas during U time slots

per block [89] :

( ¢ D S,;  —S5
C2i" €yt 2i+1
gfu ({Szi+m}11n=0) (;) (;) [ l N ]

S2i+1
Zl Zl+1
b bV . —pt, G4
6T (Paiemthco) = 2it1| _ | Pai p%f“]
k - bgzl.) bgzlzrl P2i+1 P2i

After that, C and B are multiplexed into one matrix of size N¢N, X U. Each element of the

~(ng) }nte{l,...,Nt}

multiplexed matrix, namely{ Viviu

of length N, can be written as :
u€fo,..,U~1}

~(nt) Qa (nt) + Qﬁebfzt) (35)

elu
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where Qf Qﬁe are (N X Ng) and (N, X Np), permutation matrices, and are selected to be

mutually orthogonal. They are formed from the columns of the identity matrix Iy, as follows
[90]:

. an
% =1y f{ig} = el(v"él),el(v?), ...,eI(VeN )]

08 =1y (i) = [efviﬂ, o), ...,e,(vf’vv)]

where Ip = {,81 ,BNp} and I, = {al aNS} are the indexes of pilot tones and subcartiers

. . . . ~(Nn
carrying data symbols, respectively. Ny, virtual subcarriers are added to Vl-(ut) to form the vector

Vi(zt). Next, N-points of (Faf), is applied to the vector Vi(zt) and a CP is inserted by

T
multiplication with an appropriate matrix T¢,, = I:IIT\}CpX N I,(,] .

The i-th ST block is generated as shown on the figure 3.1.

(1)

S(i+1)Np—1 =+ SiNp+0_¢ \ L Y
> - Insertion of N, A
STBC i :

. e
P(i+1)Np—1- o Pingro | Mapping  [g VY

—P[ Insertion of N,
—

Figure 3.1- Discrete-time-equivalent baseband model of STBC-OFDM block transmission

systems.

The resulting signal sent through N; antennas and received by N, antennas passes through a
Rayleigh fading channel. R (1) with 1 € [0,L — 1] denotes the L channel coefficient

between the n-th transmit antenna and the n,-th receive antenna.

At the receiver side, the condition of orthogonality between the subcarriers will be

restored by removing the CP. Using the appropriate matrix Ry, = [0 NxNgp» 1 N], to remove the
CP from the received signal.

We assume that the synchronization between the oscillators of the transmitter and the
receiver is perfect (absence of CFO), the i-th received signal by the n,-th antenna is written in
the following form:

(ny) _ 1 N B —(ny) (ny)
Viu = Joz Zng= HOORV0 4my, (3.6)
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where I]E [n(nr) (uN), ..., nlnr) (uN + N — 1)] isan (N X 1) additive zero-mean white

circularly complex Gaussian noise vector with variance 07? Iy; ie. ‘I]lu ) en (0 07? IN)
H®wrmd) = R, H™"T,, is a (N X N) circulant matrix and H™™) is a (N, x N;;) lower
triangular Toeplitz matrix with Ny =N + Ng,. The First column HMwme) s

[ mD (0), ..., hrmO (L — 1), 0, ...,0] .
To simplify our input—output relationship in equation (3.6), we can use the property of

diagonal matrix Dy (B(nr,nt)) = FyHWFY | where:

(A(wne) = [Rrmd (0), ..., Ao (21 (N — 1)/N)]"

L-1
E(nr;nt) (27-[ n/N) — z h(nr.nt)(l)e(—jZﬂ'ln/N)

0

The h(rnt) denoting the (n,,, n;)-th channel’s frequency-response values. Equation (3.6) can

be rewritten now as:
ny) _ =)\ 3, (ny, ny)
ylz = \/_FI%[ Znt 1 ( i,Zt )h(n ne) +niz (3.7)
Where:
i:l(nr'nt) — rNh(nr'nt)

[0 BT
fL [1,exp(j2nn/N), ...,exp(j2rn(L — 1)/N)]T

At each receiving antenna, the restored OFDM symbol is given to the FFT block to be

demodulated. The signal at the output of the FFT is written:

7o = 3 Znty Dy (V) Rrmo 4 (3 (3:8)

From equation (3.8), the transmitted signal can be easily decoded by applying a simple
equalization to the FFT output.
Despite their advantages, OFDM has two weaknesses that must be taken into account, that is:
- The OFDM is sensitive to frequency offsets due to the destruction of orthogonality.
Pollet et «/ [91] have shown that multi-carrier systems are much more sensitive to
frequency offsets than single-carrier systems. They gave a relationship that determines

the degradation in terms of SNR [92] :
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1072
3ln10

1 2
Ddb ~ (1 - ﬁ) (1 + SNRwithout—cfo)w(z) (3.9)

where wg is the normalized frequency offset. The frequency offsets looks like noise,
which degrades the SNR in the absence of the CFO (SNRyithout—cfo)-
- The OFDM is sensitive to the non-linearities of the amplifiers. The signal may have a

very high peak to average power ratio (PAPR), causing saturation of the analog blocks
[93].

3.3.1 DMC in STBC-OFDM systems

In this section, we solve the DMC problem in MIMO-OFDM system. The STBC encoder of
Alamouti type is used to code information symbols. The information symbols are chosen from
the different modulation schemes grouped in a pool ® = {QPSK,16QAM}. The features
extraction is done by HOS subsytem, and then classified by different classifiers to solve the

modulation identification problem (see figure 3.2).

(1)

"
R y[(l) ?I(l) /—\ gEl] agl) ﬁ(l)

: i Space-time : Decisions | [
(Nr) ; H Decoder H : H Fusian —
; i i

E E H H H Center
y g 5p) Al )

R : : M
s/p cp FFT L /—b HOS Extraction ANN }—b

n

Figure 3.2- Discrete-time-equivalent baseband model of the DMC method in STBC-OFDM

system.

Figure 3.3 shows the effect of the number of received antennas (N;) on the probability of
correct modulation identification Py for all classifiers. We remark that all classifiers showed
slightly more stable results. Indeed, we observe that P; improves, in a progressive way, as the

SNR values increase and as the number of received antennas N, increases from 2 to 4.
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Figure 3.3- Probability of correct identification versus SNR in STBC-OFDM system for

different antennas configurations. N = 64.

For (2x4), antennas configuration, the classification accuracies of ANN, SVM and RFC
exhibited rather similar performances, and displayed significant higher accuracies at least by 4%
than KNN at SNR4g = —5 dB.

However, for (2x2) antennas configuration, notably lower accuracies, at SNRgg =
—5 dB, were obsetved using ANN, RFC and KNN by 5%, 18% and 37% tespectively than
SVM. SVM perform better than ANN for large range of SNR. This is due to the robustness of
the SVM training step, which yields a better accuracy compared to other classifiers training step.

The improvement in performance achieved by increasing the number of receiving
antennas beyond “2” antennas is due to the enhancement of the spatial diversity gain at the
receiver, which leads to an increased the number of received samples.

For SNRgg < 5 dB demonstrates the need for REC and KNN of a number of received
antennas greater than “2” (N, > 2) to achieve the same performance as SVM and ANN for
N, = 2.

Figure 3.4 compares the probability of correct modulation identification of the considered
classifiers for different values of OFDM symbol length N. The classification accuracies improve
as N increases from 64 to 512. This is due to the improvement in time diversity of the received
signal, which ameliorates the channels estimation and consequently the probability of correct

identification.
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Figure 3.4- Probability of correct identification versus SNR in STBC-OFDM system for
different values of N. Ny = 2, N, = 4.
On the other hand, increasing the number of realizations from 50 to 500 leads to a large set of
HOS trials and the associated modulation in training phase, which improves the probability of

correct identification for all classifiers.
3.3.2 DMC in STBC-OFDM systems with channels and CFO estimation

In this section, we propose a robust blind-DMC (BDMC) algorithm for the MIMO-OFDM
system based on STBC coding in the presence of CFO and channel estimation errors.

The Alamouti coding will be used to code information data and pilot symbols. The joint
estimation of the CFO and the channels is based on the MUSIC (Multiple Signal Classification)

algorithm and is also relies on a pilot symbols design model [94].

In the absence of CFO, the FFT of yi(‘zr), makes the frequency selective channel
equivalent to a set of flat fading sub-channels. However, in presence of CFO, the orthogonality
among subcarriers is destroyed and even the FFT operation cannot diagonalize the channel.
This frequency deviation of the received signal is caused by the Doppler effect, which introduces
a phase and quadrature offset between the transmitted and received symbols. This is manifested
by a rotation in the modulation constellation as shown in figure 3.5 [95]. This offset may also

be due to the mismatch between the generated frequencies by oscillators on transmission and

on reception [94].
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Figure 3.5- Rotation of the modulation constellation due to the CFO [94].

We have assumed that the frequency offset is the same for all reception antennas. This is true,
for example, in the case where the frequency offset is mainly due to the difference in generated
frequencies by the local transmit and receive oscillators [90, 94]. The value of the frequency

offset is less than half the subcattiers spacing (|wo| < 7).

(1) 8]

n l _
() 8 . ML . =
5P == Rc-p ¥; =[ o ] | Space-time —'—PI HOS Extraction E ANN }—b Decisions M

L_J : ——; Decoder H Fusion
5 PR a” 7]
N i i u
n; : »
(Nr) —  Joint Frequency offset
s/P :: ch L ';ll FFT p»| and Channel Estimation

4{’\—J
Figure 3.6- Discrete-time baseband model of the BDMC method with joint CFO and channel
estimation in STBC-OFDM system.

In the presence of the frequency offset, equation (3.7) becomes:

yl_(:r) — \/%e ej(i)o(UiNq-l'Ncp)DI(\}J') ((Uo)Fg/{ Zﬁ:=1 Dy (‘—,i'Zt)) h@mrno + nEZr) (3.10)

where DI(\}‘) (wg) is a diagonal matrix defined as DI(\}‘) (wg) =
diag(ej"Nq“’O, . e(j(qu'*N_l)wo)).

with matrix notation equation (3.10) becomes :

1 . .
yi(nr) — \/Tee]wO(Uqu-'-NCp)]D)N(wO)(]FZ[]Pin + ]P'Z[Si]]d)b(nr) + n(nr) (3.11)

14
T T
wheren™ = [(n{s”) .. (n{3,) 17,50 = [W), . pOweNO]T,
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(F) =1, ® (o)

Fi =1, ® (Fi'QR)

Jp = Ly, ® T,

Ja =Ly, ® Ty, :

T, = |65, 55, ... £} ]7{
14 1 2 Np

L L L "
Tw, = |5, €5, B, |

and

( Dy, (ci(,t)) .. Dy, (ci(‘lgf))

S; = s ;

) Dy, (ci('b)_l) - Dy, (cl(lz[le)
Dy, (bE}O)) . Dy, (bg’;’f))

P, = : :

U (o, (63) . D, ()

As mentioned above, OFDM is very sensitive to synchronization errors resulting in the
appearance of interference between the subcarriers. Therefore, it is necessary to correctly
estimate and correct these errors jointly with the channels estimation in order to allow a
consistent equalization of the received signal. In the general case, the estimation algorithm can
be combined with algorithms based on VSC to extend the acquisition range.

In the following, we propose blind and semi-blind algorithms to jointly estimate the CFO
and the channels in STBC-OFDM systems.

3.3.2.1 Channels’ estimation method

>

After compensation of the teceived signal with the estimated value of CFO “@g” using a
diagonal matrix D¥ (@) in equation (3.11), and multiplication by the FFT of the pilot symbols

[F,,, we obtain the following equality :

e_ja)o(UiNq-'-NCp)]FpDﬁ(&)\o)yi(nr) :\/%]P)i]]pb(nr)_}_wi(nr'p) (312)

where wi(nr.p) — e—j(?)O(UiNq+NCp)FPD%[(&)\O)nEnT).

The estimations of the channels should be the solution that set to zero the gradient with respect

to I)(nr) of the following quadratic cost function:
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2

e—fa)o(U"Nq‘*NCP)]FpD%[ (&)\O)yﬁnr) - = PJ,b™”|  (3.13)

i]glr) (I)(nr)) — Zivzlgl ; \/N_e

By exploiting the STBC orthogonal signaling at a block level and the orthogonality between

subcarriers of OFDM system, the estimations of the channels ) given by:

i) = LN oo (UiNg+Ne) P, D (@)y ™ (3.14)

The MSE for MIMO channels estimator, used as performance measures, is defined by:

1 2

MSEchannel = NoN,N;

Z?’:chNr ZNt_l ||i‘l](nr,nt) _ h(nr,nt)

ny=1 ng=

(3.15)

where N, is the Monte Carlo trials.
3.3.2.2 CFO estimation methods
The CFO estimation is calculated by considering the pilot symbols and virtual subcarriers.

A. Pilots based CFO estimation

Substituting the estimated channels H™) obtained in equation (3.14) into equation (3.13), we

derive the training based cost function for CFO estimation as:

2

(3.16)

i}g»nr)(wo) — Zivzl(;l ||e—ij(UiNq+NCp)q_-,]FpDIJV{(wO)yi(nr)

1
where @ = (IUNp — ~PJ,I5PY )

For all received antennas “N,.” and all source blocks “N;”, the cost function given by

equation (3.16) becomes:

ip(wo) = tr(YDy (we)pDy (wo)Y) (3.17)

where Qp = Ff @ OF, , ¥ =[Y®, .yMW] vy = [y y@0 | and g™ =

1

T
[yi%lr)’ . yz’%;v)—l] . The CFO estimate can be obtained by minimizing the cost function in the

equation (3.17) as:
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@o = argmin{jp(wo)} (3.18)

wWo
B. Blind CFO estimation

After compensation of the received signal with the estimated CFO, and after multiplication by

the FFT of VSCs, F, (demodulation), we obtain:

e~ i@ (ViNa+Nep) F DT (w)y ™) = w(r?) (3.19)

2

For all received antennas “N,.”” and all source blocks “N;”, the estimated CFO results from the

minimization of the following cost function:

iz(wo) = tr(Y¥ Dy (wo) QzDF (wo)Y) (3.20)

where @, = F'F, et FY = I ® (F¥QY) with @, = Iy{i,} = [e,(vyl), e,(\,y”"“)].
C. Semi-blind CFO estimation

In this method, the CFO estimate is calculated by considering the pilot symbols and the VSCs.
To refine our CFO estimation algorithms, we propose to combine the cost functions based on

pilots and virtual subcarriers, which gives the following cost function:
ipz)(Wo) = tr(Y' Dy (wo) Rpz) DY (w0)Y) (3.21)

where Qpz) = Qp + Q.
The training, blind and semi-blind CFO estimates is obtained by minimization according to wq
the cost functions jp(wy), iz(wo) and j(p,z)(wy) respectively.

After compensation of the received signal by the estimated CFO, and multiplication by
the FFT of the data symbols, F;, we obtained:
N

-d
NP S Jap™ + wird (3.22)

e—j(uo(UiNq+Ncp)]Fd]D)%[ (wo)yi(nr) _

here WP = eI B Cogn™.

The MSE for CFO estimator, used as performance measures, is defined by:
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MSEcpo = ﬁzﬁ;lnaa i —wo | (3.23)

In figures 3.7 and 3.8, we depicted the CFO and channels MSE of the joint semi-blind estimators

versus SNR in MIMO system. As it can be seen from figure 3.7, changing the number of

modulation types does not affect the MSE of the CFO in presence of Gaussian noise. From

figure 3.8, we observe that the MSE of channels degrades when considering estimated CFO

compared to the exact estimation of CFO.

10°°

MSE of CFO

—&—QPSK-Rayleigh
—&—16QAM-Rayleigh

SNR(dB)

Figure 3.7- MSE of semi-blind CFO estimator versus SNR in STBC-OFDM system. N = 64,

10°

MSE of Channels
3

N t — 2 ) N. r = 2.
T T 1
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~—_
- B ] o -
~\,\\\
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. " |
\,,{’;‘
~]
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Figure 3.8- MSE of semi-blind channels estimator versus SNR in STBC-OFDM system. N =

64, N, = 2,N, = 2, M = QPSK.

62



Chapter 3. Digital Modulation Classification in MIMO-OFDM Systems

To improve the reception quality of information data, channel equalization should be used.
Indeed, in the case of Alamouti coding, we applied a frequency equalization matrix to the

received signal from equation (3.22) in order to estimate the data vectors 8§; et 85;41. The

equalization matrix G;lnr) is defined by:

Gglnr) _ D;V[(rNdh(nrll)) DN}ngdh(nr'Z)) (324)
D! (['Ndh(nr,Z)) —D¥! (FNdh(nT'l))

To prove the performance of our DMC algorithm in STBC-OFDM system in the presence of
CFO and the channels estimation errors, we consider a MIMO system with N, = 2, N, = 4
using Alamouti coding. The number of estimation blocks is fixed at N; = 10. The probability
of correct identification P is used as performance measures. The sub-carriers number of
OFDM system is fixed at N = 64, where N,,5c = 15 subcarriers are considered to be VSCs,

N.

» = 9 subcatriers are used by pilot symbols and Ny = 40 subcarriers for information symbols.

In all simulations, the channel coefficients are assumed to be independent and Gaussian
with zero-means and unit-variances. The channels order is fixed at L = 5. La longueur du CP
is taken equal to Nop = L + 1.

The noise at each receiving antenna is spatially decorrelated complex white Gaussian noise
with zero-mean and variance equal to 0,?. The data symbols are chosen from the modulation
constellations in the pool ® = {QPSK, 16QAM}.

In figure 3.9, we depicted the effects of estimation errors of CFO and channels on P;.

100

95

= P = ANN with Estimated CFO and channels | ]

ANN with Exact CFO 1
- V —-SVM with Estimated CFO and channels |
—#— SVM with Exact CFO 1
- A -KNN with Estimated CFO and channels | ]
—o— KNN with Exact CFO .
=% =RFC with Estimated CFO and channels |
—#&— RFC with Exact CFO ]

90!

85

Pci (%)

80

1 1 1 1
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Figure 3.9- Probability of correct identification versus SNR in STBC-OFDM system with

CFO and channels estimation errors. Ny = 2, N, = 4, et N = 64.
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As it can be seen, for SNR in the range SNRyg € [—5,0], the accuracies of the classifiers
increase when the exact values of channels and CFO are used comparatively to the case of
presence of estimation errors of CFO and channels. However, the classification accuracies of
all classifiers, without and with estimated CFO and channels, exhibited rather similar results for
SNRgg = 0. The use of N, =4 receiver antennas has contributed to this improvement in

classification accuracies.
3.3.3 DMC in STBC-OFDM systems with impulsive noise

The performance of communication systems does not depend only on the channel
characteristics and the used transmission techniques, but also on the nature of the additive noise
and its statistical properties. Indeed, in the majority of researchs, the hypothesis of Gaussian
noise is considered. However, this hypothesis is not applicable in railway communications which
exhibit non-Gaussian and impulsive noise [52].

Our objective in this section is the mitigation of the impulsive noise present in the
received STBC-OFDM signal, which consequently ameliorates the DMC process. To achieve
this goal, we estimate the impulsive noise parameters, and then implement the Myriad filter

(MF) in the STBC-OFDM receiver, as shown in figure 3.10.

§!(1) ¢V
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and optimal-MF
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Center

Space-time
Decoder

[P —

) )
[

—a; M Np)
HOS Extraction |—.| ANN |—F

Estimation of @ i
and optimal-MF

Figure 3.10- DMC for STBC-OFDM system in impulsive noise environment.

To obtain a better clarification of the environment at the receiver side, we propose an
identification process composed of four subsystems: (1) Subsystem for the reduction of
impulsive noise based on the optimal Myriad filter (optimal-MF), (2) Subsystem for the features
extraction using HOS estimates, (3) Subsystem for pattern recognition using the differents

classifiers, (4) The decisions fusion center.
3.3.3.1 Impulsive noise model

Impulse noises type are generally present in the form of elementary pulses of high amplitude,

superimposed on white Gaussian noise (see figure 3.11).
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Figure 3.11- Example of generating impulsive noise system.

The impulsive phenomenon manifested by high peaks for short periods. Several models of non-

Gaussian impulsive noise exist in the literature. Typical examples include atmospheric radio

noise, telephone line noise, electromagnetic interference in train environments, and multi-user

interference in mobile communication systems [96-97].

The main characteristics of impulsive noise are described by the a-stable distribution.

This distribution is a class of probability distributions, which generalize the normal distribution,

allowing heavy-tails and skewness [98-99].

An a-stable distribution is totally determined by four parameters [100]:

1.

Stability index (0 < a < 2): This parameter controls the tails heaviness of the stable
density and, therefore, the impulsivity of the stable process (i.e., lower &, implies heavier
tails). The value @ = 2, corresponds to normal distribution, then for @ = 1, the a-stable
process corresponds to Cauchy distribution. For these two values of &, closed form
expressions exist for a-stable but for other values of &, this closed form expression does
not exist.

Skewness index (—1 < f# < 1) : This parameter controls the symmetry of stable
distribution, and specifies whether the distribution is asymmetric to the right (§ > 0)
or left (f < 0). If B = 0, then the distribution is symmetrical and noted by SaS (this
is the case with normal distribution).

Scale parameter (y > 0): A measure of dispersion which determines the spread of the
distribution around its location parameter §. For normal distribution, y is half the
variance.

Location parameter (—00 < § < 400): This parameter represents the average when

1 < a < 2,and the median when 0 < a < 1.

In the majority of cases, the stable distribution Sy, is also defined by its characteristic function

as follow:
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exp(jot — y|t|*[1 + jBxr(t, a)sign(t)]),a # 1

exp(j&t — y1tl[1 + jBr(t, @)sign(D)]), @ =1 (3.23)

P(®) = Elexp(jtx)] = |

where X~S,(8,7,8), and:

Ta
tan—,a # 1
k(t,a) =
—In|t|,a =1
T

When the stable distribution is symmetrical (§ = 0), the characteristic function in equation

(3.23) reduced to :
D, (t) = exp(jot — y|t]*) (3.24)

The symmetrical a-stable process is noted by SaSy(y, ). The heavy-tails impulsive noise
introduced in equation (3.24) has a symmetrical a-stable distribution around zero, i.e. with
X~SaS,(yx, 0), where the noise components are assumed and have the same characteristic

parameter “a” (see figure 3.12).
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Figure 3.12- The a-stables density function.

The noise considered in this paper is defined as follow:

(ny) _ (ny) (ny)
N, =W, +9; (3.25)
where wi(ur) is an additive white Gaussian noise vector with zero-mean and variance equal to

a2 Iy;ie. wi(‘zr)~(f]\f (0,02 1y), and GEZT) is an additive impulsive-noise vector.
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Without the pilot symbols, equation (3.7) can be rewritten as:

(ny) _ 1 N i = (ny)
yi’Z = \/_ﬁ FXI{ Zni:l DN (h(?’lr;nt))ci(‘:it) + 1 'n (326)

Lu
For all time-slots at n,.-th received antenna, equation (3.26) becomes:

(ny) _ _1 (ny)
Y = B HOs 4 " 627

where
(y{™ = [(yl-(,ﬁ”)T : (yi(,’{”)ﬂ ) eses (yi(,Zr_)z)T : (yi(,Z’L)l)H]T
Jm{" = [(ng,’é’”))T, (n?ﬁ’"))ﬁ: (n?,’i}"fz)T, (n?,’f}fl)}[]T

— [T T T
S; = [SiNb+Or ""S(i+1)Nb—1]
oo o
UFNd - IU ® FNd

In this project, we adopt the method used in [101-102] to model ﬂgn’") 9;~SaS,(y§,04), and
generate an isotropic process SaS, of dimension d. The formula for the equivalent isotropic
multidimensional process using for numerical simulations is a@-stable with characteristic
function:

P, (u) = exp(ju’s —yglul®) (3.28)
where
(x=a'?v+8
la~ Say, (1, 2y4(cos(m a/4)2/“)2/a, 0)

y =v§, withy, >0

v = [RW),I(W)]" with v~CN (0, 2),
vu € R4

3.3.3.2 Impulsive noise mitigation (optimal-MF)

At the receiver, the usual filtering techniques for a signal tainted by impulsive noise are no longer
reliable. This section presented a blind method to reduce the impact of impulsive noise on the
received signal.

Two impulsive noise mitigation domains for OFDM systems are considered in literature
[103-104]. In [103], the impulsive noise mitigation methods are implemented in the frequency-
domain with the consideration of the channel estimation. However, the method in [104]

consider the mitigation in the time-domain.
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In this work, we focus on blind filtering of impulsive noise using MF in the time-domain as
explained in the figure 3.10 [11, 102, 105].

ny)

Given an observed signal yl.( at n,-th received antenna, to be filtered by MF [102]. For

(ny) k-1
a set of samples {yl. (k)}k=

, this filter is defined by the value € that minimizes the following
0

cost function @(+) :

¢ =argmin X523 (¥ (k) — ) (3.29)
&
For a MF, ¢(x) = In(0? + x?2). Reconsidering this cost function, the MF is thus defined as:

& =MF{g; 3™ (0), 5" (), ..., 5" (K - 1)}

= arg min []¥_, (gz + (yl.(”r) (k) — 5)2) (3.30)

where @ > 0 is the linearity parameter of the MF. As mentioned above, the optimal-MF returns

K-1
the elements of the input set where € € {yi(nr) (k)} , that minimizes the cost function in
k=0

equation (3.30). Then, the new expression of the cost function in equation (3.30) becomes:

&= optimal—MF{Q ; _‘yl-(nr) (0),yl-(nr)(1), ,_‘yl-(nr) (K — 1)}

K-1
2
= argmin 1_[ (QZ + (yi(nr) (k) — e) )
ee{yi(nr)(k)}:;ol k=0
() 2
= argmin [I¥Z} (QZ + [y ) — ¢ ) (3.31)
K-1

e}, ,
The filtered signal )Nli(nr) is then expressed as:
g = optimal—MF{Q; ¥ (0), (1), ...,y (K - 1)} (3.32)

To obtain quasi-optimal filtering, it is necessary to adjust @ depending to @ and y. It can use

one of the most approximations to optimize @ [15] as:
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o= |(=)yve (333)

A. Estimator of the location parameter §: For the estimation of §, we suggest using the median of

the observations:

8 = median {y™ (0), 5" (1), ..., 5" (k — 1)} (3.34)

B. Estimator of the stability parameter and the scale parameter: To estimate the two parameters & and

Yy of u ~ SaS,(y, 0) process, we can use the estimators in [106]. Then these estimators of

a and y are :
a =1, (M 0)
Vo.75~V0.25 (3 35)
)»/\ — Yo.757Y0.25 '
¢$3(@,0)

where 1 (.,.) and ¢3(.,.) are the mapping tables, and v, is the quantile q of the process v.

Using the estimates of @ and ¥ in equation (3.35), we calculate the linearity parameter as:

o= |(=)7ve (3.36)

Algorithm 1. Blind selective-myriad filtering of received signal y; at the n,.-th antenna [102].

Input : Sampled received signal y;(mT;). The algorithm requires prior temporal
synchronization of the receivers, as well as the estimation of T.
1 @ ne0

Based on the set {R(y; (mTS))}:{i;)l, estimate @ and ¥ using (3.35) {by substituting

the set {R(y; (st))}:{i;l for the process a}
3 Vo — ]71/&

4 Estimate 0, using (3.36)
5 For m = 0 until the index of the last sample of y; (nTy)
do
6 Estimate ¥;(mTy) using (3.32), where @ = 0,, and N = Tf
7 If (m 4+ 1)Ts > (n + 1)T then {Updating @, for each T}
8 ne—n+1
? Based on the set {R(y; (mTS))}::i;ZS_l, update the estimates @ and ¥
Using (3.35) {by substituting the set {R(y; (st))};’:)T;f s
for the process a}
0 gy g
11 Updating 0, using (3.36)
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12 End If
13 : End For
Output : Filtered signal J;(mT;)

3.3.3.3 Generalized-SNR

In order to determine the SNR, higher order moments are used to measure the signal and noise
power (Gaussian case). However, this distortion metric is not valid in the presence of impulsive
noise (a-stable), since these noise processes do not have finite higher-order statistics. One of
the most commonly used signal distortion measures in the context of @-stable processes is the
generalized-SNR (GSNR). The GSNR is the ratio between the average signal power and the

average dispersion of a-stable noise [107-108], such that:

E[ly(m)-n(m)I1?]
N

GSNRgg = 10logy, ;

(3.37)

Therefore, direct comparison between existing methods (which assume Gaussian noise) and
methods developed under the assumption of impulsive noise is not possible. However, it is
interesting to note that the equivalence between the SNR and the GSNR is possible in a
particular case where @ = 2 [11].

In the presence of impulsive noise, the DMC process is the same as that proposed in [11,
25]. Here we assume perfect CSI at the receiver. Otherwise, the channel estimation must be
performed. In our study, the impact of the channel estimation error on the DMC process is

examined. Consequently, the channel considered is modeled as:
A®) = gt + g, (3.38)

where []HIe " are zero-mean complex circular Gaussian variables i.i.d with unit-variance,
mn

and 02 is the variance of channel estimation error.

After decoding, the estimated vector §; is sent to the following subsystem to extract the
features.

In figure 3.13 the performance of optimal-MF is examined with Gaussian and impulsive
noises. The performance is evaluated by the Pg; versus GSNR. We observe that the P.j improves

as the value of a increases from 1.2 to 2. P is the best for a = 2, which corresponds to a
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Gaussian channel. The mitigation of impulsive noise by MF has no effect on P,; for GSNR

inferior to 10dB.

—-©-=ANN with o =1.2
—©-ANN with o =1.6
——ANN with o =2
—8--8VM with o = 1.2
—&-8VMwith o =1.6 ]
—=—8VM with . =2
-v-RFC with « =1.2
—-v-RFC with « =1.6
—%—RFC with a =2

Pci (%)

1 | I | |
0 5 10 15 20 25
GSNR(dB)

Figure 3.13- Probability of correct identification versus GSNR in STBC-OFDM system with

presence of impulsive noises. Ny = 2, N, = 4, N = 64.

ANN based classifier outperform always the one based on all classifiers.
3.4 DMC in SFBC-OFDM systems

In the case of frequency-selective MIMO channels, there is an additional source of diversity,
which is frequency diversity. By combining OFDM modulation with MIMO systems, space-
frequency block codes (SFBC) have been proposed to exploit spatial and frequency diversity in
frequency-selective MIMO channels [109-111]. The strategy of SF coding is to distribute the
channel coefficients on different transmit antennas and on all the sub-carriers within the same
OFDM block. The SF coding mapping is based on ST codes (see table 3.1), replacing the time
domain with the frequency domain [112-113].

The digital modulation identification in MIMO-OFDM systems using SF coding has
aroused considerable research interest.

In this section, we have applied our modulation identification algorithm in SFBC-OFDM
system. The identification process in SFBC-OFDM system is similar as we explained previously,
and is composed of four subsystems: (1) The equalization/decoding subsystem (2) The features
extraction subsystem using HOS estimates, (3) pattern recognition using two classifiers ANN
and SVM, and (4) the decisions fusion center.

We consider a MIMO-OFDM system with N transmitting antennas, N, receiving antennas,

and N-IFFT subcarriers. At the transmitter, the data symbols are taken from a QPSK or
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16QAM constellation. For the i-th data block, we consider the data vector §; =
[5;(0), s;(1),.., s;(Ng—2),5;(N;—1)]" and consists of Ny symbols. The SF coding is

obtained by linearly transforming the precoded data of vector S;. In the case of an Alamouti

)

coding, the symbol vector §; is coded by SF encoder SF of Alamouti type into two vectors C;

(2

and ¢;” of size Ny as:

¢ = [5;(0), —sF(1), ., 5;(Ng—2),—s;(Ng— 1D]” 539
¢” = [5:(1), 57 (0), -, 5:(Ng = 1), 5{ (Ng = 2)]I"

The vectors elements represent the frequency domain data symbols transmitted respectively by
the first and the second antenna. In the spatial multiplexing (SM) system, the i-th data vector
x; = [x;(0), x;(1),..., x;(2Ng — 2),5;(2N4 — 1)]” of length 2Ny is multiplexed into two

vectors (N = 2), giving two independent vectors of the frequency domain of length Ny :

b = [x;(0), x;(2), ..., x;(2Ng—2),]" o
b = [x;(1), x;(3), .., x;(2Ng — 1),1"

The SFBC coder maps the data symbol vector into an SF coding matrix of size Ny X N,
denoted Gsggc. The table 3.1 presents different SF code matrices used in literatures. Each
codeword is presented by an coding rate, denoted Rgg.

Table 3.1. Different types of SF code matrices with different coding rates “Rgg”.

Gsrc(S1, 52, 53) [114] Gsrec(S1,52,53,54)[49] | Gspec(S1, 52,53, 54) [114] | Gsppe(S1, S2,S3,54) [49]
r S1 S2 S3 7 r 51 S2 S3 S4 7

—S; S; —S, —S, S; —S, S3

S1. S22 S3 —S3 S S1 S Sy S3 S —S3 S, 51 —S,

=s; s; 0 =S4 TS3 52 —-Ss; —S; S{ S, =Sy —S3 S 51

s; 0 —s§ si Sz 83 -s; Si  —S; Si ST S2 S35

0 53 —S, —S; S —5 Sy —S3 TS S1 —S; Si  —Si 3

-s; S48 —-s; 83  S{ =S5
—-s; —S; S5 | —-Ss; —S3 S, 51
3 1 1
Ne=3K=3Ry=7 | N=3K=4Rz=5 | N=4K=4Rp=1| N, =4K="4Rs =

The operation of SF encoder and decoder can be described in terms of the even and odd
components of the vector §;. Let 87 and §{ two vectors of length (Nd/ 2) simultaneously

designating the odd and even vectors of §;. Then we define [109]:
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{Sio = [Si(l)r Si(3)l ---rSi(Nd - 3)r Si(Nd - 1)]T (3 41)
Sie = [Si(O),Si(Z), ...,Si(Nd - 4)1 Si(Nd - 2)]T
Using the equations of (3.41), we can write:
o
() = —(str
(C.(l))e = S.e
1 l
X o (3.42)
(c®) =G0y
e
(c?) =57

From equation (3.42), we can conclude that SFBC can be represented by a transmission matrix

as:

_r.a 2
Gsrpc(S;) = [Cl( ) Ci( )]

- [_(Ssip)* (SS;)*] = Gérpc(8)Gsrrc(s:) = lIsilZLy, (3.42)

(ne)

After the coding matrix generation, the Ny, virtual subcarriers are added to each vector ¢;

(

to form the vector Vint). Then, N-points of the IFFT matrix (Fx'), are applied to the vector

Vi(nt) and the CP is inserted by multiplication with an appropriate matrix T, = [l;,cpx N 117\}] .
We note here that the CP is strictly greater than the channel length (N, > L). The resulting
signal sent by N; antennas passes through a Rayleigh channel and received by N, antennas.
(w10 (1) with 1 € [0, L — 1] denotes the L-th channel coefficients between the n,-th transmit

antenna and the n,-th receive antenna.

Using an appropriate matrix R¢) = [0 NXNgp? IN], to remove the CP from the received

signal. We assume that the synchronization between the oscillators of the transmitter and
receiver is perfect (absence of CFO), the i-th received signal by the n,-th antenna after the

application of FFT is written in the following form:

~(ny) _ 1¢N ¥ =(ny) =(ny)
§,"" =5 Ziey Dy (W) 77 4+ 7, (343)
h ~(ny) _ (ny) =my) _ (ny) : :
where §; 7 = Fyy; 7,andW; " = Fym; 7 of size (N X 1) is the zero-mean AWGN vector

and variance Uﬁ Iy.
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The identification system begins after the equalization/decoding operations. The DMC process
is the same as that proposed in the STBC-OFDM system.

Here we assume perfect CSI at the receiver. Therefore, for the SFBC-OFDM system, we
examine the impact of the channel estimation error on the DMC process. The channel

considered is modeled as :

A = g 4 g, g (3.44)

n . . . .. . .
where [Hg T)] are zero-mean complex circular Gaussian variables and iid with unit-
mn

variance, and 02 is the variance of channel estimation error.
After decoding, the estimated vector §; is sent to the following subsystem to extract the features.
The simulation results show the performance of our proposed algorithm and the
identification capacity for the pool ® = {QPSK, 16QAM}, in the presence of transmission
degradations, with relatively low SNR values. These favorable results are obtained with an
acceptable calculation cost.
Figure 3.14 shows the probability of correct identification for different numbers of
subcarriers N. The performance of the proposed algorithm improves with the increase of N but

involves a great computation complexity.
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ANN : N=512
—v—SVM : N=512
- ©-ANN : N=64
-v-SVM: N=64 ]
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Figure 3.14- Probability of correct identification versus SNR in SFBC-OFDM system for
different values of N. Ny = 2, N, = 4.

Figure 3.15 shows the probability of correct identification versus SNR by applying two types of
classification ANN and SVM in SFBC-OFDM system with and without the channel estimation

€rrofz.
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The addition of estimation errors degrades the performance of our identification process.
However, this degradation is small compared to the results achieved without these errors (the

variance of the channel estimation errors is 62 = 0,1).

—e—ANN With Perfect Channel Estimation —

ANN With Channel Estimation Error
—v—SVM With Perfect Channel Estimation
- ¥ -SVM With Channel Estimation Error

Pci (%)

SNR(dB)

Figure 3.15- Probability of correct identification versus SNR in SFBC-OFDM system with
and without the channel estimation error. 2 = 0,1, N, = 2, N, = 4.

In figure 3.16, the P¢j and Pg, for each modulation in pool © atre evaluated by the classification
process in SFBC-OFDM system. We use an ANN classifier to show the performance of our
DMC process with perfect CSI at the receiver side. We can see that the probabilities for the two
modulations are very close with a superiority of the QPSK modulation. The results indicate that

the performance of Pj augmentent avec un SNRgg = —10 etlorsque le P, s'approche de 0.01.

3
3
]

|

£ o a
£
E
s
< a0 ]
3
@
©
'S -
L 7og
4 o —e—Pci/lQPSK B
[
; - e -Pfa/QPSK
o PCi/6QAM ]
b - v -Pfa/16QAM
:. ;
c
[
k]
2 ?
5 N
O 2 AN |
o AY
: AR
E-3
g ERN -
.
oL
o @--os Y * " > - by
4 N d S & > ¥
15 10 S ] 5 10 15 20 25

SNR(dB)

Figure 3.16- P and Pg, versus SNR in SFBC-OFDM system. Ny = 2, N, = 4, N = 512, and
ANN classifier.

Of all the classification results compared, ANN obtained the highest overall classification

accuracy, followed by the SVM classifier in different scenarios. Analysis of the results stability

allowed us to conclude that all the classifiers presented small variances in terms of overall

75



Chapter 3. Digital Modulation Classification in MIMO-OFDM Systems

precision even with the presence of the channel degradations. This proves the effectiveness of

our classification algorithm.
3.5 Conclusion

In this last part, we present a brief study on digital modulations identification algorithms in
MIMO-OFDM systems.

We show that, by taking advantage of the redundancy in space, time and frequency, thus
the different phases of the received signals filtering, the digital modulations identification can
be performed by exploiting the features extraction of the filtered signals using HOS from
different antennas and the differents classifiers. Due to this functionality, we develop differents
tests for decision-making. The proposed processes do not require a priori recognition of the
channel coefficients, the nature of the noise, the modulation schemes, or the frequency offset.
The simulation results thorough allowed us to verify the effectiveness of the proposed methods.

To solve the degradation problems of BDMC performances due to CFO and channel
estimation errors, we have proposed joint blind and semi-blind estimation methods for CFO
and channels.

In this work, the effect of impulsive noise on the digital modulations identification for
MIMO-OFDM system is considered. The MIMO-OFDM system is very sensitive to impulsive
noise and to reduce these effects, pulsive noise, a filtering based on the optimal Myriad filter is
proceeded and implemented to estimate the parameters of this noise type.

To recognize the digital modulation type, the DMC algorithm uses HOS for the features
extraction. After that, different classifiers (ANN, SVM, RFC, KNN) are applied to solve the
pattern recognition problem. This steps-end with a decisions fusion in order to improve the
accuracy of desired modulations identification. The simulation results showed that our BDMC
algorithm is robust to CFO, channel estimation errors and impulsive noise, and that it works
with a high identification probability at low SNR. The two classifiers SVM and ANN can
achieve, for all settings, a classification rate of 97.6% for SNR greater than or equal to 0dB and

up to 90% for GSNR greater than 5dB.
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his thesis presents one of the applications of cognitive radio, that is the digital
Tmodulations identification for STBC-MIMO and MIMO-OFDM systems operating in

multipath environment and in presence of impulsive noise and frequency offset. So, the
identification is affected by the harmful effects of this channel, hence the need to its estimation.
For that, blind and semi-blind estimation algorithms of channels, CFO and impulsive noise were
used. At the receiver side, and based on these estimates, CFO compensation, channel
equalization (ZF or SCMA), and Myriad filtering are applied in order to reducing errors which
degrade identification. Then, the blind modulation identification started. First, the HOS are to
be extracted from the received signal. These features are exploited by the pattern recognition
algorithms (ANN, SVM, KNN and RFC), to be able to achieve the final classification after the
passage by a decisions fusion center. This center of fusion used to reinforce the identification
capacity of all modulations types under inappropriate transmission conditions, and for medium
and low SNR levels.

Indeed, in the second chapter, we have done the blind digital modulation identification
for spatially correlated STBC-MIMO systems based on the HOS and the different classifiers
(ANN, SVM, ... etc.). Here all classifiers are subjected to the same conditions of training and
test and are evaluated in the sense of the average probability of correct identification. Intensive
simulations show that ANN classifier have the best average probability of correct identification
for all simulated SNR range and MIMO system configurations. Additionally, we note that,
globally, all classifiers have close performances; this can be explained by their good deployment
after leading them to their best completion.

According to the simulation results, the ZF-DMC method is a best semi-blind algorithm
when we assume a perfect CSI, and deploy before the features extraction process. However, the
ZF-DMC algorithm is sensitive to channel estimation errors. The presence of these errors leads
to rapid performance degradation and leads to upper bound of the probability of identification.
To solve this problem, the SCMA-DMC algorithm is assumed to blindly separate symbols and
offer best performances when any prior information on the channel is required at the receiver.
The proposed algorithms are examined through a correlated MIMO channels and they prove
capable of identifying different digital modulation schemes with great precision.

The use of multi-carriers systems is constantly growing either for 4G or for the future 5G, this

is why we have opted it in the third chapter for the STBC-OFDM and SFBC-OFDM systems,
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firstly. On the other hand and to the best our knowledge, modulation identification for MIMO-
OFDM systems has not discussed in detail previously in the literature. For this, we considered
the identification problem for MIMO-OFDM systems operating in a hostile environment, the
same that used in chapter 2 (impulsive noise, CFO and channel errors). By following the same
modulation identification process, that is: HOS features extraction, then applications of the
ANN, SVM, KNN, and RFC algorithms followed by decision fusion, we were able to
demonstrate the reliability of the proposed algorithms. Indeed, the simulation results showed
that our BDMC algorithm is robust to CFO, to channel estimation errors and to impulsive
noise, and that it works with a high probability of identification at low SNR. The modulation
classification process can achieve, for all settings, a best classification rate (2 97% for SNR 2
0dB and > 90% for GSNR > 5dB).

Note that, the classification performance is directly related to the quality of learning phase
of each classifier, and that better learning can be achieved by including a wider range of data in

a predefined interval of SNRs.
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Al. SNR in Rayleigh fading channels

In any communication system, the SNR is a very important parameter for describing and
measuring the reception sensitivity of an information signal. Itis the ratio between the maximum
signal power and the noise power, present at the receiver. However, the communication channel
noise is not often the ultimate disadvantage. Considering a system subject to the influence of
fading, modeled by a Rayleigh distribution, a more appropriate measure to describe the the
receiver sensitivity is the SNR calculation. In a MIMO-SC system, the output of ZF equalizer
at the receiver side is given by:

§=B(Hs+mn) (A1)

where B=H* = (H + Geﬂ)# and the coefficients of ) are zero-mean complex circular
Gaussian variables and i.i.d with unit-variance. Suppose 0, < 1, then the pseudo-inverse of the
estimated channel matrix can be approximated by the linear part of the Taylor expansion as
B= H#(INT — 0,QH*). Consequently, the estimated signal can be written as § = s + fj where
1 is given by:

i = H'n — 0, H*Qs — ¢, H*QH" (A.2)

The last two terms in equation (A.2) are additional noise introduced by the channel

estimation error. To calculate the effective post-processing SNR for each estimated stream, we
must calculate the covariance matrix of the effective post-processing noise, i.e. E[ff*]. This

covariance matrix is calculated as:

EMf"] = E[(H*n — 0, H*Qs — 6, H*QH*N) X (H*N — 0, H*Qs — o, H* QH"1n)™]
= of H*(H*)"" — 0,0 E[H*(H))" Q" (H*)"] + 0Z0ZH*E[QQ7 ] (H*)7

— 0,0 E[HH*QH")™] + o207 H E[QH* (H*) T Q7 | (H*)*

= gZ(H"H) ™" + 020?H*N Iy (HH + 626 H*E[QHTH) Q" |(HF)H

= [02 + N;oZo? + oZo2tr(H'H)™)|(H"H) ! (A.3)
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where E[ss¥] = oZly,, ElM™] = 671y, E[QQY] = NIy , H*(H*)* = (H"H) ™, and
E[QH"H) Q"] = tr((H*H) DI, .
Based on the above equation, the post-processing SNR by symbol of the n-th stream can

be expressed as [1]:

_ Qo
On = [1+Nt0'§Qo+O'§tr((H}[H)_1)][(H}[H)_l]n'n (A.4)

2
where g¢ = % is the average normalized SNR at each receiving antenna. The probability of
n

[(H* H)_l]n,n to be large is still small. The term Geztr((HH H)™1) in the above equation can

be neglected. Finally, the post-processing SNR for each estimated stream is approximated by:

Qo QoKn
== — == A.
on [1+NeoZeo] [(HYH) ] e (A-2)

where K, is a random variable following a weighted chi-square distribution and 4, =1 +

N;020, is the degradation of SNR due to imperfect CSI. For large SNR (9o — ©0) the ratio

1 . TP
% i which leads to an upper bound for correct identification contrary to the perfect CSI
e tle

case [1, 115].
A2. Derivation of moments and cumulants expressions

The cumulants k,, are defined by the cumulants generating function g(t) as:

2

gx(t) = In(E(e™)) = Eiyknfy = pt +0° = (A6)

This function is therefore linked to the moment generating function and to the features function
of variable X. The cumulants are given by the derivatives in “0” of g(t).

As indicated in equation (A.6), the cumulants and the moments of a distribution are
linked. With independent variables X and y, the generator function is more practical in the

measurement of cumulants:

Gxry() = In (E(et<x+y>)) = In(E(e™) + In(E(e®)) = gy(t) + gy(£) (A7)

Whereas with the moments generating function 71y, we obtain:
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sy () = E(e'0) = E(e™) - E(e™) = my(6) - my () (A9)

For a stationary random process with complex values s(n), the second order moments and
cumulants can be defined in two different ways. Likewise, fourth-order moments and cumulants
can be written in three ways. Thus, second, fourth and sixth order cumulants can be defined as
[4, 64, 110]:
( ,{Kzo = E[s*(n)] = pzo

o K21 = E[Is(M)|?] = ppy

(K40 = Cum(s(n), s(n),s(n), S(n)) = Ugo — 3K3o

K41 = cum(s(n), s(n),s(n), s*(n)) = Ua1 — 3Kz0K21
) \F42 = Cum(s(n), s(n),s*(n), 5*(71)) = Usz — |K20|2 - 2"%1 (A9)
(K60 = Moo — 15Kz0ka0 + 30K3,

A

Kyg_:

Ke1 = He1 — SKz1Hao — 10kKy0Hsq + 30K%o"m

Ke2 = ez — 6Koolaz — 8Ka1lla1 — Haallao + 6K5ola + 24K5 Ko
\ \K63 = U3 — Iazka1 — 3Kaolas — 3Uzalar + 18Kk ps + 12"31

K6_:<

The theoretical values of moments and cumulants for different orders and for all the
modulations constellations used in our studies are given in table Al. These values are calculated
for noise-free constellations with equiprobable symbols and unit-variances [5, 64]. These values
clearly show how each modulation constellation is characterized by a set of these HOS, which

means each modulation constellation comprises a distinct set of HOS values.

Table Al. Some theoretical statistical values of moments and cumulants for different

modulation schemes [4-5].

BPSK | QPSK | 8-PSK | 4-ASK [ 8-ASK | 16-QAM | 64-QAM
oo | 1 0 0 1 1 0 0
e | 1 1 0 164 | 1.77 | -0.67 -0.18
oy | 1 0 0 164 | 177 0 0
ey | 1 1 1 164 | 177 | 132 1.34
Ky | 2 1 0 | 136 | 124 | -0.68 -0.62
Ky | 2 0 0 | -136 | -1.24 0 0
Ky | 2 1 1 | 136 | 124 | -0.68 -0.62
oo | 1 0 0 292 | 3.62 0 0
ey | 1 1 0 292 | 362 | -1.32 0.38
ez | |1 1 1 292 | 362 | 196 2.08
Keo | 16 0 0 832 | 7.19 0 0
Ky | 16 -4 0 832 | 719 | 2.08 1.8
Key | 16 0 0 832 | 7.19 0 0
Koz | 16 4 4 832 | 719 | 208 1.8
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Abstract
Research in the field of cognitive radio (CR) has emerged to meet both the military's communication
and the public safety sector needs. The CR often share the same requirements as civilian radio-mobile
telecommunication operators.

One of the main features of a CR device is to be aware of its radio environment and to detect
available bands. The objective of the research work in this doctoral thesis is to develop a blind digital
modulation identification algorithm that can be used for STBC-MIMO and STBC-OFDM systems.
The modulation identification process requires four steps: 1- The extraction of higher order statistics
(HOS) from the signal; 2- HOS processing (normalization and use of PCA to keep only a subset of HOS
with large variance); 3- The use of Pattern Recognition tools (ANN, SVM, RFF and KINN) for modulation
classification; 4- The improvement of classification using a decision fusion center. The results obtained
show the effectiveness of the proposed algorithm.

Keywords: Multi-carrier, Cognitive radio, spectral sounding, blind waveform identification, multiple antennas,
multiple-input multiple-output systems.

Résumé
Les recherches dans le domaine de la radio cognitive (CR) ont vu le jour afin de répondre aux besoins
de communication de I'armée ainsi qu'aux besoins dans les secteurs de la sécurité publique. La CR partage
souvent les mémes exigences que les opérateurs de télécommunication radio-mobile civile.

Une des principales fonctionnalités d'un dispositif de radio cognitive est de prendre conscience
de son environnement radioélectrique et de détecter les bandes disponibles. L’objectif du travail effectué
dans le cadre de cette thése de doctorat est de développer un algorithme qui sera utiliser pour
I'identification aveugle de modulations numériques pour les systemes STBC-MIMO et STBC-OFDM.
Le processus d’identification de modulation exige quatre étapes : 1- L’extraction des statistiques d’ordre
supérieur (HOS) a partir du signal ; 2- Le traitement des HOS (normalisation et utilisation de la PCA
pour ne garder qu’un sous ensemble de HOS a grande variance) ; 3- L'utilisation des outils de Pattern
Recognition (ANN, SVM, RF et KNN) pour la classification de modulation ; 4- L’amélioration la
classification en utilisant un centre de fusion des décisions. Les résultats obtenus montrent Uefficacité de
Palgorithme proposé.

Mots Clef: Multi-porteuses, Radio cognitive, sondage spectral, identification aveugle de la forme d'onde, antennes
multiple, Systemes multiple-input multiple-output.
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