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Our Lord! Grant us good in this world
and good in the life to come
and keep us safe
from the torment

of the Fire.

Qur'an (2:201)
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Our Lord! Impose not on us that which

we have not the strength to bear,
grant us forgiveness and have
mercy on us. You are our
protector. Help us
against those

who deny

the truth.
Qur'an (2:286)
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Abstract

The automatic modulation classification (AMC) is a hot research arca in today
communication system, AMC has vast application both in military and civilian
application. In intelligent communication systems such as sofiware defined radios
networks and cognitive radio networks, AMC is thc most important issue. In this thesis,
AMC is performed by using pattern recognition approach. Higher order statisticat features
are selected for classification of different modulation schemes. Support vector machine
(SVM) and feed forward back propagation neural network (FFBPNN) classifier are used
for classification of the signals. Different QAM’s modulation are classified in this
research work. Some channel impairments are taken into consideration such as additive
white guassian noise (AWGN) and flat fading such as Rayleigh and Rician. The
comparison is made on classification accuracy on different channels for different number
of samples at different SNR’s. The proposed classifier, classification accuracy is
optimized with one of the heuristics computational technique i.e. Genetic Algorithm. The
simulation results are compared with and without optimization and also compared with

the state of the art existing techniques.
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Chapter 1
INTRODUCTION
1.1 Introduction

In Cognitive radio network, wireless communications eavironment is automatically sensed
and radio spectrum band is efficiently used [1]. Awareness of Wireless radio spectrum, which
is the adaptable proposal for spectrum access is dependent on, is a protuberant characteristic of
cognitive radio networks [2]. In a conventional communications systein, the receiver works
cooperatively with the transmitter, That is, the receiver has deducible information of the
modulation format of the transmitted signal. For an analog communication system, the
modulation format includes modulation type, nominal carrier frequency, modulation index,
etc. For a digital communication structure, the modulation schemes includes modulation type,
symbol constellation, alphabet size, symbol rate, nominal carrier frequency, frequency
deviation (for frequency modulated signals only), and a number of other parameters. Since
both the transmitter and receiver are under the control of the system designers, the
conventional communication studies generally focus on making communication systems more
reliable, higher power and/or bandwidth cfficient, and more sccure [3].

As mentioned above, one of the essential requirements for a communication system is the
security. The two users in communication system don’t want their communication to be
known to the third user. In contrast to this, the communication management authority might
wish to detect these non-licensed transmitters. The essential step of doing so is to identifying
or classifying the modulation schemc of intercepted signal, which is the signature of a
transiitter. Such demands also arise in many other military and noncombatant applications
such as surveillance, validation of signal, verification, identification of interfercnce, selection
of proper demodulation methads in software defined radio (SDR), electronic warfare and
threat analysis [4].
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Formerly, the communication system relied on manual classification of modulation scheme. In
manual modulation classification, system uses a set of demodulators, each designed for unique
modulation type. Modulation format of received signal can be decided by listening to the
demodulator outputs. Automatic modulation classification {AMC) is dominant to the manual
modulation classification due to integration of the automatic modulation classifier into the
received signal [5).

AMC focus on modulation scheme identification of a given communication system with a
high probability success rate and in a short span of time. Modem Communication systems are
transforming themselves into crafty and intelligent, new technologies are adapted in order to
increase user performance by reducing transmission power, maximization bandwidth
utilization, and mounting connection reliability and system security [6].

Wireless communication technologies are expanding very quickly and the number of devices
such as Mobile phones, personal digital assistant (PDA) and laptops which depends on
wireless technologies are also increasing. That influence of wireless technologies is widen
over wireless sensor networks for security purpose, for examples automation system for home,
smart grid control, medicinal wearable, embedded wireless device, and for entertaining
systems. By this boom, wireless technologies has upraised a huge demand for wireless
spectrum band. Cognitive Radio (CR) is demanding technology for upcoming
communications network which can exploit limited available network resources efficiently
without creating interference with the primary users. It is dJifferent from traditional
communication system in a way that the wireless devices can adapt their operational
parameters by themselves. These parameters includes its operational frequency, transmission
power and modulation format [7]. AMC originates in military, it was used for military
intelligence communication applications such as surveillance of band spectrum, jamming of

channel, assessment of threat risk and identification of interference [8}.
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In most communication systems, various licensed services are specified by a reserved
spectrum bandwidth. Research shows that, maximum time reserved bandwidth remains
unoccupied and existing utmost resources are wasted [9]. To solve this problem CR system
offers a solution by giving the prefercnce lo the primary users (licensed services) by utilizing
the reserved spectrum, and authorizing the secondary users in order to utilize the available
spectrum when it is unused. This method improves the spectrum utilization, and permits
primary and the secondary users together to utilize the available spectrum in an efficient way.
The unlicensed users also known as secondary users are considered to be capable of
recognizing the spectrum state (whether the spectrum is available or not). AMC is utilized to
recognize the signal type in the spectrum and hence applied in the secondary transmitter [10].
In the wireless communication system, channels present are time variable and several
hindrances occur in-between transmitter and receiver. In multipath fading channel, single
carrict transmission method is used which results in corruption of signal, as in transmitted
signal different frequencies have different gain of channel. This problem is solved by OFDM.
The spectrum is divided into small sub bands then one sub carrier 1s used for every sub band.
So, each of these small band of frequency is transmitted over the flat fading channel and inter
symbol interfcrence effect between theses mall frequency bands is minimized [11].
Furthermore, many different levels of modulation are being used which are dependent on
information of channel condition for every sub band. Such kind of method can be identified as
adaptive modulation. For instance IEELE 802.11a is the standard OFDM protocol, have
throughput for 64 QAM in the range of 48 Mbps. But the probability of error rises with rise of
modulation level. Therefore, high levels of modulation can be utilized by sub carriers having
higher SNR values, also the lower levels of modulation can be utilized by low SNR value sub

carriers, which result in considerable throughput improvement of 2 communication system.
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The adaptive modulation system receivers needs to classify the modulation form for each sub
carrier 50 as to choose the demodulation method for each modulation type.

This is possible by using a table called Bit allocation table (BAT), this table is transmitted
with each frame transmitted to the receiver in order to sharc thc modulation type information
for each sub carmier. But, this bit allocation table creates an exlra overhead, mainly for large
numbers of sub carriers as well as small frames of OFDM. The pretty way out for this, is to
use AMC on receiver end in order to classify the modulation format for respective sub carrier,

thus overall system transmission rate is increased [12].
1.2 Applications:

AMC has many applications in cognitive radio network, software defined radio network
(SDR), orthogonal frequeney division multiplexing, and clectronic welfare systems. AMC
several civilian applications. Civilian application areas like monitoring of spectrum,
identification of interference, monitoring and controlling of transmission, and SDR. Morcover,
AMC also has military application, AMC military application areas are electronic warfare
system, analysis of threat, acquisition of target and jamming of signals. For instance, one of
major application in military is, it involve in classification of different modulation scheme of

enemy intercepted signal when no information available about modulation [13-15].
1.3 Motivation and Problem Statement

The CR’s have become a significant area for researcher in communication systems over the
past few years. AMC is a key element which increases the overall cognitive radio nctworks
performance. In current ages, several classification methods have been established. In the
previous communication system, the receiver has information of type of modulation which is
being used by the sender. The key aim of this dissertation is to empower the receiver in order

to identify or classity the signal modulation automatically.
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There are two methods for automatic modulation classification.

1. Decision theoretic approach

2. Pattern recognition approach,

To solve AMC problem, we have used feature based PR approach.

1.4 Contribution to the thesis

The thesis contribution is outlined below:-

Proposed a modulation classification algorithms based on continuation of Support
Vector Machine (SVM) and feed forward back propagation neural network {FFBPNN)
Classifier using High Order Cumulants (HOCs) as a feature set. The proposed system
has the following benefits:
1. It provides high accuracy of classification as compared to state of the art existing
techniques in literature.
ii. Capable of to classify different forms of modulation even in the presence of
AWGN noise as well as Rayleigh fading channel and Rician fading channel.
Feature selection subsystem is based on moments and Cumulants is integrated with the
proposed SVM Classifier which result in simplified model of classifier.
Performance of classifier is optimized using evolutionary computing technique such as

Genetic algorithm (GA) and Particle swarm optimization (PSO)

1.5 Thesis Qutline

This thesis is organized as follows:

Chapter 1 presents the introduction of the thesis, and motivation to the research. This chapter

also includes the problem statement for our research and our contribution towards the

completion of our thesis,
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Chapter 2 start with literature review of previous work done in this area. This chapter
describes the modulation classification and different techniques for automatic modulation
classification and features extraction method. Lastly, certain optimization algorithms have
been discussed such as genetic algorithm, particle swarm optimization, simulated annealing
and differential evolution.

Chapter 3 leads an overview to pattern recognition systems and feature extraction method. It
also presents the structure and mechanism of support vector machine and feed forward back
propagation neural networks as a classifier. Simulation results are incorporated at the end of
this chapter which shows the supremacy of the classifier.

Chapter 4 shows the optimization of proposed classifier using GA. The simulation results are
also compared with the result of chapter 3 and it is found that with optimization classification
accuracy is much improved.

Chapter 5 conclude the thesis and give some future directions.
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Chapter 2
LITERATURE REVIEW

In this chapter, different AMC techniques are discussed. It also presents various algorithms
used for AMC. Different types of classifier are also discuss which are used for signal

classification. The Figure 2.1 displays flow chart of literature review.
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Fig. 2.1 Flow chart of Literature review
2.1 Automatic Modulation Classification (AMC)

AMC is a method of classifying different types of modulations from the received signal. AMC
provides an in-betwcen step between signal recognition and demodulation. In modern

communication system AMC has various application. Due to its various application, AMC is a
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hot research area {16]. For a successful modulation classification different types of solutions
are proposed. Normally Modulation classification ts divided into two key approaches:-
+ Maximum likelihood based decision theoretic approach.

» Feature-based pattern recognition approach.
2.2 Maximum Likelihood (ML) based decision theoretic approach:

ML classifiers develop the modulation classification technique by means of multiple string of
hypothesis test. Tn this test each modulation type represent one hypothesis of respective
modulation fype. ML classifier improves a classification process also it provide greatest
possible rate of identification. It is achieved by determining a likelihood based function (which
is generally a function of symbols transmitted) and the parameter of channel [17]).

The contestant having a greater likelihood is selected as the kind of modulation.

M = arg max, (p(rls,,)) (2.1)
Where 1 symbolizes the receiver picked modulation type, p(r|s,,) is the likelihood that the
signal received is r and assumed that s, is the transmitted signal, and ¥, is being modulated
by using m modulation type.

ML approach can be further divided into following six categories:
a. Generalized Likelihood Ratio Tests (GLRT)
b. Average Likelihood Ratio Tests (ALRT)
c. Hybrid Likelihood Ratio Tests (HLRT)
d. Quassi Average Likelihood Ratio Tests (g-ALRT)
e. Quassi Generalized Likelihood Ratio Tests (q-GLRT)

f. Quassi Hybrid Likelihood Ratio Tests (qg-HLRT)

In the ALRT method signals unknown parameters such as noise power and signal

constellation are used as random variables, and the received signal probability density function
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(PDF) 1is computed by taking average of these random variable , assuming that their
distsibutions are known. When this assumption is perfect then best classification accuracy is
achieved by using this technique. On the other hand in GLRT, the received signal PDF is
calculated by using the ML estimation of unknown paramecters, in which they worked by
means of deterministic variable.

Although, ALRT needs complex mathematics specifically when there is an increase in random
variables occur; in contrast, GLRT is less complicated but it has a disadvantage. It gives
inappropriate classification accuracy when this one is used to classify the nested signal
constellation such as 16 QAM and 64 QAM. This issue is resolved by HLRT. Tt contains the
mutnal benefits of ALRT and GLRT. So, HLRT is assumed in a way that some of its signal
parameters are random and their PDF is also known and some of its parameters are
deterministic [18].

HLRT variant is known as quasi HLRT {QHLRT) in which the unknown signal parameters are
substituted by their moment based estimates. QHLRT have less complexity and have
reasonably precise feature estimator.

Although, the ML approach can provide best solution for AMC but still features based
approach is preferred for AMC due to its less complexity and suitable performance.

Table 2.1 : Likelihood based classifier summary

Author(s) Classifier(s) { Modulations Unknown Channel
i Parameter(s)
{Kim et al., 1988 and
Hsue et al., Quasi-ALRT BESK, QPSK Carrier Phase & AWGN
1991)
(Long et al., 1994) Quasi-ALRT 16 PSK, 16QAM, Carrier Phase 8 AWGN
V29
(Beidas et al., 1995) ALRT 32FSK,64PSK Phase jitter AWGN
Quasi-ALRT
(Nandi et al., 1995) Quasi-ALRT BPSK, QPSK, Carrier Phase 6 & AWGN
Uw 8PSK, 16P5K timing offset
(Chuggi et al., 1995) HLRT BPSK, QPSK, Carmier Phase 8, AWGN
OQPSK signal power § &
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features. There are ditferent methods for features extraction such as wavelets based features
extraction, spectral features, cyclostationary features, Gabor filter fcatures extraction method
and Cummulants bases features extraction method. Then, these features are fed into the
classifier in terms of making decision about modulation format. There are various algorithms
available used for classification of modulation schemes such as Fuzzy logic classifier,
Evolutionary computing based classifier, hidden Markova model based classificr and ncural
network based classifier. Feature extraction approach is very simple to implement and it can
bring optimum solution as compared to the likelihood based decision theoretic approach. This

method is widely used for AMC. Several types of the features are explain below:-
2.3.1 Wavelet based features

A digitally modulated signals are cyclostationary signals and they shows their transient
behavior when the data symbols varies. Each modulation type have its own transients, and this
difference 1s used to classify the modulation type. For example, in frequency shift keying
(FSK), the changes occurs in the frequency, whereas in phase shift keying (PSK) changes
occurs in the phase. One more example for this is that the M-ary PSK signal M possible
changes occurs in phase. The wavelet transform (WT) gives a constant Q analysis which is
appropriate for detection of transient and its characterization. WT is computcd by fast

algorithms, thus pennits real time identification [19].
2.3.2 Spectral based features

Instantancous fealures are fit for signal which hold secreted info in a single domain,
instantancous frequency, instantaneous amplitude or instantaneous phase. Certain
instantaneous features arc described below: [20].

¢ Instantaneous amplitude ()
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The instantaneous amplitude is defined as absolute value of standard deviation of a signal, and

it is given by:;

O = J_% (EA.H TN A“‘: {LJ) - (% Etlﬂ(i).‘)ar |Am (L)I)z b (22)

Where A4, {i) is the normalized centered instantaneous value at time t= i'f (=1,
2 ...Ng), [, is the sample rate, Ns is the no. of samples per signal fragment, &, is value of

threshold level for A, (i} below which estimation of the instanlaneous phase is very noise

4,0

fl’l‘.l

sensitive. 4., (1) =A4_,(i)-1 where 4, (i)= and m, = (1/Ns) L7, A(1).It can be used

to recognize the 2ASK and 4ASK. Since for 2ASK, absolute value of its instantaneous
amplitude is constant [21].

* Instantaneous Phase (o))

As the standard deviation of the absolute value of nonlinear centered components of the

instantaneous phase evaluated over non weak section of received signal.

Fap = J% (Za, 05, Ph 1)) — (i iy (ivag [P Obk (2.3)
Where ¢ is the number of samples in { ¢y, {i) } (at instant time t= i/f,) for which 4, (i) > a,
namely non-weak points, ¢, (i)= ¢{i) — ¢,, where ¢, = (%) ):f;i ¢{i)is defined and we
improve it tog, = (i) Zl::.;g;.ﬂr P (L),

Ly

+ Instantaneous frequency (o)

Standard deviation of the absolute value of the normalized centered instanianeous frequency

over non-weak segment of the intercepted signal:

Tap = J S {Zay 050, D) = G Zaytoa DD’ @4
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Where £, (i) = Ll S AD)=f() = mym=(1/N) EX, (). Where 1, is the symbol rate of

]
digital sequence, C is the number of samples in { f, {f}] (at instant time t= V/f)
For which 4,(i) > a, namely non weak points. This feature could differentiate between the
modulation schemes without frequency information and the FSK modulation schemes and also

between FSK2 and FSK4.

s Power spectral density of the normalized-centered instantaneous amplitude y,

Yaag 1S the maximum value of the power spectral density of the normalized-centered
instantaneous amplitude of the intercepted signal segment, and is defined by

Fmax = Max[FFT( A, (€)1 ¥, (2.5)
This feature can express the character of signal’s cnvelope and was added to differentiate
between the modulation schemes that carry amplitude modulation and those that do not. For
example, Vg, has a higher value for QAM 8 than for ASK4 because the former has
amplitude levels | and 3 whereas the latter has amplitude levels | and 1/3. For frequency
modulated signal, like FSK, there is no amplitude modulated information, so this parameter is
very small [22].

» Standard deviation of normalized instantaneous frequency o,

Standard deviation of the direct value of the normalized centered instantaneous frequency,

cvaluated over the over non weak segment of the intercepted signal

1 TSRS 1 2w 2
Frn~ J; (EAﬂ(é»a, fﬁ‘fl)J - (; EAH(.)nr fy (I-J‘)z (2.6)
g, is used to discriminate between FSK2 and FSK4 signals.
2.3.3 Cyclostationary features

Cyclostationary is a pretty good feature for classification of modulation schemes. For example

esfimation of cyclostationary features can be magnificently done without demanding several

13| Page



f

preprocessing jobs that rely on unavailable channel information. Previous studies proposed a
FB classifier that follows the decision tree algorithm and used cyclostationarity for testing, HO
cyclostationarity at each node. The classifier controls BPSK, MPSK, AM, and M-QAM. The
phase, frequency robusiness, timing offset estimation errors are the highlights for this
cyclostationary feature based algorithm. The firstly implemented technique get benefit of the
fact that due to underlying periodicities, several time signals waveforms are exhibited as
cyclostationary instead of stationary., Both means and autocorrelations are periodic for such
kind of processes. Spectral correlation function (SCF) is obtained by taking Fourier transform
(FT) of cyclic autocorrelation. Sometimes SCF is also known as spectral correlation density
(SCD). The highest values of normalized SCF beyond whole frequencies cycles provide the
cyclic frequency domain profile {CDP). Different types of modulation have their own unique

pattern of CDP which helps in differentiating between different modulations format [23].
2.3.4 High Order Statistics

The moments of signals are obtained by taking the expectation of power signal, determined by
moment order. The first order moment is obtained by taking the mean whereas the second
moment order generally point to the signal power. Consider ¥, is the complex value
stationary random process, and the p is the moment order, and is defined as:

Mg, =E[y"% (¥ (2.7)
3" is the complex conjugate of y, and q is power of the conjugate signal y.

Another way for calculation of signal statistics is higher order Cummulants.

To find the Cummulants of signal, firstly define the characteristics function of random
variable x;

The first characteristics function of variable x is defined as; [24]:

0{s) = J'_t F(x)ed(x) 2.8)
while 2° characteristic function is given by:

14| Page



w(s)=In(8(s)
(2.9)
The Cummulants of signals are obtained by taking the derivatives of its second characteristic

function about the origin.

_d%@(0)

Where, p shows the Cumnulants order. Mostly, HOCs are expressed in terms of signal function
of HOMs, Usually, HOMs are calculated for signals with zero mean. So, the mean is

subtracted from the received data symbols:

Pty 1

A AED R & 211
Where ¥ is the total number of symbols [25].

2.3.5 Gabor filter based features

(Gabor atom is efficient mean for features extraction. Favored introduction and favored spatial
recurrence best describe the Gabor filter. Normally, a 2-D Gabor channels goes about as a
nearby band-pass channel with certain ideal joint confinement properties in the spatial area
and in the spatial recurrence space. Typically, a picture is sifted with an arrangement of Gabor
channels of various favored introductions and spatial frequencies that spread properly the
spatial recurrence space, and the elements pot structure an element vector field that is further
utilized for

examination, characterization, or division [26].

2.4 Classifier Algorithm

Classification is the process in which different modulation classes are identified and
differentiated, on the basis of a training data. There are different classifier algorithms used for

classification. Some of them are discussed below:-
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2.4.1 Fuzzy logic based classifier

Fuzzy Logic can be conceptualized as a speculation of established rationale. Current Fuzzy
Logic was created to demonstrate those issues in which uncertain information must be utilized
or as a part of which the guidelines of derivation are defined in an exceptionalty broad manner
making utilization of ditfuse classes. In Fuzzy Logic, which is additionally in some cases
called diffuse rationale, there are two options as well in general continuum of truth qualities

for coherent suggestions [27].
2.4.2 HMM Based classifier

In literature, HMM is used for classification of different modulations schemes. For detection
of signal detection we assent that estimation of bandwidth is known. For signal recognition
and extraction from the cyclic frequency domain profile (CDP}), crest factor (CF) is used. CF
1s a dimensionless quantity. The CF is obtained by dividing waveform peak amplitude value to
its root mean square value. When peak values are known, then this becomes a simple single
cycle detector. For signal recopnition, firstly its threshold values are calculated when there is
no signal present, i.e. when AWGN is present then we have
max(7(a})

CTH’ = = :
J(Ef:r%(anm

When the CF value is higher than CTH value then we announce the presence of signal. For the

(2.12)

extraction in future all CDP peaks values are higber than the CTH and are encoded as 1 and all
others are encoded as 0. This generate the binary feature vector and then it is fed into the
HMM based classifier [28].

Discrete sequence or process is a Markov process. Where the future process gives the present
and it is independent of past. Markov model is known as stochastic model of a system. i is

being capable of finite states from 1, 2... S. from Markov property, we can determine the
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probability of arriving at the next stage by adding all the probabilities of arriving at that state

[29].
2.4.3 Neural Network Based classifier

The modulation classifier which is based on the ANN approach is shown in fig.2.1. This
classifier is considered to differentiate between different modulations format and it consists of
the three main blocks. The preprocessing block wherein the key input characteristics are
extracted from each and every part of signal frame. The training and learning blocking order to
make way for classifier structure. The testing block in order to take decision about the signal

modulation type.

Pre- Training Testing Phase
processing Phase —

Fig. 2.2 ANN Classifier functional blocks

There are following classifier types which based on ANN classification algorithms.

e Support Vector Machine (SVM)

» Radial Basis function (RBF)

« Multilayer percepiron {(MLP)

e Feed forward back propagation networks (FFBPN)

2.4.4 Evolutionary computing based classifier

In AMC, in order to select best features from a group of features the optimization methods is
used sometimes it is also used to generate and test new features. Optimization techniques put
great influence on classification accuracy. By using this technique the three is rise in
percentage of correct classilication. Differcnt fcatures are selected from the received signal for
each type of modulation scheme. These features are used to determine its modulation kind.

For every classification problem, different types of classification features are selected from
received signal in order to determine its type of modulation. By using optimization techniques

the best features are selected which affect the percentage accuracy of classification and
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eliminate redundant features. The final outcome of optimization is to maintain a feature vector
that has a less number of features as compared to original feature vector, as a result same
accuracy or most of time better classification accuracy is achieved by using the original set of

features[30].
2.5 Heuristics Techniques

The heuristic technigue, sometimes simply called a heuristic, is a way to solve the problem by
learning and discovery that apply the practical method which not guaranteed to become
optimal or perfect, but it is enough for our immediate goals. Wherc outcome for an ideal
solution is impossible or unpractical, in order to find the suitable solution a heuristic technique
can be used. Heuristics provide the psychological shortcuts that comforl the mental load of
making a decision. The examples of this technique are using thumb rule, an educated guess, a
spontaneous judgment, outlining, stereotyping or common sense [31].
QOverall, heuristic technique has many advantages;

s Insensitivity to the scope of problem.

* Provide global solution.

» Provide number of optimal solutions.

However, it has some disadvantages:
s It is more Complex

¢ Time consuming duc fo its iterative approach.

2.5.1 Genetic Algorithm (GA)

A genetic algorithm (GA) is also an optimization technique and it was invented in 1970 by
John Holland. To solve optimization problem, GA optimization technique is used because it
implement the idea of narural selection and genetics. GA is prcferred in those problems where

there are enormous number of solutions and the search space contains number of mountains
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and valleys. Using the previous possible solutions history and conducting a survey in parallel,
GA is found to bc adoptable for finding the best solution and it supervise the native best
solution that cannot be simply ignored by the most of other optimization technigques. GA is
most commonly apply on diverse optimization problems, while the goal is to select the best
candidate from the population which can take to the best solution of problem. A criteria for
selection is used by using different operators like recombination and mutation [32].

In AMC, many different types of features are proposed in order to differentiate between
modulation schemes. Such [eatures vary in power of classification. GA approach is used in
order to pick the optimal features also to reject the identical features for avoiding and using a
multiple redundant features which may effect in classification accuracy reduction [33].

The GA employment involves [ollowing points:

L Fitness function:

It is an Objective function, which could be maximized or minimized by GA. For AMC, it is
selected for the classification accuracy.

II.  Initial population:

GA needs some starting values which are to be used for problem resolution (for AMC case,
features classification). First of all, in order to cover all possible solutions, select an initial
population randomly out of possible solutions set. To define an optimal solution among all
possible solutions, fitness function evaluate all possible solution. Then this optimal solution is
used in the next iteration and rest of all other solutions are washed out.

IIE. Crossover and mutations:

A living population, generally denoted as parent, and are utilized to produce a fresh set of
probablc solutions also called children. The Children are produced by their real parents with a

process known as crossover. A crossover phase has, different types of functions like plus,
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minus, times, reciprocal, negator, abs, sqrt, sin, cos, tan, are to be used to in order to
recombine different parents which produces a new child having common [eatures as of their
original parents. In addition, there is one more process known as mutation. It is used to bring a
slight change in the children produced to tetain their randomness behavior in the population of
new generation,

IV,  Stopping criteria:

As the new population is generated, the children solutions are examined with the fitness
function (the fitness function is predefined), from among the new solutions the best children
arc retained for next iteration which symbolize the new parents. Generally, the fitness of
solutions in second iteration is higher than the fitness of solution in the first iteration. This
procedure for combing the features and solutions evaluation carry on for number of iterations
till a particular condition is met. Either iteration touches to its extreme number or there is no

significant addition in new generation fitness as compared to its former solutions [34].

Initial rendom

Paopulation

Selection — Crussover || Mutation

Stopping Condition
met?

End

Fig. 2.3 GA Flow Chart
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2.5.2 Particle Swarm Optimization

The Particle Swarm Optimization (PSO) was developed in 1995 and this optimization
technique is a robust algorithm {35] . PSO copies the herd of bird’s behavior, insect’s swarms,
or school of fish, when moving together in the form of group in order to catch their last
destination. In PSO, the particles fly’s over the multidimensional space in which all particle
apt their position in accordance what they experience alongside the feedback from their
neighboring particles. In PSO, the positions of each particle is originated randomly and
assessed to compute the predefined fitness function [36].

For AMC, classifying features indicate the particles in the swarm, while using these features
the classification accuracy achieved is known as fitness function. In first iteration, set of
solution is randomly initiated, where each particle is a features vector. The particle having
highest classification accuracy are stated as , local best, while those particles which takes to an
optimal classification accuracy rate among rest iterations is known as global best [37].
Features of all particles are improved according to their earlier experience and also from the
experience of total swarm in order to give rise in their fitness function in succeeding iteration.
Near the completion of optimization, its final outcome is the set of particles, which can take to
highest classification accuracy. Then such kind of features are being utilized in AMC problem

rather than the original features set [38].
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Fig. 2.4 PSO Flow Chart

2.5.3 Simulated annealing (SA)

Simulated annealing (SA) is a process for resolving unconstrained and constrained bounded
optimization issues. The technique illustrate the physical heating procedure of a material and

then gently dropping the temperature to reduce the flaws, thus reducing the system emergy.
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For each SA iteration, a new random point is initiated randomly. The distance between current
point and the new point depend on the probability distribution with a scale related to
temperature, The SA algorithm takes each new generated point that lessen the objective,
besides, with a particular probability, the points which raise the objective. To accept those
points which raise the objective, the algorithm avoids for being trapped in local minima, and
for more possible solutions it is capable to explore globally. To lower its temperature
systematically an annealing schedule is selected which decreases the temperature as the
algorithm continues. With the decrease in tcmperature, the algorithm also decrcases the

magnitude of its search in order to come together to a minimum [39].

The SA algorithm inspiration was at first comes from annealing process in metal work.
Annealing process consist of heating and chilling a material to modify its physical states due
to the variation occurs in its internal conformation. As the metal absolutely cools then its new
structure turn into fixed, as a result instigating the metal to hold its newly attained properties.
In SA we have a temperature variahle which stimulate the heating process. At initial level we
set it to high and then let it to become cool slowly as the algorithm procced. Although this
temperalure variable is very high and the algorithm will be acceptable with extra frequency, to
apree on solutions which are worse than the current solution. This allows algorithm to jump
out of any local bests to takes itself in early execution. Acceptance of worse solution increases
as the temperature decrease, thus permitting the algorithm to slowly emphasis in on the search
space area through which hopefully, a nearby optimal solution could be found. This process of
cooling makes the SA algorithm extraordinarily effective in determining a close to optimal
solution when dealing with large problems which have several local bests. The traveling

salesman nature prohlem shows its perfect illustration [40].
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Algorithm
Algorithm consist of following steps.

Random solution generation
Calculation of its cost by using cost function
Generation of netghboring random solution
Calculate the cost of new solution
Make comparison :
¢  When cost new < cost oia: switch to the new solution
o  When cost new > cost ag: possibly switch to the new solution
6. Repeat steps from 3 to 5 until a suitable sotution is found or reach its maximum
level of iterations.
All these steps are explained in detailed as follow:

e

1. Random solution generation

We can generate random solution by our own choice. However, the main point is that it is

random. It does not need to be our best guess at optimal solution.

2. Calculation of its cost using cost function

It also depends on problem, it can be as simple as counting the total number of miles traveled
or it can be as complex as combining multiple factors. Cost Calculation for each solution is the

most expensive part of algorithm, so it pays to keep it simple.

3. Random generation of neighboring solution

There is only one thing that differ from old solution and new solution. For new solution the
two elements are switched and cost is recalculated. The main requirement for it is that it will

be done randomly.

4, Calculation of cost of new solntion

To calculate the new solution cost, the cost function is used. We can understand that is why it

needs to execute well. It gets called with each iteration of algorithm.
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5. Comparison

(i) If new solution cost < old solution cost

If the new solution cost is less than the previous cost of solution, then the new one is better. It
makes the algorithm blissful and it is getting closer to an optimum solution. Then it will

switch to new solution.

(ii) If Cost of new solution is greater than old solution

This is most interesting point of algorithm. Most of the time, the algorithm will avoid moving
to a poorer solution. When it did this all of the time, then it get caught at local maxima. To
avoid this problem, it sometimes vote for to keep the worse solution. To resolve this,

algorithm calculates probability acceptance and then compares it with a random number [41].
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Fig. 2.5. Flow chart simulated annealing

26| Page



2.5.4 Differential Evolution

Differential evolution was incepted by stone and price in 1996 by stone and price {42] and it
has been showed to be a commanding and inspiring global optimization techniques as
compared to the other evolutionary computing techniques. It has attracted the researchers due
to its ease in implementation, fewer parameters are required to be tuned and they are highly
random in nature. It can handle easily and efficiently, nonlinear, multimodal and non-
differentiable cost function. It has also consistent and excellent convergence towards global
minimum in successive independent runs [43]. Moreover, it has also been successfully applied
to the solution of discrete, as well as, constrained problem and thus it has direct application in
every field of science and engineering. Differential evolution is a kind of scheme which
iteratively searches large spaces of candidate solution and tries for the improvement of
candidate solution with respect to specified measurement of quality. In simple words, DE
optimizes a problem i such a way that it maintains the candidate solution and then by using
its simple formulae it creates a new solution by combining the existing ones. Now, it will keep
only those candidate solution which have best score or fitness of the under consideration
optimization problem. DE is basically have the combination of GA, Genetic programming and
evolutionary programming. Like GA DE is also mainly based on the three operator’s i.e.
mutation, crossover and selection but its way of incorporating these operators is different from
that of GA. From these three operators, role of mutation is significant in the DE algorithm
performance and the DE strategies constituted are based on the mutation variants. Unlike GA,
the average fimess function of DE monotonically decreases or increases without the
requirement of elitism as the struggle between parents and children started after the cross over

[44]. The generic flow diagram of DE is show in the fig 2.5.
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Fig. 2.6. Flow chart Differential Equation.

i. Initialization:

This step is exactly the same as PSO. Create random population of n chromosomes. Let, the
entire population represented by matrix “C”

ji. Updating

In this step, update all the chromosomes of current”g,”. Now, select any chromosomes from

randomly generated population e.g. choose C;"g' where “ i” (i= 1,2 ......., N) represent the
position of that particle chromosome in the population while “ k” (k= any real number) is its
respective length . The goal is to find the chromosome of the next generation i.e. C***! by

using the following steps,
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fii. Mutation

Due to this step, we have the name DE as it works on the difference of the vectors. Pick up
any three different numbers (chromosomes) from 1 to N i.e. (1, 15, 13} under the following
conditions ,
lsny,n, n <N
Where
n;#n, Vi=1,23
Now,
d"® = C™I® L F(C™98 — (™ (2.13)

Where ‘F’ is a constant whose values usually lie in the range 0.5 to 1.
iv.  Crossover:;

The crossover can be performed as,

d‘.gﬂ
ohOF = [ k If rand () < CR ork = kypuy
& ci.gc 0/ w
ke
2.14)

Where CR is cross over rate which is 0.5 <CR <1

v. Selection

The selection operation for the chromosome of next generation is performed as,

R Lge o i, igr
clastl — [ 3!.0- if ¥rr (o :}:m[c" 1 (2.15)
Repeat this for all chromosomes.

vi. Termination

The termination criterion of DE is based on the following results achieved,
i Iferr(c**t) <« ¢, where € isa very small positive number

ii.  Total number of generation has reached,

Else go back to step 2.

29| Page









2014) 32QAM

2PSK to 64PSK, | AWGN
(Ghauri et al., Eight , sixth , fourth and second order |2FSK to 64FSK,
2014) moments of received signal 2QAM 10

64Q0AM
{Kawamoto et Estimating the probability density of the | ASK, PSK, and | AWGN
al., 2016) input I/Q data using its input moments QAM
(GCA)
(Abdelmutalab Higher order Commulants BPSK , QPSK, | AWGN
et al,, 2016) 8PSK, 64QAM
and 256QAM

32|Page




Chapter 3
AMC using SVM & FFBPNN

3.1 Introduction

In this chapter the system model for automatic model classification is discussed. The features
which are extracted from the received signal are higher order statistical features which include
moments and Cummulants. As Cumulants are made of moments, so moment are also used as
feature. Then these features are fed into the classifier stricture, which is based upon the
combination of SYM and FFBPNN classifier. The simulation results are presented at three
different SNRs values with different number of samples. The confusion matrix shows the
classification accuracy increases as the number of samples of inputs signal are increased from
512 to 4096. The comparison of classification accuracy is also presented on different channels

tnodel such as with AWGN noise, Rician fading channel and Rayleigh fading channel.

3.2 System Model:

Input Symbols
Modulator —ﬁ Chanrel

'.l AWGH

—P Rayieigh

—P»] Rician

Fig.3.1 (a). Transmitter Side of Proposed System Model
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Fig. 3.1(b) Receiver Side for Proposed System Model

+

Figure 3.1(a) and 3.2 (b) depicts the generalized system model for an Automatic Modulation
Classification (AMC). The signal is injected into the modulator for modulation subsequently,
signal is transmitted over the channel. The noise is also added into the signal when passing
through the communication channel. The noise considered in this research is AWGN,
Rayleigh and flat fading. At the receiver side, the medulated signal is received, first of all
preprocessing is executed in order to extract the features. The features taken, are higher order
Cummulants, Once features extracted, then these features are fed into the classifier. The
classifier used for determining AMC are SVM, FFBPNN, optimized SVM and FFBPNN.
After the classification of different modulation format, thc performance optimization is
executed by using GA and PSO. The generalized expression for received signal is given as

below:

r,= 5.t g, (3.0

where
r, =received baseband signal, g = the additive white Gaussian Noise,

7, = transmitted signal and is defined

n

s, =K o ~HITh AT+ By) EJ‘=°= s(D (3.2)

)= —ea
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Where S(1) is scquencc of symbols at the imput that is taken out from the set of M

consiellations of known symbols and the condition for symbols to be equiprobable is not

necessary, K is the signal amplitude, f£, is offset constant of frequency, T is the spacing of

symbols, 0, is phase jitter which differs from symbol to symbol, A is channel affects and €4 is

jitter timing.

3.3 Features Extraction

Usually, in pattern recognition approach, raw datasets are made from the received signals and
this raw data is oflen compact into dimension prior it is being fed in the classifier. Such
dimensionally decreases the data, also known as key features. These features contains the
unique information of raw data. The benefit of feature extraction is, the work is to be done
with fewer datasets. Application of pattern recognition approach most of the time face the
dimensionality curse issue. The simplest way is to decrease tbe input dimension, by selecting
some inputs and dispose of the remaining’s. This process is known as feature selection
therefore a smaller amount of resources are needed.

Such features are used to define the PDF shape of a signal. The higher order moments and
Cumuiants behavior to several transformations is a key factor in determining how these
quantities are useful in characterizing the signals in the systems. The one simple effect of
translation is seen on the received signal is that the changes occur only in the mean. All the
HOM’s, HOC’s and the variance are not affected. The rotation in the constellation of the

recetved signals take place as a result of multipath or due to different distortions. Which
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affects the variances and HOM’s or HOC’s relatively. However, there are particular
parameters which are invariant to rotation for instant eigenvalues and covariance matrix.
HOC’s are the mathematical tool, which elaborates the characteristic of HO statistics of a
random process. It not only eliminate the impact of Gauss noise, but it is also rotation’s robust
and it offers excursion to the constellation diagram [46].
3.3.1 Higher order statistics
The moment’s Probability distribution is a generalized concept of expected value. When we
recall the ith moment general expression of random variable, which is expressed in following
equation

M, = jr_: (s —m)' f(5)ds (3.3)
Whereas m is randem variable mean, and f (s} is the PDF of s random variable. The irh

moment definition for discrete signal with finite levels is specified by following equation

M =sz=1(5k —m) I4EM (3.4)
Whereas N represent the length of data. We have chosen zero mean signal for this researeh
work. So

my = L= (50" F5) (3.5)

Next, random variable auto moments can be defined as below

M,o=E [s7 9 (s%)7] (3.6)
whereas p represent the order of moment and s®is the complex conjugate ofa signal s.
suppose a zero mean discrete signal with the sequence of form as s= a+jb, by using the auto
moments definition , the different orders expressions can easily be determined.
Suppose a scalar random variable “s” with characteristic function and with zero mean

f (£)=E {e™} (3.7)
Expand the logarithm of the characteristic function as a Taylor series, one can finds

r (7

logf () = ky(GE)+ o e (3.8)

r
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x, is constants in equation (3.8) and are known as the Cumulants of s. The representation

of p*® order of Cumulants is same as p*" order of moment.

C _=cum | s....,5s , s*,..5 (3.9)
g N ——r — -
{p-giterms {qiterms

The #th order Cumulants is the function of the moments order up to s
cum sy, vv-r5a] = Zy o~ 17 (g = DIET, g1 5] oo B [Ty e, 5] (3.10)
The summation index is over all partition = (1,........ ,q) for indices set (1,2 ......,n) and q is
total elements for the specified partition. Suppose n=3 . In this case the indices set available
are (1,2 3) and four different kinds of partitions can be attained for these set : {(1,2,3)} leading
to g=1, {(1),(2,3)} leading q=2, {2,(1,3)}leading q=2 , {3,(1,2)} , leading q=2, { (1),(2),(3)}
leading g=3 . So
Cum(sy, 55, s5]= (=137 (1-DYE [54, 55, 5]+ (—1)* " (2-1)' E [8,].E[ 55, 5]+ (—1)°7?
(2-1) E [5,]. E[sy, s3]+ (—1)* " 2-1) E [5:]. E[ 5, S+ (—1¥* (3-IME
[s;].E[ s5,), E[ss}=E [sy, 55, 53] —E [5,], E[ 52, 53} E (s3], E |8y, 52)-E [55)E(5,. 5,]-
2E [5,). E{s;], Els,5] 3.1

In the similar way, Cumulants expression up to eighth order can be catculated.

€30 = E 3% {n}] = cumm{y (n), y (n)} (3.12)
C21 = E [y (M1*] = cumm{y (n),y*{n}} (3.13)
Cap = My, — IMy* = cummiy (n), y (n), y (n), y (n)} (3.14)
Cin = My — 3Mye M, = cumm{y (n), y (n).y*(n)} (3.15)
Cop = My — IMy|® — 2M,; = Cumm {y (m), y (n),y"(n}, y*(n}} (3.16)

Coo = Myg — 1D My M,, + EDMZDE' = Cumm{y (n), y (n), y (n), y (n),y(n),y(n}} (3.1

= 2
6. Mtu - SMMMw - 10“20”41 + 30“10 Mu

cumm{y(n).y(n},y(n),y(n),y(n),¥ "{n}} (3.18)
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Coy = My —6MM,, — BM My — My, My +6M., My, + 24M,.° M, = cumm {y (n),
y (n).y(n).y(n),y'(n).y"(n)} (3.19)
Cos = Mgy — OM M, + 12M,,% = 3M, M, — 3M M, + 1BM M. M,;, = cumm {y
(n), y (n),y(0),y(m).y*(n), 3 (), 3" (), y*(n)} (3.20)
Cag = Mog— 35M,,° — 28BM (M, + 420M o M,,° — 630M,,* = cumm{y (n), y (n), ¥(n),
y (n), y (n), y {n), y (n),y(n)} (3.21)
Copg = Mpy —16C;000 + |[Copl? — 18C43° — 72 C42Ca.? — 24 Cpy = cummiy (n), y (n), y
(n), y (), y* (). ¥*(n), y"(n)} (3.22)
We have calculated altogether the higher order features for the considered modulation
formats. Table 3.1 displays the theoretical values of moments and Cummulanis for the
considered signal form. These results are obtained in the constraint of unit variance and free of
noise also normalized by signal power, ie., these results are attained by assuming that the
signal is clean and has an infinite length. Although, practically, signals commonly subject to
some kind of distortion, this distortion is mostly faced during the transmission or inside the
transmitter and has a finite length [47].

Theoretical value of moments and Commulants of considered digital signal types are shown in

Table 3.1.
Table 3.1. Theoretical values of Higher order Moments & Cumulants
QAM?2 QAM4 QAMS | QAMIG QAM32 | QAMO6G4
M20 1 0.1 38 0.36 0.9 0.73
M21 2 0.1 0.8 0.04 0.08 0.04
M4p | 2 0.9 0.9 0.73 0.2 0.62
M4z |0 6.9 68.4 203 748.8 3535.26
M60 | 0.027 0.09 0.12 0.2 0.13 0.32
| M63 |1 2.8 16.8 363 96.1 3125
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M84 | 1 4 116 75.89 78.80 1108.5

C20 | 1 0.1 3.8 0.36 1 098 073 |

c21 | 1 2 5.8 10.1 193 42.04

C40 | 2 0.9 0.9 0.73 021 0.62

caz | 2 I 0.9 0.66 0.67 0.61

C63 | 13 27.12 1157.8 610173 | 433197 | 4454723
3.4, Classifier

The features extracted from received signal are fed into the classifier. The classifier classity
the different modulations format on the basis of features. There are different types of classifier
but in this thesis we consider SVM and FFBPNN classifier for the classification of different

QAM format.

3.4.1 Support Vector Machine (SVYM)

For classification of signal SVM classifier is selected. SVM is evolved from statistical
learning theory, which indicates a lot of exceptional benefits in resolving insignificant learning
problems, analysis of regression and high dimensional pattern recognition. SVM used its
kemnel functions for mapping the input data with the high dimensional feature space where
nonlinear classification is treated as linear classification. When comparison is made hetwecn
SVM and neural network, we came to know that SVYM has a solid mathematical model, which
can efficiently resolve the construction problem of high dimensional data model in the finite
set of samples, and can converge to global best.

The SVM basic for solving the best linear hyper plane which could classify all the signals
completely. Considered the training data as below:

{(119 y‘l), I?: .V'J'.)) LR (xh :"r'): X & Rd: y € {+]9 _I } } (323)
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Whereas x; represent the feature space, ¥; = +1 means that the signal belongs to the first class,
¥~ —1 shows that the signal is member of second class. Such kind of data are separated
through hyper plane w-x+b = 0. When training data are linearly distinguishable. Then the
solution for optimal plane problem is the optimization problem.

Minimize % ||w |*

With reference to v, (w.x;+b)>1

Lagrange multiplier is introduced for solving the quadratic programming problems and the
best decision function is obtained by,

Jo = sign[ 2=y a,v,(x.x) + b] (3.24)
Whereas «; is known as Lagrange multiplier.

For classification of nonlinear data, SVM make comparison by nonlinearly of training data
with high dimensional feature space through its kernel function afterwards it is processed as
linear classification. Decision function is given as,

Sy = sign[ X ey k(x.x) + 8] (3.25)
Whereas k{x,,x) indicates kernel funcfion. The typical kernel functions consist of radial basis
function

K(x,y=exp (il & — y 1% /20%) and polynomial K(x, y) =1 { x » (3.26)
In short, Modulation classification is based on SVM which includes followings steps,

i. Feature Extraction:

Some key features are extracted after which they are converted according to their
SVM data format.
il.  kernel function selection:

Suitable kernel function is selected. Generally RBF kernel function is used.
fii. kernel function parameter calculation:

The best kernel function paraineters with cross validation are determined.
iv.  Samples training;

Sampled signals are trained and classifier model is obtained.
v.  Signals classification:

Data are classified according to obtaincd model in the training phase [48].
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Now a days SVM have got eminence in machine learning field also the classification of signal.
Classification is done by recognizing the linear and nonlinear separation at the input.
By clagsification using SVM, separating function are specified by combining the kemels
linearly which are associated by Support Vectors as

for Zejeso, v K{x,x) + b (3.27)
Where x; indicates the training pattern, y,€ {41, —1} represents the corrcsponding labels of
class and S represents the Support Vectors set.
Dual formulation gives

min W=1%" Ei_j oy Qg_'iaj - Eg a; +b E; Y&y (328)

G2 o2C
Where @; represent the corresponding coefficients and b denotes the offset, @;; = ¥, ; K
{x;.x;) shows the symumetric kernel matrix with positive definite and C indicates the used

parameter to discipline error points [or the case of inseparable. The dual conditions [or Karush

Kuhn Tucker (KKT) are stated as below

_ Bk

a;

B

g .

=L Quat+yb—1=yf(x)-1 (3.29)

hev]

and
M= %y (3.30)
This divides the training data set into S set of Support Vector (0 < a,< C, g,= 0), E is the set
of errors (a;= C, g,< 0) and R is the respectable classified set {a,= 0, g, > 0).
When the ervor points are punished quadratically by € penalty factor, then it showed that the
problem decreases to a separable case with C = <. Afterward, modification in kernel function
is done as

K'(x,x;} = K (r,x,) +1/C'6,. (331)
Whereas §,= | when i = j and §;;= 0 otherwise. The benefit for this formulation is that the

SVM problem decreases in case of linearly separable.
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It has been found that training of SVM includes the solution for quadratic optimization
problem that contains the optimization routines usages from the numerical librarics. This stage
is computationally demanding, which could be subjected to the problems of stability and it 1s
not important to implement. Some appealing iterative systems for examples Nearest Point
Algorithm (NPA), Sequential Minimal Optimization (SMO), etc. are being proposed to solve
such kind of problem [49].

Because of machine leaming based SVM has a structural risk that creates the hyper plane with
N dimensions which separate the input data into different classes. The sigmoid kernel function
of SVM is equal to two layer feed forward neural network. Furthermore, it can use polynomial
function or radial basis function (RBF) in which network weights are obtained by solving the
quadratic programming problem with linear constraints. Therefore, multiclass SVM classifier
(MCSVM) is proposed. Figure 3.2 contains its hierarchical structure. The SVM classifier are
presented on the basis of statistical learning theory. The SVM alporithms used in the middle of
1990’s started with more accessibility of computing power, which build the strong path for
sevcral real time applications. The SVM basic deal with two class classification; however, it

may perhaps work well for multiclass classification [50].
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Fig. 3.2. The SVM Classifier
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SVM algorithm has an empirical model and it include state of the art existing classification
techniques. The SVM classifier is actually a classifier with two classcs and it is based on the
concepts of large margins and map- ping the data with a high dirnensional space, and the §VM
kemnel functions. The first task of SYM is to maximize of the margin between the two adjacent
data points that belongs to two different ¢lasses. The second aim is to make a constraint so that
all data points be in the right class. This is solution for the two class that uses multi dimension
features. Then two main goals of the SV classifier problem are then integraied in the
optimization problem. SVC ditferentiate the points between two different set of linear classes
by solving the problem of quadratic optimization for determining the most favorable
separaling hyper plane amongst two classes. This hyper plane increase the distance of the
convex bodies for each class. These methods can be prolonged for nonlinear cases by inserting
the input data in the nonlinear space by using their kemel functions. This SVC robustness
inttiates from solid statistical learning theory fundamental. SVC may be implemented to a
separable data it can also be implemented to non-separable data points. In case of non-
separable data points, one more design 1s added in the algorithm. This factor is the error
weight which is affected by the points existing in the inappropriate class. In modulation
classiftcation, this problem arises at low SNR value. One more liberty of using this technique
we have used this to classify the six different types of modulations, firstly we have classify the
one modulation class from the rest and when the features of received signal do not belong to
the one class and belonps to some other class, then we eliminate that class and select one class
among other classes and classify thal class froin other classes and this process continues until
the teccived signal is classify correctly [51].

3.4.2 Feed forward Back Propagation Neural Network Classifier

The key features of neural networks are their capability to determine the complex nonlinear

input output relations that used sequential training processes, and adjust themselves to the
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i and oulput neuron j . &; is the hidden layer bias and @, is the output layer bias. f is the

transfer function of hidden layer and g is the transfer functions of output layers. t, is the
projected output. E represent the error among the calculated and expected outputs. The main
limitations of the BP algorithm are its slowness in convergence speed and its inability to
escape local optima. Mosi frequently-used methods to improve upon the original BP focus on
adding momentum values, changing learning rate and employing Levenberg Marquardt
algorithm. Because of the gradient nature of BP neural network, those limitations of BP can be
eliminated by adopting global search techniques, such as particle swarm optimization.
BPNN algorithm Explanation:-
The neural network structure consist of three layers with multiple input nodes which are
determined by multiple features that multiple neurons outputs are equals to the classified
modulation schemes. The neuron are present in the hidden layer and neuron numbers are
arbitrary, it also depends on vartous situations of application and training algorithms. BPNNN
consist of weights and neurons. The neurons contfains the input nodes, output nodes and
hidden nodes. The three layers of neurons are given below.

1. Input layer

2. Hidden layer

3. Qutput layer

BP algorithm can be summarized as follows:

Step 1 Initialization of weights for random values and setting of bias.
Step 2 Calculation of network output value.

Step 3 Error Calculation according to output targets.

Step 4 weight changes calculations from hidden layer to output layer.

Step 5 weight changes calculations from input layer to hidden layer.
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Step 6 Repetitions from step 2 to step 5 till the cumulative error conform the stopping criteria

[53].
3.5 Simulation Results

In this part, the under considered digital signals are simulated in the MATLAB environment.
The complex baseband signal is consider. The modulated signal considered here are QAM?2,
QAM4, QAM §, QAM 16, QAM 32, and QAM 64. The medulation classification is also
perfonned in the presence of additive white Gaussian noise (AWGN). For every single trial,
the random digital signal information is generated, to make sure that the result are independent
of transmitted message. Estimation of features for all types of signal types is depend on the
theoretical formula is explained in section 3.3. This section of thesis present the proposed
classifier simulations result. The AWGN noise with different SNR values is added in the
signals to check classification accuracy of proposed classifier with different nunber of
samples i.e. 512, 1024, 2048 and 4096. Also classification accuracy performance is also
checked on Rayleigh flat fading channel and Rician Channel. At the end comparison is made

on classification accuracy for different channels.

3.5.1 Classification Accuracy on AWGN Channel

AMC of considered modulations schemes are firstly performed on AWGN Channels. As the
number of samples taken are 512, 1024, 2048 and 4096. Then the classification accuracy is

analyzed.

3.5.1.1 Classification accuracy with 512 number of Samples

The tables from 3.2 to 3.7 shows the classification accuracy of considered signal schemes with
512 number of samples on AWGN channel at three different SNR values of -10dB, 0dB and
10dB. As we see from results of both training and testing, the classification accuracy increase

as SNR value increases. The tables shows that the average classification of training at SNR -
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Table 3.48. Training data at SNR= 10 dB

QAMZ

QAM4

QAMS

QAMI6

QAMI2

QAM64

QAM2

69.1

QAMA

96.6

QAME

97.4

QAMI6

96.6

QAM32

96.6

QAMO64

uv 8

Table 3.49. Testing data

at SNR= 10dB

QAaM2

QAM4

QAME

QAMI16

QAM32

QAM64

QAM2

978

QAMA

938

QAMS

94.6

QAMI6

95.8

QAM32

943

QAMG64

9K.2

3.5.3 Classification Accuracy on Rayleigh Channel

The classification accuracy is also tested on Rayleigh channel and classification accuracy is also

compared with AWGN channel and Rician channel accuracy.
3.5.3.1. Classification Accuracy with 512 number of samples

The tables from 3.50 to 3.55 shows thc percentage of correct classification accuracy on
Rayleigh channel with 512 number of samples at SNR vatues of 0dB, 5dB, 10dB respectively.
The tables shows that classification accuracy incrcases with increase of SNR. The
classification results on Rayleigh channel has less classification accuracy than the results on
rician and awgn channels. However, the average classifications for each SNR values are
90.55, 92.83 and 94.11 respectively.

Table 3.50. Training data at SNR =0 dB

QAM2

QAM4

QAMS

OAM2

81.5

QAM16

QAM32

QAMSE4

OAM4

82.7

0AMS

88.9

| 0AM16

976

QAM32

96.4

GAMB4A

96.2
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3.5.4 Comparison of Classification Accuracy

The tables 3.74 and 3.75 shows respectively training and testing average classification

accuracy of QAM 16 modulation format on different channels at three different SNR values.

Table 3.74. Training Performance comparison of recognizer for different channcl

at different SNR values
Training

Channel No. of Samples 10 dB 5dB 0 dB
512 95.2 04.15 93.15

AWGN 1024 96.85 95.34 54 .95
2048 97.6 96.81 96.14
4096 08.75 97.26 96.96
512 94.13 93.93 0231

Rician 1024 95.7 94 85 094.6
2048 95.95 95.73 94.57
4096 96.75 96.83 95.42
512 04.11 92.83 90.55

Rayleigh 1024 9498 93.05 01.03
2048 95.46 93.86 91.45
4096 96.24 94.54 93.56

The table 3.74 shows the comparison of training result of considered modulation schemes with
different numbers of samples at different SNR values and on different channels. The tables
shows that the classification accuracy increases with the increase of SNR and also increase as
the number of samples increases. The table also show that the classification accuracy on

AWGN channel is higher than the Rician and Rayleigh channels. The Rician channel has
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higher accuracy rate than the Rayleigh channel. The Rayleigh channel has least percentage of

classification accuracy.

Table 3.75. Testing Performance comparison of recognizer for different channel at

different SNR values
Channel No. of Samples 10 dB 5dB 0dB
512 01.98 90.83 87.51 |
AWGN 1024 03.86 0274 923
2048 06,52 096.14 95.56
4096 07.54 97 06.25
- 512 91.65 90.24 863 |
Rician 1024 93,21 91.7 01.67
2048 93.74 03.15 02.26
4096 95.75 04 24 03 89
512 91.25 §7.9 84.25
Rayleigh 1024 92.89 87.95 86.96
2048 93.52 91.25 §7.13
4096 94.50 92.42 89.27

The table 3.75 shows the testing classification accuracy for considered modulation schemes on

different channels at different SNR values with different numbers of samples. The table shows

that the training classification accuracy of considered modulation schemes is increasc with the

increase of SNR values, also increases as the number of samples increases. The table also

shows that the percentages of correct classification also varies on different channels. It shows

that AWGN channel has most classification accuracy than Rician and Rayleigh channel. The

least classification accuracy is on Rayleigh channel.

It is also clear from resulis that the testing classification accuracy of considered modulation

schemes has less classification accuracy than training classification accuracy.
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3.6 Summary

Automatic modulation classification is performed by using feature extraction method. Higher
order Cumulants and moments based features of received signal are extracted. Then these
features are fed into the classifier for classification of modulation scheme. The proposed
classifier are based on Support vector Machine and feed forward back propagation neural
network classifier. The automatic modulation is performed in the presence of additive white
Gaussian noise (AWGN). Classification accuracy is compared on different number of samples
at different SNR’s. Comparison of classification accuracy is made on AWGN, Rician and
Rayleigh channels. By simulation results it can be concluded that as number of samples
increases the classification accuracy also increased. Moreover, classification accuracy increase
with the increase of SNR. From simulation results we can also conclude that classification
accuracy of AWGN channel is greater than other channel. Classification accuracy of Rician
channel is greater than Rayleigh channel but less than that of AWGN channel. Rayleigh

channel has least classification accuracy than AWGN and Rician channels.
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Chapter 4
AMC using Optimized SVM

4.1 Introduction

In this chapter, results obtained in chapter 3 are optimized using evolutionary compufing
technique. The optimization is done by using genetic algorithm (GA). The proposed classifier
performance is also compared with the classifier proposed in chapter 3 and existing state of

the art techniques.

4.2 Features used for Automatic Modulation Classification.

For classification of modulation schemes pattern recognition approach has been used, A
higher order statistical feature extraction method is used for AMC. The second, fourth and
sixth and eighth order moments as weil as Cummulants are used to extract the features of

received signal [54].
4.3 Optimization

The resuit obtained in the previous chapter are optimized. There are different optimization
techniques available but in our research Genetic Algorithm optimization technique is selected

for optimization of result.
4.3.1 Optimization by using GA

SVM performance can be improved by selecting optimal values of the hyper parameters:
though, it is very challenging problem. GA has high efficiency characteristics due to which it
used as global optimization in several areas. Genetic Algorithm adopts the survival of the
(ittest theory of Darwin because GA has stochastic optimization algorithm. In order to apply
GA in selection model, followings issue are considered:

First, scheme for encoding, secondly, initial population production methodology, thirdly

fitness function, and fourthly, genetic operators like imitation, mutation and crossover.
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The encoding of problem solution into the chromosome is the basic issue for GA, Selection of
SVM parameters with constraint is another issue for optimization problem. From experiment it
has been clear that variables in GA, with real coded schemes have better performance than the
binary encoded scheme in signal classification. Therefore, the real encoded schemes are
chosen to represent the parameters. The parameters search space or selected intervals are C &
[2:4:50], o€ [0.1:0.1:2]. In order to avoid population convergence difficulties, the population
size (POP_Size) is selected as 16. For initial population production, designed parameters
initial values are distributed over the solution space consistently. The probabilistic selection
function also known as normalized geometric ranking had been used in such a way that
individuals which are based on the fitness function have greater chance of selection. The non-
uniformly mutation function which uses the random number for mutation is based on existing
number of generation and maximum number of generation , amongst the many others
parameters, 1s accepted. The crossover which produce the linear extrapolation of two
individuals is based on the fitness function information. The maximum generation number
decide the termination criteria of solution process. The testing data classification success rate

is used as fitness criteria in the process of function evaluation [55].
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4.4 Simulation Results
Table 4.1. Training Performance comparison of recognizer for different channel at

different SNR values after optimization

Channel No. of Samples 10dB 5dB 0dRB
AWGN 512 07.4 96.3 95.1
1024 99.1 974 96.2
2048 99.3 97.9 98.8
B 4096 | 99.9 99.5 98.9
Rician 512 06.5 95.1 94,12
1024 97.2 96.8 96.71
2048 98.3 079 06.8
4096 98.7 98.1 97.9
Rayleigh 512 96.5 95.1 92
1024 97.8 86.7 93.5
2048 98.4 973 943
4096 98.5 97.9 95.1

classification accuracy is increased after optimization.

The table 4.1 shows the comparison of training classification accuracy of considered

modulation schemes at ditferent SNR values after optimization. Theses result shows that

Table 4.2. Testing Performance comparison of recognizer for different channel at

different SNR values after optimization

Channel No. of 10 dB 5dB 0dB
L Samples

512 94.5 92.1 88.1

1024 97.7 93.6 93.1

AWGN 2048 98.6 08.1 97.2

4096 99.9 99.2 98.2

512 96.7 93.2 91.1

N 1024 97.8 96.5 923

Rician 2048 98.1 97.0 945

4096 98.6 972 95.7

512 93.5 92.1 90.0

1024 96.3 934 91.2

Rayleigh 2048 979 94.15 92,3

4096 98.7 95.3 93.4

The table 4.2 shows the comparison of testing classification accuracy on different

channels and at different SNR values with different numbers of samples after
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optimization. The tables shows that the classification accuracy has improved after

optimization.

4.5. Comparison with the Chapter 3 Results.

Table 4.3 comparison of classification accuracy with and without optimization at

SNR 10dB
10 dB 10dB
Channel No. of Samples With Without
optimization optimization
512 974 95.2
1024 99.1 96.85
AWGN 2048 99.3 97.6
4096 99.9 98.75
512 96.5 94.13
1024 972 05.7
Rician 2048 98.3 95.95
4096 98.7 96.75
512 96.5 94.11
1024 97.8 94,98
Rayleigh 2048 98.4 95.46
4096 98.5 96.24

The table 4.3 shows the comparison of results without optimization and with optimization at
SNR 10dB on each channel with different number of samnples. The table shows clearly that the
classification accuracy has increase after optimization on each channel with different number
of samples respectively.

Table 4.4 comparison of classification accuracy with and without optimization at SNR 0

N dB
5dB 5dB
Channel No. of With Without
Samples optimization optimization
512 92.1 94.15
1024 03.6 95.34
AWGN 2048 08.1 96.81
4096 99.2 97.26
512 893.2 93.93
1024 96.5 94.85
Rician 2048 97.0 95.73
4096 97.2 96.83
512 92.1 52.83
1024 934 93.05
Rayleigh 2048 94.15 93.86
4096 95.3 94.54
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The table 4.4 shows the comparison of results without optimization and with optimization at
SNR 0dB on each channel with different number of samples. The table shows clearly that the
classification accuracy has increase after optimization on each channcl with different number
of samples respectively.

Table 4.5 Comparison of classification accuracy with and without optimization at SNR 0

dB

Channel No. of 0 dB with 0 dB without

Samples optimization optimization

512 95.1 87.51

1024 96.2 92.3
AWGN 2048 98.8 95.56

4096 08.9 56.25

512 94.12 86.3

1024 96.71 91.67
Rician 2048 06.8 02.26

4096 97.9 93.89

512 02 84.25

1024 93.5 86.96
Rayleigh 2048 94.3 §7.13

4096 95.1 89.27

The table 4.5 shows the comparison of results without optimization and with optimization at
SNR 0dB on each channel with different number of samples. The table shows clearly that the
classification accuracy has increase after optimization on cach channel with different number

of samples respectively.
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4.6 Performance comparison of proposed classifier with state
of art existing techniques
Table 4.6 Performance comparison with existing techniques
Reference | Channel Features & No.of | SNR Previous Proposed
Classifier samples | Value | classification | classification
accuracy(CA) | accuracy (CA) |

67 AWGN | 4™ and 8™ order | 1024 0dB 57.2 06.2
Cumulants,
ANN Classifier 10dB | 75.36 99.1

2 AWGN discrete wavelet | 512 954 05.1

Rayleigh | fransfonn 0dB g7 94.12
AWGN | Standard

68 deviation of
Phase,
difference of 512 10dB |88 074
Phase,
absolute
difference of
Phase,
Instantaneous
Arnplitude,
Envelop

69 AWGN | Spectral Features | 1024 0 89.3 06.2
SVM Classifier 5 06. 1 07 4

70 AWGN | Spectral features | 2048 10dB {977 993
hierarchical
classifier

71 AWGN | Clustering 512 OdB 78.4 95.1
Algorithm, 5dB 93.3 96.3
NN Classifier 10dB | 964 974

7 AWGN Spectral features | 512 5dB 80.9 96.3
used and ANN 10dB | 84.6 974
classifier is used _

64 AWGN | 6™, 8t order 1024 0dB | 94.92 96.2
Cummulants, 5 56.85 974

B SVM classifier B

46 AWGN | Cummulants 4096 0dB | 96.3 99.21
based features, 5dB | 98.95 199.93
SVM Classifier

52 AWGN | 4" 6and 8™ 4096 0 98.48 99.21
order 5 99.86 99.93
cummulants,
SVM classifier
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The table 4.6 show the classification accuracy performance of proposed classifier with the
existing state of the art techniques. It is clear from above table that our proposed classifier has

highest classification accuracy as compared with the other existing techniques.

Table 4.7, shows the training and testing accuracy of proposed and existing classifier, and
it is found that proposed classilier performs better in both scenarios also at lower SNR’s.

Table 4.7: Average Classification Accuracy Compared with [64]

0 dB without Optimization
Channel/No — — - ;
of Samples Training Training Testing Testing
[64] [Proposed] [64] [Proposed]
93.26 95.34 91.45 92.74
5 dB without Optimization
96.75 96.85 96.54 96.68
AWGN , L
0 dB with Optimization
1024 94.92 97.40 93.64 95.6
5 dB with Optimization
98.95 99.12 08.75 98.71

Table 4.8, shows the comparison of classification accuracy with the existing techniques at
0 dB and 5 dB of SNR with 4096 number of samples on AWGN channel with
optimization.

Table 4.8: Classification Accuracy Comparison with existing techniques

Channel/No 0dB 0dB 5dB 5dB
of Samples [52] Proposed [52] Proposed
08.48 99.21 09.86 99,93
AWGN 0dB 0dB 5dB 3dB
4096 [46] Proposed [46] Proposed
96.30 99.21 68.95 99.93
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4.7 Summary

The result of automatic modulation classification obtained in the previous chapter are
optimized using evolutionary computing techniques. Optimization is done by using Genetic
Algorithms (GA). The optimized results are compared to the result without optimization. The
simulation results shows the better classifier accuracy as compared to existing techniques and

results of chapter 3,
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Chapter 5

Conclusion and future direction:

This chapter present the conclusion of work and achievement of our work in this thesis. It also
describe the future direction work in this field.

AMC has vast significance in enhancing the consumption of the available band and enhancing
the communication systems throughput. Besides, it has several applications in civilian areas as
well as in military. There are two different techniques for AMC. One is likelihood based AMC
and other is features based AMC, The first approach is difficult to implement while features
based approach is simple to implement. Therefore, features based approach is used in this
thesis. For an automatic modulation classification (AMC) higher order Cumulants hased
features are used and AMC is executed by combining SVM and FFBPNN classifier. Different
QAM modulations types are considered for automatic modulation classification of signals.
Simulations is demonstrated under AWGN, Rayleigh and Rician noise of different values of
SNR’s. It has been found that percentage accuracy of classification is higher at high SNR also
percentage accuracy of classification rises when optimization is performed on the results of
chapter 3. The proposed classifier gives high classification accuracy as compared than the
simple classifier.

In this thesis higher order statistics features are used. Different features base approach with
different modulation schemes can be uscd for AMC. Different classifier can also be used for

modulation classification.
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