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Abstract

The objective of automatic modulation classification (AMC) is to classify the modulation
type of an unknown communication signal. AMC is a widely investigated area. The initial
works on AMC were primarily devoted to single input single output (SISO) systems. There
are two main approaches to AMC, namely the likelihood based (LB) and feature based (FB)
approaches. The former treats AMC as a multiple hypotheses testing problem, where it consid-
ers L composite hypotheses H?,H',.... H'! corresponding to L modulation types. The multiple
hypotheses testing procedure maximizes the likelihood function of the received signal with re-
spect to the hypotheses to decide the modulation type of the received signal. The LB approach
can provide optimal performance in the Bayesian sense, but it suffers from high computational
complexity. The FB methods, on the other hand, are not optimal in the Bayesian sense, but
they require less a priori information and a low computational power. Two widely used AMC
features are the higher order moments (HOMs) and higher order cumulants (HOCs).

With the rapid development of the multiple input multiple output (MIMO) technology and
its remarkable capacity gain over the traditional SISO technology, there are serious efforts to
integrate this technology into the current generation wireless systems. Designing AMC algo-
rithms for MIMO systems is a challenging task because the mutual interference generated by
MIMO spatial channels alters the statistical properties of the modulated signal. The objective
of this research work is to classify the modulation type for MIMO systems. Many studies have
addressed this challenging problem. However, there remain several research issues. This thesis
addresses some of these issues:

1) The AMC of the QPSK-variant (QPSK, OQPSK and g—QPSK) and 8-PSK signals over
spatially correlated MIMO channels is addressed. The HOCs are widely used AMC features
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because of their resilience to Gaussian noise. However, the HOCs estimated directly from the
equalized signal fail to distinguish the QPSK-variant and 8-PSK signals. This can be attributed
to the fact that the HOC values of the QPSK-variant and 8-PSK signals are ambiguous. The
QPSK and OQPSK signals exhibit same HOC values. Similarly, the ;—T—QPSK and 8-PSK sig-
nals share the same HOC values. To distinguish the above modulation types, a cumulant-based
AMC method is proposed by considering the fourth-order cumulants of the signal, the signal
down-sampled by a factor of 2 and the backward difference signal. The proposed method pro-
duces satisfactory results over the spatially correlated MIMO channel.

2) The emergence of wireless sensor networks (WSN) and coginitve radio (CR) networks
makes cooperative classification an attractive strategy to improve the AMC performance. A bet-
ter statistical estimate can be obtained by combining signals from multiple sensors, thereby en-
hancing the AMC performance. The cooperative classification has not been explored by the ex-
isting works on the AMC for MIMO systems. This thesis proposes a cooperative AMC method
for MIMO systems in a multi-antenna sensor network to distinguish the modulation types
BPSK, OQPSK, QPSK, 7-QPSK, 8-PSK,16-QAM and 64-QAM. The proposed method con-
siders a feature vector comprising of HOCs derived from the signal, the signal down-sampled
by a factor of 2 and the backward difference signal and employs a centralized cooperative clas-
sification framework with the feature-level fusion. The method performs reasonably well over
spatially correlated MIMO channels.

3) The majority of the AMC algorithms for MIMO systems have considered the rich scat-
tering environment that offers a full rank channel matrix. In practice, MIMO systems can also
operate in an insufficient scattering environment, leading to a rank deficient channel. A rank
deficient channel, such as a keyhole channel can severely degrade the AMC performance. In
this thesis, the problem of AMC over spatially correlated MIMO keyhole channels is addressed.
A novel algorithm, namely the direct modulation recognition (DMR) algorithm, is proposed to
distinguish the lower order PSK constellations, namely BPSK, QPSK and OQPSK. The pro-
posed algorithm employs the ratios of HOCs derived from the received signal and its backward

difference as AMC features. These features are chosen so that the contributions of the channel-
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coefficients are cancelled. Thus, the DMR algorithm does not require channel state information
(CSI) at the receiver. The method produces satisfactory results over a spatially correlated MIMO
keyhole channel.

4) The cooperative relaying is an attractive solution to overcome the rank deficiency of
MIMO channels. These cooperative relays act as active scatterers, which eventually turns a
keyhole channel into a multi-keyhole channel. An AMC method, namely relay assisted (RA)-
AMC, is proposed to classify a pool of modulation types, namely BPSK, OQPSK, QPSK, %-
QPSK, 8-PSK and 16-QAM, over an AF-relay fading channel. The proposed method involves
two steps. In the first step, the method employs a cumulant feature vector derived directly
from the received signal to distinguish BPSK, OQPSK and the sub-pool Q; = {QPSK, ] —
OPSK,8 — PSK,16 — QAM} as a whole. This cumulant feature provides resistance against
noise amplification that occurs in a correlated AF-relay system. In the second step, it employs
a cumulant feature vector derived from the equalized signal to distinguish the modulation types

in Q;. The method performs well over the AF-relay fading channel.
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1. Introduction

1.1 Introduction to Automatic Modulation Classification (AMC)

Automatic modulation classification (AMC) techniques are employed to distinguish the
modulation type of an unknown communication signal. AMC is a challenging task as the sta-
tistical properties of the transmitted signal are altered by noise and multipath fading.

In the literature, there are two main approaches to AMC, namely the likelihood-based (LB)
and feature-based (FB) approaches. The former treats AMC as a multiple hypotheses testing
problem, where it considers L composite hypotheses H’,H',...,H*"! corresponding to L modu-
lation types. The multiple hypotheses testing procedure maximizes the likelihood function of
the received signal with respect to the hypotheses to decide the modulation type of the received
signal. The LB approach can provide optimal performance in the Bayesian sense, but it suffers
from high computational complexity. The FB methods, on the other hand, are not optimal in the
Bayesian sense, but they require less a priori information and a low computational power [1]].

The early instances of AMC can be found in military intelligence applications like elec-
tronic warfare, surveillance and threat analysis. In military application, the knowledge of the
modulation type is required for identifying the hostile communication signals, for generating
the jamming signal and for reconstructing the intercepted signal.

AMC is also important for many civilian applications such as spectrum monitoring (SM)
and cognitive radio (CR). Due to scarcity of the available spectrum, the CR tries to reuse the
occupied spectrum when the allotted communication system remains silent. For this, efficient
and faster spectrum monitoring and channel estimation techniques are required. The CR selects
the best available spectrum slot to transmit the data. The modulation candidate for transmitting
the data is selected based on the channel condition. This is known as link adaptation. A link
adaptive (LA) system dynamically updates the modulation type from a pool of modulation
types depending on the channel condition. This optimizes the transmission reliability and the
data rate. For successful detection, the receiver needs the information about the modulation
type. One way to inform the receiver about the modulation type is to include this information
in each signal frame. Using this information, the receiver demodulates the received signal.

The additional information about the modulation type in each frame increases the overhead,
TH-2361_126102009




1.2 AMC for MIMO Systems

which reduces the data rate. Providing information about the modulation type in each frame is
not an efficient approach. This is where the role of AMC comes into play. AMC also plays an
important role in SM applications. SM applications are used by a telecommunication regulatory
authority (TRA) to ascertain that the allocated spectrum is used by an authorized user.

AMC is a widely investigated area. The initial works on AMC were primarily devoted to
single input single output (SISO) systems [2-13]]. With the rapid development of the multiple
input multiple output (MIMO) technology and its remarkable capacity gain over the traditional
SISO technology, there are serious efforts to integrate this technology into the current and fu-
ture generation wireless systems [14]. Designing AMC algorithms for MIMO systems is a
challenging task because the mutual interference generated by MIMO spatial channels alters

the statistical properties of the modulated signal.

1.2 AMC for MIMO Systems

Consider a MIMO spatial multiplexing system with N7 transmitting and Ny receiving an-

tennas. The received signal at the receiver can be written as [15]

y(k) = Hx(k) + (k) (1.1)

where y(k) = [yi(k)...yn,(k)]" is an Ny X 1 received signal vector, x(k) = [x;(k)...xy, (k)]" is an
Ny x 1 transmitted signal vector, (k) = [1,(k)...nN, (k)]” is an Ng x 1 vector of zero mean white
circularly complex Gaussian noise and H is an Ng X Ny complex channel matrix.

The goal of AMC now is to determine the modulation type of the transmitted signal from
N received samples y = [y(1),y(2),...,¥y(IV)]. An efficient modulation classifier is expected to
have following general characteristics [|16]]:

1. The modulation classifier should offer robustness against different channel conditions.
One way to achieve that is to cancel the channel mixing effect. For that, the receiver needs
to estimate the channel state information (CSI). Another way to achieve that is to make the
classifier naturally resilient against the channel conditions.

2. In general, the signal of interest is corrupted by noise. In many applications, noise
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overrides the signal of interest. The modulation classifier should provide resistance to such
noise and high classification accuracy under different noise levels.

3. In some application like CR and software defined radio (SDR), the modulation classifier
needs to determine the modulation candidate from a pool of limited number of modulation
types. However, in military and spectrum monitoring scenarios, the classifier needs to classify
a large pool of modulation schemes.

4. The modulation classifier should be computationally less complex and easily imple-
mentable.

A significant amount of research has been devoted to address the AMC problem for MIMO
systems [1,15,|{17-28]]. In [28]], Bahloul et al. provided a comprehensive survey of AMC
algorithms designed for MIMO systems. The existing AMC algorithms for MIMO systems
can be grouped into two main categories, namely likelihood-based (LLB) and feature-based (FB)

[28]]. A brief outline of these two methods are presented below.

1.3 LB Approach

Suppose a MIMO transmitter selects a modulation type from a pool of modulations A. We
denote the hypothesis that the transmitted message is modulated using the modulation type
M(M € A) as HM. Under this hypothesis, the likelihood function of the received MIMO signal
is represented by f¥(y). The likelihood function of the received signal is evaluated for all the
possible modulation types of the transmitted signal. The modulation candidate responsible for
producing the largest value of the likelihood function is selected as the modulation type for the

received MIMO signal. This selection criterion is given by [17]]

M* = argmax(f*(y)) (1.2)
MeA

where M* represents the detected modulation type. In addition to the modulation type, the
likelihood function of the received MIMO signal is dependent on many other communication
parameters which are not known to the receiver. One way to solve this issue is to average the

likelihood function of the received signal over these unknown parameters. This leads to the
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1.3 LB Approach

concept of the average likelihood ratio test (ALRT) [5]. Another way to tackle this is to find
the estimates of these unknown parameters and use these estimates for evaluating the likelihood
function. This is known as the hybrid likelihood ratio test (HLRT) [3|].
1.3.1 ALRT Approach

The ALRT technique treats the unknown data symbols and communication parameters as
random variables. It is assumed that the probability density functions (PDFs) of these unknown
parameters are known to the receiver. The receiver computes the likelihood function of the
received signal by averaging the PDFs over those unknown parameters. Under hypothesis H,

the likelihood function of the received signal using the ALRT can be written as [28]]

YY) = EwEl f(yIx", ¢)] (1.3)

where x" is an N7 x N matrix representing the symbols transmitted under the hypothesis HY;
¢ represents the vector of the unknown communication parameters; Ex» and E4 are the expec-
tations with respect to the unknowns x¥ and ¢ , respectively; and f(y|x", ¢) is the conditional
likelihood function of the received signal with respect to the hypothesis H". The likelihood
function is conditioned on the unknowns data symbols and communication parameters. It can
be noted that the ALRT requires prior knowledge of the PDFs of the unknown communication
parameters. With a perfect knowledge of these PDFs , the ALRT technique achieves the up-
per bound on the performance of any AMC algorithm [28]]. In practical scenarios, such prior
knowledge of the PDFs of the unknown communication parameters may not be available at the
receiver. The likelihood function of the received signal with respect to HM can be expressed

as [[17]

1 y ~lly(k) — Hx(R)|
2
My = T ra T ﬂ e o (1.4)
n k=

1 x(k)eMNr

where (Tﬁ denotes the variance of the additive Gaussian noise; |M| represents the number of
possible constellation points for modulation type M; MM denotes all the possible combinations

of symbols at the transmitter under H"; and ||.|| denotes the Euclidian norm.
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1.3.2 HLRT Approach

The HLRT approach treats the unknown data symbols as random variables, while it con-
siders the unknown communication parameters as unknown constants. This are to be estimated
from the received samples. Using the HLRT, the likelihood function of the received signal under

H" can be expressed as [28]

YY) = Eglf(y, " 1x*)] (1.5)

AM .
where ¢ is the estimate of ¢ under HM.

1.4 FB Approach

The FB approach comprises three steps, namely channel equalization, signal processing and
classification. Prior to AMC, it is imperative to equalize the channel mixing effect as MIMO
spatial channels alters the statistical properties of the modulated signal. Two popular blind
channel estimation techniques are : 1) the constant Modulus algorithm (CMA) [[18,,29,30] and
2) the Joint Approximation Diagonalization of Eigen-matrices (JADE) method [31,32]. Refer-
ence [33]] presented a reduced rank space-Time equalizer. The work use reduced rank channel
models to design rank reduced versions of the maximum-likelihood sequence estimator (MLSE)
and the decision feedback equalizer (DFE). Reference [|34]] proposed a new blind source separa-
tion (BSS) method based on independent low-rank matrix analysis (ILRMA) with novel sparse
regularization. ILRMA simultaneously estimates a demixing matrix and source spectrogram
models based on non-negative matrix factorization (NMF).

The signal processing step extracts the features from the equalized signal. The classifier
then distinguishes the modulation type of the unknown signal using these features. Two widely
used AMC features for MIMO systems are the Higher Order Moments (HOMs) and the Higher
Order Cumulants (HOCs) [[1,|15,/18L/19,22]. The HOCs are popular as they offer resistance to

Gaussian noise [4]]. The HOM and HOC features are outlined below.
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1.4.1 Moments

The p” order g-conjugate moment of a zero-mean complex random variable y is defined
as [[18]]

Mpg = E[yp—q(y*)q] (1.6)

where p denotes the moment order. For example, for p = 2 and ¢ = 0, Eqn. 1.6 becomes

too = E[O)1 = ElY°. (1.7)

The theoretical values of selected HOMs of communication signals corresponding to differ-
ent modulation types are presented in Table 1.1.

1.4.2 Cumulants

The n' order cumulant for the random variables y;,y2,...,y, is given by [|18]]
CO1 ey = Y (1= DIEL [ y;1-EL] | )] (1.8)
Yy Jjevi Jjevr
where the summation is performed over all partitions v = (v, ..., v,) on the set of indices 1, ...,n
and r is the number of elements in a given partition. Thus fourth-order cumulants for zero mean

random variables y;, y,, y; and y, is given by [4].

cum(yi, y2,¥3, ¥4) =EQ1y2y3y4) — E(y1y2)E(y3y4) (1.9)

— E(y1y3)E(2ys) — E(y1y4) E(2y3).

Now, the n order m conjugate cumulant of a random variable y is defined as

CoomY(K)) = Cumly, ...y, ¥", s y'1. (1.10)

For example, the second-order and fourth-order cumulants of a zero-mean complex random
variable y can be defined in the following ways depending upon the placement of the conjugates
[4]:
Cx(y) = EG), (1.11)
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Caui(y) = E(yP), (1.12)
Cao(y) = EO) = 3(EG)), (1.13)
Ca(y) = E(YIY) — [EGP)F - 2(E(y)’ (1.14)
and
Ca(y) = EG’Y") = 3(EGH)E(Y*)) (1.15)

The theoretical values of selected HOCs of signals corresponding to different modulation

types are presented in Table 1.2.
1.5 Existing Works on the AMC of MIMO Signals

Choqueuse et al., in [17]], proposed two LB-modulation classification (MC) algorithms over
time invariant MIMO Rayleigh flat-fading channels, namely the ALRT based algorithm and the
HLRT based MC algorithm. The former requires the perfect knowledge of CSI at the receiver.
On the other hand, the HLRT based MC algorithm estimates CSI from the received signal
using the JADE technique. However, this investigation does not take into account the spatial
correlation factor.

In [18], Hassan et al. proposed an FB-AMC approach over spatially correlated MIMO
channels. The method involves three steps: 1) equalization of the received signal, 2) feature
extraction and 3) classification process. Two equalization techniques, namely the ZF equalizer
and the simplified constant modulus algorithm (SCMA), were considered. The method employs
the HOMs and HOC:s of the received signal as the AMC features and a multilayer feed-forward
artificial neural network (ANN) as a classifier. However, ANN requires supervised training.

Mubhlhaus et al., in [15]], proposed an FB-AMC algorithm over time invariant MIMO Rayleigh
flat-fading channels. The method comprises three steps: 1) equalization of the received signal,
2) extraction of the fourth-order zero-conjugate cumulant from the equalized signal and 3) clas-

sification process. Three equalization techniques, namely the ZF equalizer, the minimum mean
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Table 1.1: The theoretical values of selected HOMs of signals corresponding to different modulation

types
HOM | BPSK | QPSK | 8-PSK | 16-PSK | 16-QAM | 64-QAM
ma,0 1 0 0 0 0 0
ma,i 1 1 1 1 1 1
My 1 0 1 0 -0.68 -0.619
me |1 0 0 0 0 0
My ) 1 0 1 1 1.32 1.38
Me.0 1 0 0 0 0 0
Mg, 1 1 0 0 -1.32 -1.29
Mg 1 0 0 0 0 0
Mg 3 1 1 1 1 1.96 2.2
ms 1 1 1 0 2.2 1.91
ms, 1 0 0 0 0 0
mg» 1 1 0 0 -2.48 -2.75
ms 3 1 0 0 0 0 0
mg4 1 0 1 1 3.12 3.96
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Table 1.2: The theoretical values of selected HOCs of signals corresponding to different modulation

types

HOC | BPSK | QPSK | 8-PSK | 16-PSK | 16-QAM | 64-QAM
Cao 1 0 0 0 0 0
Ca 1 1 1 1 1 1
Cypo -2 1 0 0 -0.68 -0.619
Cyq -2 0 0 0 0 0
Can -2 -1 -1 -1 -0.68 -0.69
Ceo 16 0 0 0 0 0
Ce.1 16 -4 0 0 2.08 1.797
Ce2 16 0 0 0 0 0
Cos 16 4 4 4 2.08 1.797
Cso -272 -34 1 0 -13.98 -11.5
Cs. =272 0 0 0 0 0
Cs» =272 34 0 0 -13.981 -11.5
Cg3 =272 0 0 0 0 0
Csa -272 -34 -33 -33 -13.981 -11.5
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1.5 Existing Works on the AMC of MIMO Signals

square error (MMSE) equalizer and the JADE equalizer, were considered. The method em-
ploys a minimum distance classifier that uses the Euclidean distance as the measure of feature
similarity. Four modulation types, namely BPSK, QPSK, 8-PSK and 16-QAM, were consid-
ered for classification. The method performs reasonably well over the time invariant Rayleigh
flat-fading channel. However, the investigation does not factor in rank deficiency in wireless
channels.

In [19], Muhlhaus et al. proposed an FB-AMC algorithm over time invariant MIMO Rayleigh
flat-fading channels. Two equalization techniques, namely the ZF equalizer and the JADE
equalizer, were considered. The algorithm employs the fourth-order cumulants as the AMC
features and the likelihood ratio test (LRT) for decision making. The method produces satisfac-
tory result over the time invariant Rayleigh flat-fading channel. However, it requires the prior
knowledge of the noise variance and reference mean and covariance matrix of the feature vector
for all the considered modulation types.

Kanterakis et al., in [21], proposed an ALRT based MC algorithm for MIMO systems. The
algorithm employs the independent component analysis (ICA) method to blindly separate the
transmitted signals. The algorithm assumes that the separated signals are partially independent
so as to generate a joint but separable ALRT function. Since the noise vectors from the separated
components are not independent, the algorithm is sub-optimum in nature.

In [22]], Chikha et al. proposed an MC algorithm over the MIMO relaying broadcast chan-
nels with direct link. The algorithm employs the HOMs and HOC::s of the received signal as the
AMC features and J48 decision tree as a classifier. However, the algorithm assumes that CSI is
perfectly available at the receiver.

Kharbech et al., in [24]], proposed an AMC method over time-selective MIMO channels. The
method comprises three steps: 1) blind source separation (BSS), 2) the extraction of features
from the separated components and 3) classification process. A sliding window technique is
employed for the BSS of a faded-mixture to cancel the effect of high mobility. The method
employs the HOMs and HOCs of the equalized signals as classification features. The ANN

classifier is employed to improve the AMC performance.
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In [25]], Zhu and Nandi proposed an LB-AMC approach over the time invariant MIMO
Rayleigh flat-fading channel. The method assumes that the channel matrix and noise variance
are unknown to the receiver. The expectation maximization (EM) algorithm is employed to
estimate the channel parameters jointly for each modulation candidate. The estimated channel
parameters are then fed to an ML classifier to decide the corresponding modulation candi-
date. BPSK, QPSK, and 16-QAM were the modulation types considered for classification. The
approach achieves a good classification accuracy. However, the algorithm suffers from high
computational complexity.

The existing AMC algorithms for MIMO systems are summarized in Table 1.3.

1.6 Motivation and Problem Formulation

Based on the above survey, the following observations are made:

1. Tables 1.3 shows that the AMC of the QPSK-variants (QPSK, OQPSK and %-QPSK)
and 8-PSK signals has not been addressed for MIMO systems. The HOCs are widely used
AMC features as they offer resistance to Gaussian noise. However, the HOCs estimated from
the equalized signal fail to distinguish the QPSK-variant and 8-PSK signals. This can be at-
tributed to the fact that the HOC values of the QPSK-variant and 8-PSK signals are ambiguous.
The QPSK and OQPSK signals exhibit same HOC values. Similarly, the %—QPSK and 8-PSK
signals share the same HOC values.

2. The emergence of wireless sensor networks (WSNs) and CR networks makes cooperative
classification as an attractive alternative to improve the AMC performance. For SISO systems,
it is reported that a better statistical estimation can be obtained by combining signals from
multiple sensors, thereby enhancing the AMC performance [35-44]]. However, the multiple

receiver situation has not been explored by the existing works on the AMC of MIMO signals.
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Table 1.3: Summary of Existing Works on the AMC of MIMO Signals

Authors Classifier Considered | Channel Unknown
Type Modulation parameters
Types
Choqueuse | LB BPSK, Time-invariant MIMO
etal. [17] QPSK, frequency-flat channel
16-PSK, Rayleigh-fading matrix
32-QAM
Hassan et | FB BPSK, Time-invariant MIMO
al [18]] 8-PSK, frequency-flat channel
4-ASK, Rayleigh-fading matrix
8-ASK,
16-QAM,
32-QAM,
64-QAM
Mhlhaus FB BPSK, Time-invariant MIMO
etal. [15] QPSK, frequency-flat channel
8-PSK,16- | Rayleigh-fading matrix
QAM
Mhlhaus FB BPSK, Time-invariant MIMO
etal. [1]] QPSK, frequency-flat channel
8-PSK,16- | Rayleigh-fading matrix
QAM
Mhlhaus FB BPSK, Time-invariant MIMO
etal. [19] QPSK, frequency-flat channel
8-PSK,16- | Rayleigh-fading matrix
QAM
Kanterakis | FB BPSK, Time-invariant MIMO
and QPSK, frequency-flat channel
Su [21] 8-PSK,16- | Rayleigh-fading matrix
QAM
Chikha et | FB BPSK, Time-invariant None
al. [22] QPSK, frequency-flat Rayleigh
8-PSK,
16-QAM,
64-QAM,
256-QAM
Chikha et | FB BPSK, Nakagami-fading None
al. [23] QPSK,
8-PSK,
16-QAM,
64-QAM,
256-QAM
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Table 1.3 Continued: Summary of Existing Works on the AMC of MIMO Signals

Authors Classifier Modulation | Channel Unknown
Type Types parameters
Kharbech | FB BPSK, Time-varying MIMO
et al. [24] QPSK, frequency-flat channel
8-PSK, Rayleigh-fading matrix
4-ASK,
8-ASK,
64-QAM
Zhu and | LB BPSK, Time-invariant MIMO
Nandi QPSK, frequency-flat channel
[25]] 8-PSK, Rayleigh-fading matrix
16-QAM and Noise
Variance
Turanetal | LB BPSK, Time-invariant MIMO
[26] QPSK, frequency-flat channel
8-PSK, Rayleigh-fading matrix and
16-QAM the number
of  trans-
mitting
antennas
Kharbech | FB BPSK, Time-invariant MIMO
et al. [27] QPSK, frequency-flat channel
8-PSK, Rayleigh-fading matrix
4-ASK,
8-ASK,
64-QAM

3. It is noted that the majority of AMC algorithms consider a rich scattering environment
which offers a full rank MIMO channel. In practice, MIMO systems can also operate in an
insufficient scattering environment, leading to a rank deficient channel. [45H52]] . For example,
one may consider a scenario where a user device located indoor, transmits signals to a cell
tower. In that case, the opaqueness of building walls to the signal transmitted by the user device
allows the most of the signal energy to pass through keyholes like windows, doors etc [14]
. The presence of a keyhole is also possible in outdoor scenarios, even with a rich scattering
environment [50]]. It can happen when the ring of scatterers around the transmitter and the
receiver is small compared to the distance between the transmitter and the receiver. A rank
deficient channel, such as a keyhole channel can severely degrade the AMC performance.

4. The effect of cooperative relays on the performance of the AMC for MIMO signals
TH-2361_126102009
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has not been well investigated. References [53-61], reported that the cooperative relaying is
an attractive solution to overcome the rank deficiency of MIMO channels. These cooperative
relays act as active scatterers, which eventually turns a keyhole channel into a multi-keyhole
channel.

The aforementioned research gaps motivate us to address the following four problems in
this thesis:

1. AMC of QPSK-variant and 8-PSK signals over spatially correlated MIMO channels.

2. Cooperative AMC for MIMO systems in a multi-antenna sensor network.

3. AMC over spatially correlated MIMO Keyhole channels.

4. AMC over correlated MIMO amplify and forward (AF)-relay fading channels.

1.6.1 Thesis Organization

The rest of the thesis is organised as follows:

Chapter 2 provides an introduction to the HOCs. The HOCs for univariate and multivariate
random variables are derived. A few important properties of cumulants are also established.

Chapter 3 addresses the AMC of the QPSK-variant and 8 -PSK signals over spatially cor-
related MIMO channels. To distinguish the above modulation types, a cumulant-based AMC
method is proposed by considering the fourth-order cumulants of the signal, the signal down-
sampled by a factor of 2 and the backward difference signal.

Chapter 4 presents a cooperative AMC method for MIMO systems in a multi-antenna sen-
sor network. The proposed method employs a centralized cooperative classification framework
with the future-level fusion to distinguish the modulation types BPSK, OQPSK, QPSK, 7-
QPSK, 8-PSK,16-QAM and 64-QAM.

Chapter 5 addresses the problem of AMC over spatially correlated MIMO keyhole chan-
nels. A novel algorithm, namely the direct modulation recognition (DMR) algorithm, is pro-
posed to distinguish the lower order PSK constellations, namely BPSK, QPSK and OQPSK.
The proposed algorithm employs the ratios of HOCs derived from the received signal and its
backward difference as AMC features. These features are chosen so that the contributions of
the channel-coefficients are cancelled. Thus, the DMR algorithm does not require the CSI at
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the receiver.

Chapter 6 addresses the problem of AMC over correlated MIMO AF-relay fading chan-
nels. An AMC method, namely relay assisted (RA)-AMC, is proposed to classify a pool of
modulation types, namely BPSK, OQPSK, QPSK, E—QPSK, 8-PSK and 16-QAM. The pro-
posed method involves two steps. In the first step, the method employs a cumulant feature
vector derived directly from the received signal to distinguish BPSK, OQPSK and the sub-pool
01 = {QPSK,7 — OPSK,8 — PSK,16 — QAM} as a whole. This cumulant feature provides
resistance against noise amplification that occurs in a correlated AF-relay system. In the second
step, it employs a cumulant feature vector derived from the equalized signal to distinguish the
modulation types in Q;.

Chapter 7 concludes the thesis with a summary of work done and suggesting a few research
directions.

1.7 Summary

This chapter presented a brief introduction to AMC and its potential applications. The chap-
ter also presented a survey of AMC algorithms designed for MIMO systems. The limitations of
the existing AMC algorithms were highlighted and four problems were formulated. Finally, the

organization of this thesis was presented.
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2. Mathematical Preliminaries of Cumulants

2.1 Introduction

Like moments, cumulants are important parameters of a random variable. The HOCs are
widely used AMC features as they are resilient to Gaussian noise. This chapter provides the
mathematical preliminaries of cumulants. A few important properties of cumulants are estab-
lished.

2.2 Cumulants

2.2.1 Moment and Moment Generating Function

Consider a random variable x with probability density function f,(«), u € R,. The k"

moment of x is defined by
E(F) = f uk f(u)dx 2.1)

provided [ [ul* f.(u)du exists.

The moment generating function (MGF) M,(s) is defined as

M. (s) = E(e*™) = f fi(w)edu. (2.2)
Ry

Taylor series expansion of M,(s) about the origin gives

SPE(x?)  SE(®)  Ss*E(Y) Ny i SKE(x)

— sXy —
M.(s)=E(E)=1+sE(x) + X + 3 + a0 2, i (2.3)
2.2.2 Cumulant and Cumulant Generating Function
The cumulant generating function (CGF) K(s) of x is defined as
K(s) = InM,(s). (2.4)

The cumulants are obtained from the Taylor series expansion of K(s) about the origin. Thus

[

k
Ks)=y il Ck"'(x) 2.5)
k=1 .

where Cy(x) is the k”-order cumulant of x and can be derived as
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2.2 Cumulants

d*InM. (s)
dsk

2.2.2.1 Relationship between Moments and Cumulants

Ci(x) = |s=o0- (2.6)

From Eqn. 24

M, (s) = 5. (2.7)

In terms of the power series expansion of both the sides, we get

§2C,(x)

2
2E(2 3E(3 2 (sCi(x) + +...)
1+sE(x)+ < 2('x )+ & 3(‘x )+... =1+(sCi(x)+ al Cz‘z’(x) +.)+ 2‘2! +....

(2.8)
Comparing the coefficients of sk k = 1,...,4 in both the sides, the relations between moments
and cumulants can be obtained. For example, the first four moments can be expressed in terms

of the cumulants as

E(x) = C,(x), (2.9)
E(x*) = Cy(x) + (C1 (%)%, (2.10)
E(xX’) = C3(x) + 3C,(x)C1(x) + (C1 (%)) 2.11)
and
E(x*) = Cy(x) + 4C3(x)C1(x) + 3(Co(x))* + 6C(x)(C, (x))* + (Cy(x)*". (2.12)

Similarly, the first four cumulants can be expressed in terms of the moments as

Ci(x) = E(x), (2.13)
Ca(x) = E(x*) — (E(x))%, (2.14)
Cs(x) = E(x*) = 3E(x*)E(x) + 2(E(x))? (2.15)
and
Cy(x) = E(x*) —4E(xX*)E(x) = 3(E(x*))* + 12E(P)(E(x))* — 6(E(x))". (2.16)
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2.2.3 Properties of Cumulants
2.2.3.1 Additive Property

The additive property of cumulants states that the cumulant of sum of two independent ran-
dom variables is equal to the sum of the cumulants of the individual random variables. Consider

two independent random variables x and y. According to the additive property,

Ci(x +y) = Ci(x) + Cr(y). (2.17)

Proof: We have
K1y(8) = IME(e*™) (2.18)
= [nE[e*™e™] (2.19)
= In(E[e™|E[e”]) (2.20)
= In(E[e™] + [nE[e™]) (2.21)
= K(s) + K,(s). (2.22)

Therefore,

Ci(x +y) = Ci(x) + Ci(y). (2.23)

2.2.3.2 Scaling Property

Let x = ay, a is constant. The k™ order cumulnat of x is given as

Ci(x) = d"C(y). (2.24)
2.2.4 Cumulants of Normal Random Variables

The PDF of a normal random variable x is given by

1 _(u-p?
o2 202

fx(u) =

(2.25)

where y is the mean and o is the variance of the distribution. The corresponding MGF M. (s)

is given as

o252
2 .

M,(s) = " (2.26)
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The CGF of x is then given as

2.2
K(s) = us + U; (2.27)
Therefore,
d o2 s?
Ci(x) = —(,US + T)ls:O = U, (2.28)
o2S?
Ca(x) = —(,us > — 0 = 07 (2.29)
and
d? 2s
Cs(x) = %(ﬂs + T)h:o =0 (2.30)

Therefore, Ci(x) = 0, for k > 3. Thus, the HOCs are resistant to the Gaussian noise. This

property is exploited when cumulants are used as classification features.

2.2.5 Multivariate Cumulants

Consider a random vector X = (xy, X2, ..., X,;). Adopting Einsteins summation [62]] conven-
tion for notational simplicity, we denote s;x; = §1X1 + $2X2 + ... + 8, X,, §;8;X;X; = (51X + $2X +
o+ Spx)? = (5ix)%, S iSiSkXiX X = ($1%1 + $2Xp + ... + SpXn)> = (s;x;)3,and so on.

Now, M,(s) can be expanded as
MX(S) = E(eslx1+szxz+...+snxn)' (231)
The Taylor series expansion of M,(s) about the origin gives

1 1
M (s) =1+ s;E(x;) + > Si s]E(x,x]) + —

3 = 8i8 s E(xixjx) + . (2.32)

Now, the CGF of x is given as

Ki(s) = InMi(s). (2.33)

The cumulants C(x;, x;), C(x;, x;, xi), ... are obtained as coefficients in the Taylor series expan-

sion of K(s) about the origin

1 1
Ki(s) = 5;,C(x;) + 57 Si sJC(x,, x;j) + TR iskC(xi, xj, xi) + . (2.34)
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Now, MGF can be written as

1 1
§iC(xi)+ =518 ;C (X, X )+ = 5i8 j Sk C (X3, X, Xp )+

My(s)=e 2! 3! (2.35)

1
—1+s,C(xl)+ slst(xl,x])+ =588k C (X, Xj, Xp) + ot

3!
2

1 1
(le(x,)+ sls]C(xl,x])+ 3 ssjskC(x,,xJ,xk)+ D o+

Comparing the coefficients in both the sides in Eqn. 2.35, the moments can be expressed in

terms of the cumulants as follows:

E(.Xl'Xj) = C(X,', .Xj) + C(X,')C(Xj), (236)

E(xixjx;) = C(x;, xj, %) + C(x;, x)C(x) + C(x;, x)C(x) + C(xj, x)C(x;) + C(x)C(x))C(xx)
(2.37)

= C(x;, xj, x0) + C(xi, x)C(x0)[3] + Cx)C(x)C(x),

E(xixjxx;) = C(xi, xj, X, X1) + C(xi, x5, ) C(xp)[4] + C(x;, x)Cx, x)[3] + C(xix;)C(x)C(x1)[6]
(2.38)

+ C(x)C(x)C(x)C(xp),

E(xixjxixixpxg) = C(Xi, Xj, Xy X1, Xp, Xg) + C(x)C(X, Xk, X1, X, Xg)[6] + C(xi, ;) C (X, X1, X, Xg)[15]
+ C(x;, xj, X )C(x1, Xp, X)[10] + C(x))C(x;)C (X, X1, X, Xg)[15]
+ C(x)C(xj, x)C(x1, Xp, X)[60] + C(x;, x;)C (X, X)C (X, X,)[15] (2.39)
+ C(x)C(x,)C(x1)C (x4, X, X)[60] + C(x;)C(x)C(xy, x)C (x5, x4)[60]

+ Cx)C(x)Cx)C(x)C(xp, X)[15] + C(x)C(x))C(x)C(x)C(x,)C(x)

and so on. Each parenthetical number indicates a sum over distinct partitions having the same
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block sizes. Now, the cumulants can be expressed in terms of the moments as

C()C,', Xj) = E(X,‘)Cj) - E()C,')E(Xj), (240)

C(xi, xj, x1) = E(xixjxi) — EQix ) E(x)[3] + 2E(x) E(x))E(xp), (2.41)
C(xi, xj, xx, 1) = E(xixjxx;) — E(xixjx) E(x)[4] — E(xix ) E(qx)[3] (2.42)
= 2E(xix)) E(x) E(x[6] — 6E(x;)) E(x/)E(xi) E(x), (2.43)

C(xi, Xy Xiey X1y Xy Xg) = EQ6Xjx020x %) — EQ)E(xjxix1x,x4)[6] — E(xix ;) E(oexxpxg)[15]
— E(xixjxg) E(axpx,)[10] + 2E(x) E(x ) E (oexxpxg)[15]
+ 2E(x) E(xjx) E(x1x,x0)[60] + 2E(x;x ;) E(x x) E(x,x)[15] (2.44)
— 6E(x) E(x;)E(x1) E(x1x,x,)[60] — 6E(x;) E(x;) E(xx1) E(x,x,)[60]

+ 24 E(x) E(x)) EQa) E(xp) E(xpx)[15] + E(x) E(x) ECa) E(x) E(x,) E(x,)
and so on. Now, the n™ order cumulant for the random variables x;,x»,...,x, is given by [18]

C@t, o) = ) (=17 = DIEL] [ yi1-EL] | 551 (2.45)
Yv

Jevi Jevy
where the summation is performed over all partitions v = (v, ..., v,) on the set of indices 1, ...,n
and r is the number of elements in a given partition. For example, the fourth-order cumulants

for zero mean random variables x|, x, x3 and x4 is given by

C(x1, x2, X3, X4) =E(x1x2x3%4) — E(x1x2) E(X3x4) (2.46)

— E(x1x3)E(x2x4) — E(x1x4)E(x2x3).
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Now, the n™ order m conjugate cumulant of a random variable x is defined as

Com(x) = C(xy ooty X, X7, oy X0). (2.47)
——— ——

For instance, the fourth order cumulants of random variable x can be written in three ways
depending upon the placement of conjugates. They are given as:
Cy(x) = E(xxxx) — E(xx)E(xx) — E(xx)E(xx) — E(xx)E(xx) (2.48)

= E(x") - 3(E()),

Cy1(x) = E(xxxx™) — E(xx)E(xx") — E(xx)E(xx") — E(xx™)E(xx) (2.49)

= E(x*x") = 3(EG)(E(X)
and

Cip(x) = E(xxx*x") — E(xx)E(x"x") — E(xx")E(xx") — E(xx")E(xx") (2.50)
= E(Ix[Y) = [E®)P = 2(E(Ix))?
2.3 Summary

This chapter provided an introduction to cumulants. The HOCs for univariate and multi-
variate random variables were derived here. A few important properties of cumulants were also

established.
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3. Automatic Modulation Classification of QPSK-Variant and 8-PSK Signals over Spatially
Correlated MIMO Channels

3.1 Introduction

In the current generation wireless system, the MIMO technology is preferred to the SISO
technology as it provides a remarkable capacity gain [14]. Recently, the AMC of MIMO signals
has drawn significant attention. In the earlier chapters, we discussed the utility of AMC in
MIMO systems. For instance, an LA-MIMO system dynamically updates the modulation type
depending on the channel condition. The receiver requires the modulation type information
to demodulate the received signal. For that, the transmitter needs to send the modulation type
information in each signal frame. It involves an overhead which can be avoided by using AMC.

A number of algorithms have been proposed to address the AMC problem for MIMO sys-
tems [1,/15,/17-28]. These works were summarized in Table 1.3. of Chapter 1. The majority
of these works have employed the FB approach as they are easily implementable and compu-
tationally less complex. The HOMs and HOCs are employed as AMC features by these FB
approaches. The HOCs are more widely used for their resistance to Gaussian noise. Different
algorithms considered different modulation types for classification. However, the discrimina-
tion among the modulation types QPSK, OQPSK, g-QPSK and 8-PSK has not been addressed.

Swami et al., in [4], showed that different digitally modulated signals exhibit distinct 4-
order cumulant values. The robustness of 4”-order cumulants against Gaussian noise makes
them attractive AMC features. In [[15]], Muhlhaus et al. proposed an AMC algorithm based on
the 4"-order cumulants over an uncorrelated MIMO channel. However, the 4”-order cumulants
fail to distinguish the QPSK-variant and 8-PSK signals. This can be attributed to the fact that the
HOC values of the QPSK-variant and 8-PSK signals are ambiguous. The QPSK and OQPSK
signals exhibit same HOC values. Similarly, the g—QPSK and 8-PSK signals share the same
HOC values.

This chapter addresses the AMC of QPSK variants and 8-PSK over spatially correlated
MIMO channels. We adopt a feature-based strategy with the 4”-order cumulants as the AMC
features. The rest of the chapter is organized as follows: Section 3.2 presents the system model.
Section 3.3 presents the channel equalization techniques. 4™-order cumulants of the QPSK

variants and the 8-PSK signals are discussed in Section 3.4. Section 3.5 describes the proposed
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cumulant features. The proposed AMC method is presented in Section 3.6. The simulation re-
sults and the evaluation of the proposed method are presented in Section 3.7. Finally, a summary

is presented in Section 3.8.

3.2 MIMO System Model

Consider the spatial multiplexing MIMO system with N7 transmitting and Ny receiving

antennas as discussed in Section 1.2. The received signal at the k™ instant can be written as
y(k) = Hx(k) + n(k), 3.1

where y(k) = [yi(k)...yn,(k)]" is an Ngx 1 received signal symbol vector, x(k) = [x;(k)...xy, (k)]”
is an Ny x 1 transmitted signal symbol vector, p(k) = [1;(k)...nn.(k)]" is an Nk x 1 vector of
zero mean white circularly complex Gaussian noise and H is an Ni X Ny spatially correlated

complex channel matrix and can be represented as

hll h12 K- thT
th h22 e hZNT

H= , (3.2)
hNRl hNRZ e hNRNT

" receiving antenna and j* transmitting antenna.

where h; ; is the channel response between 7'
Here, it is assumed that the channel is frequency flat and time invariant MIMO channel. In this
work, we consider two kinds of fading, namely Rayleigh fading and Rician fading.

3.2.1 Rayleigh Fading

Rayleigh fading is exhibited by the multipath environment with no direct path between the
transmitter and the receiver [14]. The channel response #;; can be represented by a sum of
a number of random complex phasors having random amplitudes and random phase angles.
It is reasonable to assume that the phase is uniformly distributed as the phase angles have
no preferential values. Therefore , h; ; is a sum of IID circularly symmetric complex random

variables. Using central limit theorem, one can show that 4; ; = X + 7Y is a complex Gaussian

random variable i.e., X and Y represent the IID zero-mean Gaussian random variables with equal
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variances 0. The magnitude response of the channel entries (i.e., |h; j|) 1s Rayleigh distributed.

The magnitude of |4, ;| can be written as

lhi )| = V(X? + Y?). (3.3)

The probability density function (PDF) of |h; ;| is given by [14]]

Z2

Jini1(2) = %6_20'2 ,220. (3.4)
o
3.2.2 Rician Fading

Rician fading occurs in a multipath environments with a direct path between the transmitter
and the receiver [ 14]. It captures the effect of both Rayeigh fading and line of sight propagation.

The channel matrix can be modelled as

K 1
H;os +

H=
K+1 K+1

H; (3.5)

where Hy is the component of the channel matrix contributed by scattering, H;ogs is the

component of the channel matrix contributed by the line of sight propagation and K is known
Power in direct component

as the Rician factor, which is defined as K = [14].

Power in scattered component

In addition to the spatial fading, the spatial correlation plays a crucial role in practical MIMO
systems [14]. The spatially correlated MIMO system is discussed next.
3.2.3 Spatial Correlation

The antennas become correlated when they are closely spaced. The close spacing of anten-
nas increases the electromagnetic coupling that decreases the differences in the channel gains
of the separated antennas. This in turn increases the correlation between the neighbouring an-
tennas. In addition to this, the channel correlation also depends on: 1) the range of angles over
which signals depart the transmitter, known as angle-of-departure (AoD) and 2) the range of
angles over which multipath signals arrive at the receiver, known as angle-of-arrival (AoA).

The channel correlation tends to increase with a decrease in AOD and AOA.

The Kronecker model is widely used in the MIMO literature for its simplicity [[14}|18}63,
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64]. It assumes that the spatial receiver and transmitter correlations are separable. Here, for
the investigation, we also employ the Kronecker model. Now, the spatially-correlated MIMO

channel model can be written as as [18]]

H=6/"H,0)" (3.6)

where H, is an Ny X Ny full rank channel gain matrix, 6 and @; are the receiver and the
transmitter correlation matrices respectively and (.)'/? stands for the Hermitian square root of a
matrix.

For this investigation, we consider the exponential correlation model. For an L- antenna
array, the exponential correlation matrix is more preferred over the uniform correlation matrix
as it is a more realistic model [65-68] . This is contributed by the fact that the correlation of the
adjacent antennas is higher than that of the distant antennas. The exponential correlation matrix

0 of size L X L can be written as [69]

L-1

IL=2)

o<| ! dl a7

) ()
where p is the correlation coefficient of adjacent antennas.

Let pr and pg denote the correlation coefficient of two adjacent antennas of the transmitter
and the receiver, respectively. Putting p = pr and L = Ny in Eqn. 3.7, we get 67 matrix .
Similarly substituting p = pg and L = Nk gives 0 matrix.

3.3 Channel Equalization

The mutual interference generated by the spatial channel H alters the statistical properties of
the modulated signal. This makes AMC a challenging task. Therefore, it is imperative to cancel
the channel mixing effect prior to AMC. In this work, we consider two channel equalization
techniques, namely the zero forcing (ZF) equalizer [14] and the joint approximate diagonaliza-

tion of eigen matrices (JADE) algorithm [31,/70]. The first requires channel state information
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(CSI) at the receiver while the second estimates CSI blindly from the observed signal. These
two techniques are outlined below.
3.3.1 ZF Equalization
The ZF equalizer pre-multiplies the received signal by the Moore-Penrose pseudo inverse
H" of H. H" is given by [14]
H' = (H'H) 'H”. (3.8)

The equalized signal can be written as

z(k) = H"y(k) (3.9)
= (H"H) '"HHx(k) + HH)"'H"n(k)

= x(k) + w(k)

where w(k) = (H”H)"'"H"5(k), is a noise term enhanced by the least squares.

The elimination of interference in zero-forcing detection comes at the expense of the noise
amplification. Also, it is assumed that the receiver has CSI.
3.3.2 JADE Equalization

JADE is a popular independent component analysis (ICA) technique [31,70]. The ICA
methods are used to separate the independent components (ICs) from a linear mixture of ran-
dom processes. The general idea to determine the ICs is to calculate a demixing matrix which
approximates the inverse of the mixing matrix. The identifiability of the ICs requires: 1) the
sources to be separated are statistically independent and 2) the number of observations is equal
or greater than the number of sources (i.e. mixing matrix is full rank). If there are Ny sources

and Ny mixtures, the [ICA model (without noise) can be represented as

hll h12 e thT
yi(k) x1 (k)
hyy  hy -0 hon, _
= : (3.10)
)’Ng(k) xNT(k)
hNRl hNRZ e hNRNT
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The above expression can also be written as
y = Hx 3.11)

The goal of ICA is to extract the independent sources x and mixing matrix H from y. This
can be done by calculating a demixing matrix, W, which approximates the inverse of H.

The JADE algorithm separates the ICs by using the cumulant tensor. The details of the
JADE method can be found in [31}/70] and is outlined below.

The cumulant tensor can be considered as a four dimensional array whose entries are given
by the fourth-order cross-cumulants of the data C(y;, y;, y«, y1), where the indices i,j,k,! are from
1 to n, . We can derive all fourth-order cumulants of linear combinations of y; as linear combina-
tion of the cumulants of y;. One can observe this using the additive properties of the cumulants.

Now, for a linear combination of y;, the kurtosis is given by

Kurt Z wiy; = C(Z Wi, Z W;iVjs Z Wi Yk, Z wiyr)
i i j k 1

4 4 4 4
n Z wiw;wew; C(yis ¥ j» i Y0)-
i ikl
where Kurt denotes the kurtosis.
One can note that all the cumulants with at least two different indices vanish if the y; are
independent.
The cumulant tensor is a linear operator. For such a tensor, there exists a linear transforma-

tion on the space of n X n matrices. The i, jth entry of the matrix given by the transformation,

say F; j, can be defined as

FiM) = > muCyiyj vy 1 <ij<n (3.12)
kl=1,n

where my; denotes the entries of M and C(y;, y;, yk, y:) denotes the 4™ _order cross-cumulant
of the data.
As any symmetric linear operator, the cumulant tensor has an eigenvalue decomposition

(EVD). An eigen matrix of the tensor is, by definition, a matrix M such that
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FM) =M (3.13)

ie., Fjj(M) = AM;;, where A is a scalar eigenvalue.

Consider the ICA model, with whitened data:
z=W'x (3.14)

There exists a special structure of the cumulant tensor of z which can be observed in the

eigenvalue decomposition. In fact, eigen matrix is of the form

M=w,w m=1,..,n (3.15)

The vector w,, represents one of the rows of the matrix W . This can be validated by

calculating the linearity properties of cumulants.

T
Fij(w,w,) = Z Wik Wi C (i, Zjy Zks 21)

ki
Z kawmlc(z quxqa E Wq’jxq, H § Wik Xy, Z Wr/lxr’)
kl q q/ r r/

E Wik WiniWgiWy WiiWy? (C(Xg Xy XX, )
quq' rr

Now, as x; are independent, only those cumulants where g = ¢ = r = r are non-zero, which

leads to

Fif(WaWh) = " WoWoiWiiwg waewqr kurt(x,) (3.16)
klg

As the rows of W are orthognal, we have )}, w,uWg = 0,g, and likewise for index /. Taking the

sum first with respect to k and then with respect to [ results in

T
Fij(w,w,) = Z WiniWgiWqjOmqWqi kurt(x,)
lq

= Z WqiWqiOmqOmg kurt(xy) = wyiwy,j kurt(x,,)
q
This validates that matrices are of the form in (3.15) are eigen matrices of the tensor. The
kurtosis of the independent components gives the corresponding eigen values. Furthermore, it

can be shown that all other eigen values of the tensor are zero.
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The JADE algorithm solves the problem of equal eigenvalues of the cumulant tensor. The
algorithm considers the the tensor EVD as a preprocessing step. We can view the Eigenvalue
decomposition as diagonalization. In the present case, the above developments can be stated
as follows: The matrix W diagonalizes F(M) for any M. To put it another way, WF(M)W? is
diagonal. This is contributed by the fact that the matrix F is of a linear combination of terms of
the form w;w! under the assumption that the ICA model holds.

Therefore, it is possible to take a set of different matricesM;, i = 1, .., k, and try to make the
matrices WF(M,)W” as diagonal as possible. In reality, making exact diagonal is not possible
because of model mismatch and sampling errors.

We can measure the diagonality of a matrix Q = WFM,)W'; for instance, one can calculate
the sum of the squares of off-diagonal elements: Y}, ¢; . In other words, as an orthogonal
matrix W does not alter the total sum of squares of a matrix, minimization of the sum of squares
of off-diagonal elements is equivalent to the maximization of the sum of squares of diagonal

elements. Thus, the following measure is adopted:
Trape(W) = ) ldiagWF (M)W |1 (3.17)

where ||diag(.)||* denotes the sum of squares of the diagonal elements. Maximization of J;4pg

is then one method of joint approximate diagonalization of the F(M;).

3.3.3 4"-Order Cumulants of a QPSK Signal

In a QPSK signalling scheme, the bit transitions of the even and odd bit streams occur at
the same time instants. This allows the phase of a QPSK signal to change as high as 180° at an

instant. The normalised constellation of a QPSK signal is given by

C,={1,-1,+i,-i}. (3.18)

Consider a QPSK signal x;(k) at an instant k . The probability mass function (PMF) of the

RV x; representing the QPSK constellation is given by
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P = { %,x cC, . (3.19)

Using Eqns. 2.48-2.50, Chapter 2, the 4"-order cumulants of x; are obtained as
1 1
Cao(x)) = 1(14 + (=D + i+ (=D - 3(4—1(12 + (1) + P+ (-7 =1, (3.20)

1 . . 1 . L
Caa(x) = (1 + [ = 1 +[il* + [ = i) = —((1* + (=1)* + ()* + (=)°])

4 16

) (3.21)
= §(|1|2 = 1P+ i+ - i) =1

and

Cau(x)) = 1(14 + (=D + ()G) + (=i (=i)) - i(12 + (=1 + & + (=i)%)
4 1o (3.22)
(P + =12 +]i?+] =i = 0.

3.3.4 4"-Order Cumulants of an OQPSK Signal

An OQPSK signal has the same constellation as that of a QPSK signal. The only difference
is that in an OQPSK signal, there is an offset of one bit period in the relative alignment of the
even and odd bit streams. This does not allow the phase of an OQPSK signal to change by
greater than 90°. Suppose, x,(k) is an OQPSK signal. The PMF of the RV x, representing the

OQPSK constellation is given by

Po(x) = { %,x cC, . (3.23)

Using Eqns. 2.48-2.50, Chapter 2, the 4™_order cumulants of x, are obtained as

Cao(x2) = %(14 + (DY + i+ (-D)hH - 3(}1(12 + D2+ 2+ (D22 =1, (3.24)
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3.3 Channel Equalization

1 1
Ca(xy) = 1(14 =1 i+ =i - E(|(12 + (=1 + () + (=P

| (3.25)
- g(|1|2 +H = 1P+ P+ =) =
and
Can() = 2(1* + (<1 + D) + (<(=0)") = (12 + (=12 + 2 + (=0))
4 19 (3.26)

P+ = 1P+ 1P +=i* =0
3.3.5 4"-Order Cumulants of a Z-QPSK Signal
A 7-QPSK modulator selects its symbols from the QPSK and %-shifted QPSK constella-
tions. If the modulator selects the odd symbols from the QPSK constellation, the even symbols

will be selected from the § shifted QPSK constellation or vice versa. The normalized constel-

lation points of 7-QPSK modulator is given by

1 1
C,=1{l,- — ——)(=1-=10)}. 3.27
2 l(\/_Z))( )(\/(2) \/(2))( )(\/_2))( D). (3.27)

Consider a 7/4-QPSK modulated signal x3(k). The PMF of the RV x; representing the r/4-

) =), (

QPSK constellation is then given by
1
ng(x) = { g,x eC, . (3.28)

Using Eqns. 2.48-2.50, Chapter 2, the 4"-order cumulants of ;—T-QPSK signal are given as

Caolx3) = —(14+( D*+ @) + (=) +((—)(1 D) + (—)(1— D)’

V() V(2)
()1 + i) + (——)(- - - 35 Lz gy
\/—2) \/—2 (3.29)
£ 24 (= + ()1 + D) + (—)(1 = ) + (——)(=1 + )Y’
Y T Vo vo !
- 1 - 2 2:0
+(( \/_2))( %)
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_l 4 114 14 _ a4 L -4 L a4
Ca(xs) = 7+ [ = I+ i" + [ =" +( \/(2))(1+l)| +( \/EZ))(I D)l

¥ |<%)(—1 it + |(%)(—1 — i) - 5(1)2 F (1P + () + (i)

¥ ((%)(1 i)+ ((%)(1 — i)Y+ <(%)(—1 i) (3.30)
+ ((%)(—1 - )’ - 312<|1|2 = 1P+ 1P+ =i + |(%)(1 + i)l

+ |<%)(1 P+ |<%>(—1 P+ |<%)(—1 PR = -1

and

1 1 1
Cai(x3) = §(14 + D+ 'O+ D) D)+ () + DY ()1 + D)

V() V()
v ((%)(1 - i)>3<(%><1 iy + ((%)(—1 + i))%(%)(—l iy
+ ((%)(—1 - i)ﬂ(%)(—l — D))= (P4 1 4 P+ () »
+ ((%)(1 i)+ ((%)(1 — P+ ((%)(—1 i)y |
+ ((%)(—1 OPIR [ — 1R+ i+ [ P + |(%)(1 + P
+ |(%)<1 P+ |(%)(—1 LR+ |(%)(—1 ~ Py =0.

3.3.6 4"-Order Cumulants of an 8-PSK Signal

An 8-PSK signal has the same constellation as that of a g-QPSK signal. Consider an 8-PSK

signal x4(k). The PMF of the RV x, representing the 8-PSK constellation is given by

P.(x) = { %,x cC, . (3.32)
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3.3 Channel Equalization

Using Eqns. 2.48-2.50, Chapter 2, the fourth-order cumulants of x4(n) are given as

_l 4 _ 4 ~4 _-4 L ~\4 L s 4
Caol) = (14 (1) + (0* + (=" + (( Wz))(lﬂ)) +(( W2>)(1 )
1 1 1
+ ((@x—l + i)+ ((@)H - )Y =317 + (=17
(3.33)
1 1 1
+ 2+ (=) + (—=)(1 + D)* + (—=)(1 = D))* + (—=)(~1 + D))’
R V7o g Vo o
1
+ ((%)(—1 —i)*)? =0,
Cia(xy) = 1(14+|_1|4+|l-|4+|_,-|4+|(L)(1+i)|4+|(L)(1_i)|4
8 V2) V2)
1 1 1
+ |<%)(—1 + i+ l(%x—l = DI = I + (1P + () + (=)
1 1 1
+ (—=)(1 + D)) + (—=)(1 = ))* + (—=)(~1 + 1))’ 3.34
Vo o yo© 539
1 1 1
+ ((%)(—1 = DFF = g5 (1P +1 = 1P+ i + ] =i + |<ﬁ)<1 + i)
1 1 1
+1(—)1 = )P + (——) (=1 + D) + [(——)(=1 - )P)? = -1
I Wz)x DI+ I( Wz))( D+ ( «Kz))( D)
and
1 1 1
Ca(m) = (14 D'+ D@ + D) + ((%m + i))3(<%)(1 +)’
1 1 1 1
+(—=)1 = ) (—=)(1 = D))" + (—=)(=1 + D)’ (—=)(=1 +i))"
o U T V) BN l
1 1 3
+ (—=)(=1 = ) (—=) =1 = i))") = =12+ (1> + P + (=i)?
64
\/52) \/(? | (3.35)
+ ((%)(1 + 1)) + ((%)(1 — i) + ((%)(—1 + 1))
1 1
+((@><—1—i>>2><|1|2+|—1|2+|z'|2+|—i|2+|(%><1+i>|2
1 1 1
+ (=)0 = D + (—=) =1+ D) + [(—=)(-1 - D) = 0.
( \/Z2))( D +1( wz))( DI +1( «Kz))( i)

From the above analysis, we note the following:
Eqgns. (3.20 — 3.26) show that the QPSK and OQPSK signals exhibit same fourth order
cumulant values. Also, the g—QPSK and 8-PSK signals exhibit similar fourth-order cumulant

values which is clear from Eqns. (3.29 — 3.31) and Eqns. (3.33 — 3.35). In the same way, it can
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be shown that other HOC values of QPSK variants are also indistinguishable due to identical
distribution of their constellation points.
In the following sections, we discuss the proposed cumulant features to classify the QPSK,

OQPSK, ;—T—QPSK and 8 — PSK signals.

3.4 Proposed Cumulant Features

Features are proposed to distinguish between the QPSK and the OPSK signals and between
the 8-PSK and the % QPSK signals. They are described below:

A: Discrimination of QPSK and OQPSK

The RVs representing QPSK and OQPSK constellation have identical distribution. Thus
the cumulants of these RVs are identical. Suppose Vx;(k) = x;(k) — x;(k — 1) and Vx,(k) =
xp(k)—x,(k—1), where x;(k) and x,(k) are as defined earlier. As illustrated in Table 3.2 and Table
3.4, the RVs Vx; and Vx, corresponding to these differences have non-identical distributions.
Therefore, we analyse the 4" order cumulants for these two RVs. Using Eqns. 2.48-2.50,

Chapter 2, the 4" order cumulants of Vx; and Vx, are obtained as

Cyo(Vx)) = %(24 + (D + 2+ (-20)H + %((1 +DY+ (1 =D+ =1+ D)+ (-1 =D)H-

3(%(22 + (=20 + 222 + (=20)%) + é((l +)7+ (L=’ + (=1 +7 + (=1 - )" =2,
(3.36)

Cio(Vxp) = l((1 +D)+ A =D+ =1+ D)+ (-1=-)YH - 3(1((1 +0)? + (1 =0
8 8 (3.37)
+ -1+ +(1-)H)7*=2,
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3.4 Proposed Cumulant Features

1 1
Cp(Vx)) = qur‘ =2+ 20 + | - 2i%) + g(“ i+l =i+ =1+ +]=-1-4Y
1 1
- |1—6(22 + (=22 + 2% + (=20 + g((l + )2+ A=)+ =1+ +(=1=-DHP
1 1
- 2(1—6(|2|2 + = 2P+ 2i% + | - 2i) + g(” i+l =P+ =1+ +]|=-1=-i%)>

=2,
(3.38)
1 1
Cp(Vxy) = g(” i+ =i+ =1+ -1 =i - |§((1 +)2+ (0 =)+ (=147

1
+(=1=DHP - 2(§(|1 +iP+ 1=+ -1+iP+]|-1-i))* =0,
(3.39)

Cy(Vxy) = 1—16(24 + (=2 + 20220 + (=203 (=20)") + %((1 +D0+D)+A =)A=
+(=1+DC1+) + (1= (=1-0)") - 3(%(22 + (=22 + 20)* + (=20)%)
+ %((1 +0)2+ 0=+ (=140 +(-1- i)z))(l%(z2 +]=2P +2i + | - 2iP)

1
+§(|1+i|2+|1—i|2+|—1+i|2+|—1—i|2)):0
(3.40)

and
1
Cy1(Vxy) = g((l +iPA+ )" + A=A =) + (=14 (=1 4+ + (=1 =) (=1 -
1 1
- 3(§((1 +i)+ (=) +(-1+0)*+ (=1~ i)z))(g(ll +iP =i+ -1+
+|=1-i%)=0.
(3.41)
It is noted from equations 3.36-3.41 that C4,(Vx;) and C4(Vx,) are distinct. Therefore,
C4,(Vx) can be employed to discriminate the QPSK and OQPSK signals.
B: Discrimination of 8-PSK and n/4-QPSK
The constellation of 7/4-shifted QPSK is given by
Cs = ((—)(1 + D) (—e)(1 = D), (o) D, (—e) -1 = D) (3A2)
3 ={(—— D, ((—=)1 =1,(—=)=1 +1),(—)(-1 -1} .
V() V() V() V()

TH-2361 12 6C1%rés01615r a m/4-QPSK modulated signal x3(k). Suppose x4(k) and x§(k) denote the sequences of

39



3. Automatic Modulation Classification of QPSK-Variant and 8-PSK Signals over Spatially

Correlated MIMO Channels

Table 3.1: Backward Differences of a QPSK Signal

x1(k) xi(k—1) Vi (k)
1 1 0
-1 -1 0

i 1 0
—i -1 0

1 -1 2
-1 1 -2

i -1 2i
—i 1 -2i
1 1 1-1
1 -1 1+
-1 i -1-1
-1 -1 -1+
i 1 -1+
—i 1 -11
i -1 1+i
—i -1 1-i

Table 3.2: PMF of Vx;

Dif ference Py,

’ ;
) 1’

: I
21 : 1_16
—2i : F
1+z' ?
1-i : ?
] _,. ?
-1+ 3

odd and even symbols respectively. Then

x5(k) = x3(2k + 1) and x5(k) = x3(2k), fork =0,1,2,....

The PMF of random variables x{ and x§ are given by

1
Py ={ ;xeC

and

1
ng(x):{ Z,x€C3 .

TH-2361_126102009
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3.4 Proposed Cumulant Features

Table 3.3: Backward Differences of an OQPSK Signal

x(k) xa(k—1) Vo, (k)
1 1 0

1 i 1-i

1 -1 1+
-1 -1 0
-1 i -1-1
-1 -1 -1+
i i 0

i 1 -1+
i -1 1+i
—i -1 0

—i 1 -1-1
—i -1 1-1

Table 3.4: PMF of Vx,

Dif ference Py,,
0 I

2
1+i %
1—1i ‘ ?
—1—i g
-1+ g

Now consider an 8-PSK signal x4(k). Suppose xj(k) and x{(k) denote the sequences of the

odd and even symbols respectively. Then
x3(k) = x4(2k + 1) and x3(k) = x4(2k), fork=0,1,2,.... (3.46)
The PMF of random variables xj and x{ are then given by
Py = { é xe G (3.47)

and
1
ij(x) = { g,x e(C, . (3.48)
Using Eqns. 2.48-2.50, Chapter 2, the 4"*-order cumulants of x5(k), x5(k) , xj(k) and x§(k)
are given as
1 1
Cao(x9) = 7 (1 + (1P + i+ (=)) = 3G (1P + 1 + 2 + (D7) = 1, (3.49)
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1 1 1 1
ey — - 1 ~\4 - 1_. 4 N 4
Cao(x3) 4((( \/(2))( +0)" +(( \/(2))( D))"+ (( \/(2))( 1 +1)

1 11 1
+ (—=)(=1 = )Y = 3(=(((—=)1 + D))* + (—=)1 = D))’ 3.50
\/(2))( 0)") (4((( \/ZZ))( 1))+ (( \/ZZ))( i) (3.50)
1 1
+(—=) (=1 + D)+ (—=) (-1 =i’ =1,
(( \/(2))( )"+ (( \/(2))( 0))°))

0 _1 4 _1\4 ~4 _n4 L ~\\4 L W
Cap(xg) = (1" + =17+ ()7 + (=) + (C \/(2))(1“)) +(( \/(2))(1 i)

1 1 1
+ ((—) =1+ i)+ (—=)(=1 = ) = 3(=(1* + (=1)?
((«Kz))( i) ((«KZ))( D)7 - 3GAT+ (=D .
1 1 1 '
+ 2+ (=) + (—=)A + D))* + (—=)(1 = i))* + (—=)(=1 +i))*
i i NG )"+ (( \KZ))( D)+ (( \KZ))( )
1
+((—=)(=1-i)*)* =0,
(( \@))( 0))7))
Cao(xy) = l(14 + (=D + () + (=)t + ((L)(l + i)t + ((L)(l - i)’
Y8 V(2) V(2)
1 1 1
+((—=) (=1 + i) + (—=)(=1 - D))" = 3(z(1* + (-1)
\f(z))( D))"+ (( «KZ))( DY - 3GEA"+ (=1 5
1 1 1 ‘
+ 2+ (=) + (—=)A + D))* + (—=)(1 = ))* + (—=)(~1+)*
I i NS )"+ (( \KZ))( 0)” + (( \KZ))( 1)
1
+ ((—=)(-1=-i)»)* =0,
(( \f(z))( 0))7))
C4z(x‘3’)=}1(14+|—1|“+Iil4+|—il4)—%60(12+(—1)2+(i)2+(—i)2|2)
3.53)
1 (
—§(|1|2+|—1|2+|i|2+|—i|2)2=—1,
Cip(x5) = l(I(L)(l +il* + I(L)(l -l + I(L)(—l +il + I(L)(—l -
A V2) V) V2)
1 1 1 1 1
— —((—)A +D))* + (—)A = D)) + (—=)(=1 + D))’ + (——)(=1 = )]
161 D)+ (( \@))( D)+ (( «2))( D))"+ (( \Kz))( D)%)
1,1 1 1 1
— (=)@ + )P+ [(—=2)A + D + (=)0 + D + [(—=)A + D) = -1,
31 i ( \Kz))( D"+ I( «2))( DI”+1( \K2))( D) s
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1 1 1
Ca(xy) = §(14 = 1+ i+ = i+ 1)+ DI+ ()1 = DI

V) V)
1 1 1
- _1 -~ 14 - _1 o 4 o 1 2 _1 2 2 s 2
FI ) DI+ ()1 =0 = A + D+ 00+
1 1 1
()1 4+ )+ (—)(1 = D + (—)(—1 + i))? 3.55
vo ! ST V) l (559
AT AR ey~ AR I 2
# (XL~ = g IF = 1P+ 4=+ (1 + )
1 1 1
1)1 = DP 4 )= 4 DP + ()1 = DY = —1,
o U TN T T ’
Cor(x) = S (1 + ] = 1+ il + ] = i + =1 + DI + [(—m)(1 = i)
Y £ V2) V2)
L L -~ 4 L = 9 4 _L 2 _ V. V) _-2
)L+ DI (=) = 1P + (D4 @+ ()
1 1 1
()1 + D+ ()1 = D + (—)(=1 + i))? 356
vo Vo vo o (30
1 1 1
__1_.22__ 12 12 .2 2 -\ N
# (XL =P = g1 = 1P 4=+ (1 + )
1 1 1
1)1 = DR 4 1= )=1 + P + [(—)(=1 = DY = —1,
T O+ L+ (== )

Ca(x3) = %(14 + (=D + ()Y + (=i (=D)) - 3(;1(12 + (=1 + i+ (=D)%)

| (3.57)
(Z(|1I2+|—1|2+|i|2+|—i|2))=0,
Ca(x5) = l(((L)(l + i))3((L)(1 +1)" + ((L)(l - i))3((L)(1 — )"
T AT V2) V2) V2)
1 1 1 1
+ (—=)(=1 + P (—=) =1 + D))" + (—=)(=1 = N(—=)(=1 - )"
(( \/(2))( )" (( \/ZZ))( D))"+ (( \/(2))( 1) (( «2))( 0)’)
1 1 1 1 1
—3(=(((—=)1 + D)) + (—=)1 = D))* + (—=)(=1 + D) + (—=)(=1 = i))?
( 4((( \/Zz))( D))"+ (( \/Zz))( )"+ (( \/Zz))( D))"+ (( \@))( 1))
1 1 1 1 1
—((—=)A + D + |(—=)A = D + |[(—=)=1 + D + |[(—=)(=1 = )P)) =0,
( 4(( «2))( ) ( \K2))( [) ( \/(2))( i) ( \/(2))( D7) s
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1 1 1
Cu(xy) = §(14 + (=D @O+ DD () + DY () + )

V2) V2)
" ((%)(1 - i))%(%)(l —i) + ((%)(—1 " i))%(%)(—l +i)’
¥ ((%)(—1 - i))%(%)(—l i) - 63—4(12 + (=17 4+ P 4 (i) .
¥ ((%)(1 Fi)Y + ((%)(1 — i)Y+ ((%)(—1 i) |
+ ((%)(—1 —DP)UP + = 1P +1il* + | - i* + |(%)(1 + i)
+ |<%)(1 P+ |(%)<—1 LR+ |<%)(—1 )Py =0,
and

Car(x§) = éa“ + (=D + O+ (=) + ((%)(1 + i))%(%)(l + i)’
+ ((%)(1 - i))%(%)(l — i)+ ((%)(—1 ¥ i))%(%)(—l i)’
¥ ((@)(—1 £ i>>3(<\%?)<—1 —i)") - 3(%(12 (=17 + P+ (i) o
() D 4 (e =D+ (=T + 0
¥ ((%)(—1 — i))z)(%(lllz Fl =R+l + =i+ |(%)(1 i)
¥ |(%)(1 — iR+ |(%)(—1 vl + |(%)(—1 —)P) = 0.

It is clear from Eqns.3.49- 3.60 that Cy0(x5) (or Cao(x5)) and Cyo(x3) (or Cyo(x3)) are distinct.
Therefore, C40(x?) (or C49(x°)) can be employed to discriminate the 8-PSK and %—QPSK signals.
Based on the above discussion, we propose a distinct cumulant feature vector v to distin-
guish four modulation types, namely QPSK, OQPSK, g—QPSK and 8-PSK. This feature vector

vM is given as

v = [Cy(x), C12(Vx), Cao(x)]. (3.61)
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3.5 Proposed AMC Method

For the considered modulation types, v¥ is given as

[19_25 1]’M =1
[1,0,1],M =2
VM= (3.62)
[0,-2,1],M =3
[0, _270]’M =4

where M = 1,2,3 and 4 represents the modulation formats QPSK, OQPSK, g—QPSK and
8-PSK respectively. Clearly v is distinct for each of the modulation schemes considered.

Based on this cumualnt feature vector, we propose an AMC method which is described next.

3.5 Proposed AMC Method

The proposed AMC method is a three-step process comprising (1) extracting cumulant fea-
tures, (2) combining cumulant features and (3) a classification rule. They are described below.
3.5.1 Extracting Cumulant Features

As discussed in Section 3.3, the receiver performs equalization to obtain the estimates of Ny

transmitted streams X;, j = 1, ..., Nr . The cumulant features are estimated from X; as follows:

N IR 1,
Cu®)) =+ ;<x,<k)>4 -3(3 ;u,(k))z)z, (3.63)
. 1 & 1 &
Cao®) = 5 D JEE) = 3(5 Y E R (3.64)
k=1 k=1
and
1 < 1 & 1 <
Ca(VR) = 5 D VMBI — 15 D (VHHBPF =25 ) IVEKE?  (3.65)
k=1 k=1 k=1

where VX;(k) = X;(k) — X;(k — 1) and %(k) = £;(2k),k = 0,1,2, ....
3.5.2 Combining Cumulant Features
The accurate estimation of cumualnts depends on signal-to-noise ratio (SNR) and the ob-

servation length [4]. The estimated Ny streams may have different SNRs. This in turn will
TH-2361_ 126102009
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affect the cumulant estimates. It is reported in [[19,35] that a better classification result can be
obtained by combining these cumulant estimates in an efficient way. In this work, we employ
the the maximal ratio combining (MRC) technique to combine the cumulant features.

In MRC, a weighting coefficient is applied to the individual cumulant estimates. The es-
timates that are affected by high noise carry a lower weight and the estimates that are af-
fected by low noise carry a higher weight [35] . The similar cumulant features estimated from

X;,j=1,..., Ny are MRC combined as follows

S @;Ca(X;)
b, = LA‘OJ’ (3.66)

N
Zj:T] a;

Z;V:Tl ajC42(VAx.,-)

b, = (3.67)

Z?’:Tl &

and x
200 aiCa(X5)

by = % (3.68)

2219

where
snrj

a; = — (3.69)

snr; denotes the SNR of the j™ estimated stream and snr,,,, = max(snry, snrs, ..., snry,). The
snr; is obtained as

2
S
snrj = ——— (3.70)
0%~ fog
where a’i/_ is the power of equalized signal X; and o2 is the variance of transmit symbols. As
the normalized constellation points are attained after equalization, we can assume o> = 1.

The estimated feature V is given by

Q’ = [b] bg b3] (371)

3.5.3 Classification Rule

The modulation class M* is detected as

M* = argmin(|[¥ — v™|). (3.72)
M=12,.4
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3.6 Simulation Results and Discussion

where [|.|| denotes the Euclidean norm.

We refer the above technique as ZF-modulation classification (MC) if the employed equal-
ization technique is ZF. If the employed equalization technique is JADE, we refer it as JADE-
MC.

3.6 Simulation Results and Discussion

oW W AW W Way

1 ¢ aWaWaWea
'v.vAvAv‘vr¢-_'x-.-s g W W

0.4

O . 2 L L L
0 5 10 15 20
SNR
Figure 3.1: P¢ versus SNR for for different MIMO antenna configurations (Ng = 4, Ny = {2, 3, 4}) with

N =2000

A set of experiments were carried out to evaluate the performance of the proposed method
through the Monte-Carlo simulation. The performance of the proposed classifier was analysed
by calculating the average probability of correct classification for different values of SNR. For
each SNR value, 1000 Monte Carlo simulations were performed to calculate the average prob-
ability of correct classification. We generated a random channel matrix and a random source
message for each trial. Two channel models were considered for the investigation, namely

the Rayleigh flat fading channel and the Rician flat fading channel. The probability of correct
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classification of the modulation types is given by
M
P = Z P(R = B;/T = B)P(T = B;) (3.73)
i=1
where P(T = B;) denotes the probability of occurrence of the modulation format B; at the
transmitter 7 and P(R = B;/T = B;) denotes the probability that the modulation format is
classified as B; at the receiver R when the transmitted modulation format is B;.
3.6.1 AMUC Performance over Rayleigh Flat Fading Channel
A number of experiments were performed to study the performance of the proposed method

by varying the sample length, N7, and antenna correlation values. They are described below.

3.6.1.1 Performance of the ZF-MC Technique for Different Values of N; Keeping Ny
Fixed

Fig 3.1 shows P versus SNR for the ZF-MC technique in an uncorrelated Rayleigh channel
for different values of Ny keeping Ny fixed. It is noted that increasing Ny and keeping Ny fixed
result in a drop in the AMC performance. The reason for this is that SNR degrades as Ny — Ny
decreases [18]]; and the accurate estimation of the HOC-features depends on the SNR of the
equalized signal.
3.6.1.2 Effect of Sample Length and SNR

For the simulation results shown in Figs. 3.2-3.15, the number of transmitting and receiving
antennas were set at Ny = 2 and Nk = 4 respectively.

Fig. 3.2 shows P versus SNR for the ZF-MC technique over an uncorrelated Rayleigh
channel. It can be noted that with an increase in the sample size N and SNR, P also gradually
increases. For instance, at an SNR value of 0 dB, the ZF-MC technique attains Pc = 0.7370
for N = 500, while at the same SNR, it attains P = .9520 for N = 4000. Table 3.5 shows the
values of P¢ attained by the ZF-MC technique at an SNR value of 0 dB for different sample
lengths. For N = 500, the ZF-MC technique attains P- = 0.7370 at an SNR value of 0 dB, while
for the same sample length, it attains Pc = .9962 at an SNR value of 6 dB. Table 3.6 shows the
values of P attained by the ZF-MC technique at different values of SNR with N = 500.

Fig. 3.3 shows P¢ versus SNR for the JADE-MC technique over an uncorrelated Rayleigh
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channel. At an SNR value of 0 dB, the JADE-MC technique attains P = 0.7398 for N = 500,
while at the same SNR, it attains P- = 0.9567 for N = 4000. Table 3.7 shows the values of P¢
attained by the JADE-MC technique at an SNR value of 0 dB for different sample lengths. For
N = 500, the JADE-MC technique attains P = 0.7398 at an SNR value of 0 dB, while for the
same sample length, it attains Pc = 0.9958 at an SNR value of 6 dB. Table 3.8 shows the values
of P attained by the JADE-MC technique at different values of SNR with N = 500.

The increase in Pc with an increase N and SNR is contributed by the fact that the accurate
estimation of the cumulants depends on the SNR and the sample size. The higher the SNR and
N, the cumulant estimates are closer to the theoretical values [4]. One can also note that the

performance of the JADE-MC technique is close to that of the ZF-MC technique.

0.95
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0.7 ‘ ‘ ‘ ‘
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Figure 3.2: P¢ versus SNR for ZF-MC in an uncorrelated Rayleigh channel

Table 3.5: P¢ attained by ZF-MC at an SNR value of 0 dB for different sample lengths

N Pc

500 0.7370
1000 0.8418
2000 0.9115
4000 0.9520
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Table 3.6: P at different values of SNR for ZF-MC with N=500

SNR (dB) | P
0 0.7370
2 0.8932
4 0.9662
6 0.9962
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Figure 3.3: P¢ versus SNR for JADE-MC in an uncorrelated Rayleigh channel

3.6.1.3 Effect of Antenna Correlation

Figs. 3.4-3.7 show the effect of antenna correlation on the ZF-MC technique. Figs. 3.8-3.11
show the effect of antenna correlation on the JADE-MC technique. It is observed that there is
a decrease in P- with an increase in the antenna correlation value. For instance, with an SNR
value of 5 dB and N = 500, the ZF-MC technique attains P = 0.9690 for |pg| = |or| = 0.3,
while at the same SNR and the sample length, it attains Pc = 0.9555 for |og| = |or| = 0.5. Table
3.9 shows P attained by the ZF-MC technique for different antenna correlation values with an
SNR value of 5 dB and N = 500. With an SNR value of 5 dB and N = 500 , the JADE-MC
technique attains Pc = 0.9720 for |pg| = |or| = 0.3, while for the same SNR and the sample
length, it attains Pc = 0.9352 for |pg| = |pr| = 0.5. Table 3.10 shows P attained by the JADE-
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Table 3.7: P¢ attained by JADE-MC at an SNR value of 0 dB for different sample lengths

N Pc
500 0.7398
1000 0.8525
2000 0.9145
4000 0.9567

Table 3.8: P at different values of SNR for JADE-MC with N=500

SNR (dB) | Pc
0 0.7398
2 0.8995
4 0.9670
6 0.9958

MC technique for different antenna correlation values at an SNR value of 5 dB and N = 500.
The decrease in Pc with an increase in the antenna correlation is attributed to the fact that the
channel correlation amplifies the noise at the equalizer output [18]]. One can also note that as
SNR improves, P¢ also improves for high antenna correlation value. For |pg| = |[por| = 0.5 and
N = 500, the ZF-MC technique attains P = 0.6400 at an SNR value of 1 dB, while for the
same antenna correlation value and sample size, it attains Pc = 0.9352 at an SNR value of 5 dB.
Table 3.11 shows the values of P attained by the ZF-MC technique at different values of SNR
for |og| = |lor| = 0.5 and N = 500. For |pg| = |or| = 0.5 and N = 500, the JADE-MC technique
attains P- = 0.6745 at an SNR value of 1 dB, while for the same antenna correlation value and
sample size, it attains Pc = 0.9352 at an SNR value of 5 dB. Table 3.12 shows the values of
P¢ attained by the JADE-MC technique at different values of SNR for |og| = |or| = 0.5 and
N = 500. It is also noted that as the sample length increases, P¢ also improves for high antenna
correlation value. For instance, with an SNR value of 3 dB and |pg| = |p7r| = 0.5, the ZF-MC
technique attains Pc = 0.8225 for N = 500, while at the same SNR and antenna correlation
value, it attains Pc = 0.9340 for N = 2000. Table 3.13 shows the values of P attained by the
ZF-MC technique for different values of N with an SNR value of 3 dB and |pg| = |o7r| = 0.5.
With an SNR value of 3 dB and |pg| = |or| = 0.5, the JADE-MC technique attains Pc = 0.8327
for N = 500, while at the same SNR and antenna correlation value, it attains P = 0.9417 for

N = 2000. Table 3.14 shows the values of P attained by the JADE-MC technique for different
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values of N with an SNR value of 3 dB and |og| = |o7| = 0.5.
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Figure 3.4: P¢ versus SNR for ZF-MC with N = 500 in a correlated Rayleigh channel
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Figure 3.5: P¢ versus SNR for ZF-MC with N = 1000 in a correlated Rayleigh channel
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Figure 3.6: P¢ versus SNR for ZF-MC with N = 2000 in a correlated Rayleigh channel
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Figure 3.7: P¢ versus SNR for ZF-MC with N=4000 in a correlated Rayleigh channel
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Figure 3.8: P¢ versus SNR for JADE-MC with N = 500 in a correlated Rayleigh channel
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Figure 3.9: P¢ versus SNR for JADE-MC with N = 1000 in a correlated Rayleigh channel

3.6.2 AMUC Performance over the Rician Flat Fading Channel

Figs. 3.12-3.15 show P versus SNR for the JADE-MC technique over a correlated Rician

TH-Y3gme]pfiepbe noted that with an increase in the Rician factor K, Pc decreases. For instance,
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Figure 3.10: P¢ versus SNR for JADE-MC with N = 2000 in a correlated Rayleigh channel
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Figure 3.11: P versus SNR for JADE-MC with N = 4000 in a correlated Rayleigh channel

with an SNR value of 8 dB, N = 2000 and |og| = |or| = 0.3, the JADE-MC technique attains
Pc = 0.9670 for K = 3, while for the same SNR, sample length and antenna correlation value,

it attains Pc = 0.7970 for K = 10. Table 3.15 shows P attained by the JADE-MC technique for
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Table 3.9: Pc attained by ZF-MC with an SNR value of 5 dB and N = 500 for different antenna
correlation values (|o| = |or| = lorl)

ol Pc

0 0.9815
0.3 0.9690
0.5 0.9555
0.7 0.7452
0.9 0.3030

Table 3.10: Pc attained by JADE-MC with an SNR value of 5 dB and N = 500 for different antenna
correlation values (|o| = |or| = lporl)

ol Pc

0 0.9837
0.3 0.9720
0.5 0.9352
0.7 0.7815
0.9 0.4233

different values of K with an SNR value of 8 dB, N = 2000 and |pg| = |pr| = 0.3. The decrease
in P with an increase in K is attributed to the fact that with the increase in the Rician factor,
the scattered component vanishes resulting into a highly correlated channel. This amplifies the
noise at the equalizer output [18]. The performance improves as the SNR and sample length
increases. For example, for |pg| = |or| = 0.3, N = 2000 and K = 10, the JADE-MC technique
attains Pc = 0.7970 at an SNR value of 8 dB, while for the same Rician factor, sample length
and antenna correlation value, it attains P = 0.9620 at an SNR value of 12 dB. Table 3.16
shows P attained by the JADE-MC technique at different SNR values for K = 10, N = 2000
and |pg| = |pr| = 0.3. With an SNR value of 8 dB, |og| = |o7| = 0.3 and K = 10, the JADE-MC
technique attains P = 0.7970 for N = 2000 while for the same SNR, antenna correlation value

and Rician factor, it attains P- = 0.8647 for N = 4000.
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Table 3.11: P at different values of SNR for ZF-MC with N = 500 and |pg| = |o7| = 0.5

SNR (dB) | P

0.6400
0.8228
0.9335
0.9772
0.9923

O | | W[ —

Table 3.12: P at different values of SNR for JADE-MC with N = 500 and |og| = |or| = 0.5

SNR (dB) | P¢

0.6745
0.8327
0.9352
0.9775
0.9938

O J| | W[ —

0.55 | | | | | | |

4 6 8 10 12 14 16 18 20
SNR (dB)
Figure 3.12: P¢ versus SNR for JADE-MC with N = 2000 and |og| = |or| = 0.3 in a correlated Rician

channel

Table 3.13: P attained by ZF-MC for different values of N with an SNR value of 3 dB and |pg| = |o7| =

0.5
N Pc
500 0.8225
1000 0.8900
2000 0.9340
4000 0.9615
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Table 3.14: P. attained by JADE-MC for different values of N with an SNR value of 3 dB and |pg| =

lor| = 0.5
N Pc
500 0.8327
1000 0.9017
2000 0.9417
4000 0.9680

0.5 | | | | | |

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

Figure 3.13: P¢ versus SNR for JADE-MC with N = 2000 and |og| = |or| = 0.5 in a correlated Rician
channel

Table 3.15: Pc attained by JADE-MC for different Rician factors with an SNR value of 8 dB, N = 2000
and |og| = lor| = 0.3

K Pc

3 0.9670
7 0.8782
10 0.7970

Table 3.16: P¢ attained by JADE-MC at different SNR values for K = 10, N = 2000 and |og| = |or| =

0.3
SNR (dB) | Pc¢
8 0.9670
10 0.9023
12 0.9620
14 0.9848
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Figure 3.14: P versus SNR for JADE-MC with N = 4000 and |og| = |or| = 0.3 in a correlated Rician

channel
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Figure 3.15: P¢ versus SNR for JADE-MC with N = 4000 and |pg| = |or| = 0.5 in a correlated Rician
channel
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3.7 Summary

This chapter dealt with the AMC of the QPSK-variant (QPSK, OQPSK and %-QPSK) and 8-
PSK signals over a spatially correlated MIMO channel. The HOCs are popular as AMC features
because they are resilient to the Gaussian noise. However, the HOCs estimated directly from
the equalized signal failed to distinguish the QPSK-variant and 8-PSK signals. It was shown
that the fourth-order cumulants of the QPSK and the OQPSK signals are identical, so also of ;—T—
QPSK and 8-PSK signals. We proposed a feature vector v7 = [Cyo(x), C42(Vx), C40(x)] which
was capable of distinguishing the above modulation types. The proposed method performed
satisfactorily over a spatially correlated MIMO channel. For example, with an SNR value of
5 dB and N = 500, the JADE-MC technique attains P- = 0.9720 for |pg| = |pr| = 0.3 over a

Rayleigh channel.
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Sensor Network

4.1 Introduction

In the earlier chapter, we addressed the AMC of MIMO signals in a single multi-antenna
receiver situation. It was observed that the spatial fading and the spatial correlation affect the
AMC performance. Ref. [35] reported that the deployment of cooperative multiple single-
antenna sensors provides significant improvement in the AMC performance for the SISO sig-
nals over a multipath fading environment. However, the multiple receiver situation has not been
explored by the existing works on the AMC for MIMO systems. The employment of multi-
ple multi-antenna sensors increases the probability that signals received by some sensors are
of better quality, which can be beneficial to AMC. Different copies of the same transmitted
signal can be observed at the sensors on account of the varying propagations and transmission
environments. These observations can be combined in an efficient way to improve the AMC
performance.

The cooperative strategies are employed in a sensor network to address diverse commu-
nication and signal processing problems. Such strategies include cooperative communication,
cooperative localization and cooperative spectrum sensing [35]. The emergence of wireless
sensor networks (WSN) and coginitve radio (CR) networks makes cooperative classification an
attractive strategy to improve the AMC performance. A better statistical estimate can be ob-
tained by combining signals from multiple sensors, thereby enhancing the AMC performance.

In cooperative classification, spatially distributed autonomous sensors share data and/or
classification decisions with each other to discriminate an unknown signal and make an overall
decision. There are two kinds of cooperative architecture, namely centralized cooperation and
distributed cooperation [42]. In a distributed signal sensing network, spatially distributed au-
tonomous sensors track the channel environment in a cooperative manner for radio frequency
(RF) spectrum monitoring. Each sensor is capable of collecting, analysing, and classifying the
signal of interest independently. The sensors make soft-decisions and share the same among
themselves for updating the estimates and decision fusion. Significant research has been carried
out to develop cooperative modulation classifiers for SISO signals [35-44,71,72]. AMC based

on distributed signal sensing is investigated in [[71,72]. In the Centralized architectures, the spa-
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tially distributed autonomous sensors transmit data to a fusion centre (FC). The FC combines
the shared data and makes a final decision. The majority of the cooperative AMC algorithms
proposed in the literature follow the centralized architecture [35-44]].

This chapter presents a cooperative AMC method (CAMC) for MIMO signals in a dis-
tributed network. The proposed method employs a centralized cooperative classification frame-
work with feature fusion to decide the modulation type. The rest of the chapter is organized
as follows: Section 4.2 presents the system model. Section 4.3 presents the proposed CAMC
method. The simulation results and the evaluation of the proposed method are presented in

Section 4.4. Finally, a summary is presented in Section 4.5.

4.2 System Model

We consider a centralized cooperative system in a multi-antenna sensor network as shown
in Fig. 4.1. It comprises a transmitter with N7 transmitting antennas, Ny spatially distributed
autonomous multi-antenna sensors and an FC. Each multi-antenna sensor is equipped with Ng
receiving antennas. We consider error free links between the sensor nodes and the FC with
powerful error correcting codes. Suppose x(k) = [xi(k)...xy,(k)]" is an Ny X 1 transmitted

signal vector and H' is the correlated channel matrix between transmitter and the /" sensor node

given by
hlu hl12 il hllNT
h ht e K
H = 21 22 2N 4.1)
hﬁVRl hﬁVRZ T héVRNT

lth

Then, the received signal vector y'(k) = [} (k)...yy, (k)]" at the I sensor node is given by

y' (k) = H'x(k) + 11'(k), (4.2)

where 5'(k) = [1,(k)...i7y, (k)]" is an Ng x 1 vector of zero mean white circularly complex
Gaussian noise.

As discussed in Chapter 3, H ! can be written as
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TRANSMITTER FUSION CENTRE

SENSOR NODES

Figure 4.1: Cooperative AMC with Centralized Fusion

H' =0/"H6)", (4.3)

where H 11 is an Ng X N7 full rank complex channel matrix. The entries of H 11 are i.i.d. and follow
a circularly symmetric complex Gaussian distribution with zero mean and unit variance. 6y and
Or are the transmitter and the sensor correlation matrices of dimension N7 X Ny and N X Ng
respectively. We consider the exponential antenna correlation model for this investigation. This
model has been discussed in section 3.2.3 of chapter 3. An exponential correlation matrix € of

size L X L is reproduced here.

L-1

L-2

o= . s (4.4)

) (P

where p is the correlation coefficient of adjacent antennas.
Let pr and pg denote the correlation coefficient of two adjacent antennas of the transmitter

and the receiver respectively. Putting p = pr and L = Ny in Eqn. 4.4, we get 67 matrix .

Similarly substituting p = pg and L = N gives 0 matrix.
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4.3 Proposed CAMC Method

HOCs-based CAMC algorithms for SISO signals were presented in [35,36,[38,39]. The
modulation types considered by these studies included BPSK, QPSK, 16 QAM and 64 QAM
. These algorithms employ a centralized cooperative classification framework with the feature-
level fusion. In such a centralized framework, each sensor node estimates a set of HOC features.
These features are then combined at the FC using the maximum likelihood (ML) combining
technique to decide the modulation type. The performance of such a feature-fusion method
depends on the quality of the HOC estimates. Further, the decision making requires the prior
knowledge of reference means and variances of the features at a given SNR. Ref. [41] reported
a simple data fusion technique, where the FC takes the final decision on the modulation type
based on maximum ratio combined (MRC) or equal gain combined (EGC) decision statistics.

We consider a pool of seven modulation types Q = {BPS K, OQPS K, QPS K, % —QPSK,8—
PSK,16 — QAM,64QAM} for this investigation. These modulation types are indexed by M =
1,2,3,4,5,6 and 7, respectively.

4.3.1 Feature Selection

The following points are considered for selecting the features:

1) Swami et al., in [4], proposed a feature flM = Cyo(x(k)) to distinguish the modulation
types BPSK, QPSK, 8-PSK and 16-QAM. However, flM is identical for QPSK and OQPSK.
It is also identical for 7-QPSK and 8-PSK. The theoretical values of /¥ for the considered

modulation types are given by

-2, M=1
1,M=2
1,M=3
= O.M=4 . (4.5)
OoM=5
—-0.68, M =6
-0.619,M =7
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2) In Chapter 3, we proposed two cumualnt features fZM = Cpp(Vx(k)), Vx(k) = x(k)—x(k—1)
and f3M = Cyo(xf(k)), x¢(k) = x(2k),k = 0,1,2, .... sz is capable of distinguishing QPSK and
OQPSK and f; is capable of distinguishing §-QPSK and 8-PSK. The theoretical values f,

and f} for the considered modulation types are given by

—4M=1
-2,M =2
o,M=3

Y=y 2 M=4 (4.6)
2M=5
-1.35,M =6
-1.24,M =7

and

2M=1
I,M=2
I,M=3

Y = IL,M=4 . 4.7)
O,M=>5
-0.68,M =6
-0.619,M =7

3) Ref. [[13]] proposed a feature f4M = Cg3(x(k)) to distinguish the modulation BPSK, QPSK,
16-QAM and 64-QAM. Ref. [[1]] reported that in the case of discriminating BPSK and 16-QAM,
the classification performance of f} is better than that of the fourth-order cumualnts. However,
£ can not distinguish between QPSK and 8-PSK. The theoretical values f;/ for the considered

modulation types are given by
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16,M =1
4,M =2
4,M=3
V=1 aM=4 . (4.8)
4,M=5
208, M =6
1.797, M ="7

Based on above discussions, we select the features f, /M, £ and f}' to distinguish the

modulation types in Q. Concatenating f, £/, £ and f}, we get the feature vector

VAN Al 4.9)
For the considered modulation types, £/ is given as

[-2,-4,-2,16],M =1
[19_2’1,4],M: 2
[1,0.1,4],M =3

fM

[0,-2,1,4],M =4 : (4.10)
[0,-2,0,4],M =5
[-0.68, —1.35,-0.68,2.08], M = 6
[-0.619,-1.24,-0.619,1.797], M = 7

It is clear from above that £/ is distinct for the modulation types in Q.
4.3.2 Cooperative Classification

The proposed CAMC method employs a centralized cooperative classification framework
with feature-level fusion. The steps involved in the classification are (1) extraction of features,
(2) combining cumulant features and (3) a classification rule. We describe these steps below.

Step 1: Extraction of Features

Each multi-antenna sensor node equalizes the received signal using the JADE equalization
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technique. Suppose f(é., J = 1,..., Ny, denotes the equalized signal vector of length N corre-
sponding to Ny transmitted streams at the I sensor node. Each sensor node estimates a set of

HOCs Cy(X), C1o(VX), Ci(2") and Co3(R}) from R’ as follows

\ 1 < 1 <
Cu®)) = = D (@) =3(5; D (SED, (4.11)
k=1 k=1
Cin(VE) = + i VL = | i(v {0 - 2~ i VEOP?,  (412)
= N = g NS E NS E , .
\ 1 < 1<
Cuo®) = = > @) =3(5 > @R))’ (4.13)
k=1 k=1

and

5 1< 1 < i~ 1+
Caa®)) = 5 D RN = 9 D IR Y WRIh + 121 > (xk)°F)
=1 k=1 k=l = . (414

1 & il
(5 2o PER) +12(55 > 0P’
k=1 k=1

where Vfci.(k) = )%i.(k) - Xé(k - 1), 25(1{) = fci.(Zk), k=0,1,2,...

The next step is to combine these estimates at the FC in an efficient way. Among the various
diversity combining techniques, MRC is the best diversity combiner [73]]. Ref. [35] employed
the MRC technique to combine the decision statistics in the FB framework, while Ref. [41]
employed the same technique to combine the decision statistics in the LB framework. In the
FB framework, the HOC features are obtained as the weighted sum of those estimated from the
equalized signals [35]]. The weight coefficients are chosen in such a way that the estimates that
are affected by high noise carry a lower weight and the estimates that are affected by low noise
carry a higher weight. We employ the MRC technique to combine the similar cumulant features

ith

obtained from different sensor. The MRC requires the SNR estimate sﬁri- of the j estimated

path of the I"'sensor [35]. The sﬁré is obtained as
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2

o
shrl = ———, (4.15)
0 — 05

W
<

where 0'2, is the power of equalized signal ﬁﬂ and o is the variance of transmit symbols .
J
As the normalized constellation points are obtained after equalization, we can assume o> = 1.
Now, each sensor node transmits the HOC estimates given by Eqns. 4.11-4.14 and the SNR
estimate sﬁri. given by Eqn. 4.15 to the FC.
Step 2: Combining Features at FC

Suppose w’/. denotes the weight coefficient for the j” estimated path of the /"'sensor. The

weight coefficients are given by [35]]

; sﬁrﬁ
W)= ,j=1,..,Ns,I=1,..,Ns, (4.16)
SNV ax

where snr,,,, is the maximum local SNR value.
Now, suppose fi, f>, f3 and f; are the estimates of £, £, fM and fM respectively computed

at FC. These estimates are obtained by the MRC of the cumulant features as follows:

N, N; 1 A sl
A 1251 Zj:Tl WjC4O(Xj)

1= : , 4.17)
?fl Z;V:Tl Wi‘
f B ZSI Zi\,:Tl Wllé42(Vﬁ§) 4.18)
2 — B ) .
Zsl Z;V:II Wﬁ'
f ﬁsl Zj\/:rl W§C4O(i§) (4 19)
3= .
~ Z?]:TI Wi’
and N .
A [:S1 2751 W§C63(ﬁ§)
Y = ¥ ZNT " , (4.20)
=1 Lj=1 "

Step 3: Classification Rule
The estimated feature vector f = [f1, . f5, fu] is subjected to a minimum distance classifier
that uses the Euclidean distance as the measure of feature similarity. The detected modulation

class M* is then given by
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M* = argmin(|f — £¥))). (4.21)
M=12,...,7

4.4 Simulation Results and Discussion

A set of experiments were carried out to evaluate the performance of the proposed method
through the Monte-Carlo simulation. The average probability of correct classification P¢ is
employed as the performance measure. For each SNR value, 3000 Monte Carlo simulations
were performed to calculate Pc. We generated a source message and a channel matrix randomly
for each trail.

Figs. 4.2-4.4 show P versus SNR for the proposed CAMC method over an uncorrelated
Rayleigh channel with Ny = 2 and Ny = 4. One can note that P¢ increases with an increase
in Ng. For instance, with an SNR value of 2 dB and N = 500, the CAMC method attains
Pc = 0.8163 for Ng = 1, while at the same SNR and sample length, it attains P = 0.8961 for
Ng = 4. With an SNR value of 2 dB and N = 1000, the CAMC method attains P- = 0.8736 for
Ns = 1, while at the same SNR and sample length, it attains Pc = 0.9380 for Ny = 4. Figs. 4.5-
4.10 show P¢ versus SNR for the proposed CAMC method over a correlated Rayleigh channel
with Ny = 2 and Ny = 4. With an SNR value of 3 dB, N = 1000 and |pg| = |or| = 0.5,
the CAMC method attains P = 0.8173 for Ny = 1, while at the same SNR, sample length
and antenna correlation value, it attains P = 0.9325 for Ng¢ = 8. With an SNR value of 5
dB, N = 1000 and |og| = |pr| = 0.7, the CAMC method attains P = 0.7703 for Ny = 1,
while for the same SNR, sample length and antenna correlation value, it achieves P- = 0.9015
for Ny = 8. Figs 4.11-4.13 show P versus SNR for the proposed CAMC method over a
correlated Rayleigh channel with N = 2 and Ny = 6. With an SNR value of 4 dB, N = 500
and |pg| = |or| = 0.7, the CAMC method attains P = 0.8217 for Ny = 1, while at the same
SNR, sample length and antenna correlation value, it attains Pc = 0.9306 for Ny = 8. With an
SNR value of 4 dB, N = 1000 and |pg| = |or| = 0.7, the CAMC method attains P = 0.8811
for Ng = 1, while at the same SNR, sample length and antenna correlation value, it attains

Pc = 09599 for Ny = 8. Figs. 4.14-4.15 show P. versus SNR for the proposed CAMC
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method over a correlated Rayleigh channel with Ny = 2 and Ny = 8. With an SNR value of
3 dB, N = 500 and |pg| = |pr| = 0.5, the CAMC method attains P = 0.8621 for Ny = 1,
while at the same SNR, sample length and antenna correlation value, it attains P = 0.9425 for
Ng = 8. With an SNR value of 3 dB, N = 1000 and |pg| = |o7| = 0.7, the CAMC method attains
Pc =0.9093 for Ny = 1, while at the same SNR, sample length and antenna correlation value,
it attains P- = 0.9720 for Ny = 8.

Table 4.1 shows the P attained by the CAMC method with an SNR value of 5 dB, Ny = 2,
Ngr =4, N = 500 and |pg| = |or| = 0.5 for different values Ng. Table 4.2 shows the P, achieved
by the CAC method with an SNR value of 5 dB, Ny =2, Ny =4, N = 500 and |pg| = |or| = 0.7
for different values Ng. Table 4.3 shows the P¢ attained by the CAMC method with an SNR
value of 5 dB, Ny = 2,Ng = 6, N = 500 and |pg| = |or| = 0.7 for different values Ns. It is clear
from these tables that P, increases with an increase in Ng. The increase in P with an increase
in Ny is contributed by the increased diversity gain. A better statistical estimate is obtained by

combining signals from multiple sensors, thereby enhancing the AMC performance.
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Figure 4.2: P¢ versus SNR with Ny =2, Np =4, N = 500 and |pg| = |or| =0
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Table 4.1: Pc at an SNR value of 5 dB with Ny = 2, Ng =4, N = 500 and |[og| = |o7] = 0.5

Pc

0.8505
0.8970
0.9235
0.9371

oo K| —
=

Table 4.2: Pc at an SNR value of 5 dB with Ny = 2, Ng =4, N = 500 and |og| = |or| = 0.7

Pc

0.6990
0.7460
0.7984
0.8418

0| B[ DN —
=

Table 4.3: P¢ at an SNR value of 5 dB with Ny = 2, Ng = 6, N = 500 and |pg| = |or| = 0.7

NS PC

1 0.8647
2 0.9058
4 0.9275
8 0.9427

4.5 Summary

This chapter proposed a CAMC method for the MIMO system in a distributed network. A
better statistical estimation was obtained by combining signals from multiple sensors, thereby
enhancing AMC performance. A feature vector £ = [fM, M fM_ fM] was employed to clas-
sify the modulation types BPSK, OQPSK, QPSK, 7-QPSK, 8-PSK,16-QAM and 64-QAM. The
proposed method employed a centralized cooperative classification framework with the feature-
level fusion. The method performed reasonably well. For instance, with an SNR value of 3 dB,
Nr = 2, Np = 4, N = 1000 and |pg| = |or| = 0.5, the CAMC method attained P = 0.8173
for Ny = 1, while for the same SNR, sample length and antenna correlation value, it attained

Pc =0.9325 for Ny = 8 with Ny =2, Ny = 4.
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5. Automatic Modulation Classification over Spatially Correlated Keyhole MIMO Channels

5.1 Introduction

The MIMO spatial channel alters the statistical properties of the modulated signal, which
makes AMC a challenging task. It is, therefore, necessary to cancel the channel mixing effect
prior to AMC. It is observed in the literature that the most of the existing MIMO blind channel
estimation techniques such as the JADE [31] and the constant modulus algorithm (CMA) [29,
30], require the channel matrix to be of full rank. The majority of the AMC algorithms for
MIMO systems have considered the rich scattering environment that offers a full rank channel
matrix [[1,/15,17-28]]. In practice, MIMO systems can also operate in an insufficient scattering
environment, which can lead to a rank deficient channel [14,46,47,49,50,/52,56,(7/4]]. For
example, one may consider a scenario where a user device located indoor, transmits signals
to a cell tower. The opaqueness of building walls to the signal transmitted by the user device
allows the most of the signal energy to pass through keyholes like windows, doors etc [14].
The presence of a keyhole is also possible in outdoor scenarios, even under a rich scattering
environment [50]]. It can happen when the ring of scatterers around the transmitter and the
receiver is small compared to the distance between the transmitter and the receiver. Therefore,
rich scattering is only a necessary but not sufficient condition for full rank MIMO channels. A
rank deficient channel, such as a keyhole channel can severely degrade the AMC performance.
The entries of such a spatial channel matrix are no longer single Rayleigh distributed. It is
shown in [46]] that these channel entries are double Rayleigh distributed. Such low rank channel
models have poor fading statistics because a double Rayleigh channel fades more than a single
Rayleigh channel [75]]. In addition to the keyhole effect, correlated transmitting and receiving
antennas also affect the AMC performance [14]. The antenna correlation is attributed to the
inadequate physical separation between antenna elements.

This chapter addresses the problem of AMC over a spatially-correlated keyhole MIMO
channels. We propose a novel algorithm, namely the direct modulation recognition (DMR)
algorithm, which is capable of classifying the lower order PSK constellations, namely BPSK,
QPSK and OQPSK. The proposed algorithm employs the ratios of HOCs derived from the

received signal and its backward difference as AMC features. These features are chosen so that
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the contributions of the channel-coefficients are cancelled. Thus, the DMR algorithm does not
require the CSI at the receiver.

The rest of the chapter is organized as follows: Section 5.2 presents the system model. The
investigation of the fourth-order zero-conjugate cumulant based AMC algorithm over MIMO
keyhole channels is presented in Section 5.3. Section 5.4 presents the proposed AMC method.
The simulation results and the evaluation of the proposed method are presented in Section 5.5.

Finally, a summary is presented in Section 5.6.

5.2 System Model

Consider a spatial multiplexing MIMO system with Ny transmitting and Ny receiving an-

tennas as discussed in Chapter 1. The received signal model can be written as

y(k) = Hx(k) + n(k), (5.1

where x(k) = [x;(k)...xy,(k)]" is an Ny X 1 transmitted signal vector, y(k) = [y;(k)...yn,(k)]"
is an N x 1 received signal vector, p(k) = [17;(k)...7n,(k)]” is an Ng X 1 vector of circularly
complex white Gaussian noise with variance 0'§ and H is an N X Ny complex channel matrix.
It is generally assumed that the transmitter and the receiver are surrounded by quasi-static
local scatters [49], leading to an uncorrelated Gaussian channel. Therefore, the channel coef-
ficients in H can be modelled as i.i.d.complex Gaussian random variables. However, in some
practical scenarios, the signal transmitted by a MIMO transmitter has to pass through a keyhole.
The MIMO keyhole channel is described next.
5.2.1 MIMO Keyhole Channel
Figure 5.1 shows a MIMO system in the presence of a keyhole. The channel matrix of a

MIMO keyhole channel can be represented as [49]

gidi &dy - gy di
gidy  gdy - gnd

H1:dgT: 1d> 2d> Npd2 ’ (5.2)
8 ldNR gszR gNTdNR
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([
® - Np
Figure 5.1: A MIMO system with keyhole

where d = [d; ...dNR]T is the Ng X 1 channel gain vector between the keyhole and the receiver
and g = [g;...gn, 17 is the Ny X 1 channel gain vector between the transmitter and the keyhole.
The rank of Hj is one. The amplitude of each element of H; is double-Rayleigh distributed [46].

The probability density function (PDF) of double-Rayleigh variable is given by [[75].

2
ﬂﬂ=§ﬁﬁ£% (5.3)

where K;(.) denotes the zeroth-order modified Bessel function of the second kind and o repre-
sents the average power of each channel path. A double Rayleigh channel fades more than the
standard Rayleigh channel. The PDFs of Rayleigh and double-Rayleigh random variables are
plotted in Fig. 5.2.

After incorporating the spatial correlation, the channel matrix H of a spatially correlated

MIMO channel is given by

H = 6\°H,6!" (5.4)

T °

where 6 and 67 are the receiver and the transmitter correlation matrices. The exponential
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5.3 Investigation of the Fourth-Order Zero-Conjugate Cumulant based AMC technique over

MIMO Keyhole Channels
1
0.87
u— === ouble Rayleigh
o
o
0.4
0.2
0 L L
0 1 2 3 4

fading amplitudes
Figure 5.2: PDFs of Rayleigh and Double-Rayleigh Channel Amplitude

antenna correlation model is considered for this investigation.
5.3 Investigation of the Fourth-Order Zero-Conjugate Cumulant based
AMC technique over MIMO Keyhole Channels

Swami et al., in [4], reported that different digitally modulated signals exhibit distinct
fourth-order cumulant values. The fact that the fourth-order cumulants offer resistance to the
Gaussian noise makes them attractive AMC features. In [15]], Muhlhaus et al. proposed a fourth-
order zero-conjugate cumulant (FZC) based AMC algorithm over an uncorrelated Rayleigh
MIMO channel. Here, we investigate the performance of this algorithm over a spatially corre-
lated MIMO keyhole channel. For this investigation, we consider two modulation types, namely
BPSK and QPSK. These two modulation types are indexed by M = 1 and 2 respectively. The
algorithm involves following steps [|15]:

Step 1: Equalize the received signal (using ZF or JADE) y(k) to obtain N7 transmitted
streams X;, j = 1,...,Nr .
step 2: Estimate the 4”-order zero-conjugate cumualnt from &;, j = 1, ..., N7.

Step 3: Combine the cumulant estimates as

S (snr*Can(R,)

N
Zji](snrj)z

(5.5)

f=
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where snr; is the SNR of the jth path.
Step 3: Decide M* as
M = argmin(lf— ™). (5.6)
M=12

where fM is the theoretical FZC value for the M" modulation type.

Although the algorithm performs very well under a rich scattering environment, it performs
poorly in the presence of a keyhole. This is because under the keyhole condition both the ZF and
JADE equalizers fail to equalize the received signal. This is validated by the simulation results
presented in Fig. 5.3 and Fig. 5.4. We refer the above technique as ZF-FZC if the employed
equalization technique is ZF. If the employed equalization technique is JADE, we refer it as
JADE-FZC. For the simulation, the number of transmitting and receiving antennas were set at
Nr = 2 and Ny = 4, respectively. For each trial, we generated a random channel matrix and a
random source message. For each SNR value, 3000 Monte Carlo simulations were performed

to calculate the average probability of correct classification Pc.

Table 5.1: Fourth-Order Zero-Conjugate Cumulant Values for BPSK and QPSK

M ™
1 -2
2 1

5.3.1 Effect of a Keyhole on Channel Equalization

The equalized signal at the ZF equalizer output can be written as

y(k) = HH)"H Hx(k) + HTH)"'"H (k) (5.7)

= X(k) + z(k),

where z(k) = (HYH)"'"H"” (k).

The total noise variance at the ZF equalizer output can be written as [14]
o, = Neo, Tr[(HH)™]. (5.8)

As stated earlier, the rank of the keyhole channel is one. It is clear from Eqn. 5.8 that the noise

amplification takes place at the ZF output whenever the rank of HH is low [14]. When N = 1
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Figure 5.3: P¢ versus SNR for ZF-FZC with Ny = 2, Ng = 4, N = 2000 and |pg| = |or| =0
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Figure 5.4: Pc versus SNR for JADE-FZC with Ny =2, Ng =4, N = 2000 and |pg| = |or| =0

, the channel model becomes akin to the keyhole or pinhole MIMO channel. Therefore, the ZF

equalizer suffers from noise amplification under the keyhole condition. The JADE technique

70]6)
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the separation of independent components [31] .

5.4 Proposed AMC Method

Before going into the details of the proposed AMC algorithm, we revisit two important
properties of the cumulants which will be useful in deriving the proposed cumualnt features:

1) Additive Property : If y;(k) and y,(k) are two independent random processes and y(k) =
y1(k) +y,(k), then the n™ order m conjugate cumulant of y(k) is the sum of individual cumulants
of y1(k) and y,(k) i.e.

Com(Y(K)) = Cpm(y1(K)) + Cppyu(y2(k)). (5.9)

2) Scaling Property : if y(k) = ax(k), then n" order m conjugate cumulant of y(k) is given as
Com(y(k)) = a""(@")" Cppju(x(K)). (5.10)
Now, consider a received signal at the k™ instant at the i receiving antenna as
vi(k) = hjyx1(k) + hipxa(k) + ... + hin, xn, (k) +1i(k), i = 1, ..., Ng. (5.11)
The backward difference of y;(k) gives
Vyi(k) = hiyy Vxi(k) + ... + hin, Vxn, (k) + Vi(k) (5.12)

where Vx;(k) = x;(k) — x;(k — 1) and Vn;(k) = n;(k) — n:(k — 1).
Using the additive and the scaling properties of the cumulants given by Eqn. 5.9 and Eqn.
5.10 respectively, the n” order m conjugate cumulant of y;(k) and Vy;(k) are respectively given

as
Comi(k)) = By (hy )" Cogn (X1 (K)) + .. + M (hiy, )" Con (X, (K)) + Crou(mi(k)) - (5.13)

and

Cormn(Vyi(k)) = hiy™ (i )" Corn (Vo1 () + ...+ Mg (i, )" Cogn (g (K)) + Cog(Vii(K)). (5.14)
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As x;(k),...,xy, (k) belong to the same modulation constellation, we have C,,,,(x1(k)) = ... =
Com(xn, (k) and C,, (VX1 (K)) = ... = Cpu(Vaxy, (k). Note that C,, ,(7:(k)) = Cppn(Vii(k)) = 0,

for n > 3. Therefore, we can rewrite the Eqns. (5.13) and (5.14) respectively as

Com(yi(k)) = (R " (h;)™ + ... + iy (i, )™ Cm(x1(K)) (5.15)
and

Com(Vyi(k)) = (hiy™" (i)™ + .. + By (i, )™) Cro (VX1 (K)). (5.16)

1

Taking the ratio of C,,,(Vy;(k)) and C,,(y:(k)),we obtain

Com(VyiK)) _ Com(VX1(K))
Comitk)) — Com(x1(k))

, provided C, ,,(x,(k)) # 0. 5.17)

It is clear that the above ratio is capable of cancelling out the contribution of the channel coeffi-
cients. We analyse this ratio for the 4”-order and 6™-order cumulants for the modulation types
BPSK, QPSK, OQPSK and 16-QAM. We derive this ratio analytically for the BPSK, QPSK,
OQPSK and 16-QAM signals. These values are tabulated in Table 5.2. One can note from
Table that this ratio exists for 4”-order zero conjugate, 4”-order two conjugate, 6”-order one

conjugate and 6”-order three conjugate cumulants.

Table 5.2: Ratio-cumulant values of RV x (associated with transmitted data sequence x(k)) for different
modulation types

Modulation Type Cyo(Vx) Cp(Vx) Ce1(Vx) Ce3(Vx)
Cao(x) Ca(x) Ce1(x) Ce3(x)
BPSK 2 2 2 5
QPSK 2 2 2
OQPSK 2 0 1.5 0.5
16-QAM 2 2 2
. Ces(Vx) . . .
It is observed from Table 5.2 that ———— is distinct for BPSK, OQPSK and QPSK (or
63X
Cp(V
16-QAM) and 2(V) is distinct for BPSK (or QPSK or 16-QAM) and OQPSK. The details

42\ X
of derivation of these ratios are presented next.

Consider a BPSK signal x, (k) at an instant k. The 6”-order three-conjugate cumulant and the

TH-2361 12 é{’é—%ggr two-conjugate cumulant of RVs x; (associated with transmitted data sequence x;(k))
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and Vx; (associated with data sequence Vx;(k)) are given by

Ce3(x1) = E(1x11°) = 9E(IxiPE(Ix1[*) + 12|1E(x))*PE(1x1 )

+ 12(E(lxi )’
_1 6 _ 116y _ l 2 _ 112 1 4 _ 14 l 2 —_1\2y2
= 5+ 1= 1) = 9G A+ [ =IO A" + | = 1) + 12(7(17 + (=)D

(%(12 +]=1P) + 12(%(12 +|=1P)° =16, (5.18)

Ce3(Vx1) = E(Vxi[®) = 9E(Vxi P)E(Voxi[*) + 12IE(VADPE(Vax )
+ 12(E(IVx )
1

= L—‘(Z6 +1-2°) - 9(411(22 +| = 2|2))(i(24 +1=21%) + 12(&(22 +(=2HP)  (5.19)

G2 +1-27) + 12G:@2* + | - 2P)) = 80,

Ca(xy) = %(14 + (=% - I%(l2 +(=1)P)P - 2(%(|1|2 +=1P))* = -2 (5.20)

and

Cpn(Vx)) = i(z“ +(=2)h - 1i|22 + (=2 - 2(}1(|2|2 +1=2P)% = -4. (5.21)

6
Now, incorporating the above cumulant values in Eqn. 5.17, we obtain

Cp(Vx)) -4

=— =2 5.22
Cp(x) -2 (5-22)
and
Ce3(Vx;) 80
AR Y 5.23
Ce3(x1) 16 (5-23)

For a QPSK signal x,(k), the 6”-order three-conjugate cumulant and the 4"-order two-

conjugate cumulant of RVs x; (associated with transmitted data sequence x,(k)) and Vx;, (asso-
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ciated with data sequence Vx,(k)) are given by

Contn) = 7+ 1= 11+ + 1= i) =9 (12 + | = 1P + i+ = iP)) (5.24)
GO+ = T+ 1= i) + 120302+ (12 + (P + (P)P)

1 1
(4_1(12 = 1P+ il + 1= i) + 12(1(12 + = 1P+ i+ 1= i) = 4,

Ce3(Vxy) = 11—6(26 + =208+ 121° + ] = 2i°) + %(u +il =i+ =1 =i+ =1+
—9(%(22+|—2l2+|2i|2+|—2i|2)+%(ll+ilz+|1—i|2+|—1—i|2+|—1+i|2))
(1—16(24+|—2|4+|2i|4+|—2i|4)+%(ll+i|4+|1—i|4+|—1—i|4+|—1+i|4))

+ 12(%(22 +(=2)% + 20 + (=20)H) + %((1 +i+ (1 =i+ (=1 =)+ (=1 +D)H)
(1—16(22+|—2|2+|2i|2+|—2i|2)+é(ll+i|2+|1—i|2+|—1—i|2+|—1+i|2))+12
(1—16(22+|—2|2+|2i|2+|—2i|2)+%(ll+i|2+|1—i|2+|—1—i|2+|—1+i|2))3:8,

(5.25)

1 1
Cilxy) = Z(l4 +( =1+t + =i - El(l2 + (=1 + () + (=)
(5.26)

|
= SUIP = 1P P =i = -1

and
1 1
Ci(Vxy) = qur‘ + =2+ 20 + | - 2i%) + g(” +it+ =i+ =1+ =1=iY
1 1
- |1—6(22 +(=2)% + 2% + (=20 + g((l +)2+ (=) + =1+ +(=1-D)HP

1 1
- 2%('2'2 = 2P + 20 + | - 2i%) + g(” +iP+ =i+ =1+ +]-1-i)?

=-2.
(5.27)
Now, incorporating the above cumulant values in Eqn. 5.17, we obtain
\Y 2
ColVm) _ 2 _, (5.28)
Cp(x) -1
and
Ce3(Vxy) 8
= -~ =2, (5.29)
Ce3(x2) 4
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For an OQPSK signal x3(k), the 6”-order three-conjugate cumulant and the 4”-order two-
conjugate cumulant of RVs x3 (associated with transmitted data sequence x3(k)) and Vx; (asso-

ciated with data sequence Vx;3(k)) are given by

1 . . 1 ) ;
Cea(x3) = Z<16 = 1+ i+ =% - 9(1(12 +] = 1P+ i+ =) (5.30)
1 . ) 1 . .
(1(14 + =1+ =) + 12(11(12 +(=1)% + (@)* + (=)HP)
1 . . 1 J .
(1“2 +] = 1P+ i + = iP) + 12(1(12 + = 1P+ i + = i) = 4,

1 1
Ce3(Vx3) = g(” +i+ 1= +|-1-i°+]-1 +i|6)—9(§(|1 L | [
1
+|—1—i|2+|—1+i|2))(§(|1+i|4+|1—i|4+|—1—i|4+|—1+i|4))
1 1
+ 12(|§((1 +)2+ A=)+ (=1=-0)+(-1+ i)2)|2)(§(|1 +i* + 1 —dP (5.31)
1
+|—1—i|2+|—1+i|2))+12(§(|1+i|2+|1—i|2+|—1—i|2+|—1+i|2))3
= 2,
1 . ! 1 . .
Ci(x3) = = + (| = 1 + liI* + | = i) = —=|(1% + (=1)* + () + (=i)*
4 16
| (5.32)
- g(lll2 + = 1P+ i+ =i = -1
and
1 04 4 04 4 1 2 w2 w2
C42(Vx3):§(|1+z| +|1 =i +|-1+i"+|-1-1 )—|§((1+1) + (1= +(-1+9)

1
+ (-1 —i)2)|2—2(§(|1 +iP+ =i+ =1+ +|-1-i))*=0.

(5.33)
Now, incorporating the above cumulant values in Eqn. 5.17, we obtain
Cs(Vx3) 0
—=—=0 (5.34)
Ca(x3) -1
and
Ce3(Vxs) 2
——=-=05. (5.35)
Ce3(x3) 4

Based on above discussion, we propose to employ the following cumualnt feature vector to

classify BPSK,QPSK and OQPSK:
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u = [uy, uy] (5.36)
where
_ Ce(Vx)
u = ———=
Ce3(x)
and
_ Cp(Vx)
Uy = .
Ca(x)

For the considered modulation types, u” is given as

[5,2], M =1
u =0 22, M=2 (5.37)
[0.5,0], M = 3

where M = 1,2 and 3 represents the modulation formats BPSK, QPSK and OQPSK respec-

tively. Now, the proposed cumulant vector can be estimated as

o = [0y, ] (5.38)
where
Ne 4
R Ce3(Vy;
i = M (5.39)
Zi:Rl C63 (yz)
and

—
K Cp(Vy;

o = M_ (5.40)
2is Caa(yy)

The fourth and sixth order cumulants are estimated using the following equations:

. 1 < 1 & 1 &
Caaly) = 5 D 0l =15 D kP =205 > buoP), (5.41)
k=1 k=1 k=1
5 1 < 1 < 1 &
Caa(Vy) = 5 DIV = |5 D ((V3iFF =2 ) IVnoP), (5.42)
k=1 k=1 k=1
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. RS . 1 & E A 1 & -
Coly) =~ ; 0l =9 kz; ikl )(N; ikl + 1201 ;@i(k» )

N N (5.43)
1 2 1 253
(7 2o WP +12(55 > Py
k=1 k=1
and
1 & 1& 1 & 1 <
Caa(Vy) = 5 DIV =9 > IR > IVyikl) + 120 > (k)P
k=1 k=1 k=1 k=1
L L (5.44)
— D Vi) + 12(= > [Vyk)P)> .
(N;| VioR) + (N;| Y0P
The detected modulation class M* is given by
M = argmin(|[@” — u™|)). (5.45)

M=1,23
5.5 Simulation Results and Discussion

A set of experiments were carried out to evaluate the performance of the proposed method
through the Monte-Carlo simulation. The performance of the proposed classifier is analysed by
calculating the average probability of correct classification P against a range of SNRs. For the
simulation, the number of transmitting and receiving antennas were set at Ny = 2 and Ng = 4
respectively. The modulation types considered for the classification were BPSK, QPSK and
OQPSK. For each SNR value, 3000 Monte Carlo simulations were performed to calculate Pc.
For each trial, we generated a random channel matrix and a random source message. We illus-
trate the effects of sample length (V), SNR and antenna correlation on the proposed algorithm
next.

5.5.1 Performance Comparison of the DMR Technique and the JADE-FZC Technique

Fig. 5.5 shows P versus SNR for the JADE-FZC technique and the DMR technique over
a correlated keyhole channel. Fig. 5.6 shows the same over a correlated Rician channel. The
modulation types considered for classification were BPSK and QPSK. One can note that the

DMR technique outperforms the JADE-FZC technique in both the scenarios. For instance,
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1
o \ —&—-JADE-FZC
a” 0.7r A
0.6 —-DMR ]
0.5 =) =) B B =) =) B =) =) £]
0.4 1 1 1 1
0 2 4 6 8 10
SNR (dB)
Figure 5.5: P¢ versus SNR for JADE-FZC and DMR over a Keyhole channel with N = 2000 and
lorl = lorl = 0.5

—&-JADE-FZC

0.6 1
—-DMR
C
0.5 1 1 1 1
0 2 4 6 8 10
SNR (dB)
Figure 5.6: P¢ versus SNR for JADE-FZC and DMR over a Rician channel with N = 2000, K = 10 and
lorl = lor| = 0.5
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at an SNR value of 6 dB, the DMR technique attains P-=0.9000 for N = 2000 and |pg| =
lor| = 0.5 while for the same antenna correlation value and sample length, the JADE-FZC
technique attains P-=0.5000 at an SNR value of 6 dB. Under correlated Rician channel, the
DMR technique attains P-=0.9482 at an SNR value of 6 dB for N = 2000, |pg| = |or| = 0.5 and
K = 10 while for the same antenna correlation, sample length and Rician factor, the JADE-FZC
technique attains P-=0.7682 at an SNR value of 6 dB.

5.5.2 Effect of Antenna Correlation on the Performance of the DMR Technique

Figs. 5.7-5.9 show the effect of antenna correlation on the DMR technique over a Rayleigh
Channel and Figs. 5.10-1.12 show the same over a keyhole Channel. It can be observed that
with an increase in the antenna correlation value, there is a decrease in P.. For instance, with an
SNR value of 5 dB and N = 2000 , the DMR technique attains P-=0.9692 for |pg| = |o7| = 0.5,
while for the same SNR and sample length, it attains P-=0.9309 for |og| = |or| = 0.7 over a
Rayleigh channel. Table 5.3 shows P for different antenna correlation values with an SNR
value of 7 dB and N = 2000 over the Rayleigh channel. Under the keyhole channel, with an
SNR value of 7 dB and N = 2000, the DMR technique attains P-=0.8882 for |pg| = |or| = 0.5,
while for the same SNR and sample length, it attains P-=0.8537 for |og| = |por| = 0.7. Table
5.4 shows P for different antenna correlation values with an SNR value of 7 dB and N = 2000
under keyhole channel. The decrease in P~ with an increase in the antenna correlation value
is attributed to the reduced diversity gain as a correlated low rank channel model yields only
receiver array gain.

It is noted that with an increase in SNR, P improves. For instance, under the Rayleigh
Channel, the DMR technique attains Pc = 0.8214 at an SNR value of 2 dB for N = 2000 and
lorl = lpr| = 0.5, while for the same sample size and the antenna correlation value, it attains
Pc = 0.9692 at an SNR value of 6 dB. Table 5.5 shows P attained by the DMR technique
at different SNRs for N = 2000 and |pg| = |or| = 0.5 under the Rayleigh channel. Under
the Keyhole Channel, the DMR technique attains P = 0.7337 at an SNR value of 2 dB for
N = 2000 and |pg| = |or| = 0.5, while for the same sample size and the antenna correlation

value, it attains Pc = 0.8658 at an SNR value of 6 dB. Table 5.6 shows P attained by the
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DMR technique at different SNRs for N = 2000 and |pg| = |or| = 0.5 under the Keyhole
channel. It is also noted that with an increase in the sample size, P improves. For instance,
with an SNR value of 5 dB and |pg| = |o7] = 0.5, the DMR technique attains P- = 0.9246
for N = 1000 under the Rayleigh channel, while at the same SNR and the antenna correlation
value, it attains Pc = 0.9749 for N = 4000. Table 5.7 shows P attained by the DMR technique
with an SNR value of 5 dB and |pg| = |pr| = 0.5 for different sample lengths under the Rayleigh
channel. Under the keyhole channel, with an SNR value of 5 dB and |og| = |pr| = 0.5, the
DMR technique attains P = 0.8033 for N = 1000, while at the same SNR and the antenna
correlation value, it attains Pc = 0.8736 for N = 4000. Table 5.8 shows P attained by the
DMR technique with an SNR value of 5 dB and |pg| = |o7r| = 0.5 for different sample lengths
under the Keyhole channel. The increase in P with an increase in SNR and N is attributed to
the fact that the accurate estimation of the cumulants depends on SNR and N. The higher the

SNR and N, the cumulant estimates are closer to the theoretical values [4].

Table 5.3: P¢ attained by the DMR technique with an SNR value of 7 dB and N = 2000 for different
antenna correlation values (|o| = |or| = |or|) in a correlated Rayleigh channel

lol Pc

0 0.9825
0.5 0.9720
0.7 0.9391
0.9 0.8221

Table 5.4: Pc attained by the DMR technique with an SNR value of 7 dB and N = 2000 for different
antenna correlation values (|o| = |or| = |or|) in a correlated keyhole channel

lol Pc

0 0.9071
0.5 0.8882
0.7 0.8537
09 0.7430
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Table 5.5: P attained by the DMR technique at different SNRs for N = 2000 and |pg| = |o7| = 0.5 in
a Rayleigh channel

SNR (dB) | P¢

2 0.8214
4 0.9476
6 0.9692
8 0.9768

Table 5.6: P¢ attained by the DMR technique at different SNRs for N = 2000 and |pg| = |or| = 0.5 in
a keyhole channel

SNR (dB) | Pc
2 0.7337
4 0.8122
6 0.8658
8 0.9059

-e-IpTI =| pRI =0

lpyl=l pgl=05
~-lpl =l ppl =07
—a-lpl =l ppl=09

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

Figure 5.7: P¢ versus SNR for the DMR technique in a correlated Rayleigh channel with N = 1000

Table 5.7: P attained by the DMR technique with an SNR value of 5 dB and |pg| = |or| = 0.5 for
different sample lengths in a Rayleigh channel

N Pc
1000 0.9246
2000 0.9597
4000 0.9749
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Table 5.8: Pc attained by the DMR technique with an SNR value of 5 dB and |pg| = |or| = 0.5 for
different sample lengths in a Keyhole channel

N Pc
1000 0.8033
2000 0.8405
4000 0.8736
1 I A A N N D 0 T 0 T n 0 " 0 Y 4\
5 :’"-n—"-','-','-"-"-"-"-"-"-"-"-"— A
0.95 - % = 5 O—0—0—0—0—0—0—00—90—90—0 )
7 5V
0.9 [ ;( B
7 n——a—t—g—H—H
0.85 - 9 g EE ) f
0.8¢ % 7 ]
v s i
a” 075¢ ¢ % ~o-lpyl=l ppl=0
0.7 7 I l= h
! ~k-lpyl =l ppl=05
0.65 2 -lpgl =l pgl =07 |
0.6 A ]
- -E-IpTI =| pRI =09
B ke -
0.5 | | | | | | | | |

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

Figure 5.8: P¢ versus SNR for the DMR technique in a correlated Rayleigh channel with N = 2000
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Figure 5.9: Pc versus SNR for the DMR technique in a correlated Rayleigh channel with N = 4000
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Figure 5.10: P versus SNR for the DMR technique in a correlated Keyhole channel with N = 1000
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Figure 5.11: P versus SNR for the DMR technique in a correlated Keyhole channel with N = 2000
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Figure 5.12: P versus SNR for the DMR technique in a correlated Keyhole channel with N = 4000
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5.6 Summary

This chapter addressed the problem of AMC over correlated Keyhole MIMO channels. A
novel algorithm, namely DMR, was proposed to distinguish the modulation types BPSK, QPSK
and OQPSK. The proposed algorithm employed the ratios of HOCs derived from the received
signal and its backward difference as AMC features. These features were chosen so that the
contributions of the channel-coefficients are cancelled. Thus, the DMR algorithm does not
require the CSI at the receiver. The simulation results showed that the proposed method per-
formed satisfactorily under the keyhole channel. For instance, with an SNR value of 4 dB,

N =2000,Nr = 2, Ng = 4 and |pg| = |or| = 0.5, the proposed method attained P = 0.9476.
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6. Automatic Modulation Classification over a Correlated MIMO Amplify and Forward
(AF)-Relay Fading Channel

6.1 Introduction

In the previous chapter, we discussed that MIMO systems can operate in an insufficient
scattering environment, which can lead to a rank deficient channel. A rank deficient channel,
such as a keyhole channel severely affects the AMC performance. It is necessary to cancel the
channel mixing effect prior to AMC as the MIMO spatial channel alters the statistical properties
of the modulated signal. A keyhole channel makes AMC a challenging task as the existing blind
channel equalization techniques such as the JADE algorithm [31] and the constant modulus
algorithm (CMA) [29,30] require the channel matrix to be of full rank.

It is reported in [54} 58], that cooperative relaying is an attractive solution to overcome the
rank deficiency of MIMO channels. These cooperative relays (CRs) act as active scatterers,
which eventually turns the keyhole channel into a multi-keyhole channel [53]. The use of
relay networks offers throughput enhancement, power reduction and network coverage [[53-61]].
There are two popular relaying strategies. They are : 1) decode-and-forward (DF)- the relays
decode the received signals then re-encode before retransmitting and 2) amplify-and-forward
(AF)- the relays apply linear signal processing to the signal before forwarding [76]. The AF
relaying technique provides lower baseband complexity and fast signal processing as it does not
require to decode the received signal. Additionally, in heterogeneous networks, where many
nodes of diverse complexity and different standards exist, the AF relays are more suitable [76].

This chapter addresses the AMC of MIMO signals over an AF-relay fading channel. We
propose an AMC method, namely relay assisted (RA)-AMC, which is capable of classifying
a pool of modulation types, namely BPSK, OQPSK, QPSK, 7-QPSK, 8-PSK and 16-QAM.
The proposed method involves two steps. In the first step, the method employs a cumulant
feature vector derived directly from the received signal to distinguish BPSK, OQPSK and the
sub-pool Q1 = {QOPSK,7 — OPSK,8 — PSK,16 — QAM} as a whole. This cumulant feature
offers resistance against noise amplification which occurs in a correlated AF-relay system. In
the second step, it employs a cumulant feature vector derived from the equalized signal to
distinguish the modulation types in Q.

The rest of the chapter is organized as follows: Section 6.2 presents the system model.
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Section 6.3 presents the proposed AMC method. The simulation results and the evaluation of
the proposed method are presented in Section 6.4. Finally, a summary is presented in Section
6.5.

6.2 AF- Relay Assisted MIMO System

SOURCE DESTINATION

RELAYS

Figure 6.1: Cooperative Relay Assisted MIMO System

Consider a two-hop MIMO relay communication system shown in Fig. 6.1. The system
consists of a source node equipped with N7 antennas, N¢ parallel relay nodes, each equipped
with a single antenna, and a destination node equipped with N antennas. The relays act as
active scatterers. We assume that there is no direct communication link between the source and
the destination. For instance, there may be no direct communication link when the distance
between the source and the destination is large or the location of destination is inside a building
and the location of source is outside the building [77]]. The communication between the source
and the destination takes place over two time slots. In the first time slot, the AF-relay nodes
receive the signal transmitted by the source node and process the received signals. In the second
slot, the relay nodes simultaneously forward the processed data to the destination node. During
the second time slot, the source node remains idle. The received signal at the destination can be
written as [53]]

y = 6;"H,GH.0,°x + g)) + g, (6.1)

where X = [x;...xy,]7 is an Ny X 1 transmitted signal vector, H, is an Nz X N¢c complex
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channel matrix between the CRs and the destination , H, is an N¢ X Ny complex channel matrix
between the source and the CRs, 8 and 67 are the correlation matrices of the destination and
the source, respectively, G is an N¢ X N¢ gain matrix, and g, and g, are complex Gaussian
noise vectors contributed by the CRs and the receiver, respectively. We assume that the gain of

each CR is constant and is normalized to the number of CRs N¢. The gain matrix is given as

1
\/]TCINCXNC O

In the absence of the relay noise and antenna correlation, the equivalent channel matrix H

G =

(6.2)

can be written as [56,(78,/79]
1

VNc

where the channel coefficients of both (H)y,xn. and (H;)y.xn, are i.1.d and follow a circu-

H=

H,H,, (6.3)

larly symmetric complex Gaussian distribution with zero-mean and unit variance.

Suppose
aig aip o Aing
az; dyp - dang
H, = (6.4)
ANzl ANg2 " ANgNe
and
by by -+ by
byy by - by,
H, = | (6.5)
by by 0 byeny
Then Eqn. 6.3 can be rewritten as
hy  hi - iy,
hyy  hy -+ hy
H-= (6.6)
hNRl hNRZ e hNRNT
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where

1 &
hi; = > awbyi=1,...Ngand j=1,...Ny. (6.7)
k=1

VNc £

Using central limit theorem, one can note that the 4;; is complex Gaussian distributed for large
N¢. Thus, the magnitudes of channel coefficients of H follow single Rayleigh distribution [[79].

Furthermore, the condition for attaining full rank is given as [61},[80]]
Nc = min(Ny, Ng). (6.8)

In addition to spatial fading, the spatial correlation also affects practical MIMO systems.

For this investigation, we consider the exponential antenna correlation model.

6.3 Proposed AMC Algorithm over AF-Relay Fading Channel

A pool of six modulation types Q = {BPSK,OQPSK, OPSK,7 — OPSK,8 - PSK, 16 —
QAM} is considered for classification in this investigation. These modulation types are indexed
by M =1,2,3,4,5 and 6, respectively.

Traditionally, the FB-AMC algorithms for MIMO systems involve three steps. First, the
received signal is equalized to mitigate the channel mixing effect. In the second step, features
are extracted from the equalized signal and finally, these features are subjected to a classifier
that distinguishes the modulation type. The HOMs and HOCs are widely employed AMC
features for MIMO systems. Swami et al., in [4], reported that different digitally modulated
signals exhibit distinct 4”-order cumulant values. The robustness of 4"-order cumulants against
Gaussian noise makes them attractive AMC features. In [15]], Muhlhaus et al. proposed an AMC
algorithm based on 4" -order cumulants over uncorrelated MIMO channels.

The accurate estimation of the 4"-order cumulants depends on SNR of the equalized signal
[4]. However, in an AF-MIMO relay network, the equalizer suffers from both the relay noise
amplification and the noise amplification due to antenna correlation [[14}/18,55]]. As a result, the
AMC performance will be affected.

It will be useful if we are able to make the AMC classifier naturally resilient against chan-

nel conditions. In the previous chapter, we proposed an algorithm, namely DMR, with such
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resilience. It is capable of classifying the modulation types BPSK,QPSK and OQPSK. In the
DMR algorithm, the ratios of HOCs derived directly from the received signal and its backward
difference are used as the AMC features. These features are chosen so that the contribution of
the channel-coefficients is cancelled. Thus, the DMR algorithm avoids the equalization opera-

tion. The feature vector employed by the DMR algorithm is given by

u” = [uy, uy], (6.9)
where
. _ Ca(Va(k))
()
and
- Cp(Vx(k))
27 Ca(xk))

For the considered modulation types, u” is given as

(5,2, M = 1
[.5,01,M =2

u = S Gl : (6.10)
[2,2],M = 4
[2,2,M =5
[2,2],M =6

uM is distinct for BPSK, OQPSK. Thus, u" can distinguish BPSK, OQPSK and the sub-pool
0, = {OPSK, g —QPSK,8—PSK,16—QAM} as a whole. The previous chapter showed that the
DMR algorithm outperforms the equalizer based JADE-FZC algorithm in classifying the BPSK,

OQPSK and QPSK signals over the correlated keyhole channel. In an AF-MIMO relay network,
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the equalizer suffers from both the relay noise amplification and the noise amplification due
to antenna correlation. Therefore, in an AF-MIMO relay network, the DMR algorithm has
potential to perform better for the same AMC task as it avoids the equalization operation.

In this work, we propose to employ u™ to distinguish BPSK, OQPSK and Q;.
6.3.1 Feature Selection for Distinguishing the Modulation Types in O,

The following points are considered for selecting the features to distinguish the modulation
types in Qy:
1) Consider the 4”-order cumualnt features flM = Cyo(x(k)) and fZM = Cyp(x(k)) [4]]. The

theoretical values of f; and f;” for the considered modulation types are given by

I,M=3
0,M =4
i = (6.11)
o,M=5
—0.68,M =6
and
-1,M=3
—1,M=4
= . (6.12)
~“1I,M=5
-0.68,M =6

The feature flM 1s distinct for QPSK, 8-PSK and 16-QAM. It is not distinguishable for
7-QPSK and 8-PSK. The feature fZM is distinct for QPSK and 16-QAM. However, it is not
distinguishable for QPSK, 7-QPSK and 8-PSK. In the case of discriminating QPSK and 16-
QAM, the classification performance of f;” is better than that of f".

(2) In chapter 3, we proposed a cumualnt feature f3M = Cyo(x(k)( x°(k) = xQ2k),k =
0,1,2,...) to distinguish 7-QPSK and 8-PSK. It may be mentioned that one can also employ
= Cao(x°(k)), x°(k) = x(2k+1),k = 0, 1,2, .... The theoretical values of f;” for the considered

modulation types are given by
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1,M=3
1,M =4
M = : (6.13)
0,M=5
~0.68,M =6

Based on above discussion, we select the features f;, £, and £} to distinguish the modu-

lation types in Q1. Concatenating ", £, and £}/, we get the feature vector

v= 1A B AN (6.14)

For the considered modulation types, v/ is given as

[1,-1,1],M =3
[0, _1’ 1]’M =4
vY = ) (6.15)
[0,-1,0],M =5
[—0.68, —0.68, —.68], M = 6

It is clear from above that v/ is distinct for the modulation types in Q;. Note that v/ can
not be obtained directly from the received signal as the channel affects the cumulant values.
Therefore, vM needs to be estimated from the equalized MIMO signal. In this work, we employ
the JADE equalization technique.

Based on above discussion, we propose an AMC method, namely RA-AMC, for an AF-
relay fading channel with u™ and v¥as feature vectors. The steps involved in the classification
are described below.

Step 1: Classification of BPSK, OQPSK and Q; using u”

Suppose @ = [iiy, il5] is the estimate of u. #; and i1, are obtained from the estimated HOCs

as follows:

3N Ces(Vy))
WW=———-

_ 6 (6.16)
S Coa(y,)
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and

i = = , (6.17)
Yt Canly))
where y; is the received signal vector at the i’ receiving antenna,
1 & 1 & 1 &
5o (V) = — (P —|— N2R — 2(— IA2N2 1
Cay) = ; ol =1 ;@mk» P - 2(5 ; VO, (6.18)
Ca®yy = L S ol -1 Yot -2k S oy, 619
l N k=1 l N k=1 l N k=1 l , .
1 & 1 & | & 1 &
Cos@) = 5 ) W0 =95 D i) D i) + 120 > 0i(k)F)

k=1 k=1 k=1 k=1 (6 20)

1 & | &
(= ) i®P) + 12(= ) yik)l*)?
and

. 1 . 1 o 1 . 1 & -
Cox(Vy) = ; Vil = 9 kZ‘ Vyi(k)| )(N; IVyior) + 1201 ;Wyi(k» )

(6.21)
1< 2 RN 2y3
(5 25 IVy0P) + 12( > 93k’
k=1 k=1
The detected modulation class M™* is given by
M* = argmin(|[t — u™])). (6.22)

M=123

Now, If the estimated M* = 3, the modulation type belongs to the pool Q; = {QPSK, ;—r —
QOPSK,8 — PSK, 16 — QAM}. To distinguish these modulation types, we go to step 2.

Step 2: Classification of QPSK, 7-QPSK, 8-PSK, 16-QAM using w1

Suppose ¥ = [fi />f3] is the estimate of v. f; f> and f; can be obtained from the 4"-order
cumulants estimated from the equalized signal.

LetX;, j = 1, ..., Ny denote the equalized signals corresponding to Ny transmitted streams.
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The 4" -order cumulant features are estimated from X ;as

. 1 < 1 <
cmm=NZ®®Wwwzmmﬁ% (6.23)
k=1 k=1
N
A e Ae 25\2
CaoX)) = 2}@»— N; #(0)) (6.24)
and
A s 1 S o 4 1 Z o 202 1 S o 2\2
Cak)) = 5 D IR = 155 D @OFF - 205 > 15M0PY, (6.25)
k=1 k=1 k=1

where X(k) = X;(2k),k = 0, 1,2, ....

As discussed in Chapter 3 a better classification results can be obtained by combining the
above cumulant estimates using the MRC technique. In MRC, the cumulant features are ob-
tained as the weighted sum of the cumulants estimated from N7 equalized signals [35]. Thus

the cumulant features are given by

f_zﬁ%aﬁp

(== (6.26)
27 1)
IV @, Cnk))
f2 = JZT’ (6.27)
14
and N
L 200 @iCa(XG)
h= = (6.28)
j=1 aj
where
snr;
;= p— (6.29)

snr; denotes the SNR of the j™ estimated stream and snr,.. = max(snry, snra, ..., snry,). The
snr; is obtained as
snrj = —_s (6.30)

where O'i_ is the power of equalized signal X; and o2 is the variance of transmit symbols. As
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the normalized constellation points are attained after equalization, we can assume o> = 1.

The estimates that are affected by high noise carry lower weights and the estimates that are
affected by low noise carry higher weights.

Now, the detected modulation class M™ is given by

M* = argmin(|[v — vM|)). (6.31)
M=3456

6.4 Simulation Results and Discussion

A set of experiments were carried out to evaluate the performance of the proposed method
through the Monte-Carlo simulation. For the simulation, the number of transmitting and re-
ceiving antennas were set at Ny = 2 and Ny = 4, respectively. For all the experiments,
we considered that the SNR over source-relays links (say SNRgr) and the SNR over relays-
destination links (say SNRgrp) were equal. The performance of the proposed classifier is anal-
ysed by calculating the average probability of correct classification P¢ for different values of
SNR (SNR=SNRgr=SNRgp). For each SNR value, 3000 Monte Carlo simulations were per-
formed to calculate the average probability of correct classification. For each trial, we generated
a random channel matrix and a random source message.

6.4.1 Classification Performance of the DMR technique and the JADE-FZC technique

A set of experiments were conducted to study the comparative performance of the DMR
technique and the JADE-FZC technique over an AF-relay fading channel. BPSK and QPSK
were the considered modulation types for classification. Figs. 6.2-6.5 show P versus SNR for
the JADE-FZC technique and the DMR technique over an AF- relay fading channel. One can
note that the DMR technique outperforms the JADE-FZC technique. For instance, the DMR
technique attains P = 0.9210 at an SNR value of 8 dB for No = 2 and |pg| = |or| = 0.5,
while the JADE-FZC technique attains P = 0.5427 at an SNR value of 8 dB for the same
values N¢, |og| and |or|. It is because the JADE-FZC technique suffers from both the relay
noise amplification and the noise amplification due to antenna correlation. On the other hand,
the DMR technique avoids the equalization operation. It employs a feature vector which is

obtained directly from the received signal. This set of experiments establishes the justification
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Figure 6.2: P versus SNR for JADE-FZC and DMR in the case of classifying BPSK and QPSK with
N = 2000, N¢c =2 and |pg| = |or| = 0.5

for the two step classification.
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Figure 6.3: P versus SNR for JADE-FZC and DMR in the case of classifying BPSK and QPSK with
N = 2000, N¢ =2 and |pg| = |or| = 0.7
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Figure 6.4: Pc versus SNR for JADE-FZC and DMR in the case of classifying BPSK and QPSK with
N = 2000, Nc = 5 and |pg| = |or| = 0.5
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Figure 6.5: P¢ versus SNR for JADE-FZC and DMR in the case of classifying BPSK and QPSK with
N = 2000, N¢c = 5 and |pg| = |or| = 0.7
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6.4.2 Effect of Number of Relays

In this set of experiments, we studied the effect of number of relays N on the proposed
method. The sample size considered for this set of experiments is N = 2000. The considered
values of N¢ for the investigation were 2, 4 and 10.

Fig. 6.6 shows P versus SNR in the case of classifying BPSK, OQPSK and Q; using the
feature vector u™ over an uncorrelated AF- relay fading channel for different values of No. Note
that there is an increase in P with an increase in N¢. For instance, with an SNR value of 12 dB
and N = 2000, the classifier with u¥ as feature vector attains Pc = 0.9638 for N = 2, while
at the same SNR and sample length, it attains P = 0.9827 for N = 10. Table 6.1 shows P¢
attained by the classifier with u as feature vector with an SNR value of 12 dB and N = 2000
for different values of Nc. It is clear from Table 6.1 that there is an increase in P- with an
increase in N¢. Fig. 6.7 shows Pc versus SNR in the case of classifying QPSK, 7-QPSK, 8-
PSK and 16-QAM using the feature vector v/ over an AF- relay fading channel for different
values of N¢. It is observed that P increases with an increase in Nc. For instance, with an SNR
value of 12 dB and N = 2000 , the classifier with v/ as feature vector attains Pc = 0.7732 for
N¢ = 2, while at the same SNR and sample length, it attains Pc = 0.9732 for No = 10. Table
6.2 shows P attained by the classifier with v as feature vector with an SNR value of 12 dB
and N = 2000 for different values of N¢. It is clear from Table 6.2 that P, increases with an
increase in N¢. Fig. 6.8 shows P versus SNR in the case of classifying BPSK, OQPSK, QPSK,
7-QPSK, 8-PSK and 16-QAM using the RA-AMC technique (two-step classification) over an
AF- relay fading channel for different values of N¢. It is noted that there is an increase in P¢
with an increase in Nc. For instance,with an SNR value of 12 dB and N = 2000 , the RA-AMC
technique attains Pc = 0.7850 for N¢ = 2, while at the same SNR and sample length, it attains
Pc = 0.9125 for N¢ = 10. Table 6.3 shows P attained by the RA-AMC technique with an
SNR value of 12 dB and N = 2000 for different values of Nc. It is clear from Table 6.3 that that
Pc increases with an increase in N . The increase in P- with an increase in N¢ is contributed
by the fact that the magnitudes of channel coefficients of H follow single Rayleigh distribution

for large N¢.
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It is also observed from Figs 6.6-6.8 that P increases with an increase in SNR. For example,
one can note from Fig. 6.8 that for Nc = 4, the RA-AMC technique attains Pc = 0.7105 at an
SNR value of 8 dB while for the same value of N, the RA-AMC technique attains P¢ = 0.8620
at an SNR value of 12 dB.

0.95

0.8

0.75F .

5 10 15 20
SNR (dB)

Figure 6.6: Pc versus SNR in the case of classifying BPSK, OQPSK and Q) using the feature vector
uM with N = 2000 and |pg| = |or| = 0

Table 6.1: Pc with an SNR value of 12 dB, N = 2000 and |pog| = |or| = O in the case of classifying
BPSK, OQPSK and Q; using the feature vector uM for different values of N¢

Ne Pc

2 0.9638
4 0.9778
10 0.9827

6.4.3 Effect of Antenna Correlation

Figs. 6.9-6.11 show P versus SNR in the case of classifying BPSK, OQPSK and Q; using
the feature vector u” over an AF- relay fading channel for different antenna correlation values.
It is observed that P, decreases with an increase in the antenna correlation value. For instance,

with an SNR value of 12 dB, N = 2000 and N = 4, the classifier with u¥ as feature vector
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Figure 6.7: Pc versus SNR in the case of classifying QPSK, 7-QPSK, 8-PSK and 16-QAM using the
feature vector v/ with N = 2000 and |pg| = |or| = 0
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Figure 6.8: P. versus SNR in the case of classifying BPSK, OQPSK, QPSK, Z{—QPSK, 8-PSK and
16-QAM using the RA-AMC technique with N = 2000 and |og| = |or| =0
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Table 6.2: Pc with an SNR value of 12 dB, N = 2000 and |pg| = |or| = O in the case of classifying
QPSK, 7-QPSK, 8-PSK and 16-QAM using the feature vector vM for different values of N¢

N¢ Pc

2 0.7732
4 0.9018
10 0.9732

Table 6.3: Pc with an SNR value of 12 dB, N = 2000 and |[pg| = |or| = O in the case of classifying
BPSK, OQPSK, QPSK, %-QPSK, 8-PSK and 16-QAM using the RA-AMC technique for different values

of NC
Nc Pc
2 0.7850
4 0.8620
10 0.9125

attains Pc = 0.9702 for |pg| = |pr| = 0.5, while at the same SNR, N and N, it attains Pc =
0.9546 for |pg| = |pr| = 0.7. Table 6.4 shows P attained by the classifier with u™ as feature
vector with an SNR value of 12 dB, N = 2000 and N- = 4 for different antenna correlation
values. The decrease in Pc with an increase in the antenna correlation value is attributed to the
reduced diversity gain as a correlated low rank channel model yields only receiver array gain.

Figs. 6.12-6.14 show P versus SNR in the case of classifying QPSK, Z-QPSK, 8-PSK and
16-QAM using the feature vector v over an AF- relay fading channel for different antenna
correlation values. There is a decrease in P- with an increase in the antenna correlation value.
For instance, with an SNR value of 12 dB, N = 2000 and N = 10, the classifier with v¥ as
feature vector attains Pc = 0.9034 for |pg| = |por| = 0.5, while at the same SNR, N and N,
it attains Pc = 0.7881 for |og| = |or| = 0.7. Table 6.5 shows P attained by the classifier
with v as feature vector with an SNR value of 12 dB, N = 2000 and N = 10 for different
antenna correlation values. The decrease in P, with an increase in the antenna correlation value
is contributed by the noise amplification at the equalizer output.

Figs. 6.15-6.17 show P versus SNR in the case of classifying BPSK, OQPSK, QPSK,
7-QPSK, 8-PSK and 16-QAM using the RA-AMC technique (two-step classification) over an
AF- relay fading channel for different antenna correlation values. There is a decrease in P¢

with an increase in the antenna correlation value. For instance, with an SNR value of 12 dB,
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N = 2000 and N = 10, the RA-AMC technique attains Pc = 0.9125 for |pg| = |pr| = 0.5,
while at the same SNR, N and N, it attains Pc = 0.8225 for |og| = |or| = 0.7. Table 6.6 shows
P attained by the RA-AMC technique with an SNR value of 12 dB, N = 2000 and Nc = 10
in the case of classifying BPSK, OQPSK, QPSK, 7-QPSK, 8-PSK and 16-QAM for different
antenna correlation values. The decrease in P- with an increase in the antenna correlation is
because of the reduced diversity gain and the noise amplification at the equalizer output.

One can also note from Figs. 6.9-6.17 that Pc improves as SNR increases. For example,
one can note from Fig. 6.16 that for N = 2000, N¢ = 4 and |pg| = |or| = 0.7, RA-AMC
attains P- = 0.7853 at an SNR value of 12 dB while for the same value of N, Nc and antenna
correlation, the RA-AMC technique attains Pc = 0.9037 at an SNR value of 16 dB. Table 6.7
shows the P attained by the RA-AMC technique at different SNR values for N = 2000, Nc = 4

and |pg| = |or| = 0.7. It is clear from Table 6.7 that P improves as SNR increases.
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Figure 6.9: P versus SNR in the case of classifying BPSK, OQPSK and Q) using the feature vector
uM with N = 500 and N¢ = 4
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Figure 6.10: P versus SNR in the case of classifying BPSK, OQPSK and Q; using the feature vector
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Figure 6.11: Pc versus SNR in the case of classifying BPSK, OQPSK and Q; using the feature vector

uM with N = 4000 and N = 4
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Figure 6.12: Pc versus SNR in the case of classifying QPSK, OQPSK, 7-QPSK and 8-PSK using the
feature vector vM with N = 500 and N¢ = 10
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Figure 6.13: Pc versus SNR in the case of classifying QPSK, OQPSK, 7-QPSK and 8-PSK using the
feature vector vM with N = 2000 and N¢ = 10
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Figure 6.14: Pc versus SNR in the case of classifying QPSK, OQPSK, 7-QPSK and 8-PSK using the
feature vector v/ with N = 4000 and N¢ = 10
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Figure 6.15: P versus SNR in the case of classifying BPSK, OQPSK, QPSK, ’ZI—QPSK, 8-PSK and
16-QAM using the RA-AMC technique with N = 2000 and N¢ = 2
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Figure 6.16: P¢ versus SNR in the case of classifying BPSK, OQPSK, QPSK, ’Z'—QPSK, 8-PSK and
16-QAM using the RA-AMC technique with N = 2000 and N¢ = 4
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Figure 6.17: P versus SNR in the case of classifying BPSK, OQPSK, QPSK, ’Z(—QPSK, 8-PSK and
16-QAM using the RA-AMC technique with N = 2000 and N¢ = 10
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Table 6.4: Pc with an SNR value of 12 dB, N = 2000 and N¢ = 4 in the case of classifying BPSK,
OQPSK and Q; using the feature vector u™ for different antenna correlation values |o| = |pg| = |or|

ol Pc

0 0.9787
0.5 0.9702
0.7 0.9546

Table 6.5: Pc with an SNR value of 12 dB, N = 2000 and N¢ = 10 in the case of classifying
QPSK, 7-QPSK, 8-PSK and 16-QAM using the feature vector v for different antenna correlation values

lol = lprl = lo7l
lol Pc
0 0.9708
0.5 0.9034
0.7 0.7881

Table 6.6: P with an SNR value of 12 dB, N = 2000 and N¢ = 10 in the case of classifying BPSK,
OQPSK, QPSK, %—QPSK, 8-PSK and 16-QAM using the RA-AMC technique for different antenna
correlation values |p| = |ogr| = |orl

ol Pc

0 0.9640
0.5 0.9125
0.7 0.8225

Table 6.7: Pc at N = 2000, N¢c = 4 and |pgr| = |pr| = 0.7 in the case of classifying BPSK, OQPSK,
QPSK, %—QPSK, 8-PSK and 16-QAM using the RA-AMC technique for different SNR values

TH-2361_126102009

SNR (dB) | P¢

12 0.7853
14 0.8475
16 0.9037
18 0.9320
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6.5 Summary

This chapter addressed the AMC of MIMO signals over correlated AF-relay fading chan-
nels. An AMC method, namely RA-AMC, was proposed to classify a pool of modulation
types, namely BPSK, OQPSK, QPSK, ;—T—QPSK, 8-PSK and 16-QAM. The proposed method
involved two steps. In the first step, the method employed a cumulant feature vector de-
rived directly from the received signal to distinguish BPSK, OQPSK and the sub-pool Q; =
{OPSK, ;—r —QPSK,8—-PSK, 16— QAM} as a whole. This cumulant feature provided resistance
against the noise amplification which occurs in a correlated AF-relay system. In the second
step, it employed a cumulant feature vector derived from the equalized signal to distinguish the
modulation types in Q;. The simulation results showed that the proposed method performed
satisfactorily over a correlated AF-relay fading channel. For instance, with an SNR value of 12
dB, N = 2000,N7 = 2, N = 4 and N¢ = 10, the RA-AMC technique attained Pc = 0.9125 for

lorl = lor| = 0.5.
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7.1 Conclusion

Designing AMC algorithms for MIMO systems is a challenging task, because the mutual
interference generated by MIMO spatial channels changes the statistical properties of the mod-
ulated signal. Many studies have addressed this challenging problem. However, there remain
several research issues. The thesis addressed some of these issues. We adopted an FB frame-
work with the HOCs as AMC features. The research contributions were presented in four
contributory chapters and they are summarized below.

Chapter 3 dealt with the AMC of the QPSK-variant (QPSK, OQPSK and g—QPSK) and 8-
PSK signals over spatially correlated MIMO channels. The HOCs are popular as AMC features
because of their resilience to the Gaussian noise. However, the HOCs estimated directly from
the equalized signal fail to distinguish the QPSK variants and 8-PSK. It was shown that the
fourth-order cumulants of the QPSK and the OQPSK signals are identical, so also of g—QPSK
and 8-PSK signals. To distinguish the above modulation types, we proposed a feature vector
vM = [Cy(x), C42(Vx), C40(x)], where x,Vx and x° are RVs associated with data sequence
x(k),Vx(k) = x(k) — x(k — 1) and x¢ = x(2k), respectively, k = 0, 1, .... The proposed method
performed satisfactorily over spatially correlated MIMO channels. For example, with an SNR
value of 5 dB, Ny = 2, Ny = 4 and N = 500, the proposed method with the JADE technique as
equalizer attains Pc = .9720 for |pg| = |or| = 0.3 over a Rayleigh channel.

The emergence of WSNs and CR networks makes cooperative classification an attractive al-
ternative to improve the AMC performance. Chapter 4 presented a cooperative AMC method
for MIMO systems in a multi-antenna sensor network. The proposed CAMC method employed
a centralized cooperative classification framework with feature-level fusion. In such a central-
ized framework, each sensor node estimates a set of HOC features. These features are then
combined at the FC using the MRC technique. The estimated feature vector is then subjected
to a minimum distance classifier that uses the Euclidean distance as the measure of feature
similarity. The modulation types considered for classification were BPSK, OQPSK, QPSK, %-
QPSK, 8-PSK,16-QAM and 64-QAM. The method performed reasonably well over correlated

Rayleigh channels. For instance, with an SNR value of 3 dB,N; = 2, Ny = 4, N = 1000 and
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lorl = lor| = 0.5, the CAMC technique attained P- = 0.8173 for Ny = 1, while for the same
SNR, sample length and antenna correlation value, it attained P = 0.9325 for Ny = 8 with
Nr =2, Ng =4.

The majority of the AMC algorithms for MIMO systems considered the rich scattering en-
vironment that offers a full rank channel matrix. However, a rank deficient channel, such as a
keyhole channel can severely degrade the AMC performance. Chapter 5 addressed the AMC
of MIMO signals over correlated Keyhole channels. A novel algorithm, namely the DMR algo-
rithm, was proposed to distinguish the lower order PSK constellations, namely BPSK, QPSK
and OQPSK. The proposed algorithm employed the ratios of HOCs derived from the received
signal and its backward difference as AMC features. These features were chosen so that the con-
tributions of the channel-coefficients are cancelled. Thus, the DMR algorithm does not require
the CSI at the receiver. The simulation results showed that the proposed method performed
satisfactorily under the keyhole channel. For instance, with an SNR value of 4 dB, Ny = 2,
Nr =4, N = 2000 and |pg| = |pr| = 0.5, the proposed method attained Pc = 0.9476.

Cooperative relaying is an attractive solution to overcome the rank deficiency of MIMO
channels. These cooperative relays act as active scatterers, which eventually turns a keyhole
channel into a multi-keyhole channel. Chapter 6 addressed the AMC of MIMO signals over a
correlated AF-relay fading channel. An AMC method, namely the RA-AMC method, was pro-
posed to classify a pool of modulation types, namely BPSK, OQPSK, QPSK, 7-QPSK, 8-PSK
and 16-QAM, over an AF-relay fading channel. The proposed method involved two steps. In
the first step, the method employed a cumulant feature vector derived directly from the received
signal to distinguish BPSK, OQPSK and the sub-pool Q; = {QPSK, % — QOPSK,8—PSK, 16 —
QAM} as a whole. This cumulant feature provided resistance against noise amplification which
occurs in a correlated AF-relay system. In the second step, it employed a cumulant feature vec-
tor derived from the equalized signal to distinguish the modulation types in Q. The simulation
results showed that the proposed method performed satisfactorily over a correlated AF-relay
fading channel. For instance, with an SNR value of 12 dB, N = 2000, Ny = 2, Nr = 4 and

N¢ = 10, the RA-AMC technique attained Pc = 0.9125 for |og| = |or| = 0.5.
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7.1.1 Scope for Future Work

The works presented in this can be expanded in several directions. We identify the following
interesting future works:

1. In this thesis work, the carrier frequency offset (CFO) is not considered. The CFO is
contributed by an imperfect receiver. Model mismatch can occur on account of this, thereby de-
grading the AMC performance. A preprocessing step can be included to estimate the frequency
offset.

2.An interesting future work will be to compare the performance of the proposed DMR
method with the reduced rank space-time equalizer and the independent low-rank matrix anal-
ysis (ILRMA) technique

3. Itis reported in [81]] that practical wireless channels experience a combination of both the
man-made and natural noise. The combined noise is highly non-Gaussian nature. Research can
be conducted to investigate the effect of non-Gaussian noise on the performance of the AMC for
MIMO systems. Particularly, the HOC-based methods may be adapted for better performance
under non-Gaussian noise.

4. It will be an interesting future work to investigate the effect of noise compensation in the
context of AMC for MIMO systems.

5. AMC over Space-time coded MIMO channels is an interesting research area. There
are two main challenges : classification of the employed space time block code (STBC) and
modulation type in the presence of the mutual-interference generated by the spatial channel.

6. Research can be conducted to investigate the effect of different Relaying strategies on the
AMC performance. For instance, AMC over a MIMO AF-relay networks with transmit antenna
selection and maximal ratio combining (TAS/MRC) can be studied.

7. Deep learning (DL) is an attractive classification tool that has been employed successfully
in many arenas such as image classification, machine translation, automatic speech recognition
and network optimization. A few works have been devoted to AMC for SISO systems based on
DL [82-85]). Three DL architectures employed for AMC are : 1) a convolutional long short-term

deep neural network (CLDNN), 2) a long short-term memory neural network (LSTM), and 3) a
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deep residual network (Resnet) [86]. However, its usage in the context of the AMC of MIMO
signals has not been well investigated. It will be interesting to apply DL based approaches to
the AMC of MIMO signals and assess their performances relative to the methods developed in

this thesis.
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