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ABSTRACT

With the dawn of next-generation technologies, the current as well as future wireless
communication systems are driven by applications that are mostly multimedia-based. And, it
requires a humongous exchange of data in terms of audio/video content, which poses a challenge
to enable the high data-rate capable communication networks. The combination of spatial-coding
techniques and multicarrier transmission has been found as an appropriate choice for supporting
the high data-rate/capacity without compromising the performance of wireless systems. The
orthogonal-frequency-division-multiplexing (OFDM) has been recognized as a promising
candidate for the multicarrier communication technique. The exclusive feature of OFDM is its
capability to divide the allocated bandwidth into a number of orthogonal narrowband subchannels
(overlapping) that transforms a frequency-selective channel into a set of frequency-nonselective
flat-fading subchannels. In addition, the deployment of multi-antennas for wireless transmission
and reception introduces subchannels in the spatial-domain, by which, a set of subchannels are
established over the same time and frequency parallely. Therefore, the high data-rate services can
be catered to the wireless communication users by utilizing the spatially-coded OFDM systems
without the requirement of extra bandwidth, by enhancing signal-to-noise-ratio (SNR) at the
receiving end. Due to a crucial need for channel-state-information (CSI) in the spatially-coded
OFDM systems, the channel estimation/prediction has emerged as an integral part of such systems,
which provides an opportunity to combat the adverse effects of fading, interference and
noise/disturbances. It also enhances the information symbol-detection rate at the wireless receiver.
Therefore, the spatially-coded OFDM strategies stand as a promising choice also for the future
high data-rate communication techniques.

In order to enhance the spectral efficiency of the system, the incorporation of adaptive
modulation techniques in OFDM systems (based on SNR criterion) has appeared as a lucrative
option. It is beneficial to employ higher-order modulation modes on the subcarriers exhibiting
relatively higher values of SNR, in the adaptive-orthogonal-frequency-division-multiplexing
(AOFDM) systems. In uniform case, each subcarrier carries equal number of bits with equal
power, but the order of modulation (on all subcarriers) can be switched according to the received
SNR. Therefore, the AOFDM system relies on accurate channel-state-information (CSI)
estimated/predicted at the receiver for its efficient working. We first present the channel estimation
and long-range prediction technique for the AOFDM system. The efficient channel loading is
accomplished by feeding the accurately predicted CSI back to the transmitter. The frequency-
selective wireless fading channel is modelled as a tapped-delay-line-filter governed by a first-order



autoregressive (AR1) process; and an adaptive channel estimator based on the generalized-
variable-step-size least-mean-square (GVSS-LMS) algorithm is employed to track the AR1
correlation coefficient. To compensate for the signal fading due to channel state variations, a
modified-Kalman-filter (MKF)-based channel estimator is utilized. In addition, channel tracking
is also performed for predicting the future CSI at receiver, based on the numeric-variable-
forgetting-factor recursive-least-squares (NVFF-RLS) algorithm. Subsequently, adaptive bit-
allocation for AOFDM system is employed by using predicted CSI at transmitter. Here, the
proposed combination of GVSS-LMS and MKF algorithms for robust channel estimation and the
NVFF-RLS algorithm for efficient channel prediction is incorporated, which is validated by using
different channel realizations through simulation, and also by comparing it with the fixed step-size
LMS, MKF and fixed forgetting-factor RLS algorithm based conventional techniques. For
appropriate prediction of CSI at the receiver, the wireless fading channel modelling plays a vital
role. We also suggest an alternate approach for the simulation of basis-expansion-model (BEM)
for channel fading, in which each time-varying BEM coefficient is considered to be governed by
an AR1 process. To introduce a high degree of uncorrelation among the BEM coefficients, the
Markov parameter of each AR1 process is also assumed to be time-varying according to another
independent stationary ergodic AR1 process, which forms the base of BEM—AR1-ARL1 paradigm.
The simulation results manifest that the proposed BEM-AR1-AR1 scheme is in close agreement
with the ideal BEM for slow as well as fast channel fading. However, the first-order Markov-
model (AR1-based) and second-order Markov-model (AR2-based), representing the wireless
fading channels, have an edge due to their mathematical simplicity; and these models are the close
approximation of Jakes’ model. Therefore, these paradigms may find applications in the time-
varying channel estimation due to its compatibility with model based adaptive algorithms.
However, the utilization of training data (in terms of information symbol-blocks) in adaptive
algorithms deployed for the channel estimation/prediction impose burden on the wireless OFDM
communication system, which in turn leads to reduction in the bandwidth efficiency. Therefore to
reduce this training data overhead, we present adaptive channel prediction techniques for wireless
OFDM systems using cyclic-prefix (CP). The CP not only combats intersymbol-interference, but
it also precludes requirement of additional training symbols. The proposed adaptive algorithms
exploit the channel-state-information contained in CP of received OFDM symbol, under the time-
invariant and time-variant wireless multipath Rayleigh fading channels. For channel prediction,
the convergence and tracking characteristics of conventional RLS algorithm, NVFF-RLS
algorithm, Kalman-filtering (KF) algorithm and reduced Kalman least mean squares (RK-LMS)

algorithm are compared. The simulation results are presented to demonstrate that KF algorithm is



the best available technique as compared to RK-LMS, RLS and NVFF-RLS algorithms by
providing low mean squared channel prediction error. But, RK-LMS and NVFF-RLS algorithms
exhibit lower computational complexity than KF algorithm. Under typical conditions, the tracking
performance of RK-LMS is comparable to RLS algorithm. However, RK-LMS algorithm fails to
perform well in convergence-mode. For time-variant multipath fading channel prediction, the
presented NVFF-RLS algorithm supersedes RLS algorithm in the channel tracking-mode under
moderately high fade-rate conditions. This technique is further extended to the multiple
transmitter-antenna systems along with spatial block-coding. The usage of CP can be helpful for
both the space-time-block-coded OFDM (STBC-OFDM) systems as well as for the efficient
channel estimation/prediction (when utilized as the training data). Under appropriate parameter
setting in 2x1 STBC-OFDM system, the NVFF-RLS algorithm bestows enhanced channel
tracking performance than RLS algorithm under the static as well as dynamic environment, which
leads to significant reduction in the symbol-error-rate (SER).

Moreover in frequency-domain, the multiple transmitter-antenna systems can also be employed
with space-frequency-clock-codes (SFBC), in which the adjacent subcarriers are mapped onto the
orthogonal/quasi-orthogonal codes, and that is analogous to STBC scheme in time-domain. But
these have a common motive to improve the overall SNR. Therefore, we next present bit-error-
rate (BER) performance analysis of the space-frequency-block-coded OFDM (SFBC-OFDM)
communication systems, working over wireless fading channels under the impulsive environment.
The effects of imperfect channel-state-information on the BER performance are also investigated,
while using the M-ary phase-shift keying and M-ary quadrature amplitude modulation for the
digital data transmission over the fading channels corrupted by the impulse-noise and additive-
white-Gaussian-noise (AWGN). The imperfect CSI usually arises due to the noisy channel
estimates at wireless receiver. The major focus is on the description of closed-form expressions
for the BER performance of underlying SFBC-OFDM systems impaired by the impulse-noise, in
which the noise bucket concept helps in quantifying its performance under the Rayleigh fading
scenario. Simulation results are presented to connote the deterioration of BER performance of
SFBC-OFDM systems due to the presence of impulse-noise, AWGN and noisy channel estimates
at the receiver, under the different channel fading conditions exhibiting Rayleigh and Nakagami-
m probability distributions. For lower values of m in the range 0.5 <m < 1, the adverse impact of
impulse-noise can be reduced by increasing the number of subcarriers in an OFDM symbol-block
period.

With the advent of machine learning techniques, the CSl-estimation/prediction using artificial-

neural-network (ANN) based architectures have emerged as a viable strategy in the intelligence-
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based advanced wireless communication systems. Therefore, we further present an adaptive-slope
squashing-function (ASF) based ANN for the efficient estimation of smoothly time-varying
multipath fading channels, in a 4x1 SFBC-OFDM system using 64 subcarriers. The CSI estimated
at the first-stage is further used for OFDM information symbol-detection (through minimum mean
square error criterion based detection) at the second-stage. To combat the impact of smoothly time-
varying environment, we emphasize on the utilization of ASF-ANN using backpropagation (BP)
algorithm for the estimation of channel tap-coefficients in the frequency-domain. The underlying
ANN is modelled as feedforward multi-layered perceptron that updates the network weights. The
major focus is on the gradient-descent algorithm based adaptation of the slope of squashing-
function (SF) along with other ANN parameters, which enhances the training efficiency of ASF-
ANN in terms of the lower mean squared channel estimation error in comparison to the traditional
fixed-slope squashing-function (FSF) ANN technique. Simulation results corresponding to the
underlying 4x1 SFBC-OFDM system are presented to depict that the ASF-ANN based approach
outperforms the FSF-ANN technique by providing lower symbol error rate due to the usage of

well-estimated CSI. At 15dB SNR and fade-rate = 0.001, the average BER reduces to 2.85x10™*
for the ASF-ANN based approach, due to improved CSl-estimation; which accounts for
approximately 5% improvement in the detection success-rate as compared to the FSF-ANN based
approach. Furthermore, it has been observed that the squashing-function used for ANN
deployment in many real-world applications is hyperbolic-tangent function. The usage of softsign
squashing-function in an ANN based channel estimation (in the frequency-domain) for SFBC-
OFDM system is also considered. The softsign based approach outperforms the hyperbolic-tangent
squashing-function by providing smoother asymptotes, while using feedforward neural networks
for the estimation of slowly varying fading channels. By exploiting the lower saturation tendency
of softsign-function, the efficiency of channel estimator can be enhanced, which in turn improves
SER performance of SFBC-OFDM system.

The intelligence-based signal processing using the ANN approach provides us an opportunity
to recover/detect information symbols directly precluding the requirement of CSI at the receiver.
Therefore, an intelligent receiver based on ANN for a 4x1 SFBC-OFDM system, working under
slow time-varying frequency-selective fading channels, is also proposed that directly recovers the
transmitted symbols from the received signal, without the explicit requirement of channel
estimation. The ANN based equalizer is modelled by using the feedforward as well as the recurrent
neural-network architectures, and is trained using the error backpropagation algorithms. The major
focus is on efficiency and efficacy of three different strategies; namely, the gradient-descent with

momentum (GDM), resilient-propagation (RProp), and Levenberg-Marquardt (LM) algorithms.
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The recurrent neural-network architecture based SFBC-OFDM system is found to be an
appropriate choice in terms of the low bit-error-rate performance, while using the different quasi-
orthogonal space-time block-codes.

Based on the aforementioned research work, which mainly addresses the spatially-coded
OFDM systems (working under wireless fading environment) using CSI, it is apparent that channel
estimation/prediction is the backbone of STBC-/SFBC-OFDM systems, which plays a pivotal role
in the information symbol recovery. The upcoming advanced wireless communication systems are
likely to utilize the STBC-/SFBC-OFDM system architectures along with the intelligent signal
processing based channel estimation techniques, to combat the interference and noise. The future
work includes the implementation of machine learning techniques to further improve the channel
estimation/prediction and to enhance the symbol-detection/recovery in the spatially-coded OFDM

systems.
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CHAPTER 1

INTRODUCTION BASED ON LITERATURE REVIEW

1.1 Conventional OFDM Communication Systems

The world has seen an upgradation in the technologies driven by the multimedia based
applications, which makes the requirement of high data-rate capable technologies to be more
prominent over wireless/mobile channels. However, due to enhancement in the data-rate, the
duration of transmitted symbol decreases, which leads to severe degradation of the received
symbols because of the intersymbol-interference (ISI), due to the dispersive-fading in wireless
environment. This phenomenon can be observed in the single-carrier modulation techniques, like
in time-division-multiple-access (TDMA) and Global-System-for-Mobile-Communications
(GSM) [1]. Orthogonal-frequency-division-multiplexing (OFDM) with the combination of
multiple-input-multiple-output (MIMO) system has appeared as a promising choice to compensate
the current high data-rate requirements [2], [3]. Broadly, OFDM can be viewed as an extension to
frequency-division-multiplexing (FDM), in which the subchannels/ subcarriers overlap without
interfering, since those are orthogonal to each other over one symbol-period [4]. The data in
OFDM s transmitted, in parallel over different frequencies, which leads to an increase in the
information symbol-block duration as compared to a serial data-transmission system. The
increased information symbol-block duration gives rise to deleterious effects of I1SI at the most for
one symbol-block, which in turn simplifies the equalization of an OFDM information symbol-
block. Moreover, extending the OFDM symbol with a small part of its head/tail (in the form of
prefix/suffix), as a guard interval known as cyclic-prefix (CP), can be utilized to eliminate any
residual IS [6]. Exclusive benefit of OFDM techniques is that the signal/symbol processing takes
place in digital-domain, rather than in analog-domain. A small phase variation at the receiver can
be amended approximately at no cost by using digital parts of the system, in contrast to the
performance degradation due to the precise design of analog filters in serial-modulation systems
[5]. While the main idea of OFDM is relatively easy to understand, but the details of OFDM based
communication techniques appear to be much complex [7]-[10]. The orthogonality of different
subcarriers is incorporated by multiplexing (at the transmitter) the symbols digitally via inverse-
fast-Fourier-transform (IFFT), which is a precise and computationally efficient method [11]. The
demultiplexing of the symbols is conducted by utilizing the fast-Fourier-transform (FFT) at

receiver. The bandwidth of individual subcarriers in this orthogonal-FDM system overlaps with

each other taking the form of |sin(x)/x|2. And due to the inherent orthogonality property of
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discrete-time Fourier-transform, the subcarriers can be demodulated without any hindrance. The

spectra of OFDM and FDM are illustrated in Fig. 1.1. It may be observed from Fig. 1.1 that OFDM

subcarriers span the frequency range, which includes the domain of other subcarriers as well,

which makes it much responsive to the frequency-offset as well as phase-disturbance. In general

sense, the merits/advantages of OFDM system can be summed up as follows [12]:

e With the usage of IFFT/FFT in OFDM technology, the whole system is easier to implement in
digital-domain.

e Because of orthogonal subcarriers, the OFDM is bandwidth efficient.

e The usage of CP makes the OFDM robust to multipath fading.

¢ Since the transmission of symbols is in parallel-mode in OFDM, it is also immune to impulse-
noise.

e The power and data-rate can be dynamically allocated to the different subcarriers; this makes

OFDM more flexible in terms of resource allocation.

A A
WDM (or FDM) subcarriers
—~| separated by frequency guard — N OFDM
% bands % subcarriers
6 E e o o
s =
) [¢)
o o
Frequency Frequency

Fig. 1.1: Spectra of (a) WDM or FDM signals (b) orthogonal-FDM signals [5].

Considering these imperative advantages, orthogonal-FDM has been extensively utilized/adopted
in different wireless technologies as well as standards like DAB, DVB, WLAN, and WMAN [13,
14]. Some of the other OFDM-enabled networks that are prevalent nowadays are IEEE 802.20
Mobile-Broadband-Wireless-Access (MBWA) [15], [16], Worldwide-interoperability-for-
Microwave-Access (WiIMAX) [17], 3GPP Long-Term-Evolution (LTE) [18] and next-generation
Wireless-Wide-Area-Network (WWAN) [19]. On the contrary, some of the demerits of OFDM
systems are its higher peak-to-average-power-ratio (PAPR) and its responsivity towards time-
domain as well as frequency-domain synchronization errors, as compared to the single-carrier

modulation schemes.



1.1.1 Basic OFDM Paradigm

OFDM can be termed as a particular type of multicarrier (MC) technique, which was pioneered in
late 1960s. The basic idea of MC scheme has been coined in 1966 by Chang at Bell Labs [20] for
the fading channels, which is also detailed in [21] and [22]. The implementation of MC system for
the application of single-sideband voice channel was demonstrated in 1957 by Doelz et al. [23].
In the year 1971, Weinstein and Ebert came up with an idea of time-limited MC system based on
discrete-time Fourier-transform, which has become the foundation stone of OFDM systems used
today [11]. The equalization of MC systems has been examined by Horosaki et al. in [24], [25];
and Peled and Ruiz [26] in 1980 introduced CP in a practical implementation of OFDM systems
to combat ISI. The earliest implementation of MC system in the high-frequency radio was reported
in 1967 by Zimmerman and Kirsch [27], which has been extended in [28]. However, the bandwidth
efficiency of OFDM system has been explored in [29] and [30]. The OFDM has been chosen for
real-time wireless communication services during mid 1980s. The OFDM has been applied in
mobile wireless communication system by Cimini at Bell Labs in the year 1985 [3]. In 1987,
Lassalle and Alard utilized OFDM for the radio broadcasting, and observed the performance of
the combination of forward-error-correction (FEC) with orthogonal-FDM (sometimes referred to
as Coded-OFDM) [31]. Further, the application of MC modulation over mobile FM radio channels
have also been discussed by Casas and Leung in [32]. Also, the complexity and performance of
MC modulation system has been studied by Bingham in [7], which spearheaded the usage of MC
schemes. For an MC system, Shannon in 1948 proposed that the utilization of infinitely dense set
of subchannels along with adaptive data-rate and transmission power (in accordance with the
variation in the values of SNR) could be beneficial in achieving highest data-rate under frequency-
selective fading scenarios [33]. In case of wired communication systems, the application of OFDM
as a successful modulation scheme for the digital-subscriber-loop (DSL) technology was invented
by Cioffi et al. at Stanford University, which has become the basis for most of the DSL standards
and is often known as discrete-multiple-tone (DMT) system [34]. The significant findings
pertaining to different real-time loading procedures for orthogonal-FDM or DMT technologies are
discussed in [35]. The various milestones in the establishment of OFDM based systems have been
outlined in Fig. 1.2.

The OFDM based wireless communication system has significantly resolved the problems
caused by multipath fading channel, but OFDM system has inherent shortcomings in terms of large
PAPR value, time- and frequency-synchronization errors under the mobile multipath fading
environment. The OFDM signal is the superposition of modulated complex-valued sinusoidal

signals mapped onto various subcarriers, which may exhibit higher instantaneous signal power as
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compared to the average signal power. This leads to elevated out-of-band (OOB) harmonic
distortion power, as the power-amplifier at the transmitter is not perfectly linear always across the
whole range of signal power level [36]. This causes interference in the adjacent channels, which
in turn alleviates the overall system performance. The remedy to this problem lies in the reduction
of PAPR and/or enhancing the transmitter’s amplification stage. One of the methods is to employ
certain coding techniques (before modulation) that can minimize the peak power of the OFDM
signal [37]-[39]. The block-codes serve this purpose by exhibiting lower PAPR or reduced signal
power envelope fluctuations. Also, the time-domain OFDM signal can be processed using different
algorithms to suppress the peak power prior to amplification by the transmitter [40]. Further, the
quality-of-service (QoS) of orthogonal-FDM communication systems is also dependent on time-
domain and frequency-domain synchronization between the transmission device and reception
equipment. It is necessary to efficiently estimate and correct the timing as well as carrier
frequency-offsets that come into picture at the OFDM receiver, to successfully decode/demodulate
the transmitted symbols [41].

History of OFDM

O First OFDM scheme proposed by Chang for Salfzberg studied a multi-carier system
dispersive fading channels. employing Orthogonal QAM [(O-QAM) of
the carmiers.
o U.5. patent on OFDM issued. Weinstein and Ebert applied DFT to

OFDM moderms.

Hirosaki designed a subchannel-
based equalizer for an
1 980 O orthogonally mulfiplexed QAM
system.
Cimini investigated the feasibility of

OFDM in mobile communications. Alard and Lasalle employed OFDM

for digital broadcasting.

(O Ansi ADsL standard.

O ANSI HDSL standard. o ETSI DAB standard: the first OFDM-based
O ETSI WLAN standard. standard for digital broadcasting systems.
O ETSI DVB-T standard. ANSI VDSL and ETSI VDSL
O &5t srAN standard. (O 1EEE 802,110 WLAN standard. standards.

O e 802,119 WLAN standard.
IEEE 802.16 WMAN standard O ETSI DVB-H standard.

Wit AX,
(WIMAX) (O 1eeE 802.15.30 WPAN standard.
O 4G standards (MIMO-OFDM) O EEE 802,90 MEWA standard

O 1eee802.11nWLAN standard.

Candidate for Li-Fi (Visual Light
Communication)

(O  utiized for LTE-Advanced (Downlink) __ Used in multimantenna
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. - N MIM { ) candidate for D2D communications
Q)
Enhanced 3D MIMO with beam Iormn_m Candidate for 5G New Radic
Candidate for ITU-R M.2410 standard
U standard U Candidate for |EEE 802.1 1ax (Wi-Fi &)

0.0 00,00

Fig. 1.2: Milestones in the history of OFDM [36].
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In wireless communication systems, the high QoS is achieved when the underlying system
exhibits higher data-rates and enhanced performance in terms of detection success-rate. However,
the multipath signal transmission (as caused by reflections or diffractions and fading effects, which
escalates the turbulent behaviour of wireless channels) makes it more difficult to achieve better
QoS. Evidently, there is always a tradeoff between high data-rate (which accounts for bandwidth
efficiency) and small error-rate (which accounts for power efficiency) for a fixed bandwidth of the
channel. In order to resolve the aforementioned problems, the combination of MIMO and OFDM
has appeared as one of the most promising solutions for broadband wireless systems. A MIMO
system may be viewed as a wireless technique, in which transmitter and receiver need to be
equipped with multiple number of antennas separated in space. The vital advantages of
incorporating multiple antennas lie in attaining superior as well as reliable QoS by using diversity,
and in attaining better data-rate by using spatial-multiplexing [42]. The signals at the transmitter
and receiver are combined in such a way that QoS of the wireless link improves, making its
reception performance superior as compared to single-antenna systems [43]. It is quite fascinating
to know that the MIMO systems are beneficial in the same multipath fading channel, which is

considered disruptive for the single-antenna systems. Further, a MIMO system improves the

capacity of a wireless system by a factor of min(N,,, N, ), where min(.) is the choose-minimum

operator, N, is number of transmitter-antennas, and N, is number of receiver-antennas [44].

Sometimes, the channel’s multipath characteristics make the MIMO channel frequency-selective,
which can be converted to parallel frequency flat-fading channels using the OFDM technique, that
can in turn decrease the complexity of receiver [45]. Hence, the combination of MIMO (which
boosts capacity and diversity) and OFDM (which mitigates the channel’s detrimental effects) has
been adopted in various applications and standards. It can be perceived that the future wireless
systems will be enabled with the MIMO-OFDM architectures, as it provides diversification
options in the domain of space, time, as well as frequency. Also, the combination of these attributes
can be utilized to avail the benefits of diversity from MIMO channels with space-time-frequency

(STF), space-frequency (SF), and space-time (ST) coding [45] techniques.

1.1.2 STBC-OFDM Paradigm

In multiple antenna systems, the effects of multipath channel fading may be combated by
transmitting same information from a number of antennas and also receiving signal through a
number of antennas concurrently. This is due to the assumption of each link of transmitter-antenna
and receiver-antenna to be independent in terms of the channel fading. In addition to the spatial

(or space-related) diversity, MIMO systems can achieve a significant level of diversity by
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transmitting same information from various antennas at different time-slots, which is called Space-
Time Block-Codes (STBC) [46]. This is an orthogonal-code design for 2 transmitter-antennas, in
which, the information symbols are transmitted from different antennas in a different order. Rather
than sending the same information symbols over different antennas, Alamouti [46] suggested to
transmit information symbols and their complex-conjugate counterparts to achieve full-diversity
at code-rate of 1. Since the coding matrix is orthogonal, this code inherited a simple and fast
decoding strategy using a single-symbol maximum-likelihood (ML) detection. Moreover, this
code strategy is also generalized for multiple antennas (more than 2) by utilizing the same concept
and idea. But, the highest code-rate that could be achieved with this orthogonal STBC code for
more than 2 transmitter-antennas is 3/4 with full-diversity [47], [48]. Another form of space-time
coding is Space-Time Trellis-Code (STTC), in which, the information symbols are encoded using
convolutional encoders to obtain simultaneous multiple transmitter-antenna streams of
information symbols for transmission. STTC exploits delay-diversity in its functionary, in which
the delayed version of information symbols’ streams are sent over the multiple antennas. However,
complexity of the system increases manifold with the increase in diversity level and transmission
rate [49]. Due to the enhanced computational complexity of STTC in terms of its decoding, STBC
technique proposed by Alamouti in the wireless communication system design (which utilizes only
two transmitting-antennas and multiple receiving-antennas with the achievable diversity order of

2N, ) is considered appropriate for deployment. Taking into consideration the simplicity and

structure of the basic STBC, it can be readily deployed as advantageous diversity schemes in W-
CDMA and CDMA-2000 both [50]. The orthogonal class of space-time codes is usually preferred,
owing to its relatively lower decoding complexity along with the capability for the efficient
mitigation of channel distortions, which provides full transmit-diversity. In [51], full-rate OSTBCs
(orthogonal-STBCs) for multiple antennas (two to eight) are presented, which connotes that for
the multiple number of transmitter-antennas, the full-rate orthogonal-code designs only exist for
real constellations of modulation schemes for two, four and eight transmitter-antennas and for
complex constellations based two-transmitter antenna system. If the number of transmitter-
antennas are more than two, then it results in half-rate OSTBCs for modulation schemes that are
complex-valued. Further, for arbitrary number of transmitter-antennas and complex-valued
modulation schemes, a systematic design method has been presented to achieve the high-rate
orthogonal-codes, which enjoy the benefit of a simplistic decoder [52]. The different forms of
OSTBCs can be found in [53] and [54]; and the performance analysis of which are presented in
[55] based on channel capacity; and the inference about average symbol-error-rate (SER) is
presented in [56]. Considering the implementation of space-time codes, which are in the form of
6



matrices, the decoding of these orthogonal-codes can be highly complex due to the increased size
of the codebook, when higher number of transmitter-antennas are utilized to achieve higher code-
rate. It has been suggested that a reasonable effective space-time code must have the properties of
full-diversity and relatively fast decoding.

The orthogonal design of STBCs have the ability to realize full-diversity and fast decoding at
the receiver. Although, the increase in complexity with respect to the code size is linear for
OSTBCs; however, the maximum code-rate achievable from these codes for multiple antennas
greater than two is 3/4 (which is 1/2 for more than four transmitter-antennas) [51], [57], [58]. In
order to achieve higher code-rates for multiple antennas in a MIMO system, the complex
orthogonal design has been transformed to the quasi-orthogonal structure, in which the codes
transmitted from various/multiple antennas are orthogonal to each other, but the transmission
codes are made up of groups that are not orthogonal to each other. Rather than utilization of single
transmitted symbol for decoding, the quasi-orthogonal codes utilize pairs of transmitted symbols
to efficiently decode itself at the receiver [59]. The quasi-orthogonal space-time-block-code (QO-
STBC) design for multiple antennas help in achieving higher code-rate, but alleviates the diversity
order of the underlying wireless communication system. It has been depicted that QO-STBCs are
useful for the communication systems working under low SNR scenario, and the codes with full-
diversity orders are more beneficial for elevated SNR values, as the performance of a MIMO
system depends on its diversity order. Further, QO-STBCs are designed as mentioned in [60] and
[61], in which authors discuss the effects of interference caused by the symbols due to non-
orthogonal structures of QO-STBCs. For slow-fading scenario, Tirkonnen et al. [60] have found
that the multiple transmitter-receiver channels are approximately the same for a relatively longer
period of time, which makes the decoding matrix singular and makes decoding more difficult, as
the receiver is not able to differentiate between transmitted and interfering symbols. Hence, it is
required for a QO-STBC to have full-diversity to achieve better performance at higher SNR values.
This can be implemented by carefully choosing the signal constellations for different symbols to
be transmitted through multiple antennas. One of the methods is to employ different constellations
(differentiated by a small phase angle rotation) for different sets of symbols in QO-STBC structure.
This method results in full-diversity order and faster decoding; and the computational complexity
of which is similar to the other QO-STBC schemes [62]. The major disadvantage of QO-STBC is
the elevated complexity while decoding the transmitted symbols, because of non-orthogonality of
the codes. Since the ML decoder at the receiver processes pairs of transmitted symbols (for higher-
order modulation schemes), the decoding complexity increases significantly. In order to mitigate

this problem, the sphere-decoding algorithm can be used to decode the QO-STBC transmitted
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symbols that substantially simplifies the decoding complexity, but it is quite susceptible to
variations in SNR values [63], [64]. A low-complexity ML detector [65] and a low-complexity
minimum-mean-square-error (MMSE) with QR-decomposition based ML decoding procedure
[66] are presented to reduce the decoding complexity; however, these are also sensitive to the SNR
values. The conventional linear decoding algorithms, such as zero-forcing (ZF) and MMSE, can
also be utilized for QO-STBC decoding in communication systems [67], [68]. Another low-
complexity ML detector that utilized real-valued lattice representation is proposed in [69] for
quadrature-amplitude-modulation (QAM) schemes only. Further, the QR-decomposition is used
to reduce the decoding complexity at the receiver, but it is not able to modify bit-error-rate (BER)
performance of underlying QO-STBC based communication system [70]. An efficient strategy to
reduce the interference caused by other symbols in QO-STBC scheme utilizes Givens rotation to
efficiently eliminate the interference terms for simple linear decoding and full-rate encoding
matrix [71]. Also, a similar method using the eigen-value-decomposition (EVD) has been
introduced for three and four transmitter-antenna QO-STBC based systems in [72].

The spatial-diversity at the receiver leads to additional burden on the overall physical size and
power consumption that hampers the portability advantage of wireless equipment. However, the
diversity at the transmission side may be viewed as an opportunity to provide reliable data
transmission to mobile users from the base-stations. The space-time coding techniques discussed
above are quite susceptible to wireless fading channels that easily inhibit the orthogonality of the
codes, which is alarming for these techniques. Hence, these coding techniques work efficiently in
channels having flat-fading impulse response, which limits its usage to applications where the
delay-spreads are nominal or small. OFDM has the inherent property to convert the frequency-
selective wireless fading channel to the multiple flat-fading subchannels without ISI due to the
usage of FFT and CP. The combination of STBC with OFDM can be utilized for improving the
overall wireless system performance working under fading channels with large delay-spreads [73].
The STBC-OFDM technique presented in [73] utilized the Alamouti’s coding scheme for the two
transmitter-antennas, which is capable to achieve the diversity-gain approximately equal to
maximal-ratio-combiner (MRC) receiver under the slow-fading environment. The Alamouti
scheme decouples the transmitted symbols from different antennas that reduces the complexity of
the receiver by employing ML decoding algorithm. Further, the space-time codes have been
utilized in OFDM systems for two transmitter-antenna systems (with one and two receiver-
antennas) in [74] and [75] to mitigate adverse effects of frequency-selective fading of the
encountered wireless channel. The second-order diversity provided by Alamouti code used in these

schemes is not sufficient for wireless communication systems providing adequate reliability under
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fading environment. Therefore, ST codes that are capable to yield fourth-order diversity-gain by
employing the four transmitter-antennas, have been considered as an opportunity for the
implementation of STBC-OFDM systems [76]. The orthogonal space-time codes for four antennas
with 1/2 code-rate and quasi-orthogonal codes with 3/4 code-rate have also been employed for
STBC-OFDM systems in [77], [78]. However, these conventional coding schemes are utilized in
the spatially correlated channels without taking into consideration the randomness and
independence constraint due to the transmitter-antenna based correlation function. This results in
BER deterioration for STBC-OFDM systems employing fourth-order diversity-gain [79]. An
STBC-OFDM scheme, which utilizes the frequency-diversity, is also presented in [80] that
enhances the performance of system in spatially correlated environment, in comparison to
traditional STBC-OFDM techniques, by improving the determinant of channel correlation matrix.
The orthogonal-coding of data symbols as provided by Alamouti coding scheme yields the
advantage of lower decoding complexity only when underlying channel appears to be invariant for
the period of orthogonal-FDM codeword transmission [81]. That is, a quasi-static block-fading
environment is assumed for this STBC-OFDM system, which is a rare condition in practical
scenario. Hence, it is necessary to consider and analyse the effects of time-varying channels on
STBC-OFDM system, as a relatively longer symbol duration can deteriorate the system
performance [82]. Also in fast time-varying fading environment, the performance gets degraded
further because of the introduction of inter-carrier-interference (ICI) for demodulated subcarriers
when channel variations within one OFDM symbol-block are significant [83]. The performance
degradation of STBC-OFDM system working under the time-varying fading channel (modelled
using first-order autoregressive (AR1) process) is also studied, for different types of receivers. It
has been demonstrated that degradation occurs in all the receivers, but the receiver with decoupling
capability performs similar to ML decoding receiver with a reduced diversity-order [84]. The
detectors, namely zero-forcing (ZF), decision-feedback (DF) and joint ML (JML) detectors, are
also utilized to improve performance of two-branch STBC-OFDM systems working under time-
variant spatially uncorrelated multipath fading scenarios (which are modelled using Rayleigh
distribution). Assuming sufficient CP to avoid ISI in the underlying system, JML detector has been
found to alleviate crosstalk and noise simultaneously, whereas ZF detection procedure impels the
crosstalk to null and DF detection procedure suppresses the crosstalk through the usage of
whitened-matched filtering [85].

Conventionally, wireless channel is usually considered to be of flat-fading nature and known at
receiver (for analytical simplicity) for the STBC-OFDM systems, which is not a practical approach

in the wireless communication systems. This assumption leads to elevated BER due to ISl in time-
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varying channel, which makes the channel estimation and equalization necessary for better
performance. A channel estimation technique that utilizes training symbols for efficient estimation
of channel fading conditions is presented in [86], [87], which utilizes relatively larger bandwidth
and reduces throughput, as training symbols are also sent along with data symbols. Since, the ML
detection requires channel-state-information (CSl) at the receiving end for proper detection (which
is relatively computationally complex); therefore blind and semi-blind linear methods for
equalization have also been used extensively. The blind equalization algorithm implementation
(as discussed in [88]), utilizes a block channel encoder for redundancy that is placed before the
space-time encoder in STBC system. Also, a semi-blind equalization algorithm for channel
estimation has been developed in [89] for the zero-padded MIMO-OFDM system and it is not
applicable to CP based OFDM systems. Also, different kinds of equalizers for spatially-coded
systems working under the frequency-selective channels, which assume the availability of CSI at
the receiver, have been detailed in [90]. A unified framework that encompasses basic STBC
system, STBC-OFDM system and STBC-CDMA system, with a semi-blind equalization
procedure for channel approximation that doesn’t rely on the precisely available CSI, has been
addressed in [91]. In order to eliminate ISI at the receiver, the information available as redundancy
in space-time codes and training symbols have been exploited to develop a direct equalization
technique for the generalized and hybrid STBC systems as well [91]. For STBC based MIMO-
OFDM systems utilized in various practical applications, the signal identification that includes
STBC identification, MIMO modulation identification and number of transmitter-antennas
detection is deemed important for military as well as civilian applications in wireless
communication. The signal identification in MIMO systems poses a larger difficulty, as along with
the estimation of signal parameters and channel coefficients, there is a need to estimate the number
of transmitter-antennas and the type of coding/configuration used at the transmitter. In order to
efficiently perform the STBC identification, the feature-based approaches have been utilized that
exploit the correlations in time-domain (induced by space-time coding) in transmitted signalling
waveform. The schemes that use second-order zero-conjugate cross-correlation between signals
transmitted from the different antennas have been introduced for MIMO-OFDM techniques
utilizing more than 2 receiver-antennas in [92], [93]. These techniques assume Alamouti coding
at the transmitter, and observe the cross-correlation function between the signals received at
different antennas, which exhibit significant peaks corresponding to the number of transmitter-
antennas. The sensitivity towards carrier frequency-offset is the major drawback of these
techniques along with relatively longer observation time. The received signals can also be

rearranged to induce correlation among all subcarriers, which can be utilized to differentiate the
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peaks for different STBC schemes [94], [95]. Similarly, a technique that utilizes cyclic cross-
correlation function of second-order and zero-conjugate type has been demonstrated to perform
STBC signal identification, which has an advantage of shorter observation time for similar
performance at a given SNR [96]. The techniques for modulation identification in STBC-OFDM
systems is still lacking, as this requires the knowledge of incorporated coding scheme. Also, the
joint identification of STBC and modulation scheme can be suggested based on the cyclic nature
of OFDM signals transmitted using iterative processing techniques [97]. These strategies can
trigger the utilization of STBC-OFDM methodology in the emerging wireless technologies to

enable the fifth-generation (5G) of wireless communication systems.

1.1.3 SFBC-OFDM Paradigm

For a wireless communication system, different types of diversities that can be exploited by coding
and transmission schemes are temporal-diversity, frequency-diversity and spatial-diversity. The
space-time coding introduces redundancy across space as well as time to comprehend the
diversity-gain in spatial-domain. In multipath fading MIMO channels, it is important to exploit
frequency as well as spatial-diversity concomitantly. It is rather straightforward to employ space-
frequency diversity with forward-error-correction (FEC) coding and interleaving across
tones/subcarriers, which are deployed practically as bit-interleaved coded modulation [98]. A more
systematic approach for obtaining the spatial diversity-gain is to utilize the space-time codes for
the coding across space as well as frequency (in place of time), to form space-frequency codes
[99]. Here, the desired symbols are encoded in spatial-domain (antennas) and frequency-domain
(subcarriers), which makes the coding applicable in one OFDM symbol only, rather than different
OFDM symbols, as in STBC-OFDM system. That is, in order to realize space-frequency coding
for the two transmitter-antenna system, the Alamouti-code is applied on two consecutive
subcarriers in single orthogonal-FDM symbol-block (through spreading) [100]. The space-time
codes that has replaced the time-domain with frequency-domain achieved only spatial-diversity,
but it could not guarantee full frequency-diversity. The performance criteria for SFBC-OFDM are
discussed in [99], [101]. It is found that the maximum attainable diversity-order is the product of

number of transmitting-antennas, number of receiving-antennas, and number of resolvable paths

of a multipath fading channel ( N, N, L ). The existing space-time codes are not able to efficiently

utilize frequency-diversity in a frequency-selective environment, therefore a different code design

strategy has to be followed in case of SFBC-OFDM technology [99]. Further, a method for space-

frequency code generation has utilized multiplication of a portion of discrete-Fourier-transform

(DFT) matrix with transmitted symbol-vectors [102]. These codes attain full spatial as well as
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frequency-diversity at the cost of reduced capacity. Also, this is assumed while designing these
codes that power is spread uniformly across all multipaths; and multipath delays precisely fall on
the sampling points at the receiving end. For arbitrary power delay-profile as well as for any
number of transmitter-antennas, a systematic procedure for designing space-frequency codes is
suggested in [103]. It has been demonstrated that a full-diversity space-frequency code can be
constructed using a simple mapping from any STBC achieving the full spatial-diversity, working
under a quasi-static flat-fading channel. These coding schemes are not able to achieve the full-rate
(single information symbol per subcarrier). Eventually, a full-rate and full-diversity code design
procedure is coined in [104] for any number of transmitter-antennas, memory-less modulation
methods, and power delay-profiles.

The performance of STBC scheme gets degraded severely in the fast-fading wireless
environment because of relatively longer duration of successive OFDM symbol-blocks. This
disadvantage of STBC is resolved by the utilization of SFBC scheme, as the orthogonal design is
structured with the utilization of neighbouring subcarriers of same OFDM symbol-block. Hence,
SFBC scheme is less sensitive towards the Doppler-effect, which makes it a strong candidate for
the IEEE 802.16e standard, which also takes user mobility into account [105]. It has also been
presented that the orthogonal designs of STBC scheme are effective for the design of SFBC
scheme in OFDM systems for achieving the maximum diversity-order, along with its effectiveness
over fast-fading and frequency-selective wireless fading channels [106]. The SFBC scheme is also
beneficial when the channel is slow varying in frequency-domain (with small delay-spread of
fading channel), as compared to the STBC scheme that works well in slow varying environment
in the time-domain. The utilization of orthogonal-codes for SFBC in OFDM systems have been
shown to yield full-diversity-order under the multipath fading channel scenario in [107]. The
assumption in the design of orthogonal-codes for SFBC is the constant channel gain across the
whole duration of information symbol-block. However, this assumption fails to meet in many
practical scenarios, where the channel is frequency-selective with higher delay-spreads. However,
usage of traditional linear processing decoders (mentioned in [46], [51]) exhibit degraded
performance, as ICI is induced due to the varying channel frequency response over the adjacent
subcarriers. The induced ICI may be suppressed by introducing more subcarriers in each OFDM
information symbol-block. This, in turn, leads to reduction in the bandwidth efficiency of SFBC-
OFDM system, and it makes the system more prone to the frequency-offset related problems and
phase-noise impairments. In order to minimize the errors caused due to the varied response of
adjacent subcarriers, it is rendered important to perform interference cancellation in the frequency-

domain. A low complexity successive-interference-cancellation (SIC) strategy has been proposed
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in [108], which uses QR decomposition algorithm (that is square-root as well as division free)
based on scaled Givens rotation matrices. The presented algorithm is relatively computationally
simplified, as the conventional receivers utilizing square-root and divisions are computationally
rigorous (because of high-bit precision needs), and therefore it emerges to be appropriate candidate
in deployment of SFBC-OFDM receivers.

The block-codes (in time-domain or frequency-domain) require to be configured to achieve
full-diversity-order while working under frequency-selective fading environment. However, the
usage of algebraic theory for design of SFBC for frequency-selective fading scenario has been
explored in [109], [110]. Also, a full-rate full-diversity code has been suggested in [111] that
utilizes complex field decoding [112]. However, these techniques assume the uniform power
delay-profile and equally spaced channel path-delays for a multipath fading channel. Further, a
SFBC criterion has been derived in [103] that illustrates the relationship between SFBC code
matrix and fading channel parameters (path-delays and power delay-profile). It is noteworthy that
if any full-diversity STBC code is utilized as an SFBC code in MIMO-OFDM system, the
diversity-order designed for time-domain is at least achieved, which emphasises on usability of
space-time codes as well as space-frequency codes [103]. The utilization of SFBC has proven to
be a useful method for combating ISI effects also [113]. The reported SFBCs are normally based
on the complex-valued orthogonal STBCs, as suggested in [77]. It has been observed that the
performance of these orthogonal STBCs gets degraded significantly under the time-varying
environment that changes from one OFDM information symbol-block to another. A higher code-
rate SFBCs have been designed in [114], that is proportional to number of transmitter-antennas
used in underlying system. In [104], SFBCs with rate-one have been explored that has a benefit of
maximum coding advantage, which are further optimized using the linear transformations [115].
AKkin to the case of STBC, the orthogonal SFBCs also fail to exhibit full code-rate for more than
two transmitter-antennas. Hence, for large number of transmitter-antennas, the SFBCs either have
lower code-rates or are quasi-orthogonal with diminished diversity-gain. In QO-SFBC technique,
the loss of diversity-gain is primarily because of the coupling between adjacent subcarriers due to
the codeword design. The non-orthogonality of the QO-SFBC technique can be mitigated by its
combination with the ML decoder, but that significantly increases the computational complexity
of the wireless receiver [116]. Also, the diversity-gain can be improved by incorporating schemes
like constellation expansion and symbol-rotation [62]. The data-rate can be further increased with
higher diversity-gain by employing beamforming schemes with asymmetric antenna
configuration. However, these schemes require full CSI at the transmitter [117] or rely on the

intensive feedback from the receiver for steering vectors [118]. Also, the feedback received at the
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transmitter may become obsolete in case of the time-varying channels that poses a significant
burden on the throughput of wireless systems. The usage of multiple streams in SFBC
methodology with or without partial CSI feedback has been observed as a promising technique.
The interference between different streams (that are Alamouti encoded) has been suppressed by
the utilization of ZF [119] or MMSE [120] receiver. The interference can also be mitigated by
using the combination of beamforming (with SFBCs) and partial CSI available at the wireless
transmitter [121], [122]. These techniques impose an extra burden of more than 16-bits for
appropriate feedback in order to achieve the substantial performance, and is also prone to
quantization noise [118]. An SFBC codeword with angle rotation has been discussed in [123],
which utilizes only 1-bit feedback to improve the channel characteristics by choosing smaller
residual interference power between 0° and 180° symbol rotation. This scheme proves to be a better
performer as compared to the open-loop SFBC system counterpart. Furthermore, a novel class of
SFBCs has been addressed in [124] that utilizes the linear combination of symbols using the
Vandermonde matrices in the orthogonal-codes. This code design attains full-diversity and unity
code-rate for the two transmitter-antennas, and full-diversity for more than three transmitter-
antennas with reduced code-rate. This scheme is able to achieve the maximum coding advantage,
when partial CSI is available at the transmitter.

The SFBC-OFDM systems mainly rely on the assumption of quasi-static (flat-fading for one
OFDM information symbol-block) channels, for alleviating the computational complexity of the
optimal ML decoding receiver. However for fast-fading channels, severe delay-spreads and
Doppler-effects tend to degrade the performance of decoding algorithm due to the interference
caused by the intermingling of signals from the different transmitter-antennas [125]. It has been
observed that the receiver’s decoding complexity gets increased exponentially with increase in the
modulation size (constellation-size), which can give rise to a difficulty in the implementation of
decoding algorithm for SFBC-OFDM systems. Furthermore, generalized simplified ML decoder
has been detailed in [126] that cancels interference completely, while keeping the decoding
complexity as given by Alamouti in [46]. Also, a concatenated ML decoder is investigated in [127]
for SFBC-OFDM equipment working over frequency-selective fading scenario, in which authors
have delineated a relationship between the degradation of channel decoders and the channel
variations within the time-frame of one OFDM symbol-block. The decoding algorithms for the
wireless receivers employing expectation-maximization (EM) [128], MMSE [129], MRC [46],
ML [130] and low-complexity ZF [131] have been utilized for the flat-fading channels, which also
tend to degrade their performances under the high mobility scenarios. Several attempts towards

combining the spatially-coded symbol decoding and ICI cancellation in the SFBC-OFDM systems
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have been mentioned in [132] and [133], which utilize the schemes based on correlative coding
and linear interference cancellation. Recently, the performance of OFDM systems utilizing SFBC
schemes has been studied using the numerical analysis method. A novel algorithm to identify
spatial-codes through the analysis of discriminating features for different SFBCs is detailed in
[134]. Also, the SFBC identification procedure for multiple transmitter-antennas in an OFDM
system is analysed in [135]. For a SFBC system, the integer carrier-frequency-offset (CFO)
estimation procedure is also proposed in [136]. Further, a distributed QO-SFBC is constructed for
single-carrier transmission scheme in [137]. In order to mitigate the effects of PAPR in SFBC
based MIMO-OFDM systems, several techniques have been discussed in [138] and [139]. A vector
based OFDM system has been designed for STBC as well as SFBC schemes in [140]. However, a
new iterative channel estimation scheme for SFBC based MIMO-OFDM systems that utilizes pilot
symbols has been suggested in [141]. The SFBC-OFDM systems working over various fading
channels have been analysed for BER performance in literature [142]-[146]. The outage-
probability and frame-error-rate for BPSK and QPSK modulation schemes in STBC- as well as
SFBC-OFDM systems have been addressed in [142]. The closed-form BER expressions for SFBC-
OFDM systems utilizing MQAM as well as MPSK schemes are showcased in [143]. A detailed
study of the BER performance of SFBC-OFDM receivers that are working in different fading
environments has been presented in [144]-[146]. The performance of this system is also limited
by nonlinear distortion caused due to power-amplifiers (at transmitter as well as receiver) [147].
Moreover, the practical performance analysis of SFBC based MIMO-OFDM receivers has been
given in [148], which indicates/ highlights the deteriorating effects of nonlinear noise caused by
power-amplifier working in TWDP (two-wave with diffuse power) fading environment. Here,
closed-form expressions quantified the detrimental effects of nonlinearity on its BER performance
[148], which can be quite useful while utilizing adaptive channel estimation and equalization

techniques.

1.2 Channel-State-Information (CSI) Estimation in OFDM Systems

The transmitted information symbols reach the receiver after passing through a radio channel in
the wireless communication systems. In order to efficiently retrieve the desired information in the
presence of detrimental effects of channel, it is necessary to estimate the same for the case of
conventional coherent receivers [149]. The accurate recovery of the transmitted signal is directly
proportional to the efficiency in tracking of the channel variations. The utilization of differential
modulation schemes and CSl-estimation at the transmitter helps to reduce the need of CSI-

estimation at the receiver. However for the systems handling large data-rate, the CSl-estimation
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becomes a crucial part of communication system. Since, wireless fading channel is highly dynamic
in nature, the channel estimation becomes a challenging problem. The performance of channel
estimation directly depends upon the statistics like scattering, spreading, mobility of transmitters
and receivers, etc., which are exploited by different techniques to achieve better CSI estimates in
the OFDM based multicarrier systems [150]. Usually, the channel is modelled as an unknown
time-variant filter (with finite-impulse-response), and the coefficients of which are estimated by
different algorithms and techniques [149]. In the case of OFDM system, the information symbols
are mapped onto the orthogonal frequency-domain subcarriers, which makes the estimation of
channel frequency response an important aspect for coherent detection of transmitted information
symbols. The techniques for efficient CSl-estimation in OFDM based communication systems
may be broadly categorized into blind as well as non-blind techniques. Blind CSl-estimation
approaches require huge amount of statistical data of the received signals [151], which makes it
unfavourable in the fast-fading environment [152]. However, in the case of non-blind channel
estimation techniques, some amount of transmitted information symbols or previous channel
estimates are available at the receiver for an improved CSl-estimation. Furthermore, non-blind
techniques for CSl-estimation may be divided into two broad categories: data-aided as well as
decision-directed. The data-aided approach (or commonly, pilot symbol-aided) makes use of the
transmitted symbol information (that is known at the receiving end) for effective CSl-estimation
by simply demodulating the received symbols. The deployment of pilot-symbols in frequency-
domain for channel estimation is analogous in new generation IEEE 802.11a and HYPERLAN2
standards for WLAN [153]. It has been observed that accuracy of CSl-estimation increases with
increase in number of pilot-symbols added; but that also elevates the transmission overhead and
alleviates the spectral efficiency of underlying system. For slow time-varying environment, where
channel is considered to be constant over a group of transmitted information symbol-blocks, the
pilot-symbols are inserted over all subcarriers at the beginning of the information symbol-block
group [154]. This type of pilot-symbol arrangement is known as block-type pilot arrangement, and
is commonly used in WLAN and WiMAX systems [155]. For the case of fast-fading environment,
the channel changes in between consecutive orthogonal-FDM information symbol-blocks,
therefore pilot-symbols are inserted within OFDM symbol-block (on certain subcarriers), which
is known as comb-type pilot arrangement. Also, in order to boost receiver performance, underlying
channel can be tracked in decision-directed-mode, in which, current OFDM symbol demodulation
is performed with the utilization of channel estimates obtained previously. The channel
coefficients related to current decoded symbols are then estimated, which can be marginally

reliable, as the channel is varying after each symbol [156], [157]. Therefore, the channel coding,
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interleaving and periodic pilot-symbols are added to enhance the performance of decision-directed
techniques in the time-varying environment.

The literature has suggested a number of techniques (using time- as well as frequency-domain
samples) to estimate channel coefficients in OFDM based communication technology. Hence,
basic channel estimation techniques utilize a priori information, which may be subcarriers’
correlation in the frequency-domain [158], or in time-domain [159], or even in spatial-domain
[160], and it can also be the length of channel impulse response [161]. In general, the better
estimates may be retrieved by the utilization of a priori information at receiver [162]. The MSE is
usually considered as a performance metric for indicating the efficiency of channel estimation
techniques. Apart from MSE, the BER performance can also be used for measuring the system
performance [163], [164], which is mostly utilized when the performance of OFDM system is
evaluated along with the channel estimation errors [165], [166]. The common strategies for data-
aided channel estimation are either transmitting known training-data over one or more orthogonal-
FDM information symbol-blocks, or transmitting known training-data along with continuous
stream of information symbols (pilot-symbol aided channel estimation). The spacing of pilot-
symbols in the OFDM symbol-block depends upon the delay-spread of channel (that relates to
channel’s frequency response). The spacing between consecutive pilot-symbols should be small
enough; such that channel variations in frequency-domain may be captured effectively. However,
if this condition fails to meet, the aliasing of impulse response in the time-domain leads to an
irreducible error floor (according to Nyquist sampling theorem) [167]. For a set number of pilot-
symbols to be inserted, optimum locations in time-frequency grid are decided based on the Nyquist
rate [168]. Moreover, the optimization of pilot-symbol allocation is a trade-off between the
excessive energy utilized for pilot-symbols, insufficient fading channel sampling, accuracy of
channel estimation technique and overall spectral efficiency of system [169]. Also, the optimum
pilot allocation cannot be generalized for the different fading channels, as the fading process is
quite different. It has been observed that pilot-symbols in frequency-domain need to be
equipowered (same power as for data-symbols) and equispaced (same spacing between
consecutive pilot-symbols). Here, number of pilot-symbols in each orthogonal-FDM symbol-
block has to be at least equal to the length of channel impulse response. As the utilization of pilot-
symbols for effective channel estimation is a trade-off, the adaptive allocation of pilot-symbols
based on channel length estimation may provide another alternative [170]. Since the transmitter
employs IFFT block, the OFDM suffers from high PAPR that can be different for different training
symbols [171]. Further, different pilot-symbol allocation procedures may lead to different PAPR,
when transmitted along with information-symbols. This leads to varying pilot-symbol allocation
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for random data, in order to minimize PAPR [172], which in turn requires the information to be
communicated to receiver that alleviates spectral efficiency of underlying OFDM system. The
information related to channel statistics becomes a crucial part for designing an optimal pilot-
symbol allocation strategy. The information related to delay-spread estimation is required for the
frequency-domain pilot allocation, and Doppler-spread is required for pilot allocation over full
OFDM symbol-blocks. The availability of these estimates results in acceptable performance of the
system with right amount of pilot-symbols. Also, a scheme can be designed while taking worst
channel conditions into consideration, if proper channel estimates are not available [172].

The commonly used simplistic CSl-estimation method for orthogonal-FDM systems is the
least-squares (LS) estimation, which is utilized by many methods to obtain an initial channel
estimation at pilot subcarriers for further enhancement in estimation performance [173]. With the
knowledge about the number of channel tap-coefficients, the performance of LS estimation gets
boosted due to the reduction in noise, as the dimensions of LS matrices get reduced [174], [175].
However, it increases the computational complexity, but the performance enhancement due to
exploitation of subcarrier correlation amounts to the merit of LS estimation. The maximum-
likelihood (ML) estimation is a similar technique to LS estimation that is utilized for efficient
channel estimation [176]. Both of the techniques (LS and ML) rely on the pilot-symbols for the
effective channel tap-coefficient estimation. However, when the number of pilot-symbols inserted
in a single orthogonal-FDM symbol-block is more than channel length, the performance of both
techniques is at par with each other [176], [177]. In training phase, all subcarriers of two OFDM
symbol-blocks are reserved for known pilot-symbols (like in WLAN or WiMAX). For the system
working under slow time-varying environment, the channel can be assumed as same for the
subcarriers across OFDM symbol-blocks, which can be further utilized for the additive noise
reduction [173]. The Kalman-filtering technique can be used, if different OFDM symbol-blocks
experience different noise variances, provided the noise statistics are exploited as weighting
parameters for the filtering process [178]. The CSI estimated from the training symbols may be
further utilized for CSl-estimation in between training symbols (for the span, in which data
symbols are transmitted). Usually, it is considered that channel is constant between orthogonal-
FDM training symbols, and the channel tap-coefficients do not change until fresh training data is
received [155], [179]. But, this technique impose a constant error floor for varying channels in
practical scenarios. Also, it has been observed that the performance gets degraded significantly for
the information symbols, which are transmitted farthest from the training symbols. Hence, it is
beneficial to send the critical information over the symbols that are closer to training symbols

[155], [180]. On the contrary, only few subcarriers in an OFDM symbol-block are utilized for the
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training symbols in pilot-mode of channel estimation process. The channel response in frequency-
domain is first estimated (via LS estimation) over pilot subcarriers, which are then interpolated/
extrapolated over non-pilot subcarriers. The most common method for interpolation is utilization
of piecewise constant (where the channel response between consecutive pilots are assumed to be
constant) [181], or linear interpolation (where the non-pilot channel response is approximated from
a straight line between the consecutive pilot subcarriers) [182]. The piecewise linear interpolation
technique needs more number of pilot subcarriers for achieving an acceptable level of performance
under frequency-selective environment [181]. The performance of the systems can be enhanced
by using the higher-order polynomials for channel frequency response fitting, provided that, a
priori knowledge about frequency-/time-selectivity is available. Commonly used higher-order
interpolation schemes are spline interpolation [183], Gaussian interpolation [184], and polynomial
fitting [185]. However, if the OFDM systems are working under channels with lower selectivity,
then the complicated estimation techniques can be replaced with simple interpolators.

An optimum method for minimization of MSE of estimated channel tap-coefficients in the
presence of AWGN is the linear-minimum-mean-square-error (LMMSE) technique, which is
widely used as one of the CSl-estimation strategies. LMMSE is an interpolator/ extrapolator/
smoother for the orthogonal-FDM based communication systems with pilot subcarriers, which
utilizes additional information like channel statistics and SNR for the effective estimation. This
leads to an increase in computational complexity (in terms of multiplication operations) of the
LMMSE receiver as mentioned in [158], [176], and [184], that makes it relatively hard to deploy
in the practical applications, although it is optimum. Hence, the computationally efficient
techniques for LMMSE are realized for the CSl-estimation in orthogonal-FDM transmission. In
[158], singular-value-decomposition (SVD) method is exploited for reducing number of
multiplications needed for estimating CSI for single subcarrier. A pre-defined channel length is
assumed in [186] that reduces the complexity of LMMSE substantially. However, when number
of channel taps are less than actual channel length (sparse channel), this technique leads to
unnecessary computations. SVD results in as many significant values as the number of channel
taps, when channel length is quite smaller than number of subcarriers in an orthogonal-FDM
symbol-block. Since, SVD transforms the information to a subspace-domain, the noise is also
transformed that can be eliminated in the subspace-domain, which results in overall noise
reduction at the receiver [187]. It has been observed that the utilization of SVD of auto-covariance
matrices alleviates number of multiplications, but calculations of SVD of these matrices involve
high computational complexity [188]. The robust channel estimation methods utilize assumed

power delay-profile of fading channel, which is further used to pre-calculate auto-covariance
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matrix and SVD values, in order to minimize the computational load [189], [190]. The reason
behind significant performance of the robust LMMSE estimation is the available knowledge of
channel statistics and SNR; without which, the desired improvement cannot be expected for a
given computational complexity. In training based systems, the decision-directed channel
estimation has been widely applied for OFDM based communication systems. The main motive
of decision-directed technique is to utilize the previously estimated CSI for the current data
detection, which is used to further improve the current CSl-estimation [191], [192]. If data at
different subcarriers is identified, the aforementioned schemes can be employed for CSI-
estimation. The decision-directed strategy inherently introduces two basic problems, that are
related to the outdated (or previous) CSI estimates and about the consideration of correct (current)
data detection. Decision-directed approach can be beneficial over the slow varying channels, but
poses a problem when channel varies, that makes previously estimated CSI outdated for the current
data detection. Therefore, the channel estimation and data detection errors get accumulated and
make the overall system performance unacceptable for practical scenarios [193]. This accumulated
error propagates with the increasing number of decisions (while performing data detection), which
becomes critical for the system performance in the low SNR regions [194], [195]. The transmission
of the training symbols (or pilots) can be seen as a potential strategy for overcoming the inherent
problems of decision-directed technique. The time-period for sending training symbols can be pre-
determined for a given system [195], or can also be adaptive based on the degree of variation in
the estimated CSI [196]. The use of prediction algorithms can be considered as an alternative
approach for the channel estimation. The previously estimated CSI can be utilized to predict the
CSI for the next OFDM information symbol-block [197]. The prediction strategies may also be
incorporated in time-domain (on channel tap-coefficients) [198] or in frequency-domain (on the
CSI at the subcarriers) [197]. Further, it has been showcased that the utilization of ARMA
modelling and Kalman-filtering leads to substantial enhancement in the performance of decision-
directed estimation methods with prediction, in [198]-[200].

The expectation-maximization (EM) algorithm is one of the most promising technique for
decision-directed channel estimation method. The EM procedure uses error probabilities utilized
by the decoders (as provided by maximum-a-posteriori (MAP) decoder in turbo decoding), which
is required for effective CSl-estimation [201]-[203]. This reduces the computational complexity
of EM procedure, and makes it a viable choice for OFDM CSl-estimation. It has been shown in
[204] that EM procedure may also be integrated with a QRD-M algorithm by utilizing the
correlative coding, in the turbo-coded OFDM systems. It has been observed that EM procedure

converges to ML procedure with a sufficient number of iterations, without the need of channel
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statistics [205]. However, the performance relies on the initially assumed/ estimated values for the
algorithm to converge rapidly. This iterative scheme may also be generalized as joint and iterative
CSl-estimation techniques, which are useful in the fast-fading environment. Here, a reduced
number of pilot-symbols are sent while taking non-linear distortions into account [206], [207]. The
combinations of coherent detection, channel estimation as well as decoding schemes are used in
OFDM based systems. In [208], the time-domain CSl-estimation is performed using Kalman-
filtering, and the data is detected using QRD-M algorithm. Since, RLS is also an iterative method,
it is combined with decision-directed estimation schemes to provide accurate estimates in the time-
domain (as the number of parameters to track are less) [209], [210]. The CSl-estimation techniques
offer a trade-off between performance and computational complexity. It has been demonstrated
that LMMSE offers the best performance, but it has the highest computational complexity. Hence,
it becomes important that the estimation techniques are unified to cater to the aforementioned
trade-off [150]. The performance of CSl-estimation techniques gets degraded in the fast-fading
environment (that forces the channel to change within an OFDM symbol-block), which makes the
channel matrix non-circulant resulting in off-diagonal elements in the decoding matrix (commonly
known as ICI) [211]. The frequency-offset (because of the transmitter/ receiver oscillator
mismatching), phase-noise and non-linear distortions also degrade CSl-estimation performance
[212]. Usually as a part of preamble, two OFDM symbol-blocks are transmitted for the
synchronization purposes, in which, the synchronization errors can cause the significant
performance degradation of LMMSE based channel estimation techniques [213]. The channel tap-
coefficients vary at each sampling instance under the fast-fading scenario, which makes the time-
domain estimation of each tap-coefficient necessary for obtaining better channel estimates in the
frequency-domain. This increases the number of unknown parameters to be estimated that makes
the solution as under-determined, as the number of equations are less than the number of variables.
By correlating the channel-taps at each time-domain sample via certain basis functions can reduce
the required number of equations. The most commonly used method for channel-tap evolution
over time is the assumption of linear variation over the time [214], [215]. The lowpass filtering
may also be incorporated for interpolation to achieve improved CSI estimates in the time-selective
environment, as discussed in [211]. If the actual channel follows Jakes’ channel model, the
channel-tap variations are assumed to follow the zeroth-order Bessel-function of first-kind [214],
in which, parameters are found by locating the zero-crossings over the time. Further, the channel-
taps can also be modelled using an autoregressive (AR) process as specified in [216], the

parameters of which can be obtained from the underlying channel statistics.
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Furthermore, the artificial-neural-networks (ANNSs) have also been incorporated in the problem
of CSl-estimation in the communication systems. The ANNs have an inherent advantage of
learnability from the environment under supervised and unsupervised conditions, which mimics
the human brain with a network of interconnected neurons [217]. The massively parallel and highly
distributed structure makes it appropriate for finding solution for the complex nonlinear problems
that covers the applications of image processing [218], signal processing [219], computer vision
[220], robotics [221]-[224], etc. A type of neural network based on radial basis function has been
presented in [225]-[227], for effectively mitigating the channel effects in the pilot-symbol aided
OFDM systems. In [228], the CSl-estimation technique based on ANNSs has been showcased for
OFDM systems working over Rayleigh fading environment without the assistance of pilot-
symbols, which has led to an increase in the bandwidth efficiency as compared to the conventional
techniques. Apart from SISO-OFDM, ANN based channel estimators have also been deployed for
MIMO-OFDM systems that estimate channel effects by utilizing the comb-type pilot-symbol
arrangement in [229], and are trained regularly by providing the feedback over communication
channels [230]. In order to effectively approximate channel parameters as well as coefficients, the
backpropagation-neural-network (BPNN) is the most commonly used architecture in OFDM based
systems [231]-[234]. The BPNN architecture has also been employed in STBC based OFDM
systems, as presented in [235]-[238], and in OFDM-IDMA (-interleave-division-multiple-access)
systems for approximating the channel coefficients. Further, soft computing techniques like
genetic algorithm optimization have been combined with BPNN to modify estimation performance
as well as convergence speed of the channel estimator [239]. Since the aforementioned neural
networks are real-valued, their utilization in complex-valued communication systems cause
significant deterioration in the estimation performance due to inherent complications. The deep-
neural-network (DNN) that contains more number of layers as well as neurons can be considered
as a promising choice, as DNN paradigms are more flexible with greater number of attributes to
have stronger generalization capability, as compared to the BPNN models. DNN approaches have
been utilized for fingerprinting-based indoor localization with commodity 5G WiFi networks in
[240] and [241]. Also, a new signal detection scheme for OFDM systems, that is based on DNN
model, is presented in [242]. An efficient online technique that employs DNN for CSI prediction
in 5G wireless communication systems has been discussed in [243]. The PAPR problem in OFDM
systems has also been addressed using autoencoder architecture of DNN [244]. Further, for
combating the large Doppler-shifts, a new DNN architecture has been suggested for orthogonal-
FDM symbol identification in [245]. In [246], DNN based architectures and techniques have been

deployed for orthogonal-FDM receivers under the constraint of one-bit complex quantization. In
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order to retrieve information transmitted in orthogonal-FDM systems with the linear as well as
nonlinear distortions, a model-driven strategy that combines DNN with expert knowledge has been
discussed in [247]. Moreover in [248], a five-layer DNN architecture is trained with offline
simulated information set for CSI approximation and symbol identification in orthogonal-FDM
systems. A joint channel-equalization and decoding technique utilizes a six-layer DNN in [249].
In [250], a five-layer DNN based receiver is proposed to retrieve the transmitted signal directly
after appropriate training. The training of such models can be done using the real wireless channel

sample-data to further fine-tune the model to achieve higher degree of performance.

1.3 STBC-OFDM Systems using CSI

STBC wireless communication systems are based on the MIMO technology, which exhibit an
ability to convert the multipath propagation phenomenon, conventionally a pitfall of the wireless
signal transmission and reception, into an advantage for wireless mobile customer. The MIMO
efficiently makes use of the random fading [2], [44], [251] as well as the multipath delay-spread
by multiplying wireless data transmission rates [252], [253]. Here, the fundamental phenomenon
is the space-time signal processing, in which time (the natural dimension of digital communication
data) is complemented with the spatial dimension inherent in the utilization of multiple spatially
distributed antennas. Though severe attenuation under multipath wireless scenario makes it highly
tedious for wireless receiver to approximate the transmitted signaling waveform [77], but the
deployment of multiple transmitter as well as the receiver antennas improves the SNR to enhance
the data detection process. In addition, the underlying mathematical characteristics of the MIMO
wireless systems (where data is communicated through a matrix-channel rather than a vector-
channel) generate novel and ample alternatives beyond just the added transmitter as well as
receiver antenna diversities or array gain benefits [44]. Two major problems encountered in the
implementation of wireless transmitter-diversity are: a) unlike receiver antenna diversity, the
transmitter antenna diversity does not exhibit instantaneous knowledge regarding wireless fading
channels; and b) the transmitted signaling waveforms get mixed spatially before these arrive at
wireless receiving equipment. The main wireless transmitter antenna diversity schemes may be
categorized into two types: the open-loop [254]-[256], and the closed-loop [257]-[259]. The
difference between the open-loop and the closed-loop techniques is that the former doesn’t need
the CSI at the wireless transmitting equipment, while the latter depends on CSI at the wireless
transmitter (which is obtained through wireless feedback paths). Such feedback channels are there
in almost all of the wireless paradigms for the power control changes as well. However, the

mobility of wireless equipment can lead to fast channel changes. Consequently, the wireless
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transmitter can’t acquire and track the wireless channel variations. Therefore, the utilization of
open-loop transmitter-antenna diversity techniques are well inspired for the future broadband
communication technologies, that are capable of handling the high mobility of wireless user. The
transmitter diversity can be classified into the following three categories based on the availability
of CSI at the wireless transmitter and receiver: i) the schemes with feedback and feedforward
information (giving complete CSI to both the wireless transmitter as well as receiver); ii) the
techniques with feedforward data but with no feedback (receiver has CSl, but the transmitter does
not have any information; and iii) the schemes without any CSI at the transmitter or at the wireless
receiver. The aforementioned category (i) uses the implicit or explicit feedback of the information
from the receiving equipment to wireless transmitting equipment to configure transmitter.
However, in time-division duplex paradigms [260], similar antenna weights are utilized for the
wireless reception as well as transmission, such that feedback reflects the channel symmetry
implicitly. Here, weights are optimized during the wireless reception to maximize SNR. However,
the mobile wireless equipment movements and/or interference cause a mismatch between CSI
perceived by the wireless transmitting equipment and that perceived by the wireless receiving
equipment. The aforementioned category (ii) is with feedforward scheme without the feedback
technique. This scheme uses linear processing at wireless transmitting equipment to spread
information across antennas. At wireless receiving equipment, the information is attained by either
using the linear processing or using the maximum likelihood decoding scheme. The feedforward
information is needed to estimate CSI from the wireless transmitting equipment to receiving
equipment, and these estimates are utilized to compensate for channel response at the wireless
receiving equipment [261]. The aforementioned category (iii) doesn’t need feedback or
feedforward knowledge. Instead, it utilizes multiple transmitter antennas in combination with the
channel coding to give the diversity [262].

The STBC codes are used because of their simple decoding algorithm, which need information
about channel-state-information at wireless receiving equipment. However, the CSI may be
acquired at the wireless receiving end by sending the pilot symbols from each of the transmitter
antennas to the wireless receiving antenna. Thus, the channel estimation or channel prediction is
the backbone of STBC wireless systems, and it is necessary to use the excellent, efficient and
unbiased channel estimation/prediction algorithms to enhance the efficiency of the STBC wireless
systems working over time-varying (under mobility constraint) fading channels. For many
advanced wireless communication systems, the channel fading is comparatively slow in
comparison to frame-rate, and therefore the symbol-by-symbol channel estimation is much needed

to attain an appropriate frame-error-rate (FER) performance [263]. Such technique is based on the
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consideration that channel coefficients are not going to change substantially within one frame
period/duration. The slow fading channel is particularly approximated by least-mean-squares
(LMS) or by exponentially-windowed recursive-least-squares (EW-RLS) procedures [264]. When
the channel fading is very slow (approximately under stationary conditions), the channel variations
within an information symbol-block is low, and LMS or EW-RLS adaptive procedures may track
channel variations quite effectively. On the contrary, when channel fading is fast, such adaptive
procedures fail to track the changes in channel effectively [265]. An adaptive filter operating under
the nonstationary scenario requires to be capable of tracking changes in the input statistics. An
adaptive filter has four sources of misadjustment error [266], if it is implemented with infinite
precision arithmetic operations [267]: i) this error originates from the noise i.e., measurement
noise, ii) this error comes into picture due to finite data, which exhibits zero-bias and a variance
that gets alleviated with increasing window-size, iii) this error arises due to the variance of
nonstationarity, that gets elevated with the window-size, and iv) the model error may be there in
terms of prediction error. The optimum adaptive algorithm for the nonstationary environment is
the Kalman-filtering algorithm. An exclusive characteristic of Kalman-filter is that its
mathematical modelling is detailed in terms of state-space concepts [268], [269], which is suitable
for both stationary and nonstationary wireless channels. The computation burden and need about
the information of system paradigm may usually preclude the aforementioned Kalman-filter based
strategies. However, the tracking performance of RLS algorithm lies between the LMS algorithm
and Kalman-filtering algorithm i.e., it has less complexity than Kalman-filtering algorithm and it
performs better than LMS algorithm under the wireless time-variant channels. Therefore, RLS
adaptive algorithm with some improvements is considered in [264] to track the wireless channels
in the nonstationary environment. In RLS adaptive algorithm, the usage of weighting factor is
intended to make certain that the input information about the distant past are “forgotten” in order
to afford the possibility of following the statistical changes in the observable data, when the
adaptive filter is operational under the slow or smoothly time-varying wireless channels. The
STBCs are utilized in conjunction with OFDM technology to enhance SNR. In addition to the
spatial- as well as temporal-diversity, the merger of MIMO-OFDM furnishes a third-dimension of
coding that attains the frequency-diversity. However in STBC-OFDM systems, the channel
statistics are required to be known at wireless receiving equipment to detect the transmitted
symbols. Hence, the channel estimation with admissible level of accuracy as well as hardware
complexity has emerged as an important research topic for the MIMO-OFDM wireless technology.
The decoding procedure in STBC wireless systems requires the information about underlying

channel at receiving end. This knowledge of channel may be attained at wireless receiving
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equipment by conveying the pilot symbols from each of the transmitter antennas to the receiver
antenna (and thus CSI can be estimated). However, better estimation of CSI improves the
performance of the STBC wireless systems working under time-variant environment. The longer
OFDM symbol duration gives a benefit, because the impulse-noise energy gets spread over
concurrently transmitted orthogonal-FDM subcarriers [5]. This benefit turns in to loss, if impulse-
noise energy exceeds a typical threshold level [270]. Therefore, the impulse-noise in addition to
AWGN appears to be a serious problem in 4G mobile wireless communication systems.

It has also been observed that the signaling waveforms transmitted concurrently from the
different transmitter-antennas appear as interference for one another, while performing the channel
estimation procedure in STBC-OFDM based systems. Since, the channel estimation relies on the
predetermined signaling waveforms transmitted as training and/or pilots, the decision-directed and
pilot-symbol aided estimators have a major difference in their performance. This difference
becomes significant when the signals start interfering with each other during estimation and
decoding process in the multiple-antenna systems. With the employment of properly designed
orthogonal training symbols (or pilots), such interference can be minimized for decision-directed
as well as pilot-symbol aided systems [86], [271]. However, during the data transmission (other
than training symbols or pilots), the interference from adjacent antennas poses a bigger hindrance
in the efficient decoding of the symbols. Hence, the best estimate amidst the interfering signals is
given by the MMSE channel estimator for decision-directed scheme [86]. The MMSE channel
estimator presented in [86] has high computational complexity, which may be reduced by a low
complexity channel approximation technique for STBC-OFDM system, as illustrated in [272].
Moreover, for pilot-symbol aided techniques, these types of interference are not of a concern, as
the channel estimation for multiple antenna system is done by transmitting pilot symbols from
only one transmitter-antenna at a single instant [46]. This requires a large number of pilot symbols
as compared to the single-antenna system, which alleviates the data throughput and bandwidth
efficiency. So, it is required that pilot signaling waveforms transmitted from various transmitter-
antennas should engage different frequency subcarriers, for an efficient channel estimation [272].
The aforementioned techniques for channel approximation in STBC-OFDM systems assume the
availability of channel statistics/ data at the wireless transmitting- and/or receiving-equipment, that
puts an extra burden on the transmission overhead. The blind channel estimation techniques can
avoid the penalty in overall spectral efficiency and SNR of the system. The blind channel
estimation techniques relying on second-order statistics are the most preferred techniques, because
of their lower computation burden and independence regarding a typical signal constellation

[273]-[275]. The blind channel approximation or equalization techniques in frequency-selective
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environment is looked from two different viewpoints. Firstly, the standard blind estimation
techniques are applied that do not exploit the STBC structure, but these require relatively higher
number of accessible blocks at the receiving end [276], [277]. In addition, subspace-based blind
techniques are used that require long channel coherence times [278], [279]. These techniques also
impose certain constraints on the signal constellations that might be impossible for linearly
precoded systems. It has been depicted in [280] that the large number of STBC-based latest
technologies (including STBC-OFDM) can be addressed regarding the blind estimation of
frequency- as well as time-selective channels. In [280], the frequency- or time-variant MIMO
channel is modelled by using basis-expansion-model (BEM) to alleviate number of parameters to
be approximated, which are further estimated using subspace-based blind channel estimation
scheme. Other than channel estimation, the information symbol identification also plays a
significant role in different practical applications, like software-defined radio and spectrum
awareness in cognitive radio [281], [282]. The signal identification includes identification of
modulation format, identification of single- or multi-carrier transmission, identification of channel
encoders, and also blind parameter estimation [283]. Specifically for STBC-OFDM systems, the
blind signal identification caters to the techniques used for identification of number of transmitter-
antennas, modulation identification and identification of STBC used [283].

AKkin to the case of single-antenna conventional OFDM systems, ANNs in various forms and
structures have also been utilized for channel approximation in STBC-OFDM systems. ANNs may
be effectively used for decoding of symbols through multiple antennas under different fading
scenarios, as ANNs have the inherent nonlinearity. The task of channel-equalization can be
considered as a classification task for reliable deployment of ANNs [284]. ANNs are capable to
form arbitrarily shaped decision boundaries because of its property of universal approximation
[285]. For MIMO-OFDM systems employing STBCs, the channel estimation scheme based on
ANNSs is presented in [286], which carries out CSl-estimation and compensation. The CSI
estimates are calculated in the terms of synaptic weights of the neural network; and comparative
analysis of different training algorithms have also been illustrated in [286]. It has been concluded
in [229], that the neural network based on Levenberg-Marquardt (LM) algorithm provides better
performance in terms of SER, in comparison to the conventional LS estimator. In [286], the
combination of ANNs with pilot symbols has been utilized as an estimation technique for MIMO-
OFDM technologies, which exploits pilot symbols as references to efficiently estimate the CSl in
frequency-domain. A channel estimation technique based on ANNs with feedback has been
illustrated in [230], which utilizes feedback signals to train ANNSs that precludes the usage of pilot

symbols and knowledge availability of channel statistics at the receiver. Further, the radial basis
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function network based channel estimation scheme is proposed in [287], which employs gradient-
descent algorithm for training of the neural network for MIMO-OFDM systems working under
Rayleigh fading environment. For STBC-OFDM systems, a multi-layered perceptron model based
ANN has been presented in [236] that uses LM algorithm as training algorithm. It has been
depicted that, after proper training, these ANN structures can outperform the conventional LS and
LMS based channel estimators. In addition to the usage of ANN for channel estimation in STBC-
OFDM systems, a Takagi-Sugeno-Kang (TSK) fuzzy approach has been applied to track the

dynamic variations of the underlying channel [288].

1.4 SFBC-OFDM Systems using CSI

The STBC-OFDM as well as SFBC-OFDM techniques have been known to demonstrate similar
performances under the slow fading environment, with the assumption of the availability of known
CSI at the wireless receiver. However, SFBC-OFDM outperforms STBC-OFDM in the practical
scenarios where the wireless information signal propagation experiences large Doppler-shifts
[100], [289]. Moreover, the performance advantage of SFBC may be enhanced by the usage of
large number of subcarriers for a given transmission bandwidth. Also, SFBC-OFDM systems
require comparatively reduced decoder memory, as the decoding is performed within the same
OFDM information symbol-block [289]. In order to achieve better performance for MIMO-OFDM
systems, the CSl-estimation (or CSl availability) plays a pivotal role, which has been pioneered in
[86] and has been extended to SFBC-OFDM systems in [289]-[308]. In [290], the impact of real
propagation environment (modelled by considering the Rician K-factor, transmitting as well as
receiving angle-spread, along with antenna spacing) on SFBC-OFDM system has been studied. In
hostile environments, due to the presence of multipath fading, some subcarriers experience higher
attenuation and lower SNR leading to degraded system performance. This problem can be
mitigated by utilization of adaptive modulation, in which different signal constellations can be
employed for different subcarriers depending on the channel effects. In [291], the transmitter-
antenna selection and adaptive modulation have been jointly utilized to increase the efficiency of
the underlying SFBC-OFDM system. Furthermore, the usage of adaptive modulation in SFBC-
OFDM systems has been presented to combat the fast-fading environment, and also to overcome
the frequency-selective fading with the adjustment of coding-size and subcarrier-bandwidth [292].
The conventional decoders assume that the channel-taps are static over adjacent subcarriers for
efficient decoding. But, in frequency-selective environment with high delay-spreads, this quasi-
static assumption cannot be considered true, which leads to degraded output of decoders. In order

to tackle this problem, the quasi-ML strategy is incorporated in the SFBC-OFDM system [293].
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In [294], an efficient decoder that uses square-root as well as division-free recursive QR (SDRQR)
detection based on scaled Givens rotations has been presented for the SFBC-OFDM system using
four transmitter-antennas. It has been observed that the SDRQR detector outperforms conventional
ZF receiver for orthogonal as well as quasi-orthogonal (QO) codes, with the CSI available at the
receiver [294]. Since, the channel response varies across adjacent subcarriers under the frequency-
selective fading environment, therefore orthogonality of the SFBC code matrix gets destroyed,
which leads to the consideration of alternative receivers. It becomes necessary to exploit both
spatial- as well as frequency-diversities for the efficient decoding, while keeping the receiver’s
computational complexity low. A concatenated coding strategy that uses FEC in the combination
with SFBC has been illustrated in [295], which has also presented a simple method for theoretical
BER approximation of an optimal ML detector. Also, a multi-stage iterative QR-decomposition
dependent interference cancellation detector has been demonstrated in [295], for SFBC-OFDM
system utilizing the knowledge of available CSI at the receiver for efficient decoding of the
transmitted symbols. It has been observed that for high mobility of either transmitter or receiver,
ICI becomes the limiting factor in overall performance of the SFBC-OFDM systems. A novel
SFBC-OFDM scheme that integrates with the FIR based ICI mitigating equalization has been
presented in [296]. The fast time-varying channel matrix is also efficiently estimated by exploiting
the sparse and banded structure of the matrix in time- as well as frequency-domain [296]. An
efficient channel estimation and symbol decoding method, that takes into account the channel
variations along adjacent subcarriers, has been discussed in [297]. This technique can be used for
more than two transmitter-antenna systems with a little increase in the system complexity, which
can achieve full-diversity with partial CSI feedback. A new technique of channel matrix shaping
has been presented in [298], which guarantees identical channel responses over two adjacent
subcarriers. This technique is based on 2x2 Walsh-Hadamard-Transforms, and makes the channel
piecewise flat that allows the usage of conventional ML decoder even for the frequency-selective
environment.

In order to efficiently conduct coherent detection as well as to attain higher transmission
reliability, the accurate CSI knowledge becomes a necessity for SFBC-OFDM systems. The most
common methods for reliable CSl-estimation are the LS [150], [299], [300] and the MMSE [299],
[301], [302] based schemes. Another class of CSI estimators, which have been utilized are
dependent on EM procedure. In [300], authors have presented different EM-based algorithms for
CSl-estimation under both frequency-flat as well as frequency-selective MIMO channels. An
iterative EM-based maximum a posteriori scheme has been illustrated in [303], which employs

truncated Karhunen—Loeve expansion for the efficient channel approximation in SFBC-OFDM
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systems working over doubly-selective environment. The a posteriori probabilities of transmitted
symbols are first calculated by utilizing estimates from previous iteration. Then, these probabilities
are utilized to refine CSI estimates, which leads to convergence. This scheme assumes quasi-static
channel frequency response that makes it unsuitable for fast-fading environment [303].
Furthermore, the DFT-based channel estimation scheme with ML decoding that utilizes CP
sequence has been depicted in [304]. The aforementioned techniques involve high computational
complexity due to matrix inversions. Hence, lower computational complexity methods have been
presented in [305], [306] that tends to degrade the performance when Doppler-shift is greater than
40 Hz. A low-complexity decision-directed estimator for SFBC-OFDM system has been
demonstrated in [307], which utilizes a square-root-free inverse-QR-decomposition-based group-
wise recursive CSI approximation technique. It has been depicted that this technique is useful for
SFBC-OFDM applications that requires relatively lower computational complexity and better
estimation of the channel response. Also, a robust iterative CSl-estimation procedure has been
suggested in [308] for SFBC-OFDM systems working under fast-fading scenarios, that is based
on ML decoding. The scheme presented in [308] does not involve any matrix inversion, which
leads to lower computational complexity, even in highly mobile scenarios. Further, the effect of
channel estimation error on the coding gain has also been investigated that makes it acceptable for
arbitrary number of transmitter- or receiver-antennas along with arbitrary type of modulation for
pilot and data subcarriers [308]. The closed-loop techniques can mitigate the effects of ill-
conditioning of channel matrix and enhance the overall system output. It is usually required that
the complete knowledge about CSI is available at transmitting equipment to perform precoding.
The CSI can be made available to transmitter by sending a feedback signal from the receiver [118].
However, the availability of full CSl is quite difficult to obtain at the transmitter, which leads to
the design of reliable limited-feedback signals and linear precoders, in order to reduce the volume
of feedback [309]. The closed-loop OFDM systems utilizing partial or complete CSI at the
transmitter have been used for mitigating the effects of interference [310]. A nonlinear Tomlinson-
Harashima precoding technique to mitigate ICI with partial CSI availability has been presented in
[311] for MIMO-OFDM techniques with frequency-offsets. The limited-feedback precoding
reduces the number of bits to be transmitted back, which alleviates the overall system error rate
and enhances system’s capacity. Also, the closed-loop algorithm has been illustrated in [312] for
SFBC-OFDM systems, which is able to achieve full transmit-diversity with only one-bit feedback
per subcarrier for obtaining satisfactory performance. The feedback overhead is reduced by
exploiting the feedback correlation among OFDM subcarriers that results in a group-based

quantization technique.
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In wireless transmission, estimated/predicted channel response can be noisy as well as outdated
due to the delay in getting CSI to transmitting equipment [313]. Imperfect CSI comes into picture
because of noisy as well as time-variant characteristics of fading environment. The Nakagami-m
fading model covers a wide range of multipath fading channel models (by varying its parameter
m) and offers greater flexibility than Rayleigh or Rician fading models [314]. The efficiency of
SFBC-OFDM systems working under Nakagami-m fading-channels have been investigated in
[315]. The authors have also analysed the impact of ICI caused due to frequency-offset and phase-
noise on the underlying system under Nakagami-m fading environment. In order to investigate the
impact of imperfect channel approximation over SFBC-OFDM systems, the closed-form
expressions to calculate the BER have been presented in [143]. The researchers have derived the
closed-form expressions (including exact expressions and approximate formulae) for average BER
analysis regarding SFBC-OFDM techniques employed under frequency-selective fading
environment. Also, the effects of CSl-estimation errors resulting from imperfect channel
knowledge have been considered for evaluating BER degradation [143]. The BER analysis of
SFBC-OFDM technique employing MSK as well as Gaussian-MSK has been discussed in [316].
The performance of orthogonal SFBC-OFDM systems in terms of average spectral efficiency and
average BER has been analyzed, which considers the system working under a-u fading [317] and
n—M fading environments [318]. Further, the impact of frequency-selectivity and CSl-estimation
errors on the SFBC-OFDM scheme for 3GPP LTE system has been described in [319]. It has been
suggested that the channel variation across two consecutive subcarriers leads to performance
degradation, which can be mitigated by the utilization of interpolation method for the estimated
CSlI, that results in 3 dB BER improvement at high SNR values. The appropriate desired data
communication over available transmission link, while considering manmade noise/interference,
is one of the most challenging problems. These interferences originate due to powerlines, heavy
current switching systems, electrical-furnaces and domestic equipment (microwave ovens), etc.
[320], which become the sources of impulse-noise generation. The combination of spatial-
diversity with OFDM boosts the total SNR to suppress the effects of impulse-noise [321]-[323].
The impact of impulsive noise as well as imperfect channel-state-information on SFBC-OFDM

system has been detailed in [324], with the mathematical expressions for its average BER.
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1.5 Statement of Problem

The presented work includes a detailed study of spatially-coded OFDM wireless communication
systems using the channel-state-information, in which CSI is estimated/predicted using the
adaptive techniques. However, the information symbol signal transmission in the conventional
OFDM, adaptive-OFDM, STBC-OFDM, and SFBC-OFDM systems encounter the frequency-
selective multipath fading channels, which leads to unavoidable symbol-error-rate (or bit-error-
rate) performance degradation in terms of increased SER, due to the fading process. This problem
appears to be more severe, when the wireless channel is time-varying (categorized as quasi-static
channel, when the fade-rate is low, i.e., smoothly time-varying; and dynamic channel, when the
fade-rate is high, i.e., fast time-varying; (See Appendix-A)). It particularly adversely affects the
performance of AOFDM systems, which needs to be resolved.

In STBC-OFDM systems, the usage of cyclic-prefix to combat intersymbol-interference and
the utilization of training symbols for channel estimation/prediction using the adaptive algorithms
result in high overhead burden on communication system. Therefore, the high-speed and efficient
adaptive channel predictors/estimators appear as a dire requirement for the STBC-OFDM systems,
typically under the time-varying multipath fading environment. The accurate knowledge of CSI at
the STBC-OFDM and SFBC-OFDM receivers is undoubtedly desired for the SER reduction. But,
the symbol-detection process becomes difficult in the SFBC-OFDM systems, while working over
fading channels under the impulsive environment, as both the impulse-noise and AWGN adversely
affect the information symbol-detection success-rate. For smoothly time-varying channel
estimation/prediction, the traditional fixed-slope squashing-function based ANN techniques fail to
perform well. And the resulting channel estimation/prediction errors lead to elevated SER in
SFBC-OFDM systems, which must be controlled for the efficient symbol-detection using CSI.
However, ANN based configurations can be directly incorporated to recover/detect the desired
information symbols in an SFBC-OFDM system from the received wireless signal, using the
intelligent signal processing approaches.
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And the problem (P), as treated in this research work, may be broken into five foremost sections;

which are as follows:

P1.) Analysis and design of channel estimation and long-range prediction of fast-fading channels
for the adaptive-OFDM system
It is based on the combination of GVSS-LMS and MKF algorithms for the robust channel

estimation at transmitter and the NVFF-RLS algorithm for efficient channel prediction at receiver.

P2.) Analysis and design of adaptive filtering techniques using cyclic-prefix in STBC-OFDM
systems for multipath fading channel prediction
It is based on the utilization of NVFF-RLS and KF algorithms for the cyclic-prefix based channel

prediction to track the fast time-varying wireless fading channels.

P3.) Analysis of BER performance of SFBC-OFDM systems working over fading channels under
the impulsive environment
It is based on the analysis of closed-form expressions for the BER of SFBC-OFDM systems

working under Nakagami-m fading environment in the presence of impulse-noise.

P4.) Analysis and design of the adaptive-slope squashing-function based ANN for CSl-estimation
and symbol-detection in the SFBC-OFDM system

It is based on the utilization of adaptive-slope squashing-function based ANNSs for the effective
CSl-estimation in the SFBC-OFDM systems.

P5.) Analysis and design of the intelligence-based channel-equalization for 4x1 SFBC-OFDM
receiver
It is based on the usage of ANNs for directly estimating/detecting the transmitted desired

information symbols from the received signals under slowly time-varying fading channels.
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1.6 Organization of Thesis

Chapter 1:- “Introduction Based on Literature Review”

Chapter 2:- “Channel Estimation and Long-Range Prediction of Fast-Fading Channels for
Adaptive-OFDM System”

In this chapter, the details about the adaptive-OFDM based communication system working under
the time-varying multipath channel conditions are given. Then, the MKF-GVSS-LMS algorithm
based channel estimation scheme for the time-variant frequency-selective channels is described.
The estimated channel-state-information is then fed to a long-range-predictor based on NVFF-
RLS algorithm, which has been further discussed for predicting the channel-state-information, and
then feeding this information back to the transmitter for invoking the adaptive-bit-allocation
algorithm. Subsequently, the performance of algorithms used for the channel estimation and
prediction are validated and compared with the conventional techniques with the aid of computer
simulation. Finally, summary of the chapter is provided to illustrate the substantial contributions

in presented research work.

Chapter 3:- “Adaptive Filtering Techniques Using Cyclic-Prefix in STBC-OFDM Systems for
Multipath Fading Channel Prediction”

In this chapter, we first give details about a wireless OFDM communication system model working
under the time-invariant and time-variant multipath fading channels, which comprises of the
channel prediction and equalization procedures at the wireless receiver. We next describe the
Kalman-filtering and RK-LMS algorithm-based channel predictors using the cyclic-prefix of
OFDM signals. Subsequently, the details of conventional RLS and NVFF-RLS algorithms for the
multipath fading channel estimation is described. Further, simulation results are presented to
compare the channel tracking performances of KF, RK-LMS, RLS and NVFF-RLS adaptive
algorithms under the static and dynamic environment, which are appraised on the basis of MMSE
criterion. The presented channel estimation/prediction algorithms are incorporated in 2x1 STBC-
OFDM system for the symbol error rate (SER) performance analysis. Eventually, summary of the

chapter is given to depict the important contributions in presented research work.

Chapter 4:- “BER Performance of SFBC-OFDM Systems Working over Fading Channels
Under Impulsive Environment”
In this chapter, we first give details about the system model for uncoded-OFDM system working

under the impulsive environment. The main focus is on the impact of impulse-noise and imperfect
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CSl on the performance of OFDM systems working over fading channels. Then, the system model
for SFBC-OFDM system working under impulsive environment is described. The mathematical
expressions for the average BER and the effective/normalized instantaneous SNR per subchannel
are presented for the SFBC-OFDM wireless systems, while utilizing the M-ary QAM and M-ary
PSK digital modulation techniques under Rayleigh fading environment in the presence of impulse-
noise and imperfect CSI (i.e., using noisy channel estimates) at the receiver. Further, simulation

results are presented, and finally, summary of the chapter is highlighted.

Chapter 5:- “Adaptive-Slope Squashing-Function Based ANN for CSI-Estimation and Symbol-
Detection in SFBC-OFDM System”

In this chapter, we first describe the transceiver paradigm for the underlying 4x1 SFBC-OFDM
system with two-stage receiver configuration working under the slow time-variant environment.
Subsequently, the channel estimation using ASF-ANN at the CE-stage of underlying system is
detailed. Simulation results to depict the efficiency and efficacy of addressed intelligent estimator
in terms of the mean-squared-channel-estimation-error are further presented, which in turn makes
a substantial impact on the SER of underlying system. In the end, summary of the chapter is

provided to demonstrate the significant findings in presented research work.

Chapter 6:- “Intelligence-Based Channel-Equalization for 4x1 SFBC-OFDM Receiver”

This chapter addresses an ANN based receiver for the 4x1 SFBC-OFDM system using the
backpropagation algorithm for the network training, which directly recovers the transmitted
symbols from the received signal. Further, the feedforward-neural-network (FFNN) as well as the
recurrent-neural-network (RNN) architectures are explored as the intelligent receivers for
underlying system, while utilizing various learning algorithms for the intended equalization. The
bit-error-rate (BER) performance evaluation of the underlying SFBC-OFDM system is then
analyzed (through Monte-Carlo simulation) using distinct QO-STBC schemes. At last, summary

of the chapter illustrates the imperative outcomes and contributions of the presented work.
Chapter 7:- “Concluding Remarks and Future Scope”

We conclude the thesis with a summary of the important results, observations and suggestions for

future work.
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CHAPTER 2

CHANNEL ESTIMATION AND LONG-RANGE PREDICTION OF
FAST-FADING CHANNELS FOR ADAPTIVE-OFDM SYSTEM

2.1 Introduction
The high data-rate wireless communication systems use the orthogonal-frequency-division-
multiplexing (OFDM), a multi-carrier-modulation (MCM) technique, which makes use of closely
spaced subcarriers for the data symbol transmission on several parallel subchannels. The inherent
advantage of MCM or OFDM is their ability to counter the frequency-selectivity of channel fading
by altering the same into the flat-fading [159]. Also, the usage of cyclic-prefix (CP), of length
greater than or equal to the maximum delay-spread of channel, reduces the inter-symbol-
interference (ISI1) [6]. Moreover, one-tap equaliser can recover the received data, when channel is
assumed to be stationary or constant over the extended symbol-period including CP [3]. With these
vital benefits, OFDM has been adopted by many wireless standards such as digital-audio-
broadcasting (DAB), digital-video-broadcasting (DVB), WLAN, and WMAN [13], [14]. The
OFDM systems are quite prone to the time-varying fading, and these systems appear to be
vulnerable to the time-selective fading. Moreover, the frequency-offset and phase-noise adversely
affect the orthogonality of subcarriers, which in turn introduces inter-carrier-interference (ICI).
Hence, the estimation of channel and its equalization at the receiver are considered more important
to mitigate the effects of channel fading, for the proper decoding of the received symbols [325].
The adaptive-OFDM (AOFDM) optimises the modulation level and the transmission power
over the frequency band in order to maximize the spectral efficiency, akin to the single-carrier
adaptive modulation schemes [326]-[330]. The subcarriers experience different channel
conditions operating under the frequency-selective fading channel. In order to improve the spectral
efficiency, more bits are allocated to the subcarriers, which experience less fading as compared to
the ones with the deeper fading conditions [326], [331]. Hence for the proper allocation of bits and
power optimization, highly accurate channel-state-information (CSI) is much needed at the
wireless transmitter. The channel estimation of OFDM systems has been employed through
various techniques. In Ref. [325], a minimum-mean-square-error (MMSE) channel estimator, that
utilises the correlation functions in both time-domain as well as frequency-domain, has been
reported. A low-rank approximation to the frequency-domain linear MMSE estimator is also
suggested in literature [158]. These techniques alleviate the computational complexity of MMSE

procedure with the help of singular-value-decomposition (SVD). However, the OFDM systems
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utilising these estimators suffer from ICI, when operated under the time-varying channel
conditions. Moreover, these techniques require the channel statistics’ knowledge for the high
quality estimation. However in order to mitigate the effects of ICI, the time-domain channel
estimators are described in [332], [333], which exploit the time-variant nature of the channel by
assuming that the CSI varies linearly, and these utilize SVD to reduce the computational
complexity. As these techniques depend on the initial CSI assumption, therefore the system
performance can vary significantly, if the difference between initial state assumption and true
value of channel state is high. A generalized autoregressive (AR) process can be used to exploit
the time progression of multipath fading channels [334]. Using the first-order autoregressive
(AR1) process model [335], a modified Kalman-filter based fast-fading channel estimation in
OFDM systems is explored in [336]. This algorithm estimates the AR1 model parameters by
minimizing the mean-squared-error (MSE), and the estimated parameters are then subsequently
fed to the Kalman-filter for the efficient channel tracking. Also, the low density parity check codes
with the aid of Kalman equalization for better channel tracking can be utilized under the slow
fading environment [337]. Recently, the estimation of long delay channels by utilizing the complex
interpolators in the frequency-domain has been introduced in [338].

In order to fully exploit the potential of AOFDM, a highly reliable predicted CSI is required at
the transmitter [326]. A multivariate adaptive regression splines model, proposed in [339], has
used the dynamics for predicting parameters of the fading channels for fast vehicle speeds.
Different prediction techniques (like subspace-based [268], root-MUSIC method [340] and
ESPRIT algorithm [341]) estimate the power spectrum of fading process, and then extrapolate it
to predict the future samples. An adaptive long-range-prediction (LRP) method [326] utilizes the
AR process model of any order to portray fading channel, and it predicts the future channel fading
coefficients based on some past observations, while minimising the MSE. Since LRP may be
implemented adaptively, it is less complex and more robust than the other fading channel
prediction algorithms. In this work, we utilise the variable step-size adaptive algorithm in LRP for
better convergence characteristics and tracking speeds.

The dynamic step-size is an efficient solution for better convergence characteristics of the
adaptive algorithms. A variable-step-size (VSS) least-mean-square (LMS) algorithm is presented
in [342] to track the channels modelled by AR1 process, in which the prediction error controls the
step-size update. The step-size updating can be controlled by the correlation of estimation error
over a time period taking into account its present and past values [343], or by adjusting it in

accordance with the stochastic gradient to reduce the estimation error [344]. The combination of
generalized-VSS (GVSS) and least-mean- p™-power (LMP) algorithm helps to enhance the
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convergence-rate under the noisy and time-varying environment [345]. The recursive-least-
squares (RLS) algorithm utilizes information contained in the underlying system model statistics,
which results in the enhanced convergence-rate in comparison to the fixed-step-size (FSS) LMS
algorithm [268]. As compared to the fixed-forgetting-factor (FFF) RLS algorithm, the numeric-
variable-forgetting-factor (NVFF) RLS algorithm performs better in terms of MSE, as it accounts
for the nonstationarity of the signal [346]. The variable-forgetting-factor (VFF) is adjusted
according to the channel variations, which results in better convergence and lower MSE in
estimation/prediction process.

In this chapter, the wireless channel is considered to be time-varying and exhibiting variable
fade-rate, and its estimation is improved by introducing GVSS-LMS algorithm [347] while
estimating the correlation coefficient of AR1 process/fading parameter of the channel coefficient
in the modified Kalman-filter [336], which is denoted as MKF-GVSS-LMS. The performance of
this proposed combination is compared with the combination of FSS-LMS [268] and modified
Kalman-filtering algorithm [336], which is indicated as MKF-FSS-LMS. The estimated channel
tap-coefficients are then fed to the NVFF-RLS [346] algorithm based channel predictor, which
predicts CSI in advance by providing better performance than the conventional FFF-RLS
algorithm [326]. It is subsequently fed to the transmitter (through a feedback strategy), for
adaptation to the channel conditions and, to change the modulation level for achieving the
maximum throughput. Hence, in this research work, we focus on the AOFDM system using the
MKF-GVSS-LMS algorithm for channel estimation and the NVFF-RLS algorithm for channel
prediction to mitigate the adverse effects of time-varying wireless fading channels, for the adaptive
bit-allocation.

This chapter is organised as follows. In Section 2.2, the details about the adaptive-OFDM based
communication system working under the time-varying multipath channel conditions are given.
Section 2.3 describes the MKF-GVSS-LMS algorithm based channel estimation scheme for the
time-varying frequency-selective channels. The estimated channel-state-information is then fed to
a long-range-predictor based on NVFF-RLS algorithm, which is described in Section 2.4 for
predicting the channel-state-information, and then feeding this information back to the transmitter
for invoking the adaptive bit-allocation algorithm. The performance of algorithms used for the
channel estimation and prediction are validated and compared with conventional techniques with
the aid of computer simulation in Section 2.5. Finally, summary of this chapter is provided in
Section 2.6.
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2.2 System Paradigm

An OFDM-based communication system for tracking the channel variations is considered, as
shown in Fig. 2.1. The binary data is first mapped to the M-ary quadrature-amplitude-modulation
(M-QAM) [347] to generate the symbol constellation points depending upon the adaptive binary
data allocation based on the feedback received from the wireless receiver. The M-QAM modulated
symbols are then mapped on to N subcarriers via inverse-fast-Fourier-transform (IFFT), which

are concatenated to form a useful OFDM symbol of duration T = NT_, where T, is the M-QAM

information symbol duration, which is also equal to the sampling interval.

Adaptive bit- M-QAM N- Add

:> allocation :> Modulation :> IFFT :> Cyclic-Prefix

{l

Channel
h
Feedback for Noise
transmitter W
Channel Channel : Remove
Prediction < Estimation Cyclic-Prefix

M-QAM N- MMSE

<: Demodulate <::' FFT <: Equalization

Fig. 2.1: Adaptive-OFDM system paradigm for wireless multipath fading environment

using feedback and long-range prediction strategies.
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In the time-domain, the OFDM information symbol of the p™ block at n" instant is given as

j2rzkn

X, (p)= %Ni X, (p)e N (normalised) (2.1)

for n=0,1,..N -1, where X (p) is the k" M-QAM symbol of p" block in the frequency-

domain. The useful OFDM symbol-block is expressed as

X(P)=[%(P) %(P) v Xua(P), (22)
where, [.]" and [.]" represent the simple transposition and Hermitian transposition of vector/matrix

respectively. The CP of length G is constructed from the last G samples of the OFDM symbol-
block, and it is appended in front of the OFDM symbol-block, which is transmitted as

X (D) =D (P o Xua(P) %P o Xy a(P) o (2.3)
with a duration of T, = (N +G)T, . The OFDM symbol-block with appended CP is transmitted over

a Rayleigh distributed time-varying multipath channel of length L with independent and identically
distributed (i.i.d.) tap-coefficients. The channel is assumed to be time-varying with the channel
tap-coefficients that remain static for one CP-OFDM information symbol-block period. The
channel tap-coefficient vector is denoted as

h(p)=[h(p) h(p) - h_(P], (2.4)

Ith

where, h (p) is the channel tap-coefficient for 1™ tap encountered while the transmission of p™

block. Assuming the tapped-delay-line model for the multipath fading channel, the received signal

is expressed as
Ya(P) =2 ()%, (P) + W, () 25)

where, w, (p) is the additive-white-Gaussian-noise possessing zero-mean and o’ variance.

Assuming the length of channel, G>L-1, the received symbol does not encounter any
interference from the previously transmitted block. After the removal of CP, the same can be

expressed in vector/matrix form as

y(p) =X(p)h(p) +w(p) (2.6)
or it can be simply represented in the form as

Yo (P) %(P)  Xya(P) - Xya(p) hy(P) W, ()
yl(:p) _ xi(:p) % (P) - XN_Ltz(p) hl(:p) . Wlfp) @.7)
Yaa(P) Jyy  [Xva(P) Xyo(P) oo Xt (P) o Lha(P) ]y [Waa(P) Jy
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The time-varying channel tap-coefficients are assumed to be governed by the first-order
autoregressive (AR1) process, which is a tractable mathematical paradigm for the Rayleigh fading
environment [348] i.e.,

h(p)=Ah(p-D+v,(p), 1=01,..,L-1 (2.8)

which can be represented in the matrix form as

h(p) = Ah(p-1)+v(p) (2.9)

where, A=J (2~ f,T,) is the correlation coefficient/fading parameter, J,(.) is the zeroth-order

Bessel-function of first-kind, f, is the maximum Doppler-shift, and f,T, is the fade-rate. Here,
v(p) =[v0(p), v,(p), ..., val(p)]L1 is the process-noise, which is assumed to follow
Gaussian-distribution with zero-mean and variance o7 = oy (1—|A|2) with 1>|A|>0 [349].

The estimated and predicted channel-state-information, as discussed in the subsequent sections,
is then fed to the linear block MMSE equalizer to obtain the transmitted OFDM information

symbol-block. Here, the MMSE estimate of information symbol vector [350] is expressed as

x(p)=h* (p)(A(PA™ (P) + 021, ) y(P) (2.10)
(R 0 0 hu(p - (D]
h(p) R 0 - 0 h(p) h(p)
where, h(p)=|h_,(p) - h(p) h(p) O 0
0  h( - h(p) h(p) 0 0
0 0 h.(p - h(p)  h(p)],.,

Is the estimated channel matrix formed from the estimated channel coefficients ﬁ,(p) ,and 1 is

the identity-matrix with dimension N x N . The equalized received symbol-block is then processed

for N-point FFT to obtain the OFDM information symbol-block in the frequency-domain as
X(p) :[)Zo(p) X.(p) ... )Z,H(p)l - Subsequently, the M-QAM demodulation operation

of the information symbols takes place to generate the decoded information symbols and bit
stream.

The predicted CSI, fed back to the transmitter for adaptive modulation, is imperfect or noisy
due to the channel estimation error and inherent delays [313], [351]. The actual / true channel

fading gain is denoted as c, and the predicted channel gain is indicated as €. The bit-error-rate
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(BER) constraint (under the imperfect predicted CSI ¢ with the transmitted power Q scenario)
can be obtained as [352],

BER, = [ BERy, (SNRy (,u” ) Py (u)du (2.11)
0
where, BER,,; is the bit-error-rate for M (i) -QAM modulation, where M (1) =0, M (i) =2"" for

i=2,..,6, on the AWGN channel, and p, is the conditional probability density function of ¢

for the given €, which is considered to be [352]

w2 24/ pct 1 (cz CZN
_ | T | 2.12
Pele)= 0 0((1—,0)\/952}@([)( t-pla’a (212

where, the parameter p is the correlation coefficient, which is obtained by using

Cov(cz,éz)
p =
\/Var(cz) xVar(¢%)
and Q=E [cz], Q= E[Cz] ; and here 1,(.) is the zeroth-order Bessel-function of first-kind. The

(2.13)

thresholds for the imperfectly predicted CSI can be attained as in [352],
T(i)={C| BER, =BER, } (2.14)
where, BER; is the target BER. The modulation level for the predicted CSI is considered as

M=M(G) if T

i+l

>€>T,. The selected modulation level is now utilized to modulate the next

symbol-block to be transmitted over the multipath fading wireless channel.

2.3 Adaptive Channel Estimation Technique
The OFDM symbol-block consists of a preamble of training-symbols (TS), which are utilized for
the channel estimation and tuning of estimator parameters. The data equalized is to be used
thereafter. As the data can be uncertain and may cause error propagation, therefore the insertion
of pilots is also necessary. The symbol-block structure considered for the above mentioned system
paradigm, is shown below.

TS TS Data Data Pilot Data Data

0 1 N-1

Considering the state-space paradigm described in E@s.(2.6) and (2.9), the correlation

coefficient/fading parameter A and the channel state vector h(p) are estimated based on the
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GVSS-LMS algorithm and the MKF algorithm respectively, as described by Han et al. [336]. The
cost function is defined in terms of the mean-squared-error (MSE) as

3P =2 E[e (Pe(p)] 215

where, e(p) =y(p)-%(p)h(p) with h(p) denoted as the estimate of h(p), and E[] is the

expectation/ensemble average operator. In order to estimate the correlation coefficient (fading
parameter), we need to calculate the gradient of cost function with respectto A, which minimises

the MSE. Upon differentiation of the cost function J(p) with respect to A, the estimate of A

[336] can be computed recursively as
~ ~ A+
Ap)=| A(p-1)+ #Re{a" (DX (P)e(P)} |

(2.16)

oh(p)

where, q(p) TN which can also be computed recursively as suggested in [336], ux is the

fixed-step-size (FSS) parameter that controls the convergence characteristics, and A(p) is

bounded with upper limit A+ and lower limit A—.

The nonstationarity/variable Doppler-spread of the time-varying channel that changes the fade-
rate of the channel, necessitates the usage of variable-step-size (VSS). Under this scenario, the
combination of GVSS-LMS algorithm and modified Kalman-filter also helps to improve the
convergence-rate. The VSS algorithm tracks the changes in underlying system by varying the step-
size as the MSE gets elevated or alleviated. The VSS has the capability to provide small
misadjustment without compromising on the speed of tracking. Therefore, VSS criterion is
introduced to adjust the step-size under the time-varying environment. Since the channel
parameters are not known, the optimum value of step-size cannot be determined a priori.
Therefore, the generalized-VSS algorithm (GVSS-LMS) has been proposed in [345] to update the

step-size under nonstationary channel conditions, which is as follows

1(P) = 2P+ 7634(p—D) + Au3a(P) (217)
where, sy, < 1(P) < Hyay (bounded)
3(m) =3 e (pe(p-1) with 0< 4, <1

Q
Jz(p){Zﬂé‘e”(p—q)i(p—q)}i”(p)e(p) with 0< 2, <1

q=0
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where, the convergence parameters 0 <o <1, 0<y, <1, and 0< S, <1 control the behaviour

of the adaptive algorithm to improve the convergence-rate. The recursive updating equation for

the fading parameter (i.e., AR1 parameter) can now be rewritten as

A(p) =] A(p—1)+ u(p)Re{d" (p)x" (p)e(p)} ]

The GVSS-LMS algorithm can track the dynamic channel variations more efficiently, resulting

A+
(2.18)

A—

in the lower channel estimation error, which leads to low symbol error rate at the receiver. The

modified Kalman-filter in combination with the GVSS-LMS (MKF-GVSS-LMS) is incorporated

for the channel tracking, which can be summarized as follows

e(p) =y(p)—X(P)h(p) (2.19)
r(p)=(p)P(p)X" (p)+auly (2.20)
Ap)=[ A(p-1)+ u(p)Re{a™ (D" (me(p)} | (2.21)
K(p) = A(p)P(p)X" (p)r *(p) (2.22)
C(p) = A(p)1, —K(p)X(p) (2.23)
The above equation can also be approximated into a diagonal matrix, as given in [336].

M(p) = A*(p)K(p)+C(p)S(P)X" (p)r*(p) (2.24)
q(p+1) =C(p)a(p) +h(p) +M(p)e(p) (2.25)
S(p+1)=C(p)S(p)C" (p) —ﬂfp)u +2C(p)P(p) (2.26)
h(p+1) = A(p)h(p)+K(p)e(p) (2.27)
P(p+1) = A(P)C(P)P(P)+Q,(P+D) (2.28)

where, Q,(p+1) = 1-A'(p)

I, is the process-noise covariance-matrix obtained through the Yule-
Walker equation, which is based on the assumption that there is equal power at each tap-coefficient

of the channel, i.e., o’ =1/L, M(p)z%ﬁ\p), S(p)z%&p), I, is the identity-matrix of

dimension LxL,and P(p)= E[(h(p) —ﬁ(p))(h( p) —h( p))H } is the estimation error-covariance

matrix, with h(p) and ﬁ(p) exhibiting zero-mean.
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2.4 Adaptive Channel Prediction

During the transmission of an OFDM symbol-block over a fast-fading time-varying channel, the
estimated CSI cannot be fed back perfectly to the transmitter without delay. This results in the
degraded performance of an AOFDM system. Therefore to exploit the potential of an AOFDM
system, a highly reliable predicted CSl is required in advance at the transmitter [326], which is fed

back from receiver to the transmitter for appropriate adaptive bit-allocation. The channel

prediction by utilising the estimated channel state at the 1™ tap and p™ block based on P,

previously observed samples for the L taps can be obtained by using

R L1

h(p) =Y d}, (Mh(p-j) (2.29)

j=1 1=0
The optimum prediction filter coefficients d;, (p) that minimize the MSE E Uhl(p) — ﬁl(p)ﬂ can

be obtained by applying the orthogonality principle [326]. The optimum MMSE is computed by
taking into account the previous channel tap-coefficients. But, this method is quite complex.
However, it has been observed that if the signal-to-noise-ratio (SNR) of received signal is
relatively high, then the prediction accuracy can be achieved while considering only the desired
tap-coefficients and neglecting the adjacent tap-coefficients, since the channel tap-coefficients are
independent to each other. Thus, the equation (2.29) is simplified to give

P, . )
h(p) =2 d(Mh(p-J) (2.30)
j=1
with d(p):[dl(p), d,(p), ..., d,jo(p)]TP a8 the filter tap-coefficients, which can be

employed for each channel tap. The a priori knowledge of time- and frequency-domain correlation
functions is required for the optimum MMSE channel prediction, which is usually unknown. The
filter tap-coefficients are adaptively computed with the aid of adaptive algorithms, as these do not
need the knowledge of correlation functions of channel. The adaptive algorithms update the filter
tap-coefficients to reduce the error between the actual/true channel tap-coefficient and the

predicted channel tap-coefficient, such that
PD ~ - - -
&(p)=h(p)-h(p)=h(p)-D d](Ph(p-]J)  (aposteriori error) (2.31)
j=1

Here, the prediction error & (p) is assumed to possess zero-mean and variance 095. The average

mean squared error utilised for updating the filter tap-coefficients of the adaptive algorithms is

expressed as
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2= X5 (P 2.32)

Taking ensemble average on both sides of Eq.(2.32), we get J; =E| J.(p) | =o7. Here, the RLS

algorithm is incorporated to obtain the predictor coefficients in order to minimise the following
cost function [268], such that

p L1 _ _
Jers(P) =2 X AR (P& O] (2.33)

i=1 1=0

where, A (p)€(0,1] is the variable-forgetting-factor (VFF) [353]. When A, (p) = 4s., the
forgetting-factor is said to be the fixed-forgetting-factor (FFF) [268]. The predictor coefficient

vector is updated using the following recursive equations subject to the condition that the true
channel tap-coefficients are replaced by their estimated values ﬁ, (p) , while implementing the RLS

algorithm [326].

KaslP = ;@(St)wp(p()g_l o (239
&rus (P) =h, (p)—df s (P—Dh(p) (a priori error) (2.35)
dais (P) =drs (P—1) + Kiis (P)Eris (P) (2.36)
Pacs (P) = Arts (P)Pacs (P—=1) = Arts (P)K s (PIR™ (P)Prs (P 1) (2.37)

where, K < is the gain matrix, and P is the inverse correlation matrix. The convergence of the

RLS algorithm is dependent upon the initial setting of this algorithm, which is performed as

drs(0) =0, , (the filter tap-coefficient vector in case of RLS algorithm, which is assumed as the
null vector in beginning) and Pg (0):(ﬁ(1)ﬁH(l)+5IPO )_1 with §=0.01. Here, h,(p) is the
desired response, that is the estimated channel response vector at p™ block, which is given as
h, (p) =[ﬁ0(p), h(p), ..., ﬁL_l(p)} , and the corresponding estimated tap-coefficient

IxL

matrix (input to predictor) h(p) is represented as

[ Ry(p-1) R(p-1) ... A(p-1) |
A(p=| P72 (2:38)
_ﬁo(p_Po) ﬁLfl(p_Po)_poxL

provided that the first P, samples of all the channel tap-coefficients are available for computation.

The convergence characteristics and tracking performance of the RLS algorithm can be improved
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by implementing the numeric-variable-forgetting-factor (NVFF) [346]. The NVFF accounts for
the nonstationarity of signal, as it is based on the extended estimation error criterion. The NVFF

value adapts to the global trend quickly, by reducing the value (A (P) = Ayer (P) = A4,;,) 0 the
case of nonstationary scenario and, by increasing the value (A (Pp) = Ayer (P) < 4., ) Under the

stationary conditions. The speed of adaptation is dependent on the memory length given as

N(p) :;. The NVFF can be incorporated in the conventional RLS algorithm [354],

1- ANVFF ( p)

and it is calculated based on the similar strategy as used in the extended estimation error criterion
[355],

. 1 Z-1
J: (M) =22 [&us(P-2)ERs(P-2)] (2.39)
z=0
where, Z is kept smaller than the minimum memory length. It is assumed that the maximum

variance of prediction error Jg =a§ is approximately equal to the variance of encountered

AWGN, i.e.,

2

o~ o (2.40)

It follows that

7§Nm“ z‘T?qmﬂ (2.41)
J:(p)  J:(p)

where, Nmax is the maximum memory length corresponding to A, . Hence, the NVFF is

N(p)=

calculated as [345]

1 A’max
2 1ot 2.42
NVFF ( p) |: N ( p) j|lmin ( )

where, A (p) is bounded as A, > Ay (P) 2 A, - The RLS algorithm for LRP utilises the
NVFF obtained from Eq.(2.42) in place of A, (p) to update the predictor coefficients recursively

at each iteration, as depicted in Eqgs.(2.34) to (2.37). The predicted channel-state-information is
then fed back to the wireless transmitter for the adaptive modulation to achieve higher throughput

and also for the mitigation of channel fading as well as noise.
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2.5 Simulation Results
The performance characteristics of presented channel estimation and prediction algorithms are
investigated corresponding to the system paradigm given in Section 2.2, with the help of computer
simulation. The adaptive channel estimator and the long-range-predictor are utilised to enhance
the prediction accuracy for the improved performance of adaptive modulation based OFDM
systems. In order to conduct the simulation, the number of subcarriers for the underlying AOFDM
system is considered to be N =64, with cyclic-prefix symbols as G =16. The length of channel
impulse response is fixed at L =6. The nonstationary environment is generated by assuming the
time-varying channel following Rayleigh distribution, which is simulated by using AR1 process
asin Eq.(2.9). The transmitted power is kept same for all the underlying subcarriers. The presented
outcomes are based on the ensemble average of 1000 independent Monte-Carlo simulation trials
using different channel fading realisations at the various values of SNR.

The convergence characteristics and tracking capability of MKF-GVSS-LMS are explored for
the OFDM wireless systems under the time-varying channel conditions. The channel is assumed

to have dynamic characteristics with the variable fade-rate f_T, that changes between 0.0001 and

0.1 at the constant intervals after the transmission of 100 blocks, as depicted in Fig. 2.2. The
performance of channel estimation algorithms is compared on the basis of mean squared channel
estimation error. The channel tap-coefficients are estimated using the MKF-GVSS-LMS

algorithm, in which the initial values of the parameters used in the algorithm are as follows:
h(0)=0,,, P(0)=1001,, S(0)=0,,, q(0)=0,,, and A(0) =1. The fixed-step-size (FSS) is kept
1 =5x107, and the limits for fading parameter are chosen to be A—=0.98 and A+=1 (as in
[336]). However, the parameters for MKF-GVSS-LMS algorithm for controlling the behaviour of

convergence-mode characteristics are chosen as follows: o =1, 7, =2.5x10°, g, =5x107",
R=3,Q=3, 4,=0.98 and 4, =0.95. Here, the initial value of step-size is considered to be same
as mentioned above, i.e., x (at the starting point of GVSS updating). However, g,,. is kept

5x10°°, and g, is set based on the eigenvalue criterion given in [356].
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Fig. 2.2: Time-variations of the fading channel tap-coefficient (a typical sample).
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Fig. 2.3: Fading channel tap-coefficient tracking performance in terms of mean squared
estimation error.
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The mean squared channel estimation error for a single fading channel tap-coefficient is shown
in Fig. 2.3 at +40dB, which illustrates that the MKF-GVSS-LMS algorithm performs better than
the MKF-FSS-LMS algorithm for the variable fade-rate channel conditions, in the convergence-
mode as well as tracking-mode [336], [345]. The MKF-GVSS-LMS algorithm tracks the channel
variations more efficiently, and it converges more swiftly than the MKF-FSS-LMS algorithm. The
MKF-GVSS-LMS algorithm is quite sensitive to the parameter setting and initialization
conditions, which depends on the nature of frequency-selective time-varying wireless fading

channel characteristics. Here, the multipath channel fade-rate f_T, is abruptly varied after every

100 OFDM symbol-block period in simulation, as demonstrated in Fig. 2.2. It is quite evident from
the results presented in Fig. 2.3 that the MKF-GVSS-LMS algorithm provides improvement in
terms of the lower mean squared channel estimation error, as compared to the MKF-FSS-LMS
algorithm, while working under similar conditions at the different values of fade-rate. However, it
is observed that the performance of MKF-GVSS-LMS algorithm based channel estimator gets
deteriorated, when the fade-rate f_T, is abruptly increased from 0.0001 to 0.1 at the 201th OFDM

symbol-block (i.e., a large sudden increase in the fade-rate), as shown in Fig. 2.2. Here, the MKF-
GVSS-LMS algorithm fails to perform well due to its sensitivity regarding the initial parameter
setting, while responding to a large abrupt change in the values of channel tap-coefficients.
However, it outperforms the MKF-FSS-LMS algorithm based approach, when the fade-rate
changes smoothly. The MKF-GVSS-LMS algorithm not only provides the higher convergence-
rate, but also accounts for the lower tracking-error under the time-varying environment.

The estimated channel tap-coefficients are then fed to the long-range-predictor at receiver,
which predicts the fading channel impulse response tap-coefficients at the next symbol-block in
advance, which is fed back to the transmitter to adjust the modulation parameters to enhance the
throughput of the underlying AOFDM system. The order of prediction filter is chosen to be

P =20. The average MSE, as mentioned in Eq.(2.32), is considered as the performance metric

for the comparison of different algorithms for the prediction accuracy, as illustrated in subsequent
figures. It is clear from Fig. 2.4 that the NVFF-RLS algorithm with parameters Z =3, 4, =0.1

and 4. =0.05 supersedes the FFF-RLS algorithm with the forgetting-factor 4 =0.1 in terms of

the prediction accuracy. The predicted channel tap-coefficients are then fed back to the transmitter
to adaptively modulate the information symbol stream for the next OFDM symbol-block.
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Fig. 2.4: Average mean squared prediction error for the different prediction algorithms at

varying fade-rate.

The symbol-error-rate (SER) for the different fade-rate values (f T, =0.01 and f T, =0.1) are
compared and depicted in Fig. 2.5 and Fig. 2.6 respectively. It can be inferred from the simulation
results that the proposed combination of MKF-GVSS-LMS estimation algorithm and the NVFF-
RLS prediction algorithm leads to the lower SER in comparison to that of the combination of
MKF-FSS-LMS and FFF-RLS algorithm, and the SER performance difference is observed to be
more profound at the higher SNR values. It is apparent from the results shown in Fig. 2.5 at

f,T, =0.01 that the proposed combination provides approximately +1.5dB performance
advantage in terms of the SNR at SER =107*, which tends to increase with the increasing value of

SNR. However from Fig. 2.6, it is also clear that this performance advantage in terms of the SNR
increases to about +17dB for the presented combination of the MKF-GVSS-LMS algorithm based

channel estimator and the NVFF-RLS algorithm based channel predictor at the SER =2x10™* and
f,T, =0.1; and its performance advantage over the combination of MKF-FSS-LMS algorithm

(channel estimation) and FFF-RLS algorithm (channel prediction) increases substantially at the
higher SNR values. Here, the substantial benefit of NVFF-RLS algorithm implementation is
noteworthy under the fast-fading scenario for the underlying AOFDM system.
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52



2.6 Summary of Chapter

A channel estimation and long-range prediction based technique for the AOFDM system has been
investigated, while working under the time-varying multipath environment. The “combination of
GVSS-LMS and MKF algorithms for robust channel estimation” and the “NVFF-RLS algorithm
for efficient channel prediction” has been utilized. The efficient channel loading has been
accomplished by feeding the accurately predicted CSI back to the wireless transmitter (i.e., for the
adaptive bit-allocation algorithms). We have replaced MKF-FSS-LMS algorithm with the MKF-
GVSS-LMS algorithm to enhance the performance of adaptive channel estimator, and we have
also replaced FFF-RLS algorithm with the NVFF-RLS algorithm to obtain improved performance
of the long-range predictor, under the time-varying multipath fading channel. Eventually, these
two major changes result in the appropriate adaptive bit-allocation, which in turn boosts the overall
performance of the underlying AOFDM system in terms of symbol-detection success-rate at the
wireless receiver.

The future work includes extension of presented research work to the STBC-AOFDM based
wireless communication systems [326]. Moreover, the reduced Kalman/LMS algorithm may also
be incorporated to reduce the computational complexity of the channel estimator. However, the
performance evaluation of STBC/SFBC-AOFDM communication systems working over the

wireless channels under the impulsive environment needs to be investigated further.
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CHAPTER 3

ADAPTIVE FILTERING TECHNIQUES USING CYCLIC-PREFIX
IN STBC-OFDM SYSTEMS FOR
MULTIPATH FADING CHANNEL PREDICTION

3.1 Introduction

To fulfill the ever-increasing demand for high data-rate transmission under wireless fading
environment, the interest has peaked in orthogonal frequency division multiplexing (OFDM)
systems [357]. This technology exploits the frequency-selective channels by partitioning the
available channel bandwidth into subchannels in frequency domain, which eventually results in
flat fading subchannels for wireless transmission [6], [7]. In time domain, the high data-rate
symbol stream is partitioned into low data-rate symbol streams, which are used to modulate
carriers of aforementioned subchannels, respectively. It facilitates the channel estimation as well
as equalization schemes for varying symbol transmission rates of subchannels [6], [358]-[367].
However, longer symbol duration exhibits innate immunity to impulse-noise [34], [323] and
channel nonstationarities arising due to the fast-fading, which in turn enhances channel capacity
usage by improving the signal-to-noise ratio (SNR).

The knowledge of channel-state-information (CSI) is the backbone of multicarrier
communication (MCM) as well as OFDM systems. For time-invariant channels, an initial training
symbol sequence is used to estimate the channel tap-coefficients [34]. However, for time-variant
channels, a training symbol sequence is transmitted periodically to train the channel estimator
[368], at the cost of increased overhead of OFDM systems. The convergence and training-mode
characteristics of adaptive channel estimator play an important role in the determination of CSI,
using a training symbol sequence [268], [369], [370]. The cyclic-prefix (CP) is an inevitable part
of OFDM systems, which is incorporated in the underlying system to combat intersymbol-
interference (I1SI), by keeping the length of CP more than the number of multipaths in wireless
fading channels [371], [372]. Though CP is usually discarded at the receiver prior to main OFDM
signal processing and detection, it can also be viewed as a training symbol sequence for adaptive
channel estimation [373]. This innovative technique precludes the requirement of training
symbols, which in turn alleviates the overhead data transmission [374].

In order to eliminate the need for pilot symbols [375] to track channel variations, we can utilize
the repeated part of transmitted data, i.e., CP for the adaptive CSl-estimation, which is aided by

output symbols obtained in the decision-directed-mode [374]. The decision error and channel
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estimation error affect each other, because the closed feedback loop constituted by OFDM symbol-
detection, channel estimation and equalization controls the average output symbol error rate
(SER), which significantly influences the tracking performance of adaptive channel estimator
[373]. In this chapter, the main goal is to develop adaptive channel prediction techniques using CP
in wireless OFDM systems working under static and dynamic environment (as shown in Fig. 3.1),
which is motivated by the research work presented by Wang and Liu [373], [374] using recursive
least squares (RLS) algorithm. Under static environment, we propose the Kalman filtering
algorithm-based channel estimator [376], [377], which is also known as a best linear unbiased
estimator (BLUE). Moreover, RLS algorithm is reported to be a special case of KF under typical
parameter setting [377], and KF produces relatively lower misadjustment [268]. However, the
computational complexity and the need of knowledge about system paradigm often avert KF
schemes. Therefore, to avoid the online Riccati updating in ordinary Kalman adaptation laws
[378], Kohli et al. have proposed the reduced Kalman least mean squares (RK-LMS) algorithm
for improved convergence and tracking performance relative to conventional LMS algorithm
[379], [380]. It does not require any prior information about time-variations of a true system, and
it also reduces lag misadjustment and gradient misadjustment [369]. The computational
complexity of RK-LMS algorithm is substantially lower than that of KF and RLS algorithms. But
in this case, the tracking performance of adaptive channel estimator is compromised to reduce the
computational burden.

Under fast-fading mobile environment, we present the Kalman-filtering and numeric variable
forgetting factor RLS (NVFF-RLS) algorithm-based channel estimation/prediction techniques
using CP. The unknown channel tap-coefficients are often considered to follow the first-order
autoregressive AR(1) process for the tracking performance analysis of adaptive algorithms [269],
[370], [379], [381]. The analytical analysis as well as simulation results presented in [348]
connotes that first-order Markov channel provides a mathematically tractable paradigm for the
time-variant Rayleigh fading channels [335], [382]. However, under this nonstationary
environment, the value of NVFF decreases automatically to estimate the channel rapidly using the
extended estimation error criterion [267], [383]. But under stationary environment, the value of
NVFF increases by increasing the memory for accurate channel estimation [267], [346], [353],
[354], [383]. The NVFF-RLS algorithm undoubtedly outperforms VFF-RLS and conventional
RLS algorithm by yielding minimum mean square error (MMSE) in CSl-estimation, in the field
of linear and nonlinear filtering [346]. However, the tracking performance of LMS algorithm-

based channel estimators severely suffer due to the lag noise and gradient noise under time-varying
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channels [268], [369], [370]. Therefore, in this chapter, we focus on the NVFF-RLS and KF
algorithms for CP-based channel prediction to track the fast time-varying wireless fading channels.

This chapter is organized as follows. In Section 3.2, we first give details about a wireless OFDM
communication system model working under the time-invariant and time-variant multipath fading
channels, which comprises of the channel prediction and equalization procedures at receiver (as
shown in Fig. 3.1). The multipath fading channels are modeled as the tapped-delay-line filter with
time-variant Rayleigh-distributed tap-coefficients. We next describe the Kalman-filtering and RK-
LMS algorithm-based channel predictors using the cyclic-prefix of OFDM signals, in Section 3.3.
Subsequently, this section also includes details of conventional RLS and NVFF-RLS algorithms
for the multipath fading channel estimation. The presented channel estimation/prediction
algorithms are incorporated in 2x1 STBC-OFDM system for the symbol error rate (SER)
performance analysis in Section 3.4. However, in Section 3.5, simulation results are presented to
compare the channel tracking performances of KF, RK-LMS, RLS and NVFF-RLS adaptive
algorithms under static and dynamic environment, which are appraised on the basis of MMSE

criterion. Finally, summary of the chapter is provided in Section 3.6.

3.2 Basic Wireless OFDM System Model
Let us consider an OFDM wireless communication system, which is a block-oriented modulation
scheme. The processed data bit stream is first buffered to blocks. Each block of data is then divided

into N/2 parallel bit streams, and subsequently mapped to the complex M-ary QAM constellation
points X, usinga QAM modulator (as shown in Fig. 3.1) for the k™ OFDM symbol-block, such

that n=0, 1, ..., (N/2)-1.

i
xk:[xka ..... X se Xojas o xN_l,k} (3.0)

To generate a real OFDM signal X, in time-domain by using IFFT operation, last N/2 samples

are just the conjugates of first N/2 samples in the k™ OFDM symbol-block in frequency-domain

(3.2). It follows that

_ T
X, :[xo,k Xpp e Xog oo xN_l,k}le (3.2)
1 & . 27rpn T H
where, X , =—=)> X, exp(J—) for p=0, 1, .... , N=1, [.| and [.| represent the
o = 2 K| 15 (] and []

matrix transposition operator and Hermitian transposition operator respectively, and N is the

number of subcarriers in OFDM signal.
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Fig. 3.1: CP-OFDM system paradigm for wireless multipath fading environment using

channel prediction strategy.

The wireless multipath fading channel is modelled as a tapped-delay-line filter [331], in which the
impulse response is expressed in terms of the following time-domain Lx1 dimensional tap-

coefficient vector as

- T
h, :I:ho,k I P hL—l,k]Lxl 3.3)

Ith

where, h,, isthe I channel tap-coefficient during the k™ OFDM symbol-block. To circumvent

problems arising due to the intersymbol-interference and interblock interference, cyclic-prefix of

length G > L -1 is appended in the beginning of OFDM symbol-block, which is transmitted as
. . . T
Xco,k = I:sz,k XI:I (34)

(N+G)x1

where, G x1 dimensional cyclic-prefix vector is given as

.
Xepk = I:XN_G‘k ..... Xy gk oo XN—l,k:I (3.5)

in WhiCh1 X—t,k = XN—t,k .
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Fig. 3.2: CP-OFDM symbol-blocks for wireless transmission under static environment.

Invoking the linear convolution property for underlying multipath fading transmission channel, it

can be shown that the received signal is y,, =X, *h , +7,, (with convolution operator *). It

results in
_ _ . T
yCO,k = [y;rp,k y|-(r ](N+G)><l (3'6)
_ T
Whel‘e, ycp,k :I:y—G,k """ y—g,k """ y—l,k ]le (37)
_ T
and Y, :[yo,k Yij weeer Yok e yN-l,k]le (3.8)
At OFDM receiver, FFT operation is performed to obtain the frequency-domain signal as
— T
Ve =[Yor o Yo Yovn - YNflyk]M (3.9)
1 & ( pnj
where, Y, =— ex —— | forn=0, 1, ..... , N-1
X \/W; Yoi €XP| =]

In the presented research work, the length of CP is kept G > L—1 for channel estimation of time-

invariant (static) channels (as shown in Fig. 3.2). In the present scenario,

L-1
D X+ 17 forp=—(G-L)-1, ....,-1,0,1, ... ,N-1
Yok = (I;rop L1 (3.10)
DX+ D) hX+my forp=-G,-G+1, ... ,—(G-L)-2
1=0 1=G+p+1

in which, the channel coefficients ..... b, =h  =h ,....=h remain unchanged with time. Here,
the uncorrelated complex additive-white-Gaussian-noise (AWGN) component 7, is assumed to

possess zero-mean and a,f variance [384].
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Fig. 3.3: CP-OFDM symbol-blocks for wireless transmission under dynamic environment.

However, the length of CP is kept G =2L —2 for channel estimation of time-variant (dynamic)

channels (as shown in Fig. 3.3). It leads to
L-1

%k={§:hk&|k+nm forp=-L+1, ... ,-1,0,1, ... N-1 (3.11)
1=0

It is noteworthy that if G >2L -2 is kept in dynamic environment, then the useful sample points

are p=—(G-L+1), ... —10,1, ... N —1 in Eq.(3.11). The extended length of CP helps the

adaptive channel estimator/predictor to track time-varying channels in OFDM systems, when it is

assumed that the channel coefficients change after each CP-OFDM symbol-block i.e., after
duration T =(N +G)T, with sampling interval T,. The I" channel tap-coefficient (complex) is

time-varying as per an AR(1) process [348], [379], i.e.,
he =ahy o +W, (3.12)

where, a = ¢, is an AR(1) state transition coefficient/Markovian parameter in Eq.(3.12), w,, is
the zero-mean complex process-noise with variance o for all values of |, and therefore h,, is
considered to be zero-mean and unit variance complex Gaussian process [125], [385]. The
simplification of Eq.(3.12) leads to o, =1-|a| and & =a, =E{h I, ,} =J,{27f,T}, inwhich
f, is the maximum Doppler-spread/shift, f,T is the fade-rate [335], and J,(.) is the Bessel-
function of zeroth-order and first-kind. However under this multipath fading situation, y, is not

affected by 1SI due to the presence of cyclic-prefix. From n" independent subchannel, it is clear
that
Yok = XoxHoi + Ny (3.13)

where, channel frequency response of the n"™ independent subchannel s

_27In 1 & .annJ . "
h , ex and N exp| — ] ——— | isthe complex additive-
Z |k p( J m;np,k p( J N p

white-Gaussian-noise with zero-mean and variance a,f [323] for n=0, 1, ..... , N-1. For n"

59



subchannel, one-tap equalizer with frequency response Zeq,, = (]/ Hn,k) is used to obtain coarse

estimate of a transmitted symbol as

Xn,k =Yn,k X Zeqn,k (314)
Using this coarse estimated symbol (as shown in Fig. 3.1), the final decision )zn,k is made using

an appropriate quantization function Q(.). The estimated OFDM symbol-block

.
X, = I:Xo,k ..... X - )?lek} is further processed using a QAM demodulator to

Nx1

generate the data bit stream. Now at this stage, well-estimated cyclic-prefix vector

Xeor = Ko e Ky_g oom )?Nfl’k];l is fed back to the channel predictor module for next

iteration.

3.2.1 Basic System Equations Under Time-Invariant Multipath Fading Channels

In OFDM systems, Yy, is conventionally discarded at the wireless receiver. The pioneering work
of Wang and Liu in [373], [374] manifests that if all the prefix parts are concatenated together as

a pair of sequences Xope =| veene X g yog oo X gy Xogg ooen X g e ] and

vector chc and the concatenated transmitted cyclic-prefix vector X . are found to be related

through linear convolution between X, and h.For G =L-1, well estimated cyclic-prefix can be

used as a training sequence in the decision-directed-mode. But, an initial training sequence is
stringently required. If the channel changes after a long duration of time, then a training sequence
needs to be transmitted again [373], [374]. The cyclic-prefix of received CP-OFDM symbol signal

Yepi Can be represented in matrix form as

YCP,k = akhk +0, (3.15)
Xk XNgkr soeeeeeeees XN-Ls1k-1

where. ak [ (3.16)
Xogg  wreeeeeees wenee LASPRANETE

The covariance-matrix of zero-mean stationary data matrix d, is R = E[arak] , Where E[] is

the expectation/ensemble average operator. The lower triangular part of matrix d, is composed of
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the elements of X, , while the upper triangular part of this matrix is consisting of elements of

Xcp - HOwever, AWGN sample vector in Eq.(3.15) is

T

Ny :[777L+1,k _tyok e ywe 7771,|<]L7lxl (3.17)
with (L—1)x(L-1) dimensional covariance-matrix ajTL_M_l. However under static/stationary
conditions, we assume that the parameter « = ¢, =1 and &> — 0 in Eq.(3.12) for the modeling of

I channel tap-coefficient.

3.2.2 Basic System Equations Under Time-Variant Multipath Fading Channels

On the contrary, under dynamic channel conditions, we consider different scheme to preclude the

usage of x, , in (3.16). Therefore, the length of cyclic-prefix is kept G > 2L —2. Consequently for
G =2L-2, it can be shown that

XLk Xopk Xopiqp weeemeemennees X oLs2k

a T (318)

Xgp Xipg eorveeeee wens Xtk Xik gy
The time-varying channel tap-vector (3.3) is assumed to be excited by the first-order Markov

processes using Eq.(3.12), which can be represented in matrix form as
h, = Ah,_, +W, (3.19)
where, A =al,, isthe channel state transition matrix with Lx L dimensional identity-matrix I.

The above paradigm is applicable to a fading channel only if the channel coherence time is large

enough to estimate/predict the channel response. The process-noise vector with covariance-matrix

2" - -
o, 1. 1sgivenas

]
W= Wop oo Wy oWy, (3.20)

which results in uncorrelated tap-coefficients of multipath fading channel i.e., wide sense
stationary uncorrelated scattering channel. Hence, the extended CP helps in adaptive channel
estimation/prediction of underlying CSI. After the transmission of a small number of CP-OFDM

training symbols, the presented system works under the decision-directed-mode.
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3.3 Adaptive Channel Estimation/Prediction Techniques for Multipath Fading Channels
3.3.1 Kalman-Filtering Algorithm-Based Channel Estimation
Using the measurement equation (3.15) for CP and the process equation (3.19) for underlying

channel, the coarse prediction/ a priori estimates are represented as

Yepx = akﬁ-k (Coarse measurement of received CP) (3.21)

>

h;, = Ah! (Coarse channel prediction) (3.22)

where, h; and h; are a priori and a posteriori channel estimates respectively. If & =h, —h; and
& =h,—h; are a priori and a posteriori zero-mean channel estimation errors with covariance-
matrices P, = E[é; é;HLL and P = E[é; é;“]m respectively. In the present scenario, basic
Kalman-filtering equations are

P =AP_ A" +al1,, (3.23)

Based on an innovation vector {ycpvk —ygp’k} , @ posteriori channel estimate is

A

h = I:lk + Kk I:VCP,k _y;:P,k:' (3.24)
where, K is the Lx(L—-1) dimensional Kalman gain / blending factor, which is calculated by

minimizing P, to give

R, =Pd[d Bl +020, ., | (3.25)
B =T —Kdy B (3.26)

Using abovementioned Egs.(3.21)—(3.26), the coarse predicted values of channel coefficients are

determined using Eq.(3.22) as h; , = Ah;. Subsequently, FFT operation is performed on h;_, to

obtain the coarse channel prediction Iil;(+1 (as shown in Fig. 3.1), which is further used in one-tap

equalizer for the OFDM symbol-detection at (k +1)th iteration.

3.3.2 Reduced Kalman-LMS Algorithm-based Channel Estimation
Based on aforementioned KF algorithm and the pioneering work of Gazor in [381], the following
RK-LMS [379] algorithm can be used for the cyclic-prefix based channel estimation/coarse

prediction in wireless OFDM systems.

F‘E = F]k +ﬂakH [ycm( _9E:P,k] (3.27)
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The Kalman gain Kk is replaced by ﬂa;' in Eq.(3.24). Akin to [379], [381], a first-order weight
increment vector h* is used to determine

hy =hi, + phy, (3.28)
Using the conventional LMS algorithm [268] to update a first-order weight increment vector [369],
[379], [381], it can be shown that

hy =hy , +dud; [yCP,k _yép,kJ (3.29)
where, the scalar parameter . is step-size, which controls stability as well as convergence of LMS

algorithm, 0<¢& <1 is the smoothing parameter, which controls lag-misadjustment in adaptive

weights while tracking the time-varying system. The estimated first-order weight increment vector
is scaled with a real valued control parameter 0< ﬁ<1 [369], which controls the oscillatory

behavior of adaptive algorithm. Hence, KF is reduced to provide a computationally efficient two-
step RK-LMS algorithm, which is not including the matrix inversion operation in Riccati update

equation. Finally, channel coarse prediction ﬁ‘kﬂ = Aﬁ; is achieved using Eq.(3.27).

3.3.3 RLS and NVFF-RLS Algorithm-Based Channel Estimation
In recursive least squares algorithm based channel estimation [268], [353], L—1x1 dimensional a

priori estimation error vector is defined as
& =Yepy —dh(k-1k-1) (3.30)
where, ﬁ(k—1|k—1) is an estimated channel tap-coefficient vector at (k—l)th iteration.
Subsequently,
h(klk)=h(k-1k-1)+ K&, (3.31)

where, K, is the Lx(L—1) dimensional gain matrix, which is determined as

= - - = = -1
=P, 0 [ 4071 s +d Pd | (3.32)
where, A =A= fixed is the forgetting factor in conventional RLS algorithm, and LxL

dimensional inverse correlation matrix is
P =4[ P —Kd,P, | (3.33)

To execute this conventional RLS algorithm, h(0)=null at initial point and P, =&, . The

LxL *

value of & is kept small positive constant under the high SNR conditions and large positive

constant under the low SNR conditions. For time-varying multipath channel estimation using RLS
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algorithm, the lag-error variance due to time-variations and the AWGN variance in channel
estimation error have tradeoff relation with each other [264], [353].

Further, the convergence as well as tracking performances of RLS algorithm based channel
estimation /prediction using CP can be improved by incorporating the numeric-variable-
forgetting-factor [346], [353]. The NVFF reckoning is based on the extended estimation error
criterion [267], [383], which accounts for the nonstationarity of signal. The value of NVFF
decreases adaptively to estimate a global trend quickly, when the underlying signal experiences

nonstationarity i.e., 4, — A4,,,. However, it increases under stationary conditions by increasing

the memory for efficient estimation i.e., 4, — 4,,,, . In conventional RLS algorithm, the speed of
adaptation is proportional to the asymptotic memory length N = (1—/1)7l [268], [354], in which
memories related to 4, and A, are denoted by N, and N, respectively for the parameter

setting. Therefore, we next focus on the calculation of NVFF 4, , which can be incorporated in

conventional RLS algorithm to formulate NVFF-RLS algorithm using the extended estimation

error criterion. From RLS algorithm perspective [268], a posteriori estimation error is written as
8 =Yer — AN (k) (3.34)
However, €, in Eq.(3.30) is viewed as a tentative value of & before updating the tap-weight
vector. Using Eq.(3.15), the above equation (3.34) can be simplified as

8 =dy [, ~h(k[k)|+A, (3.35)
Substitution of Eq.(3.19) in equation (3.35) results in

8 =d | A, +w, —h(k[k) |+, (3.36)
Subsequently, it is assumed that F\(k|k)z,5\ﬁk_1 under the optimum tracking conditions. The
above equation can be simplified as

g =d, W, +f, (3.37)

By statistical analysis [384], it is apparent that the zero-mean €, exhibits

ol =0, (1+ O'VZV/G,?) (3.38)
However, o7 =o?  for o’/c? <<1 (3.39)

The extended estimation error is determined by

r, = % M_:{ég i | (3.40)
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To ensure the appropriate averaging in Eq.(3.40) under nonstationary environment, the parameter

M << Ny, -

_ 2N 2N

Nk — O-éNMax ~ T N max (341)
1—1k 1—‘k

which is further used to calculate NVVFF as

A =1-N* (3.42)

To ensure a positive non-zero value of NVFF, the stringent condition/bound is A,,,, =>4, > 4.
The research work presented by Sayed and Kailath in [377] delineated a relationship between
KF and RLS algorithm, which manifests that h; =h(k|k) (estimation) and h; ., =h(k+1]k)
(prediction). Therefore, the coarse predicted value of channel tap-coefficient vector is
M. = Ah(k|k). The above discussed NVFF scheme is reported to outperform the LMS based
VFF computation procedure, in combination with conventional RLS algorithm [353]. In this
section, we have discussed the NVFF-RLS adaptive algorithm for channel estimation/prediction

using CP in wireless OFDM systems.

The computational complexity of conventional Kalman-filtering algorithm is reported to be

O(N_3) , where N is the filter length. However, some special cases like covariance KF, square-

root KF and extended square-root KF exhibit O(Nz) computational burden, subject to different

mathematical decompositions of the covariance-matrices (Toeplitz) [386], which is equivalent to
that of conventional RLS algorithms and its types [377]. The NVFF-RLS algorithm involves an
additional calculation procedure to obtain the NVFF update continuously, which slightly increases
its computational complexity in comparison with traditional RLS algorithm. Similarly, RK-LMS

possess approximately double computational complexity (i.e., ZO(N)) than conventional LMS

algorithm.

3.4 Description of 2x1 STBC-OFDM System Model
Let us consider 2x1 STBC-OFDM system with two transmitters (TX1 and TX2) and one receiver

(RX1) antennas (as in [387]), in which the k™ and (k +1)" OFDM symbol-blocks are denoted as
-~ T

— T .
Xo=[Xox Xu o+ Xy, and Xo=[Xor Xpx o Xy ], respectively. By

performing IFFT operation, the X and X, can be expressed in time-domain as
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T T

X =[Xor X o+ Xkl @0 X =[Xoea Xy o Xuaeal,,  respectively.

Subsequently by incorporating CP, these two OFDM symbol-blocks are represented as

Repo = Xipo %5 | and Repe =[ Xpe %1 |, (3.43)

cp,0 0 _l(N+G)t cp.e (N+G)x1
Applying the space-time block-coding scheme using these two OFDM symbol-blocks with CP
[387], it can be shown that

— +XCO,O + co,e
XSTBC: ok + * (344)

{

Xi

The transmitted wireless OFDM signals encounter multipath fading with L channel tap-

coefficients, which leads to G>2L—2 in the present scenario. The two independent wireless
channel tap-coefficient vectors are h,, (from TX1 to RX1) and h,, (from TX2 to RX1)

respectively. The wireless channel tap-coefficient vectors are assumed to be constant for two
OFDM symbol-blocks, such that

hy=h,, and h, =h,,., for period Tgge =2(N +G)T, (3.45)

The received composite wireless signals at the receiver are

T T

Veok =| Vipx Vi ] and Veokor = Yopkr Vi | (3.46)

(N+G)x1 (N+G)x1

The cyclic-prefix part is extracted at the receiver considering G =2L—2 (as in subsection 3.2.2)

to provide
Voo = 0oy + 0., +1, in k™ OFDM symbol-block period (3.47)
Veorer = “0oNy g #0300 + A pes 0 (K +1)th OFDM symbol-block period  (3.48)
where,
_X*Lflvk ijvk foszvk
d=| . (349
X Xl o X Jipa
i X7L+.l,k+l X’.L’k” e Xy 2kt
a- . (3:50)
| X Xopa e Xka Jog

In matrix form, Eqs.(3.47) and (3.48) can be rearranged by invoking (3.45) to give

Yep = dephep + e (3.51)
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_ i ycp,k _+ao +ae
where, Yep = , dep =| - - ,
2(L-1)x1 2(L-1)x2L

_ycp,k+l __de +do
_ [n h [ 7
_ 1,k _ 1,k+1 = _ cp,k
hep =1 - =|r and N = .
L' "2k Jo1a 2k+1_Jo L epk+1 o gy

Analogous to Eq.(3.19), if the channel is assumed to be constant for two consecutive OFDM
symbol-blocks, then

h ~|hy,. W
P |_ 5 [ Pasee {%m} for q=12.3..... (3.52)
hz,zq h2,2q-2 Wazq

where, A, =al, , is the channel state transition matrix with 2L x2L dimensional identity-

matrix 1. Using the aforementioned equation (3.51), the presented channel estimation schemes
are used to obtain h,, =h,,., and h,, =h,,,,. Further, this estimated/predicted channel-state-

information is used to decode the STBC-OFDM symbols, as in [46], [74], [387].

3.5 Simulation Results

We shall investigate the behavior of presented adaptive filtering techniques in the convergence
and tracking-modes, using cyclic-prefix in OFDM systems for the multipath fading channel
prediction. The CP used in OFDM systems is actually designed to reduce ISI, which is a repeated
part of the transmitted data (that is used for the channel estimation/prediction). For simulation, the

number of subcarriers is considered to be N =512, the length of CP is G =64, the length of

channel impulse response is fixed at L =G +1, the number of initial training blocks is 100, and
the system is switched to decision-directed-mode afterwards. The transmitted power of all the used
subchannels is kept equal with bit-allocation keeping the subchannels with same preset error

probability, as in [373]. To generate nonstationary environment, the channel tap-coefficient vector

h, isassumed to be a fast-fading mobile communication channel (Rayleigh). The Jakes’ paradigm
is widely accepted as the realistic fading channel model, which is simulated by using an AR(1)
process (3.12). We shall compare the performance of KF, RK-LMS, RLS and NVFF-RLS
algorithms in terms of the minimum mean square channel prediction error. The presented results
are based on the ensemble average of 100 independent simulation runs using the different fading

channel realizations and 64-QAM constellations, as in [374]. It follows that

A; 2} (3.53)

(3.54)
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Case 1:- In first case, the channel tap-coefficient vector h, =h is kept constant by considering
the state transition matrix A=1_, and process-noise variance o’ =0 in Eq.(3.19). The

adaptation parameters are set as #=0.001, ¢ =0.0001 and /3 =0.5 in EQs.(3.27)—(3.29) for the

simulation of RK-LMS algorithm for channel estimation/prediction. The forgetting factor is fixed
at 1=0.9 in Egs.(3.30)—(3.33) in case of conventional RLS algorithm. In NVFF-RLS algorithm,
the parameters are keptat 4,,, =0.99, 4,,, =0.9 and M =5 in Egs.(3.40)—(3.42). For guaranteed

numerical stability of RLS algorithm under stationary environment and for the positive

definiteness of finite-precision inverse data covariance-matrix, the stringent condition to be
fulfilled is PR, , ~1,,, [388]. When an input data matrix d, is stationary and the value of A,
is close to unity, this approximation is often used under steady-state/stationary conditions. Here,
the recursive equation R, = 4, R, ,+d!'d, is updated continuously. Under the above scenario,

simulation results are presented in Fig. 3.4 and Fig. 3.5 at SNR=+25dB .

It may be inferred that KF based channel predictor outperforms other adaptive algorithms in
the convergence as well as training-mode. However as the value of A increases, the tracking
performance of RLS algorithm improves in training-mode. The convergence of RK-LMS
algorithm is observed to be inferior to the RLS, NVFF-RLS and KF algorithms. In decision-
directed-mode, the tracking performance of RK-LMS algorithm is comparable to RLS algorithm
with 4 =0.9. However, the NVFF-RLS scheme performs marginally better than the RLS and RK-
LMS algorithm based channel predictors. It is apparent from the results depicted in Fig. 3.4 that
channel estimation/prediction error appears at the decision point as an additional noise component,
which in turn accounts for the higher mean square channel prediction error in all the simulated
algorithms. Further, the value of SNR is reduced to +15dB, and the corresponding results in Fig.
3.6 manifest that overall mean square channel prediction error increases in all the underlying
adaptive algorithms due to an increase in the measurement noise and decision errors. However,
the existence of decision errors results in biased channel prediction due to the feedback loop (as
shown in Fig. 3.1). But, adaptive algorithms converge at the same rate as that without the decision
errors [373], [374]. The elevated mean square channel prediction error in the decision-directed-
mode (as shown in Fig. 3.4 and Fig. 3.6) clearly illustrates that the decision error and channel

prediction error affect each other adversely.
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Case 2:- In second case, the channel tap-coefficient vector h, is considered to be time-variant
with the state transition matrix A=al_,, and process-noise variance o :1—|a|2 in Eq.(3.19);
where Markovian parameter is « = J, {27Z'fDT} with the maximum Doppler-spread/shift f, and
T =(N+G)T, with sampling interval T, . To generate time-variant frequency-selective multipath
fading channels, the fade-rate is kept f T =0.01. The adaptation parameters are set as x=0.01,
« =0.001 and [3 =0.25 in EQs.(3.27)—(3.29) for the simulation of RK-LMS algorithm for channel

estimation/prediction. The forgetting factor is fixed at 4 =0.5 in conventional RLS algorithm
(3.30)—(3.33). In NVFF-RLS algorithm, the parameters are kept at 4, =0.5, 4,,, =0.2 and

M =5 in EQgs.(3.40)—(3.42). Under the above scenario, simulation results are demonstrated in Fig.
3.7 and Fig. 3.8 at SNR =+20dB.. It may be inferred that KF based channel predictor outperforms
other adaptive algorithms in the convergence as well as training-mode. However as the value of

A decreases under time-varying nonstationary environment, the tracking performance of RLS
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algorithm improves in training-mode. The convergence-rate of RK-LMS algorithm is found to be
lower in comparison to the RLS, NVFF-RLS and KF algorithms.

In decision-directed-mode, the tracking performance of RK-LMS algorithm is approximately
equivalent to the RLS algorithm with 4 =0.7. It is evident from simulation results shown in Fig.
3.8 that the RLS algorithm with 4 =0.9 experiences lag-misadjustment due to the presence of
high level of lag-noise, which can be suppressed by using the variable forgetting factor. However
for time-varying wireless multipath fading channels, the NVFF-RLS scheme supersedes the RLS
(A=0.9) and RK-LMS algorithm based channel predictors not only in the convergence-mode, but
also in the training-mode.

Based on the extended estimation error criterion, the value of NVFF decreases adaptively to
track the fast time-variations in channel response, and it increases for the tracking under slow time-
varying environment. In training-mode, NVFF-RLS algorithm performs approximately 2.5dB
better than traditional RLS algorithm with 4 =0.5, which reduces to approximately 1.35dB in the
decision-directed-mode, as shown Fig. 3.7. It is noteworthy that the tracking performance of KF
algorithm degrades due to the adverse effects of decision feedback errors in decision-directed-

mode.
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Fig. 3.7: Channel prediction error vs. block index for different adaptive algorithms at SNR
= +20dB, under dynamic environment.
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Case 3:- In third case, the aforementioned channel estimation/prediction techniques are
incorporated in 2x1 STBC-OFDM system (as described in Section 3.4). For similar parameter
setting as in Case 1 under the static environment (at SNR =+30dB ), NVFF-RLS algorithm based
channel estimator performs approximately 3.5dB better than traditional RLS (4 =0.9) algorithm
in the decision-directed-mode, in terms of mean square channel estimation error, as shown in Fig.
3.9. However for similar parameter setting as in Case 2 under the dynamic environment (at
SNR =+40dB), the wireless channel coefficients are assumed to change after two OFDM symbol-
blocks. The NVFF-RLS algorithm performs approximately 4.2dB better than conventional RLS
(A =0.5) in the tracking-mode. However, this performance advantage in terms of the mean square
channel estimation error reduces to approximately 3dB in the decision-directed-mode, as shown
in Fig. 3.10. The significantly improved channel estimation performance in Fig. 3.9 and Fig. 3.10
is because of the substantially enhanced signal-to-noise ratio due to the usage of 2x1 STBC
scheme in combination with OFDM system. But, simulation results clearly manifest that decision
feedback errors and channel prediction errors adversely affect each other in the decision-directed-

mode.
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The symbol error rate performances of conventional OFDM system and 2x1 STBC-OFDM
system are demonstrated (using estimated channel-state-information) in Fig. 3.11 and Fig. 3.12
respectively, which are considered to be working under dynamic environment. In OFDM system
at 0.01 SER, the NVFF-RLS algorithm based channel estimator provides approximately 2.75dB
performance advantage over conventional RLS (A =0.5) algorithm in the decision-directed-mode
(as shown in Fig. 3.11). However in STBC-OFDM system at 0.001 SER, the NVFF-RLS
algorithm based channel estimator provides approximately 3dB performance advantage over
conventional RLS (A =0.5) algorithm in the decision-directed-mode (as shown in Fig. 3.12). The
space-time block-coding scheme undoubtedly improves SNR, which in turn reduces SER in the

STBC-OFDM system in comparison with conventional OFDM system.
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3.6 Summary of Chapter

In this chapter, the adaptive channel prediction techniques for CP-OFDM systems have been
presented, in which the cyclic-prefix plays an important role by replacing the training symbols, in
addition to its utility in combating the intersymbol-interference. Here, the NVFF-RLS algorithm
outperforms the conventional RLS algorithm based channel prediction, under the moderately high
fade-rate conditions. Eventually, the predicted channel-state-information has been utilized for the
information symbol-detection in 2x1 space-time block-coded OFDM system. It is quite evident
that the NVFF-RLS algorithm performs well under the static as well as dynamic environment by
providing the low channel prediction error, which in turn results in the substantial alleviation in
symbol error rate in 2x1 STBC-OFDM systems, in comparison with the conventional RLS
algorithm based approach.

Future scope includes the application of presented NVFF-RLS algorithm for time-varying
multipath fading channels and the low complexity RK-LMS algorithm for time-invariant
frequency-selective fading channels for the channel estimation/prediction in high data-rate space-
time/frequency block-coded OFDM wireless communication systems [296], as these adaptive

algorithms are emerging as an economical choice in terms of computational complexity.
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CHAPTER 4

BER PERFORMANCE OF SFBC-OFDM SYSTEMS WORKING
OVER FADING CHANNELS UNDER IMPULSIVE ENVIRONMENT

4.1 Introduction

Orthogonal-frequency-division-multiplexing (OFDM) is an efficient modulation technique for the
broadband communications [3], [7], [20], [26], which has found commercial applications in the
domain of wireless local area networks (IEEE 802.11a and HIPERLAN/2), terrestrial digital-
audio-broadcasting (DAB-T), terrestrial digital-video-broadcasting (DVB-T) and in other
broadband access systems belonging to the IEEE 802.16 workgroup. In addition, two transmitter-
antenna diversity schemes pioneered to combat the detrimental effects of frequency-selective
fading are the space-frequency-block-coded (SFBC) OFDM [100] and space-time-block-coded
(STBC) OFDM [73]. In STBC-OFDM systems, the information symbols are transmitted over the
multiple adjacent OFDM symbol-blocks; but in SFBC-OFDM systems, the information symbols
are transmitted across a single OFDM symbol-block by utilizing the adjacent subcarrier groups.
However, one of the most challenging problems in such practical applications is the reliable
information transmission over communication links in the presence of man-made
noise/interference, which originates from powerlines, heavy current switches, electrical furnaces
and domestic appliances [320] like microwave ovens, etc. Due to different types of sources of
impulse-noise generation, it is tedious to model the statistical details of impulsive noise accurately.
But, the degradation caused by impulse-noise in DVB systems is dependent on the total energy of
noise within one OFDM symbol-block period, irrespective of its probabilistic distribution. This
fact has been explored and justified in [270], [389]-[391], by utilizing the concept of noise bucket
effect, while considering that the impulse-noise can be precisely modelled as the gated Gaussian-
noise.

In practice, SFBC based communication systems are observed to outperform the STBC based
transmission systems under fast-fading channels [392], [393]. Therefore, SFBC-OFDM is quite
suitable technique for the wireless systems working under the time-selective fading channels; and
STBC-OFDM is much reliable scheme for the communication systems working under the
frequency-selective fading channels [357]. But, both transmitter diversity techniques require
availability of the channel-state-information (CSI) at receiver for the appropriate demodulation
and decoding of information symbols. In wireless communication, the estimated/predicted channel

response may be noisy and outdated because of the delay in getting CSI to the transmitter [313].
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Imperfect CSI comes into picture due to the noisy and time-varying nature of fading channels.
Torabi et al. [143] have proposed the closed-form expressions for the average bit-error-rate (BER)
of SFBC-OFDM system working under the Rayleigh fading environment, which take the channel
estimation error into consideration. Moreover, the BER performance deterioration that results from
imperfect CSI at the receiver has also been quantified, in the presence of additive-white-Gaussian-
noise (AWGN) [143], [313].

The combination of OFDM and antenna-diversity/spatial-diversity boosts the total signal-to-

noise-ratio (SNR) to suppress the impulse-noise effects [321]-[323]. The weak impulse-noise can

be tackled by utilizing the cyclic-prefix (CP) based long OFDM symbol-block of length (G +N)
with fixed time-period (T =(G+ N)TS), in which, the total noise energy gets spread over the

simultaneously transmitted N subcarriers, irrespective of the impulse-noise energy distribution
[323]. Here, N also indicates the length of basic OFDM symbol-block without CP, T, is the

sampling interval (which is also equal to the duration of one digitally modulated information

symbol, such that the corresponding symbol transmission bandwidth is B, =1/T, Hz), G>L-1

is the length of CP, and L is the number of multipaths. If number of subcarriers is increased for

the long OFDM symbol-block, then impulse energy per subcarrier gets reduced due to the discrete-

Fourier-transform (DFT) operation at receiver. The probability distribution of output noise is

observed to be approximately Gaussian due to the impulse-noise energy spreading caused by DFT

operation, based on the noise bucket effect [389]. Therefore in this chapter, we focus on

e average BER performance analysis of the SFBC-OFDM systems using M-ary PSK (MPSK) and
M-ary QAM (MQAM) schemes, working over the Rayleigh fading multipath channels under the
impulsive environment (an extension of the research work presented in [143], [394]).

e simulation results to investigate the BER performance of SFBC — OFDM system for the Rayleigh
as well as Nakagami-m fading channels. (Nakagami-m fading channel modelling and its
simulation procedure are also detailed).

Nakagami-m distribution has gained widespread applications in the modelling of physical
fading radio channels, in which, the magnitude of tap-coefficients of the channel impulse response
can be modelled as Nakagami-m random-variables (RVs) with the fading parameter m and mean
power Q [395]. The magnitude of the DFT of channel impulse response can be modelled as
Nakagami-m RVs with same fading parameter m [396], [397]. While dealing with OFDM
systems, its analysis has been facilitated by the circular symmetry of complex Nakagami-m RVs
due to the uniform phase distribution assumptions [398], which is quite different from [399]. Here,

the parameter m controls the severity of amplitude fading. The value m<1 corresponds to the
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fading more severe than the Rayleigh fading, and m >1 corresponds to relatively less severe fading
[314]. However, the value m=1 leads to the well-known Rayleigh fading paradigm. The proposed
research work is motivated by the BER approximations reported by Chung et al. [394] and Torabi
et al. [143], [400] for OFDM systems working under rapidly fading channels.

This chapter is organized as follows. In Section 4.2, we first give details about the system model
for uncoded OFDM system working under impulsive environment. The main focus is on the
impact of impulse-noise and imperfect CSI on the performance of OFDM systems working over
fading channels. Section 4.3 describes the system model for SFBC-OFDM system working under
impulsive environment. The mathematical expressions for the average BER and the
effective/normalized instantaneous SNR per subchannel are presented for the SFBC-OFDM
wireless systems, while utilizing M-ary QAM and M-ary PSK digital modulation techniques [46],
[401]-[405] under Rayleigh fading environment in the presence of impulse-noise and imperfect

CSI (i.e., using noisy channel estimates) at the receiver. Simulation outcomes are presented in

Section 4.4. Finally, summary of the chapter is provided in Section 4.5.

4.2 System Model for Uncoded OFDM System Working Under Impulsive Environment
Let us consider an uncoded cyclic-prefix (CP) based OFDM system [270], [320]-[323], [389],
[402], in which, the received time-domain OFDM signal sample is expressed as

r(n)=h(n)*s(n)+w(n)+imp(n) (4.1)

where, s(n) is the time-domain OFDM signal sample at the nth instant of time, which is assumed
to exhibit zero-mean and variance o’ (such that its energy is represented as E, = 6T, = 62 /B, ),
h(n) is the channel impulse response with “L” zero-mean complex tap-coefficients h (n)=h,
exhibiting variance oy, =(1/2)E [h, h,*] =(1/L) (total number of resolvable significant multipaths
is L), “*” is the linear convolution sum operator in Eq.(4.1), w(n) is the inevitable zero-mean
equivalent lowpass AWGN with variance o =(1/2) E[w(n)w*(n)]. Here, the autocorrelation
function of AWGN samples is R, (7)=N,B, sinc(B,z), in which, N, is the power spectral
density of equivalent lowpass complex AWGN (where, N, /2 is the variance of real/imaginary
part of AWGN per unit bandwidth) [331], [357]. Its limiting form is viewed as

RW(T)‘BS% =N,6(z), where & is the Dirac delta function. The impulse-noise imp(n) is

A

considered to exhibit zero-mean and variance 67 =(1/2)E[imp(n)imp’(n)] with unknown
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distribution function [389]; where, E[] is the expectation or ensemble average operator [384],

and () is the conjugate operator. Based on the OFDM technology concepts of CP removal and

normalized N-point DFT processing [357], [401], the received frequency-domain signal sample is

represented as

R{k} =H {k} S {k} +W {k}+Imp {k} with k=0,1,2,.....,N ~1 4.2)
1 - —j27z'knj 1 - (—jZﬂknj
where, R{k}=—— ) r(n)ex , S{k{=—=—) s(n)ex :
(k)= Sr(n)exs| 240 ). 511 =S (mperp| 12
L-1 _
H{k}=> hexp Jilﬂkl) with k=0,1,2,....,N -1,
1=0
1 i
W {k} = LNZW(n)exp( Jilﬂknj with zero-mean and variance o’ = oy, ,
n=0

1 i
Imp{k} = LNZimp(n)exp( Jilﬁknj with zero-mean and variance

afmp=(1/2)E[lmp{k}'mp*{k}]=(U2N)§E[imp(n)imp*(n)]=(Ni/N)&f with

ﬂ:(NJN)
Here, N, is the average number of impulses occurring randomly in a single OFDM symbol-block
period. This impulse-noise component is found to reveal Gaussian-distribution at the output of

DFT operator block, due to the noise bucket effect [323], [389]. In matrix form, Eq.(4.2) can be

rewritten as

R = HS +W + Imp (4.3)

Invoking the concept of imperfect channel-state-information at the receiver [313], [402], [403], it

is considered that AH =H —H , where AH is the channel estimation error/noise matrix, and H

is the estimated channel impulse response coefficient matrix. It is apparent that
- A - ~A\H A - - A A

E[(H —H)(H —H) /H}:af_l with identity-matrix | and E[H/H]: H . Here, o’ is the

variance of zero-mean channel estimation error/noise [143]. Therefore, Eq.(4.3) can be rearranged
as
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A —

R=HS +{AH§ +W + Tmp} with H =H +AH (4.4)
Here, total noise component is described as

77 = AHS +WImp with Wimp =W + Imp (4.5)
=[7{0},n {1}, {K} s {N -1} |

If signal-to-noise-ratio is defined as ;?S:ES/NO:af/(NOBS), then it can be statistically

S|

demonstrated in frequency-domain that total noise component possesses the Gaussian-distribution
[389], [402], [406] with zero-mean and variance per unit bandwidth o = N0{1+ 0'5793} (See
Appendix-B); where N_=N_+uo?, in which the “effective impulse-noise variance” is

O'i2 = &iZ/Bs -
The total noise component statistics can be utilized in deriving the average bit error rate
expression for the SFBC-OFDM systems working under impulsive environment (as illustrated in

Fig. 4.1), in subsequent section. The real and imaginary independent components of total complex
noise n{k} in Eq.(4.5) exhibit N(mean :0;variance:(NO/Z)(1+aj;?S)) per unit bandwidth,

which are substantially dependent on the statistics/characteristics of unintended impulse-noise.

1Tx Rx 1 b’}
~ Impulsive Environment
St IFFT Add Remove FFT R
R b pommmmmmemmsoooooemoooo cP ™ » R
Input i Impulse !
Data Bit SFBC — ' ! i i ~ E j ' SFBC —
Stream MQAM FEncoder : ! 3 H : f Decoder
or M & || TFFT || Add k—”':'w\ Fading ' Remove | | FFT F
MPSK CP V| Channel T i
| + :
Mapper ; | Mix i : \Yﬁ
! |
- ! T 1 Remove FFT n
Sty || TFFT || Add w AWGN P Ry

e

CP

CP S
Output 5 L
Data Bit ﬂ P/S H Demapper H ML Detector

Stream

Fig. 4.1: MtxxMrx SFBC-OFDM system working over wireless fading channels in

impulsive environment utilizing imperfect CSI matrix H .

4.3 System Model for SFBC-OFDM System Working Under Impulsive Environment

Let us consider an SFBC-OFDM system with Mtx=2 transmitter-antennas (Tx) and Mrx
receiver-antennas ( Rx). The data bit stream is first mapped by using the MQAM or MPSK digital
modulation technique based constellations. The resultant information symbol stream is then
converted from serial-to-parallel (S/P), and subsequently, these are fed to an SFBC encoder. For

exploiting the space-frequency diversity, the input blocks are encoded as
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St,=[+S{0} —S"{1}, +S{2} -S"{3}, ... AS{N-2} -s"(N-1]
St,=[+S{1) +57{0}, +5{3} +57{2}, .. #S{N-L} +S7{N-2}]
These two encoded blocks of length N are processed using a normalized N -point IFFT operation,
and then the cyclic-prefix (CP) of length G > L —1 is appended in the beginning of resultant time-
domain OFDM symbol-blocks before transmitting them from the transmitter antennas Tx1 and
Tx2 respectively (here, L is the number of multipaths encountered in the wireless channel). The

CP helps in mitigating problems arising due to the intersymbol-interference (I1SI) and interblock-

interference (1BI).

a Frequency a Frequency

Tl ‘n
—S" {2k +1}| Jara | 8" {2k)
+S {2k | S | +S {2k+1)

» Time » Time

Tx2

Fig. 4.2: lllustration of SFBC-OFDM with (Mtx = 2)x Mrx antenna system.

At the receiving end, the CP is removed first to convert the linear convolution sum in Eq.(4.1) to
the circular convolution sum [357], [401]. The wireless channel is considered to be static for an

OFDM symbol-block period. Further, the output of DFT operation corresponding to the jth
receiver antenna is expressed as

R, =H, St +H,,St, +W, + Imp, (4.6)
J

where, R, :[Rj {0}, R, {1} ,.... ,RJ.{N—l}JT is the received signal at jth receiver antenna,

H}i :diag[H“ {0}, H, {1},.... ’Hj'i{N_l}}NxN denotes the diagonal matrix with elements

U

and Imp; =[ Imp; {0}, Imp; {1}....., Imp; {N —1}}T indicates the AWGN samples and impulsive

noise samples at the jth receiver antenna respectively. Using a scheme analogous to Alamouti’s

received signal combining technique [46] to exploit the space-frequency diversity [73], [100],
[143], it can be shown that the input to maximum-likelihood (ML) decoder for symbol-detection

is

82



n Mrx . .
S{2k} =Y [H;, {2k} Ry {2k} +H,, {2k} R; {2k +1} | (4.7)
j=1
Mrx

S{2k+1} Z[H 2k +1} R {2k} —H,, {2k + 1} R {2k +1} | (4.8)
Akin to STBC decoding scheme in [73], [100], [143], [400], it is assumed that channel gain
coefficients between two adjacent subchannels in SFBC-OFDM system are approximately equal
ie., H; {2k+1} =H,; {2k} for i=12. Substitution of this assumption in Egs.(4.7)—(4.8) results
in

§ {2k} =" {\H {21)f M, {21 s 2}

. (4.9)
+Z{ {2k }Wimp, {2k} +H , {2k }Wimp] {2k +1}}

with Wimp, =W, + Imp, (as in Eqs.(4.5)—(4.6)).

$ {2k +1} =%{‘val{2k}‘2 +[H, 12K} |8 {2k 1y
= (4.10)

Mrx - .
+Z{ {2k }Wimp, {2k} —H , {2k }Wimp] {2k +1}}
By utilizing Eqgs.(4.9) and (4.10), the benefit of transmitter antenna diversity can be achieved in
case of the SFBC-OFDM communication systems, which provides it an edge over the traditional

OFDM systems working under identical scenario.

4.3.1 BER Performance of SFBC-OFDM System Using MQAM
Let us consider an SFBC-OFDM system using the M-ary quadrature-amplitude-modulation

(MQAM) digital modulation scheme, which is equipped with Mtx number of transmitting

antennas and Mrx number of receiving antennas. With imperfect channel-state-information H in
a MIMO-OFDM system, the lower bound for the mutual information is reported in [143], [404],
[405] as

o
det] Ty, + 0 7s (4.11)
Mtx 1+y.0;

with E[(H—ﬁ)(H—H)H/HJzaﬁNW (4.12)
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where, 1,,,. isthe NMrx x NMrx dimensional identity-matrix. For further analysis, the channel

NMrx
estimation error/noise [313] is considered as in EQ.(4.4), which leads to the modification of
Eq.(4.6) as

A —

Rj = H”St +HJZSt +AH115t1+AHJZSt +W. +ImpJ with H =H,;;+AH;; (4.13)

R, =H, St +H,,St, +7, (4.14)

with 77, = AH ,St, + AH  ,St, +W, + Imp, = AH ,St, + AH , ,St, +WImp,

While executing the decoding operation to detect the information symbols [46], [73], [100], [143],
we incorporate the estimated channel-state-information matrix H" (i.e., noisy CSI or imperfect
CSI [313], [402]). However for an SFBC-OFDM system, we also need to take into account the
code-rate R, while considering the equivalent scaled noisy channel (similar to the STBC code-

rate in [55]) induced by the SFBC for the complex constellation [143], [407]. It follows that

Mrx Mtx

ZZ\H,. | sk} +a (k) (4.15)

c j=1 i=1

with SNR at the kth subchannel as

o= 2 el s (416
Rc j=1i=1 " (1+ 0-527;3)

where, H i {k} indicates the estimated channel impulse response between the ith transmitter

antenna and jth receiver antenna, the real and imaginary components of the scaled total noise

Mrx Mtx

n{k} exhibit N(mean:O;Varialnce ( B. /2R, )(HG %)ZZ

j=1 i=1

\j [400], [407]. The

ML decoder minimizes the following decision metric
[S{k}-S{kj|" for k=012...,N-1 (4.17)

The total energy of symbols transmitted through all the transmitter antennas can be normalized to
Mtx, therefore we can represent the effective/normalized instantaneous SNR corresponding to

kth subcarrier/subchannel as

Mrx Mtx

. Vs
= i RMtxZ_;‘,Z_;‘ tef (1+077,) (419

The effective random capacity [55] associated with kth subcarrier/subchannel can be expressed
as

C, =R.log, (1+7,) bps/Hz (4.19)
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Further, it is considered that M-ary QAM digital modulation technique (along with Gray bit-

mapping) is incorporated while assigning /£ bits/symbol to each subchannel, where the total

number of information symbols is M =27 (those information symbols exhibit equal a priori
probability of occurrence). The instantaneous information symbol-error-rate (SER) [331]

associated with kth subcarrier/subchannel is represented as
2
SER{K} =P, :1—(1— PN) =2P (4.20)
Here, P is the probability of error of a N-ary PAM with one-half the average power in

quadrature signal of the received QAM signal [331], such that

P

mzz(l—\/lijL (,\jy_kl)} (4.21)

where, Q(f):(],/Z)erfc(f/ﬁ) is the frequently used function to obtain area under the tail of

Gaussian probability density function for £>0, with the complementary error function

erfc \/7 I exp —t df . However, the approximate value of information symbol error rate
corresponding to an OFDM symbol-block with N subcarriers is calculated as

N-1
SERy =(1/N)>_SER{k} (4.22)

k,

where, SER{k} is the instantaneous SER of kth subchannel in an OFDM information symbol-

block. As S bits/symbol are assigned to each subchannel, therefore the approximate value of BER

for the underlying MQAM-SFBC-OFDM system (using Eqgs.(4.20) and (4.22)) working under the

fading conditions is obtained as

N-— N-1

BERyom v = (/NS ZSER =(1NB)D R, (4.23)

k=0

Using Eqgs.(4.20)—(4.23), it can be demonstrated that

BERMQAM_N = 4/Nﬂ ':Z; [ l\j];—kl)j[l_\/lmj (4.24)

The above equation can also be represented as

1.57, 1
BERyoum n =(2/NS Zerfc[ 2 1)][1 Fj (4.25)

Based on EQ.(4.24), the upper bound on BER [331], [384] of MQAM-SFBC-OFDM system

working over the frequency-selective fading channels is expressed as
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N-1 5
BERyoaw n < BERyouu (Tight Upper Bound ) = (4/N ) ZQ( (;7 kl)] (4.26)
k=0 -

N-1
or BERyoa n < BERyoam (Tight Upper Bound 2/N/3 Zerfc[ (1 57/"1)} (4.27)
k=0 -

By utilizing curve-fitting (as in [394]), Eq.(4.25) can be further tightly approximated as
Mrx Mtx

i 167,23 H,, (K}

BERyomu z(o.z/N)kZ:(;exp - RV (21/}_11) (1+0 75) (4.28)

Eventually, average value of BER can be evaluated by using

BERyoav s = E| BERyoan v | (4.29)

If the estimated channel tap-coefficients H i {k} are considered to be independent and identically

distributed random variables exhibiting zero-mean and unity variance (Rayleigh distribution
[384]), then it can be shown that the closed-form expression [143], [394] for average BER is

—MrxMtx

1.67,
R.Mtx(2” -1)(1+0677,)

BERyom_ng = 0.2| 1+ (4.30)

where, 7, =E./N, = af/(NIOBS) with N_ = N_ + zo? in the presence of noisy channel estimates,

AWGN and dominating impulsive noise.

4.3.2 BER Performance of SFBC-OFDM System Using MPSK
Akin to aforementioned analysis under impulsive environment, the approximate value of BER for

the underlying MPSK-SFBC-OFDM system working under fading conditions is expressed as

Mrx Mtx

N-1 zySZZ‘H

BER —(2/N =L i ‘ sm(lj 4.31
MPSK _N ( / ﬂ)kZ:;Q RCMtX(l+U§}>S) Y ( )

By utilizing curve-fitting (as in [394]), the above equation can be further tightly approximated as

Mrx Mtx

w AN

BER ~(0.2/N - 12 = 4.32
MPSK _N ( / )kZ:;EXp RCMtx(219ﬂ+l)(1+Gg s) ( )

Eventually, the average value of BER can be evaluated by using
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BERMPSK_Avg = E[BERMPSK_N] (4.33)
Similar to the procedure opted for the calculation of BER,,,,, A, With Rayleigh distributed

estimated channel tap-coefficients H i {k} [384], the above equation can be simplified to obtain

a closed-form expression [143], [394] for the average BER as

—MrxMtx

o 77,
P Rues_ag =02 1 RMix(2% +1)(1+ 077, ) (4.34)

Here, the average value of BER for SFBC-OFDM system is undoubtedly dependent on the

impulse-noise statistics through the factor 7, = E, /N, = of/(NIOBS).

4.4 Simulation Results and Discussion
We shall investigate the bit error rate performance of space-frequency block-coded OFDM system
working over the wireless fading channels under the impulsive environment. In time-domain, the

impulse response of the channel between the ith (i=12,....., Mtx) transmitter antenna and jth

receiver antenna ( j =1,2,....., Mrx) is conventionally [331] represented as

L-1
hi () =2 o, (t)5(t B (t)) (4.35)
1=0
where, o, (t) is the channel tap-coefficient, 7, (t) is the corresponding time-delay factor of the

Ith path, and L =3 is the total number of significant resolvable paths (here, the cyclic-prefix length

is fixed at G>L-1 [401]). In case of Rayleigh fading channel, the channel tap-coefficients
a,;; (t) are considered to be complex Gaussian random variables with zero-mean and variance
o2 =1/L (exhibiting equal power). In the presented research work, each time-delay factor (t)

Is assumed to be the integer multiples of information symbol duration T, which is also equal to
the sampling interval [331]. It is noteworthy that the tap-coefficients of channel impulse response

remain static during each CP-OFDM symbol-block period i.e., for the time-period T = (G + N )Ts.

For simulation of Rayleigh fading environment, the channel tap-coefficient pertaining to each
resolvable path is modelled as an independent stationary ergodic first-order Markov/

autoregressive process (AR1) with correlation coefficient/ fading parameter «, = JO(Zﬂ'fDT),

which follows that

al;j,i(p)zahal;j,i(p_1)+Vhl;j,i(p) (4.36)
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where, a,.;;(p) is the value of channel tap-coefficient in pth CP-OFDM symbol-block period,
J.(.) is the zeroth-order Bessel-function of first-kind, f, is the maximum value of Doppler-
spread/frequency [335], [348], [349], f,T =0.01 is the fade-rate (i.e., under time-varying channel

conditions), and vh, .. is the zero-mean stationary ergodic complex process-noise (Gaussian white

15,1
noise) with variance o’ =/, {1—|&h|2} [349]. Here, «;; is considered to be a zero-mean and

o2 =1/L variance complex Gaussian process, to maintain the constant signal power constraint
(propagating through the resolvable multiple paths of wireless channel).

The number of transmitter antennas is considered to be Mtx =2 and the number of receiver
antennas is kept Mrx=1, which leads to R, =1 by using the technique similar to Alamouti’s
space-time block-coded scheme [46]. Before transmission, the data bit stream is processed by

using an M-ary digital modulator to generate the information symbols (as shown in Fig. 4.1), and
the presented research work is carried out by employing the 2-PSK (BPSK), 4-PSK (QPSK), 16-

QAM and 64-QAM modulation schemes. However, the value of symbol energy E is kept unity
for the underlying system. The average number of impulses encountered during an OFDM symbol-
block period is considered to be 1 or 3, and we calculate zz=N,/N accordingly. The presented
results are based on the ensemble average of 250 independent Monte-Carlo simulation trials by

utilizing different fading channel realizations, at different values of E /N, , such that

250
Avg{BER}|, , =E{BER}_ , = zl BER(a) , /250 (4.37)

ES/NO
Case 1:- In first case, the variance of channel estimation error is assumed to be zero i.e., o> =0

for perfect CSI at receiver. The number of subcarrirers/subchannels is kept fixed at N =128,

which results in x=1/128=0.0078125 for the average number of impulses in an OFDM symbol-
block period N, =1, and x=3/128=0.023438 for N, =3. The effective impulse-noise variance
is considered to be 10log,, o” =-7.5dB. As occurrence of impulses adversely affects the BER
performance of SFBC-OFDM communication systems, therefore AON; is the loss (dB) in terms
of E,/N, ata particular value of BER, when N, average number of impulses are encountered in
a single OFDM symbol-block period with respect to the condition when N, =0. It follows that

AON, ={E,/N, at BER(z) with N, =0 } - {E,/N, at BER(z) with N, #0}. (4.38)
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At BER =0.01 and 16-QAM digital modulation scheme, the E, /N, values are found to be in the
range +18dB to +20dB. It can be inferred from the simulation results presented in Fig. 4.3 that
the approximate values of AON, are A01=0.4dB and A03=1.35dB, for N, =1 and N, =3

respectively. Further, the number of subcarriers/subchannels is kept fixed at N =512, which leads

to ©=1/512=0.0019531 for the average number of impulses in an OFDM symbol-block period
N. =1,and x=3/512=0.0058594 for N. =3. The effective impulse-noise variance is kept same

i.e., 10log,, o° =-7.5dB. At BER=0.01 and 64-QAM digital modulation scheme, the SNR

values are found to be in the range +24dB to +26dB, as shown in Fig. 4.4. The impact of
impulse-noise gets alleviated with the increasing number of subcarriers in the same OFDM
symbol-block period, which facilitates the usage of higher-order M-ary QAM schemes. It is

apparent from the simulation outcomes presented in Fig. 4.4 that the approximate values of AON,
are A01=0.44dB and A03=1.46dB, for N, =1 and N, =3 respectively. It is clear that the loss

in terms of E,/N, increases at fixed BER, as the occurrence of average number of impulses in a

single OFDM symbol-block duration elevates.

T
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F @ 16-QAM

[] =0+~ 64-QAM
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Bit Error Rate -----=>

10° | —+—QPSK. o?= -7 5B, i= 00078125 [Bagess
] - - 16-QAM 6= 7 50B, yi= 00078125 | -
] — 4 - 64-QAM.c2= -7 60B, = 00078125
10°H ——BPSK, o2= -7 5dB. = 00234380 |:::3
'] —+—QPSK. o2=-7.5dB, u=0.0234380 |
L]+ 16-0AM.c%= 7 508, = 0.0234380
10°
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Fig. 4.3: BER vs. E,/N,_(dB) for N =128 at different values of ..
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Fig. 4.4: BER vs. E;/N,(dB) for N =512 at different values of ..

Case 2:- In second case, the variance of channel estimation error is assumed to be non-zero i.e.,

o’ #0 for imperfect CSI at receiver. The number of subcarrirers/subchannels is kept fixed at
N =64, which results in £ =1/64=0.015625 for the average number of impulses in an OFDM
symbol-block period N, =1, and x=3/64=0.046875 for N, =3. The effective impulse-noise

variance is considered to be 10log,, o> =-12.5dB . At E,/N_ =+30dB, ¢ =0.005 and 16-QAM
scheme, the BER values are found to be approximately BER=2.0x10" for N, =0,

BER=2.7x10" for N, =1 and BER =4.0x10" for N, =3, as shown in Fig. 4.5.
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Fig.4.5: BERvs. E;/N,(dB) for N =64 with imperfect CSI in the presence of impulse-noise.

Subsequently, the number of subcarriers/subchannels is kept fixed at N =256, which leads to

1 =1/256 =0.0039063 for the average number of impulses in an OFDM symbol-block period
N. =1,and x=3/256 =0.0117190 for N, = 3. The effective impulse-noise variance is kept same
i.e., 10log,, 07 =-12.5dB. At E,/N, =+30dB, o =0.005 and 16-QAM scheme, the BER
values are observed to be approximately BER =2.0x10° for N, =3, BER=2.25x10" for N, =1

and BER=2.5x10" for N, =3, as shown in Fig. 4.6. Under similar conditions, the BER rate

performance of underlying SFBC-OFDM system improves with the increasing number of
subcarriers/subchannels [389] in the same OFDM symbol-block period, even under the availability

of imperfect channel estimates at receiver.
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Fig. 4.6: BERvs. E;/N,(dB) for N =256 with imperfect CSI in the presence of impulse-

noise.

Case 3:- In third case, the BER performance of SFBC-OFDM system is investigated at different

values of channel estimation error variance, while keeping various attributes set at
E./N, =+35dB, 10log,, o’ =-125dB, N =128, N,=1 and u=1/128=0.0078125. The
simulation results depicted for QPSK scheme (with N, =1) in Fig. 4.7 clearly indicate that the
approximate values of average bit error rate are observed to be BER =8.5x107° for > =0.001 and
BER=3.0x10"" for o =0.01. However for 16-QAM scheme under similar conditions (with

N, =1), the approximate values of average bit error rate are found to be BER=2.0x10" for

o?=0.001 and BER =5.5x10"° for o =0.01.
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Fig. 4.7: BER vs. E;/N,(dB) for N =128 at different values of channel estimation error

variance.

Next, the number of subcarriers is increased to N =512, which results in

4 =1/512=0.0019531 for N, =1. The simulation results illustrated for QPSK scheme (with
N, =1) in Fig. 4.8 show that the approximate values of average bit error rate are BER = 6.0x10°

for 62 =0.001 and BER =3.0x10* for o =0.01. However for 16-QAM scheme under similar
scenario (with N, =1), the approximate values of average bit error rate are found to be

BER =1.4x10"* for o =0.001 and BER =5.5x10"° for > = 0.01. It is noteworthy that the BER

performance gets deteriorated substantially with the increasing value of the variance of channel
estimation error, for both QPSK as well as 16-QAM schemes. The value of average BER is lower
in case of QPSK based SFBC-OFDM system, as compared to 16-QAM based system. It is because
of the reduced Euclidean distance between the signal constellation points in case of the 16-QAM
digital modulation scheme as compared to the QPSK scheme.

However for the lower value of channel estimation error variance o, the increasing number

of subcarriers helps in reducing the BER by combating the impulse-noise. It is due to spreading of
impulse-noise [389] over more number of subcarriers at the output of DFT operation at receiver

93



(as shown in Fig. 4.1). But at the higher values of &2, the BER performance of SFBC-OFDM

system gets degraded significantly due to the adverse effects of channel estimation error/noise.
Here, the adverse effects of channel estimation errors overwhelm the benefits of higher number of

subcarriers, while performing information symbol-detection.
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Fig. 4.8: BER vs. E;/N,(dB) for N =512 at different values of channel estimation error

variance.

Case 4:- In the fourth case, we shall explore the bit error rate performance of SFBC-OFDM system
working over the Nakagami-m fading channels under impulsive environment. We therefore focus
on the statistics of encountered fading channel and its simulation. In a “brute force method”
(computationally complex) for integer and half integer values of m, the square root of a sum of
the squares of n zero-mean identically distributed Gaussian random variables is usually
incorporated to generate the Nakagami distributed data with m =n/2 [395]. In presented research
work, we utilize an efficient scheme for generating the correlated Nakagami-m fading envelop

samples [314], in which the Rayleigh-faded envelop samples (denoted by RV R, depending on
J, (27 f,T)) with specified autocorrelation and phase properties are involved. To generate the

[314], the following transformation is employed.

94

uniform RV samples u €[0, 1) using R,



U= Fe (rRay) :1—exp(— Moy | 20§ay) (4.39)
where, of,, is the second moment of RV R, and FRay(rRay) is the cumulative-distribution-

function (CDF) of a Rayleigh distributed RV [331], [384]. However, the envelop samples i.e., RV

Ry exhibiting Nakagami-m distribution are generated by utilizing inverse CDF F; (.), such that

Ryex = FN_;k (U) = FN_alk (FRay (rRay )) (4.40)
where, Fy, (0)= q Mexp{—(m/())tz}dt (4.41)
o L T(m)Q" '

in which, m is the parameter that controls the severity level of related amplitude fading,

Q=E[ R}, |, and T(.) is the gamma function. This Nakagami model reduces to the traditional

Rayleigh fading model for m=1. However, m>1 leads to the Nakagami fading less severe than
the Rayleigh fading; but, 0.5<m<1 results in higher Nakagami fading severity level in
comparison to the Rayleigh fading level. We utilize Hastings’ approach [408] to obtain a precise

approximation of F; (p)~G(p), where
G(p)=p+{(ap+apr’+a,p°)/(1+bp+b,p’ )} (4.42)
1m
in  which, p:( In(J/(l—u))) is an ancillary variable [314]. Here, the coefficients

a,a,,a,,0 and b, are selected to minimize the approximation error e = F (2)—G(p), which
are chosen as per the table given in [409]. However, the uniformly distributed phase is considered
to be associated with RV R, for simulating the Nakagami-m fading channel tap-coefficient

values, which is quite motivated by the uniform phase assumption for the Rayleigh fading RVs
[331], [384].

For conducting the simulation trials, the value of "m™ for Nakagami fading channel is set at
0.85 and 0.65, while utilizing the BPSK digital modulation scheme based SFBC-OFDM system,

at E,/N, =+30dB . The variance of channel estimation error is assumed to be & =0.0001, the
effective impulse-noise variance is kept 10log, o’ =-12.5dB, and the number of
subcarriers/subchannels is kept fixed at N =64, which results in x=1/64=0.015625 for the

average number of impulses in an OFDM symbol-block period N, =1. For m=0.85, the

approximate value of bit error rate (as shown in Fig. 4.9) are BER =3.5x10™* for N, =0 and
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BER=6.5x10" for N, =1. However for m=0.65, the approximate value of bit error rate are

BER=2.5x10"° for N, =0 and BER=4.5x10" for N, =1.
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Fig.4.9: BER vs. E//N (dB) for N =64 at different values of "m" under Nakagami-m

fading scenario.

Subsequently, the number of subcarriers /subchannels is set at N =256 under similar

conditions, which leads to x=1/256 =0.0039063 for the average number of impulses in an

OFDM symbol-block period with N, =1. For m=0.85, the approximate value of bit error rate (as
shown in Fig. 4.10) are BER =3.5x10™* for N, =0 and BER =4.2x10"* for N, =1. However for
m=0.65, the approximate value of bit error rate are BER=2.5x10"° for N, =0 and

BER =3.0x10" for N, =1. Itis inferred from the simulation results presented in Fig. 4.9 and Fig.

4.10 that the value of average BER gets elevated with the alleviating value of "m", due to the
boosted severity level of Nakagami fading. In addition, the presence of impulse-noise causes a
surge in the value of average BER. However, it is evident that the adverse effects of impulse-noise

can be suppressed by increasing the number of subcarriers/subchannels [389].
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4.5 Summary of Chapter
In this chapter, we have investigated the impact of impulse-noise on the bit-error-rate performance
of the SFBC-OFDM systems, working under the frequency-selective fading environment.
Specifically, the effects of imperfect channel-state-information on its BER performance have been
observed, when the M-ary PSK and M-ary QAM digital modulation techniques are incorporated
in the underlying SFBC-OFDM communication system; as CSl-estimation error cannot be zero in
the practical scenario. However, the adverse impact of impulse-noise can be controlled by
increasing the number of subcarriers/subchannels in the same fixed OFDM symbol-block period
(as a result of the noise-bucket effect). An alternate option to control the adverse effects of impulse-
noise is to reduce the modulation order (i.e., reducing the value of M in MPSK and MQAM
schemes).

Under severe Nakagami-m fading environment, the value of average BER surges up with m<1.
In addition to this, as the CSl-estimation error variance increases, the average value of BER also
gets elevated (as observed through the Monte-Carlo simulation results).

However, the major contribution in this chapter is the description of closed-form expressions
for BER performance of the underlying SFBC-OFDM communication systems (under the
Rayleigh-fading scenario i.e., a special case of Nakagami-m fading) corrupted by the impulse-

noise, in the presence of CSl-estimation error.
97



Future scope includes the incorporation of low-density-parity-check coding scheme, to further
reduce the symbol error rate of SFBC-OFDM systems, which may find applications in the latest
high data-rate hybrid-free-space-optical/radio-frequency communication schemes using the
license free spectrum. Its spectral efficiency can also be enhanced by using the two-way relaying,
in cooperative green networks (while exploiting intercell-interference), which can cater services
to multiple users. It provides motivation to extend presented research work in the domain of
cooperative multiantenna relay networking and its throughput performance analysis in the
presence of intercell-interference and Nakagami-m fading. But, an accurate knowledge of CSI at
the wireless receiver appears as a stringent constraint. Moreover, the impact of impulse-noise on
the performance of DVB-T commercial communication systems and underwater acoustic systems
can be investigated further. The BER performance analysis of SFBC-OFDM systems in the
presence of phase-noise, under the influence of two-wave-with-diffuse-power fading is also under

consideration.
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CHAPTER 5

ADAPTIVE-SLOPE SQUASHING-FUNCTION BASED ANN FOR CSI-
ESTIMATION AND SYMBOL-DETECTION IN SFBC-OFDM SYSTEM

5.1 Introduction

Incorporation of multiple-input-multiple-output (MIMO) scheme in wireless communication
systems has resulted in an efficient solution to the ever-increasing demand for high-speed reliable
data/information transfer/communication. The wusage of orthogonal-frequency-division-
multiplexing (OFDM) technique in MIMO systems not only results in an ability to convert the
frequency-selective fading channel into flat-fading channel for each subcarrier, but also improves
the overall signal-to-noise-ratio (SNR) at receiver [3]. The MIMO-OFDM systems exploit both
transmitter-antenna as well as receiver-antenna diversity techniques to enhance the system
data/information transmission capacity, at the cost of marginal increase in computational
complexity. However, space-time-block-code (STBC) scheme has appeared as an appropriate
choice while communicating over the frequency-selective (slow time-varying) channels, as the
coding is performed over a few consecutive symbol-periods [392]. But, space-frequency-block-
code (SFBC) scheme has found applications in the communication systems working over fast
time-varying (flat-fading) channels, as the coding is implemented across few spatially separated
antennas and over a few adjacent subcarriers [393]. Since, SFBC-OFDM system maps the
codewords across adjacent subcarriers, the channel is considered to be constant during one OFDM
symbol-block interval only. Torabi et al. have derived closed-form expressions for approximating
the bit-error-rate (BER) performance for general SFBC-OFDM systems working over the
frequency-selective fading channel in [143], for M-ary quadrature-amplitude-modulation
(MQAM) and M-ary phase-shift-keying (MPSK) digital modulation techniques. Therefore, SFBC-
OFDM technique has emerged as a potential candidate for 3GPP long-term-evolution (LTE)
system [410], LTE-Advanced (LTE-A) system [411] and in supporting technology for the
deployment of 5G wireless communication systems [148], by taking into account its various
benefits.

However, MIMO-OFDM system requires the knowledge of channel-state-information (CSI) at
the receiver to efficiently recover/decode the transmitted information symbols. This necessitates
the deployment of channel estimator as an integral part of OFDM based communication system
while using transmitter-antenna diversity, as the coding schemes are only capable of achieving

near optimal diversity-gain when the receiver has perfect knowledge of CSI in MIMO systems
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[272]. Moreover, the signals transmitted simultaneously from different antennas cause interference
to each other and pose difficulty in accurate estimation of channel variations. The most common
way to get the CSI estimated is the pilot-based scheme, in which the pilot tones are inserted either
into all subcarriers of few OFDM symbols (block-type), or into few subcarriers of all OFDM
symbols (comb-type). The pilot-based channel estimation scheme utilizes either least-squares (LS)
estimator [412], or minimum-mean-square-error (MMSE) estimator [174]. The MMSE estimation
leads to better performance than the LS algorithm (with a higher degree of complexity) by utilizing
the knowledge of channel correlation statistics (in time- and frequency-domain) and noise
variance, in contrast to LS estimator. The complexity can be reduced to certain amount by
employing linear-MMSE (LMMSE) channel estimator that utilizes frequency-domain correlation
explicitly [158]. The primary disadvantage of pilot-based channel estimation scheme is the
alleviated bandwidth requirement. It can be further improved by using bandwidth efficient pilot
symbols that estimate the channel impulse response from multiple antennas [272]. An expectation-
maximization (EM)-based algorithm for the SFBC-OFDM system was proposed in [413], that
employs few pilot symbols to iteratively estimate CSI. In the decision-directed-mode of system
model, zero-forcing (ZF) or MMSE based equalizers utilize the already estimated CSI from the
previous block (first-stage i.e., channel-estimation stage) to decode the transmitted signals at
second-stage/symbol-detection stage. These decoded symbols are then fed back to estimate the
CSI at first-stage [307]. Though the decision-directed channel estimation is prone to error
propagation, but it precludes the continuous usage of pilot tones and thus improves bandwidth
efficiency of overall system [272], at the cost of nominal signal processing delay.

Furthermore, artificial-neural-networks (ANNSs) exhibit the universal approximation and
learning ability [414], due to which, these can be successfully applied to model the nonlinearities
in channel for the effective channel estimation and compensation. The pilot symbols transmitted
along with OFDM symbol can be utilized to train ANNs without the knowledge of channel
statistics. The one-dimensional and two-dimensional radial-basis-function (RBF) networks have
been utilized for the frequency-selective channel estimation in OFDM systems [225]. For MIMO-
OFDM systems, a channel estimation technique based on ANN, that trains the network parameters
by using the backpropagation (BP) algorithm, outperforms conventional estimation algorithms
[230]. For space-time-coded-OFDM systems, it is advantageous to use the feedforward
architecture of ANN for better channel estimation [236]. However, the usage of RBF based neural
networks for channel estimation in MIMO-OFDM systems may be quite beneficial for Rayleigh
fading channels [415]. However, ANNs can be directly implemented for the symbol-detection,

without the explicit need for channel estimation, which utilizes deep learning paradigms for signal
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detection and equalization [248], [416]. This technique requires a huge amount to data for training,
which affects its convergence as well as computational complexity. The receiver needs to employ
separate learning modules for the channel estimation and signal detection, at different cascaded
stages, to exhibit relatively faster convergence and reduced training overhead. In [247], ComNet
has been reported, which is a model-driven deep learning based OFDM receiver that utilizes two
separate sub-networks for the channel estimation and symbol-detection. A novel artificial
intelligence-aided receiver is suggested for CP-free OFDM system in [417], which includes an
LMMSE based channel estimation network followed by the orthogonal-approximate-message-
passing algorithm based signal detection network, which can be used for underwater OFDM
systems also [418]. This chapter presents a two-stage detection scheme (as shown in Fig. 5.1) at
the receiver, in which, CSI is estimated at the first-stage that uses pilot-based LMMSE algorithm
for initialization and utilizes ANN for refining the coarse CSl-estimation (i.e., at channel-
estimation (CE) stage). At second-stage (i.e., symbol-detection (SD) stage), the transmitted
symbols are detected using the estimated CSI by utilizing traditional MMSE criterion, which are
fed back to the CE-stage for the decision-directed channel estimation (when pilot symbols are

not available, after training-mode).
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Fig. 5.1: System model for the underlying 4x1 SFBC-OFDM system.
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Among various neural network architectures, the most widely used structure is multi-layered
perceptron (MLP), because of its simpler implementation, better stability and finite
parameterization [419]. The training of MLP is mainly performed using BP algorithm, but its
inherent convergence-rate is quite slow [414]. Generally, the learning/approximation capability of
ANN is dependent upon the number of hidden layers, number of neurons in each layer, and
squashing (activation) function for each neuron [420]. Conventionally used squashing-functions
are: the sigmoid function (unipolar/bipolar), linear function, ReLU, and RBF etc., which may be
same or different for all layers in neural network. The squashing-function is kept fixed, which is
not adaptive to tackle problems under different scenarios, although it plays a critical role in
deciding the performance of ANN. In order to reduce the training time and to enhance the
convergence-rate under slow time-varying environment, different adaptive squashing-functions
have been suggested in the literature [421]-[423], which adaptively adjust the free parameters of
the function along with network weights and bias, which leads to reduction in the training time of
ANN [424]. Adaptation of a number of free parameters of the squashing-function results in
additional computational burden. However, with only one free parameter adaptation/adjustment,
BP algorithm is capable of performing better in terms of convergence-rate and training period
[425]. Therefore, we propose the utilization of ASF-ANN, which adjusts the slope of squashing-
function along with weights and bias in an MLP architecture using BP training algorithm, in the
CE-stage of presented 4x1 SFBC-OFDM system.

This chapter is organized as follows. Section 5.2 describes the transceiver paradigm for the
underlying 4x1 SFBC-OFDM system with two-stage receiver configuration working under slow
time-varying environment (as shown in Fig. 5.1). Subsequently, the channel estimation using ASF-
ANN at CE-stage of underlying system is detailed in Section 5.3. Simulation results to depict the
efficiency and efficacy of addressed intelligent estimator in terms of mean squared channel
estimation error are presented in Section 5.4, which in turn make a significant impact on the SER
of underlying system. Finally, summary of the chapter is given in Section 5.5.

5.2 System Paradigm
The transceiver structure of the underlying 4x1 SFBC-OFDM system is illustrated in Fig. 5.1.
The binary data stream is first modulated to generate the information symbols using M-ary

quadrature-amplitude-modulation (MQAM) [347]. These information symbols are converted into

blocks of length N, as X(p) =[X,(p), X,(P). ..., XN_l(p)]Lxl, where []T is the matrix transpose

operator, and X, (p) is the n-th MQAM symbol of p-th block. These symbol-blocks are then
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encoded to utilize the space- and frequency-diversity by SFBC encoder, which generates the coded

sequence vectors (each of length N) for M; =4 transmitter antennas. The underlying system

follows the quasi-orthogonal coding scheme, coined by Jafarkhani et al. in [59], as

Xra () =[ +X6(P). =X, (P), =X () + X (P)r-os+ Xpy_o (P =X 5(P) =X (P} + X 1(P) |
Xro () =[ +X,(P) + X5 (0). = X5 (P), =X, (P):o+ Xy 5 (P)+ X34 (P) =X 51 (P) =X (D) |
Xra(P) =[+X,(0), = X5 (9),+ X5 (D), =Xy (P + X5 (P) =X 1(D) X4 (D). =Xy (D) |

Xrya (D) = [+ X5 (D), + X5 (D), + X, (), + X o (P)sos+ Xy 1 (P) 4 Xy (P) 4 X 5(P)+ X (D) |

(5.1)
where, ()" denotes the complex conjugation operator. Each of these coded sequence vectors are

then mapped onto N subcarriers via inverse-fast-Fourier-transform (IFFT) to form the transmit
vectors, which are then appended with a cyclic-prefix (CP) of length G greater than or equal to the
maximum delay-spread of channel (to avoid inter-symbol interference) [401]. These
vectors/sequences are then transmitted from different antennas simultaneously, which encounter
multipath fading wireless channel before reception by the multiple antennas at wireless receiver.
The receiver needs to mitigate the deleterious impact of channel distortions/ fading/ interference
on the desired information symbol signal through symbol equalization. The encountered wireless
fading channel is modelled by assuming it to be a second-order autoregressive (AR2) process. The
tap-coefficients of the multipath fading channel, between the i-th transmitter and receiver,

following AR2 process, are given as [369], [416]
hi,| ( p) = _thm ( p _l) - Kzhi,| (p - 2) +Vi,l ( p) (5-2)

where, h (p) is assumed to possess zero-mean and variance oy ; the scalar coefficients
K, =-2r, cos(\/EzszT) and K, =r2 with r, =1-2f_T; f_T is the fade-rate while considering

transmission of CP-OFDM symbol-block of duration T in the presence of maximum Doppler-

spread fD; v, (p) denotes the zero-mean complex Gaussian process-noise with variance o ; and

il
| denotes the multipath index, where 1 =1,2,..., L with L as the total number of paths. The channel
variations are assumed to be quasi-stationary, which is constant for an OFDM symbol-block of
length (N + G). At receiver, CP is first removed and then N-point FFT is performed on the symbol-
block of length N. Consequently, the received information symbols are expressed as
Yin (P) Xen(P)  Xipa(P) Xina(P) Xypa(P) || Hian(P) | | Wy (P)
Y4m+1(p) _ _X:mﬂ(p) X:m(p) _X:m+3(p) X:‘:m+2(p) H2,4m(p) n W4m+1(p)
Yime(P) || Xine2(P)  —Xinaa(P)  Xin(P)  Xipaa(P) || Ham(P) | | Wy (P)

Y4m+3(p) X4m+3(p) _X4m+2(p) _X4m+l(p) X4m(p) H4,4m(p) W4m+3(p)
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for m=0,1,...,(N/4)-1; where H;,(p) corresponds to the k-th subcarrier FFT of the channel

impulse response between i-th antenna and receiver, while assuming that channel tap-coefficients

are approximately equal for the adjacent subcarriers related to each antenna, i.e.,

Hi 1m(P) = Hi 40t (P) = H; 4010 (P) ® H, 4,5 (P) [258]. The inevitable frequency-domain additive-
white-Gaussian-noise (AWGN) emerging at receiver is indicated as W, (p) in Eq.(5.3), possesses
zero-mean and & variance. Also, the above equation may be re-written in vector/ matrix form as

Y4m(p) :X4m(p)H4m(p)+W4m(p) (5.4)

The received symbols are also distorted due to the channel variations along with AWGN. The
estimation of CSI is necessary for improved symbol-detection, which can be accomplished by
sending the pilot/training symbols and estimating CSI based on the prior knowledge of
encountered fading channel (if any) and the assigned training symbols. The LS channel estimation

method minimizes the following error function [426]

~ A 2
J |:H4m,LS(p)j| = ‘ Y4m(p) - X4m(p)H4m,Ls ( p)” (5-5)
where, I3|4m,LS(p) Is the LS estimate of fading channel tap-coefficient. The optimum value of

|:|4m,Ls(I0) can be approximated by minimizing the above-mentioned error function, which is

illustrated as

A H -1 H

Ham s (0) = (X5 ()X (D))~ X (D) Y (P) (5.6)

where, ()H is the Hermitian transposition operator. However, based on the results and analysis

reported in [426], the LMMSE based channel estimation technique (providing IilmMM Le.,

Eq.(C.12) in Appendix-C) improves the quality of LS estimation process by incorporating the
channel statistics to minimize the mean squared error between the actual channel tap-coefficients

and estimated channel tap-coefficients [426], which is given as
~ 7t .
Flansan ()= Ry {Rigy + 0% (X () Xen (P)) | e s () )

where, R,,, is the auto-correlation matrix of the true channel vector H,(p) (detailed derivation,
see Appendix-C). As per the scenario addressed in [158], [187], [301], this auto-correlation matrix
is considered to be R,,, =diag[(1/L),(1/L),...(1/L)] for simulation of presented system.

In order to retrieve transmitted information symbols accurately from the received signal vectors,

it is required to compensate the channel impairments through equalization, which necessitates the

availability of CSI at receiver. As the perfect knowledge of CSI at receiver is actually an ideal
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assumption [331], therefore the ANN based estimation of CSI with high fidelity at the CE-stage
(as shown in Fig. 5.1) serves the purpose. For estimation of fading channel frequency response,

the received symbols Y, (p) are fed to the ASF-ANN based channel estimator to get an estimate
of channel tap-coefficients, I3I4m(p), in the frequency-domain. In case of ideal estimator
H,.(p)=H, (p) (with zero estimation error), which is not possible in the real-time channel

estimation process. The channel estimates for all subcarriers are retained as H,_(p)=H,.(p),

and these are subsequently utilized at SD-stage for the symbol-detection. Using minimum-mean-
square-error (MMSE) equalization technique [427], the desired transmitted symbols are

approximated as

~ ~h ~ 20 V1 ~h -
X4m(p):(H4m(p)H4m(p)+awl4) H,m (P) Y, (P) (5.8)
_|:|1,4m(p) |:|2,4m(p) |:|3,4m(p) |_A|4,4m(p) | Y, (P)
L) RO A A0 | o |
Where, H4m(p): Ai,4m(p) A*1,4m(p) ,fl:lm(p) Ai,4m(p) ’ Y4m(p)= tm+1(p) ,and |4
H3,4m(p) H4,4m(p) _H3,4m(p) —H4,4m(p) Yami2(P)
| Haan(P) —Haun(p) —Hoin(p)  Hign(p) | Yam:s(P)

iIs 4x4 identity-matrix. Eventually, 5(4m(p) are used to detect the transmitted information

symbols X, (p), and which are further demodulated to regenerate the binary data sequence.

5.3 Adaptive-Slope Squashing-Function Based ANN

ANNSs are a functional network of the nonlinear units (known as neurons) with interconnections;
where each connection has a weight factor, which are adjusted during the training process, to learn
about the state of fading channel. In order to perform CSl-estimation in the underlying 4x1 SFBC-

OFDM wireless system, an ANN based channel estimation model (as shown in Fig. 5.2) is utilized.

The input to this channel estimation module is the complex-valued received symbols Y, (p),
which are bifurcated into real and imaginary parts, and these are subsequently fed to 4 different
ANN blocks utilized to estimate channel tap-coefficients in the frequency-domain I—A|i,4m(p), as

the ANNs can only process real-valued data. Each ANN block is an MLP structure, with
feedforward connection between neurons [414] (as shown in Fig. 5.3), that consists of 8 inputs, 16
neurons in the first hidden-layer, 8 neurons in the second hidden-layer, and 2 neurons in the output-

layer. The outputs of every ANN block are combined to form a complex-valued channel estimate

H, (), where i=1,2,3,4 and m=0,1,...,(N/4)-1.
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Fig. 5.2: ANN based channel estimation model in 4x1 SFBC-OFDM system [229].
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Fig. 5.3: Feedforward MLP structure of ANN for the channel estimation [414].
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The real and imaginary components of the received symbol signal vector Y, (p) are rearranged

in the following vector form, which can be fed into the ANN based channel estimator through 8
nodes of input-layer (i.e., 8 inputs corresponding to 4 received symbols in the frequency-domain)
as shown in Fig. 5.3

[inp(p) ] [ Re(Yan(P)) |

inp,(p) | | Im(Y,,(p))
L2 : (5.9)

inp, (p) | | Re(Yym,5(P))
Linp; ()| | IM(Y,,.5(P))

where, Re(t) and Im(t) denote the real and imaginary parts of the complex-valued t, respectively.

The input-output relationship for the structure demonstrated in Fig. 5.3 are supported by following

equations
8

net” = 6%inp;(p) + b for j=1,2,..,16 (5.10)
i=1

vi? = f (net ) = tanh (a{’net ) (5.11)

] J J J '

16

net? = GV +p® for k=12,...,8 (5.12)
1

v = f (net®) = tanh (o;’net? ) (5.13)
8

et =399 + b for 0-1,2 (514)
k=1

v = f (net®) = tanh (7net ) (5.15)

( ) - - - - - - -
where, ejiq signifies the synaptic-weight of connection between the j-th neuron of g-th layer with
the i-th output of previous layer; net}q’ is the net induced input field of j-th neuron in the g-th layer
by the previous layer neurons; b}“) is the bias of the corresponding neuron; f () is the nonlinear

squashing-function, which is considered here as hyperbolic-tangent function with slope factor a}q’
[414]. The output of the network is combined to form a complex-valued channel estimate in the
frequency-domain with as Re(l3|4m(p)):vl‘3’ and Im(l3|4m(p)):v§3’. In a feedforward MLP
architecture, the information flows from input-layer to the output-layer, where the hidden-layer
performs nonlinear mappings to tackle the channel variations as well as tracking. Along with

weights and bias, the adaptation of squashing-function leads to better convergence speed than the

fixed-slope squashing-function based training [428]. In order to enhance the training capability of
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BP algorithm, an algorithm that adjusts the slope of squashing-function along with the other
network parameters (such as weights and bias) is reported. Since the actual channel impulse
response is not available at receiver, the training of ASF-ANN is performed by utilizing the
LMMSE based estimated channel frequency response (as mentioned in Eq.(5.7)), which is derived
by utilizing pilot information symbol-blocks transmitted in the training phase [247]. The input
target-vector sample used for the training of presented ASF-ANN technique using BP algorithm

Is denoted as { (p),H A MM (p)} . The error signal generated at each output neuron of each

ANN is represented as
&,(p) = Re{H,, s ()}~ (p) = Re{ Hyp i (P)} —Re{H ., (p)
ez(p):Im{H4m,MM(p)}_V§3)(p):Im{H4m,MM(p)}_|m{|:|4m(p)}

The total error-energy of network is expressed as the following sum of squared errors at the output

(5.16)

(that is differentiable scalar cost function), which is used for updating the network parameters

(synaptic-weights, bias, and slope of squashing-function). It follows that
1
£(p) =3[ el (m) +e;(p)] (5.17)

The learning process of ASF-ANN adjusts the network parameters in such a way that the
updated parameters minimize this error-energy &(p). In gradient-descent based BP algorithm,
ANN parameters are updated by applying a correction, which is proportional to the partial
derivative of aforementioned error-energy with respect to the respective network parameter. The

adjustments of the network parameters [414] for the next iteration are given as

09 (p+1) = 0 (p) + AOY () = 0 (p) 7 Zi‘,?;) (5.18)
0 (p-+1) =0} () + A0 (p) =7 (p) -7, 5.19)

with 7 as the learning-rate of BP algorithm. In addition to the weights as well as bias in ANN, the

slope of squashing-function is also considered to be an available parameter that can be adaptively
managed to improve the convergence of BP algorithm through the back-propagation of errors into
the network. Following the similar methodology as in Eqgs.(5.18)—(5.19) [425], the slope can be

updated for the next iteration as

o:(p)
0 () 20

For neurons in the output-layer, the partial derivate is calculated by using the chain-rule as

o (p+1) =P (p)+ A (p) = & (p) ~77
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05(p) _ 94(p) de,(p) v, onet;”
00  oe (p) ov® onet® o0gY

of (net?®) )
=&,(p) (-1 “onet® Vi (5.21)

—— (p) a¥? (1— tanh? (et )) v
— e, (P)at? (1- (v |y
The weight update for the output-layer neurons is represented in the following form

0 2
7682 =0 ) e, (pye® (1 (0 ) 2 = o 522
ok

where, 5[53) is termed as the local error-gradient for the output-layer neurons, for 0=1,2 and

k=12,...,8. Similarly, the bias term is updated by using

0&(p) _ 0&(p) e, (p) v onetd?
ob®  oe,(p) ov® onet® ob®

©)
=6,(p) (-1) afé(nit(s,) 1 (5.23)

-, (P? (1-(w7) )

AbY® = —n%((g) =ne,(p)a’ (1—(vf,3’ )2) =10 foro=12 (5.24)

The slope of squashing-function is also updated by following the same gradient-descent based

conditions [425], such that

0&(p) _ 94(p) de,(p) vy
oa®  oe,(p) v o0al

of (net®)
0a® (5.25)

——e (p) (1— tanh? ({net? )) net®

e () e

=&(p) (-1

@
Aay? = aé((g)) 1€, (IO)( (Vés)) )net(3) —775 net® foro=12  (5.26)
0!

o]

For any hidden-layer, as there are no specific targets for the neurons, the error-signal for this
layer has to be determined in terms of the error-signals of the subsequent layer to which the hidden-
layer neuron is connected. The partial derivative of the network error-energy with respect to the

weights of second hidden-layer neurons is
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067 ov? onet? 06P
{i ( )6e (p) 6net‘3)}af (nety”)

onet® av® [ onet® (5.27)
, .
= —{Z e, (p)a® (1—tanh2 (anet® ))Héf)} @ (1 tanh? (¥ net? ))v?)
0=1
2
_ _{Z 50(3)952)}05‘52) (1_(\/&2) )2 )Vgl)
o=1
0 2 2
Aek(jz) =—n a*}:;((g) _ U{Z 553)9(55)}0[152) (1_(\/152)) )Vgl) _ 775‘((2\,21) (5.28)
kj o=1

for k=12,...8 and j=1,2,...,16. The execution of neural-based channel estimation requires the

following critical corrections

A =5 for k=12,...,8 (5.29)
5(2)

Aaf® ==t net? for k=12,...,8 (5.30)
ak

A6 =nsPinp, (p) for j=1,2,..,16 and i =1,2,...,8 (5.31)

ADY = 5™ for j=12,..,16 (5.32)
5(1)

Aa(l) =n—_ (1) net(l) for j=1,2,..,16 (5.33)

J

8
where, 5 = {z 5;2>ek<f>}agl> (- ().

k=1

Summary of adaptive-slope squashing-function based ANN training algorithm
The procedure for weight updating/adjustment in the presented ASF-ANN system is summarised

as follows:

Step-1: All the weights 6" and bias b{® of the network are initialized to small random values,

and the slope of squashing-function a}q) for each neuron in the network is set to unity.

Step-2: Present an input-target pattern to the network, and calculate the actual output from the
network using equations (5.10)—(5.15).

Step-3: Calculate errors of the network as in Eq.(5.16), and evaluate gradients for output and
hidden-layers’ weight updating from equations (5.21)—(5.33).

Step-4: Adjust the network parameters as per the iterative formulas in equations (5.18)—(5.20).

110



Step-5: Present another input-target pattern and go back to Step-2, till the maximum epoch count

is reached or minimum error value has been achieved [414].

The training pattern is fed to the ASF-ANN cyclically, until all the parameters converge, and
the network error function is acceptably low. Though this method is not very different from the
conventional BP algorithm, but the slope of squashing-function is made to vary adaptively along
with the adaptive tuning of synaptic-weights and other network parameters, which showcases a
new approach in the domain of machine-learning using ANNS. It has found application in the CE-
stage of the presented 4x1 SFBC-OFDM system, while working under slow time-variant fading
environment, which in turn influences the performance of SD-stage in terms of reduced BER, at
the cost of a little increase in computational burden. (See Appendix-D to critically observe the

impact of squashing-function’s slope on ANN based channel estimation in SFBC-OFDM system.)

5.4 Simulation Results

We shall investigate the performance of 4x1 SFBC-OFDM system using ASF-ANN based
channel estimator (adaptive-slope squashing-function based approach), which is assumed to be
working under the slow time-variant multipath fading environment. The MQAM digital
modulation scheme is incorporated in this wireless communication system with M =4, while
considering N =64 number of subcarriers; and length of CP be G =16 [174]. The MQAM
symbols are QO-coded for 4 transmitter-antennas, as per the spatial-diversity technique suggested
by Jafarkhani et al. in [59], by using Eq.(5.1). The bandwidth allocated for transmission of SFBC-
OFDM information symbol signals is 25 MHz. The duration/period of CP-OFDM symbol-block
is fixed at T =3.2us, which leads to 0.3125 MHz subcarrier spacing Af . Based on the power-

delay profile calculations [429], the root-mean-squared (rms) delay-spread is considered to be

7.« =40ns (approximately). As the frequency correlation function is above 0.5 [429], therefore

the coherence bandwidth is approximated as B, ~ (57, )7l =5 MHz.

The number of significant multipaths contributing in the fading of transmitted signal is found
to be L=5, as in [174], [331]. Therefore, we utilize 5 tap-coefficients in the tapped-delay-line-
filter based multipath fading channel model [331], [380], in which these tap-coefficients are
assumed to follow the second-order Markov-process (exhibiting Rayleigh-fading characteristics
depending on the fade-rate f T ). At CE-stage of underlying system (as shown in Fig. 5.1), the
multi-layered neural network (as shown in Fig. 5.3) is implemented using 16, 8 and 2 neurons in
the first-, second-hidden-layer and output-layer, respectively. The squashing-function in each of
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these layers is considered to be the hyperbolic-tangent function with adaptive-slope. The presented
results are based on the ensemble-average of 500 independent Monte-Carlo simulation runs,
illustrating the mean-squared channel estimation error performance of the ASF-ANN at CE-stage
and the average bit-error-rate at SD-stage (using MMSE equalization) for the presented SFBC-
OFDM system at different values of SNR as well as fade-rate. We shall compare its performance
with the traditional FSF-ANN (fixed-slope squashing-function), direct LS, and direct LMMSE

based approaches.

Case 1:- SFBC-OFDM system using LMMSE based training of ASF-ANN

In the first case, ANN based channel estimator (as shown in Fig. 5.2 and Fig. 5.3) is trained using
the first 100 SFBC-OFDM symbol-blocks (training samples/ pilot symbols), in which the desired/
target response (Eq.(5.7)) is generated by the LMMSE based channel estimator at CE-stage (as
shown in Fig. 5.1). The output of ANN based channel estimator is obtained using Eq.(5.15), which
is further used to detect/ demodulate the desired transmitted symbols through MMSE equalization
by using Eq.(5.8). Each example/ pattern of the training sample is given to the presented ASF-
ANN for tracking the channel variations, which remains same for FSF-ANN. The weights and bias
of the ANN are assigned small random non-zero values for initialization, while keeping the slope
of squashing-function fixed at unity in the beginning of training. However, the slope of every
squashing-function, synaptic-weights and bias terms in ASF-ANN changes as per the procedure
discussed in Section 5.3, but the slope remains fixed for FSF-ANN based channel estimator. The

learning-rate of the backpropagation algorithm is set at 7 =0.1, for both ASF-ANN and FSF-

ANN. At the fade-rate =0.0001 and SNR = +20dB (as depicted in Fig. 5.4), the ASF-ANN exhibits
an MSE of 0.00033 (approximately), but FSF-ANN provides MSE of 0.0006 (approximately)
under similar conditions. For comparison, the channel estimation is also performed directly using
LS and LMMSE algorithms [174], [247] for same channel attributes. The value of MSE for LS is
0.0014 (approximately), and for LMMSE is 0.00075 (approximately), which is quite higher than
the observed values in case of ASF-ANN. It can be inferred from simulation outcomes that ASF-
ANN based channel estimation outperforms the other three techniques by providing significantly

lower mean-squared channel estimation error at all SNR values.
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Fig. 5.5: Bit error rate comparison at fade-rate = 0.0001 with LMMSE based training.
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The channel estimation error directly affects the average bit-error-rate performance of
underlying 4x1 SFBC-OFDM system [416], [430]. By conducting simulation using Eq.(5.8) for
symbol-detection, the average BER is calculated at different SNR values as shown in Fig. 5.5,
which is also compared with the case when CSI is assumed to be known at the SD-stage of receiver
(indicated as CSI known in Fig. 5.5). At BER = 0.0006, the ASF-ANN channel estimator based
approach provides approximately +0.2dB performance advantage in terms of SNR, in comparison
to the LS channel estimator based approach. It is apparent from the results in Fig. 5.5 at certain
values of SNR that the BER performance of ASF-ANN channel estimator based approach is better
than the other three techniques, though the performance advantage is marginal. However, the
advantage of ASF-ANN channel estimator based approach comes into picture, when the multipath
fading channel is slow time-varying, where the FSF-ANN approach fails to perform well.
Therefore, SFBC-OFDM system using LMMSE based training of ASF-ANN is found to be the

best choice under slow time-variant fading environment by providing comparatively lower BER.

Further, the performance of presented SFBC-OFDM system is observed under mobile

environment, at the different values of fade-rate f T . Now, the value of SNR is fixed at +15dB.
And the fade-rate f T is varied from 0.0001 to 0.01, to analyze its impact on the performance of

ASF-ANN based channel estimator and average BER. It can be inferred from results demonstrated
in Fig. 5.6 that the mean-squared channel estimation error is minimum for the case of ASF-ANN
in comparison to FSF-ANN, direct LS, direct LMMSE based approaches. It is noteworthy that
ASF-ANN based channel estimator adapts the fading channel environment more efficiently by
tracking the channel variations with the help of adaptive-slope hyperbolic-tangent squashing-
function [425], [431], [432], at high SNR values. It is evident that this feature is not available in
FSF-ANN, which limits its applications. Consequently, the results illustrated in Fig. 5.7 show that
the BER performance of SFBC-OFDM system improves due to the usage of ASF-ANN based
channel estimator. But, a large performance degradation is observed for ASF-ANN as well as FSF-
ANN based approaches, at higher values of fade-rate and lower values of SNR. As the value of
fade-rate increases or the value of SNR decreases, the BER of SFBC-OFDM system using ASF-
ANN based CE-stage gets elevated sharply, due to the high value of mean-squared channel

estimation error.
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Case 2:- SFBC-OFDM system using AR2 model based training of ASF-ANN

In second case, instead of the LMMSE based estimated target channel tap-coefficients (as shown
in Fig. 5.1), we now consider availability of the parameters of AR2 based channel model (Eq.(5.2))
at receiver, for the training of ASF-ANN based channel estimator at the CE-stage [247]. The results
provided in Fig. 5.8 at f T =0.0001 for the different values of SNR clearly indicate that the

knowledge of channel model parameters at receiver dramatically improves the channel estimation
performance of ASF-ANN as well as FSF-ANN, due to the availability of appropriate target
channel tap-coefficients, which improves the training of ANN. Here, the performance difference
between ASF-ANN and FSF-ANN at the CE-stage gets reflected under similar conditions, when
the multipath fading channel is slowly time-varying. The efficacy of efficient channel estimation
through ASF-ANN appears in the results depicted in Fig. 5.9, where the BER performance of
SFBC-OFDM system using ASF-ANN at CE-stage supersedes the other three approaches, while
using the MMSE based detector at the SD-stage.
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Fig. 5.8: Mean squared channel estimation error comparison at fade-rate = 0.0001 with

AR2 channel model based training.
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5.6 Summary of Chapter

In this chapter, we have considered a 4x1 SFBC-OFDM system utilizing an ASF-ANN based
channel-estimation stage and an MMSE-equalization based symbol-detection stage for
investigation. The CSI estimated at the first-stage has been utilized for OFDM information
symbol-detection at the second-stage, while using 64 subcarriers/subchannels in the SFBC-OFDM
wireless system. We have mainly focused on the incorporation of ASF-ANN using
backpropagation algorithm for the estimation of channel tap-coefficients in frequency-domain. It
has been observed that the gradient-descent algorithm based adaptation of the slope of squashing-
function boosts the performance of ASF-ANN by providing lower mean squared channel
estimation error. Under practical scenario, the usage of LMMSE based estimated CSI (target-
vector) for the training of proposed ASF-ANN appears to be an appropriate choice, in the absence
of critical information about channel model (i.e., the multipath fading wireless channel

encountered in between the transmitter and receiver).

117



The addressed 4x1 SFBC-OFDM system using ASF-ANN based approach outperforms the
traditional direct LS, direct LMMSE and FSF-ANN based strategies by providing lower BER, as
a result of efficiently estimated CSI.

Future scope includes the incorporation of latest channel-estimation techniques and efficient
signal-detection methods for high-mobility SFBC-OFDM systems under the impulsive
environment. The ASF-ANN based channel-estimation approach seems to be the tip of iceberg in

the domain of machine learning for 5G communication systems [148].
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CHAPTER 6

INTELLIGENCE-BASED CHANNEL-EQUALIZATION
FOR 4x1 SFBC-OFDM RECEIVER

6.1 Introduction
The performance of MIMO-OFDM systems has got improved with the usage of coding schemes,
such as SFBC [100]. For more than two-transmitters, the coding schemes exhibit either low code-
rate or are quasi-orthogonal (QO) with reduced diversity-gain. Prior to detection of the data
symbols, the conventional channel estimation techniques utilized in the communication systems
are the least-squares (LS) and the minimum-mean-square-error (MMSE). The heuristic approaches
for channel estimation and equalization, which employ ANNSs, have also been utilized due to their
universal approximation and learning ability [414]. As a nonlinear classifier, ANNSs can be used
to form nonlinear decision boundaries, and these can estimate a nonlinear wireless fading channel
for compensation. For MIMO-OFDM systems, the neural-network with feedback is reported for
reliable channel estimation by Seyman et al. [230], which utilizes the backpropagation (BP)
algorithm for network training. For space-time coded OFDM systems, the channel estimation can
be performed using a feedforward multilayered perceptron network [236]. But, it is also
advantageous to incorporate the ANNs directly for channel-equalization, without the explicit
requirement of channel estimation [248], in which, deep neural networks are utilized for signal
detection, because of their ability to learn the characteristics of channels without online training.

ANNSs can be structured as a feedforward (without feedback), or recurrent (with feedback loop)
[414]. The presence of feedback loop in recurrent architectures tends to boost the learning
capability of network. The most common learning algorithm is the gradient-descent-with-
momentum (GDM), in which, the weight-update is stabilized and accelerated using the influence
of previous step on the current update (by minimizing the error between the network outputs and
desired response) [414]. As the weight-update is also dependent on the partial derivative of error
function w.r.t. weight vector, the resilient-propagation (RProp) algorithm makes the weight-update
size vary according to the behavior of partial derivative [433]. Another category of learning
algorithms utilizes the standard optimization techniques to minimize the error energy as a function
of weights, like the Levenberg-Marquardt (LM) algorithm, which is a modification of Gauss-
Newton method for the application of a nonlinear LS algorithm [434].

This chapter addresses an ANN based receiver for the 4x1 SFBC-OFDM system using the

backpropagation algorithm for the network training, which directly recovers the transmitted
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symbols from the received signal. The conventional matched-filtering (MF) equalization approach,
even with a perfectly known channel, introduces interference from the adjacent symbols, because
of QO-codes. The feedforward (FFNN) as well as the recurrent (RNN) network architectures are
explored as intelligent receivers for the underlying system, while utilizing various learning
algorithms for the intended equalization. The bit-error-rate (BER) performance evaluation of the
underlying SFBC-OFDM system is also analyzed (through Monte-Carlo simulation) using distinct
QO-STBC schemes [435].
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Fig. 6.1: Model for the underlying 4x1 SFBC-OFDM system.

6.2 SFBC-OFDM System Model

In an SFBC-OFDM system (as shown in Fig. 6.1), the serial stream of binary data is taken as an
input to the underlying system, and it is first mapped to the M-ary quadrature-amplitude-
modulation (M-QAM) to generate information symbols. These symbols are collected in a serial-

to-parallel converter to form a symbol vector as: X(p) = [XO( P), X;(P)y.es Xy 4 ( p)]Tle , Where []T

IS matrix transposition operator, and p is block index. The symbol vector is then fed to an SFBC
encoder, which generates the coded sequence vectors (of length N) for each of the M, number of
transmitters, to utilize the space-frequency diversity. The QO-coded sequence vectors, for M, =4

transmitters [59], are given as

X,(P) = Xan (P =X (P) =X (P), X (P). ],
X2 (P) = [+ Xuma(P). Xin (P) X s (P) =X ()],
Xa(P) = [+ Xz (P =X ima (P, X (P =Xy () ]
X (P) =+ X s (P Xz (P) X s (P), X (P).-- ]

T

(6.1)
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form=0,1,...,(N/4)—1, where, ()" denotes the complex conjugation operator. The coded
sequence vectors X.(p) = {Xi,k(p)}':;o1 are then mapped on to the N-subcarriers via the inverse-

fast-Fourier-transform (IFFT) to form transmit sequences, x; (p) = [xm( P), X . (P), ..., xi,N,l(p)]Tle;

N-1

where xiyn(p)=(l/\/ﬁ) X, (p)exp(j2zkn/N), for i=123,4, with X, (p) as the k"
k=0

symbol of p" block of i transmit sequence, as in Eq.(6.1). Each of X;(p) is processed to have

a cyclic-prefix (CP) of length G, which is larger than the delay-spread of channel L (number of
multipath) [401]. The transmitted SFBC-OFDM signal encounters the time-varying fading
channel, which is assumed to remain static for one CP-OFDM block period. Its tap-coefficients
are considered to follow the second-order autoregressive (AR2) process [369], [382], as

h, (p)=—K;h, (p~1) ~K;h, (P—2) +V,,(p) (6.2)

where, h,(p) is the channel tap-coefficient for the 1" path (with L =4) while the transmission
of the p™ block through i" transmitter, and V,,(p) is the complex zero-mean white Gaussian-
noise. The scalar coefficients are considered to be K, =-2r, cos(ﬁ;rfDTl) and K,=r2 with
r,=1-2f,T, f; isthe maximum Doppler-shift, f T, is the fade-rate, T, = (N +G)T, is the CP-
OFDM symbol-block period, and T, is the M-QAM information symbol duration (i.e., equivalent

to the sampling period). After removal of CP, the received signal y,(p) is processed using an N-

point FFT operator to obtain the symbols as

Y (p) =D H, (P X, (P) + W, (P) (6.3)

i1
where, H,, (p) for k=0,1...,N -1 corresponds to FFT of the channel impulse response between
the i"™ transmitter antenna and receiver; W, (p) is the zero-mean additive-white-Gaussian-noise
with variance o2. When channel gains between adjacent subcarriers are approximately equal, i.e.,
H; 2m(P) ® Hi 4ma(P) ® Hi 4o (P) ® H s (p) for 1=1,2,3,4 [258], the equation (6.3) can be

expressed as

Yam (P) Him(P)  Huun(P)  Hypn(P)  Hiun(p) Xam(P) W, (p)
Y4*m+1(p) _ H;,4m(p) _H1*,4m(p) H:,4m(p) _H;,Am(p) X4m+l(p) n W4*m+1(p)
Yimi2(P) H;,élm(p) HZ,4m(p) _H£4m(p) _H;Am(p) Xmi2(P) W,...(P)
Y4m+3(p) H4,4m(p) _H3,4m(p) _H2,4m(p) Hl,4m(p) X4m+3(p) W4m+3(p)

(6.4)
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or, equivalently the above equation can be represented in a vector/matrix form as

Yon(P) = Hup (p) X (P) + W, (D) (6.5)

The QO-codes retain full code-rate with reduced diversity-gain. The conventional application of
MF for the symbol decoding leads to

Xom(P)=HE (P) Y, (P)

=H} (P)H,, (P X, (p)+HE (P)W,, (p) (6.6)
y 0 0 g

B 0 y - 0], . -

- 0 _ﬂ 7/ 0 X4m(p)+H4m(p)W4m(p)
g 0 0 vy

where, ()" is the Hermitian transpose operator, the parameter 7:‘Hl’4m(p)‘2+‘H2’4m(p)‘2

+‘H3v4m(p)‘2+‘H4'4m(p)‘2 depicts diversity-gain, and the interference term is indicated by the

parameter ,B:2Re{Hf‘4m(p)H4v4m(p)—H;Am(p)HMm(p)}. The need for appropriate symbol

decoding motivates the usage of ANN for intended channel-equalization in the underlying SFBC-
OFDM system.

6.3 ANN Based Equalization

ANNSs learn about the fading environment by adjusting synaptic weights with the help of training
algorithms, in order to provide a desired response for a given stimuli. The network paradigm
employed for equalization in the 4x1 SFBC-OFDM system is illustrated in Fig. 6.2, in which,
there are 4 independent NNs for recovering the symbols transmitted from each transmitter. During
training, the complex-valued received symbols Y, _(p)are split into real and imaginary parts, and
then fed to the input layer of each ANN block, since a neural network efficiently processes only
real symbols. Thus, each network has 8 input- and 2 output-nodes (real and imaginary), which are
combined to form a complex-valued estimate of the transmitted symbol [229]. The training

sample, utilized to train the ANN in a supervised manner, is denoted as {\?4m(p), X4m(p)};'

Considering )24m(p) as the symbol produced at output of the ANN, the error signal generated at
each output node is

&.(p) =Re{X,,(p)} —Re{X,.(P)}

A 6.7
&,(P)= 1M { X, (P)} = IM{ X, (P)] (6.7)
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where, Re{x} and Im{x} indicate the real and imaginary parts of the complex-valued x
respectively. Total instantaneous error energy of the network is represented as
£(p)=05]e(p)+ei(p) ] (6.8)

For batch learning, the synaptic weights of the network are adjusted based on the average error

energy over the training sample as

&, =(UIP) X&) =(05/P) Y[ (p) +e5(p)] (6.9

p=1

where, P is the number of SFBC-OFDM symbol-blocks utilized as the training sample (epoch).
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Fig. 6.2: ANN based model for equalization in the 4x1 SFBC-OFDM system [229].

6.3.1 Network Architectures

The FFNN [414] consists of an input layer of 8 nodes, two hidden layers of 16 and 8 nodes
respectively, and an output layer of 2 nodes. For the RNN (shown in Fig. 6.3), the number of input
and output nodes are same as in FFNN. There is only one hidden layer (of 8 neurons) with a

feedback loop. For both hidden layers, the squashing-function is sigmoid with values in the range
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—1to +1 (hyperbolic-tangent function) i.e., f. (r) = tanh(r) ; and for the output layer, it is the linear

Sig

function i.e., f; (r)=r.

[ 4 Je—l
I_.: e Unit-time
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Fig.6.3: RNN architecture [414].

6.3.2 Training Algorithms
ANN models are trained by assuming the SFBC, OFDM modulation and fading channels as black

boxes. The BP algorithm [414] adjusts the weight of connection from i" neuron to j™ neuron in

h ( ) - - ( ) - - -
the q" layer of NN, denoted as ;" , by applying a correction A, which is proportional to the

partial derivative o0&, /065" in Eq.(6.9). The synaptic weights are updated as

9}? (n, +1)= o (n,)+ A@}ﬁ’ () (6.10)

]

where, n, is the epoch/iteration index. The performance of the GDM [414], RProp [433] and LM

[434] algorithms is compared in terms of the bit-error-rate (BER) of the SFBC-OFDM system. For
the appropriate convergence of BP algorithm, the synaptic weight-adjustment/update for GDM
algorithm [414] is given as

AOP (n,) = A0 (n, 1) +7(8&,, 10017 (n,,)) (6.11)

where, « is a momentum constant, and 7 is learning-rate, which controls the convergence-rate

of algorithm. In order to avoid the problem of update disturbance due to unforeseeable behaviour
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of the derivative term in Eq.(6.11), the RProp algorithm changes the weight update size (which
will be subtracted/added to the weight based on the sign of partial derivative) [433] as

¢, ¢,
+A (@) av av
n A6 (n, —1) 159,-(3) (n, =) 269 (n,)>0

A6©(n,) = (6.12)

. ¢, ¢,
(a) av av
n A6 (n, -1 200 (n, =) 200 (n,) <0

where,0 <7~ <1<n". If the partial derivative changes signs from one epoch to other, the weight-

update size is decreased by 7~ ; otherwise it is increased by 7" . The LM algorithm [434] is a batch

learning technique that minimizes the average error energy by updating the network weights after

every epoch. The weight updating in the NN training using the LM algorithm is
20(n,,) =[J7(0)3(0)+ 1] I (O)E(n,,) (6.13)

where, 0 = [9(1)

11 1+

LO@ ,.T is the network weight-vector, & = [é‘(l),...,§(p),...,§(P)]T is the error

jior
energy vector, u isthe regularization parameter, | is the identity-matrix; and J(0) is the Jacobian

matrix, defined as

oEM)/06Y ... 8&()/o6 "

J(0) = (6.14)

0£(P)/06Y ... 9&(P)/06”
Once, all the examples of a training sample are fed to the network, the error energy vector and the
Jacobian matrix are computed for weight updating. Then, the error energy vector is again
computed with recent updated weights. If the resultant new errors are alleviated, then the

regularization parameter u is divided by a factor o ; otherwise vice-versa for next epoch [236],

[434].

6.4 Simulation Results

For the Monte-Carlo simulation under various fading scenarios, fade-rates and different values of
the signal-to-noise-ratio (SNR), a 4x1 SFBC-OFDM system with 4-QAM scheme, N =64 and
G =16 (CP) is considered that corresponds to the work of Ye et al. [248]. The QAM symbols are
then encoded for 4-transmit antennas using the QO-STBC scheme (as in Eq.(6.1)). The ANN is
trained using P =50 SFBC-OFDM symbol-blocks as a training sample (epoch). Each example in
a training sample is first fed to the NN for the output and error calculations, which are utilized for
weight updating after each epoch (after averaging errors from all examples in an epoch). The

received signal and originally transmitted signal for the first 50 SFBC-OFDM blocks are treated
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as training data. The input to ANN model is the received signal; and the model is trained to reduce
(by iterative process) the difference between the network output and originally transmitted signal
[248].

6.4.1 BER Performance of ANN Algorithms at Different Fade-rate and SNR Values

For the GDM algorithm, the learning-rate and momentum constant are considered to be 7=0.1
and a =0.01, respectively, for both the FFNN and RNN. For the RProp algorithm, the initial
learning rate is kept at 7 =0.95 for the FFNN, 7 =0.1 for the RNN, with " =1.2 and 7 =0.5.
The initial value of the regularization parameter in the LM algorithm is set at x=0.95 for the
FFNN, #=0.1 for RNN, and with 6 =10. For fade-rate = 0.0001 at SNR = +25dB for FFNN, the
BER value in case of the LM algorithm is 0.0017 (as illustrated in Fig. 6.4), which provides

approximately +1dB performance advantage over the MF approach under similar conditions.
However, the BER = 0.0021 for the RProp and the BER = 0.0035 for the GDM algorithms are
observed under the same scenario. For the RNN, the BER values are 0.0010, 0.0013, and 0.0021
for the LM, RProp and GDM algorithms respectively, which is in the close vicinity to BER = 0.001
for the LS algorithm (as shown in Fig. 6.5).
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Fig. 6.4: BER vs. SNR for the FFNN at the fade-rate = 0.0001.
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Fig. 6.5: BER vs. SNR for the RNN at the fade-rate = 0.0001.

For the fade-rate =0.001 and BER =0.01 in case of the LM algorithm, its performance advantage
in terms of the SNR is approximately 3dB for the FFNN and 4.5dB for the RNN in comparison to
the MF approach [258] (as depicted in Fig. 6.6 and Fig. 6.7). The RNN provides better symbol
recovery with a SNR advantage of approximately +1dB for LM, 0.5dB for the RProp and 1.75dB
for the GDM algorithms, at the BER = 0.01, in comparison to the FFNN. The LS algorithm
performs approximately +1dB better than the LM algorithm in the RNN at a fade-rate = 0.001 and
BER = 0.01. It is evident from Fig. 6.8 that as the fade-rate elevates, the BER performance gets
deteriorated for all the algorithms, but the performance of RNN supersedes FFNN. However, LM
algorithm apparently outperforms the RProp as well as the GDM algorithms, by providing a lower
BER under similar conditions, such that the BER(LM) < BER(RProp) < BER(GDM). Table 6.1

illustrates the BER performance of various ANN algorithms at different fade-rates for distinct
values of SNR.
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Fig. 6.8: BER vs. fade-rate at the fixed SNR = +27.5dB.

Table 6.1: BER values of different ANN algorithms at distinct values of the fade-rate for the

fixed SNR.
FFNN-LM FFNN-RP FFNN-GDM RNN-LM RNN-RP RNN-GDM
Fade- | BER at fixed SNR | BER at fixed SNR | BER at fixed SNR | BER at fixed SNR | BER at fixed SNR | BER at fixed SNR
ate +27.5 +22.5 +27.5 +22.5 +27.5 +22.5 +27.5 +22.5 +27.5 +22.5 +27.5 +22.5
dB dB dB dB dB dB dB dB dB dB dB dB
0.00001 | 0.00089 | 0.005 0.00124 | 0.00576 | 0.00188 | 0.00672 | 0.000359 | 0.00375 | 0.000448 | 0.00449 | 0.00121 | 0.00589
0.00005 | 0.00124 | 0.0048 | 0.001548 | 0.00535 | 0.002569 | 0.00583 | 0.000494 | 0.00296 | 0.000705 | 0.00367 | 0.00196 | 0.00507
0.0001 0.00076 | 0.004 0.000964 | 0.00455 | 0.001757 | 0.0066 | 0.000528 | 0.0027 0.000765 | 0.0036 | 0.001655 | 0.005
0.0005 0.00089 | 0.0013 | 0.001134 | 0.001619 | 0.001886 | 0.0022 | 0.000317 | 0.001264 | 0.000584 | 0.00149 | 0.001401 | 0.00221
0.001 0.002396 | 0.003 0.002599 | 0.003758 | 0.004237 | 0.00446 | 0.000973 | 0.00263 | 0.001314 | 0.0032 | 0.002184 | 0.00491
0.005 0.078151 | 0.0827 | 0.07728 | 0.08593 | 0.090127 | 0.09634 | 0.08173 | 0.0797 0.090985 | 0.0897 | 0.098272 | 0.09602
0.01 0.21099 | 0.2198 | 0.20367 | 0.2195 0.23222 | 0.2402 | 0.20323 | 0.2132 0.21462 | 0.2237 | 0.2265 0.2391
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6.4.2 BER Performance for Different Quasi-orthogonal Codes

The performance of ANN based equalisation in the SFBC-OFDM system is also analysed using
various quasi-orthogonal block-codes, in which, the different distribution of conjugates in the
transmission matrix results in distinct positions of the correlated values [435]. In this chapter,
different QO-STBC schemes are incorporated in the underlying SFBC-OFDM system under
similar conditions. These schemes are the Jafarkhani code [59], the Tirkkonen—Boariu—Hottinen
(TBH) code [60], the Jafarkhani with TBH correlated positions code, and the TBH with Jafarkhani
correlated positions code [435].

It is quite evident from the results demonstrated in Fig. 6.9 that BER performance of the
underlying system is approximately similar for the aforementioned four QO-STBC codes, while
using the recurrent neural network architecture with the LM training algorithm for equalization.
The results are in close agreement with the observation reported by Su et al. [436]. Under the
typical channel conditions, the performance of TBH based QO-STBC codes [60] is observed to be
deteriorated [435]; but in combination with the OFDM system, their performance improves
significantly, as the DFT operation at the receiver in OFDM system randomizes the
interference/noise terms [323]. However, QO-STBC based codes pioneered by Jafarkhani [59]
always perform well, with or without the OFDM based system configuration, even under the

adverse fading environment.
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Fig. 6.9: BER for QO-codes at fade-rate = 0.0001.
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6.5 Summary of Chapter
In this chapter, we have explored an intelligence-based channel-equalization technique for the
4x1 SFBC-OFDM system, while working under the slow time-variant multipath fading channels.
The ANN based strategy precludes the explicit need of channel estimation at the wireless receiver
because of its ability to learn the channel characteristics, which enables ANNs to directly recover
the transmitted information symbols from the distorted received wireless signals. We have
implemented ANN based equalizer by using the feedforward as well as recurrent neural network
architectures, which are trained using the error backpropagation algorithms. The major
contribution in this chapter is the investigation of three different strategies; namely GDM, RProp,
and LM algorithm based approaches. It has been observed that for the 4x1 SFBC-OFDM systems,
the recurrent architecture with LM algorithm supersedes all other aforementioned ANN algorithms
by providing the lower average bit-error-rate, while using various quasi-orthogonal space-time
block-codes.

The future scope includes applications of the presented channel-equalization based intelligent
SFBC-OFDM technique in the radio-over-fiber transmission systems using millimeter waves
[437], [438], [439] and under various fading scenarios [349], [440], [441].
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CHAPTER 7

CONCLUDING REMARKS AND FUTURE SCOPE

With substantial increase in the demand for applications that require high-speed wireless data
transmission, the need for development of algorithms/techniques suitable for the wideband
systems has become essential. A large number of schemes have been addressed that utilize the
combination of MIMO with OFDM. It has enabled an efficient data transfer between the wireless
transmitter and receiver, by exploiting its capability to incorporate coding over time-, frequency-
as well as spatial-domain. It is quite evident from literature that the STBC-OFDM with orthogonal-
codes have relatively lower complexity, that accounts for its simple implementation. However, the
quasi-orthogonal STBC-OFDM systems are not able to attain the full multipath diversity as well
as high rate simultaneously. On the contrary, the SFBC-OFDM system can achieve relatively
higher diversity as well as full-rate, but at the cost of higher computational complexity of the
decoder. Also, it has been analyzed that for the channel variations caused due to high mobility of
vehicles, the STBC based systems have shown severe degradation in the performance due to time-
selectively of fading channel. However, the frequency-selective nature of channel significantly
limits the performance of SFBC based systems; which may be mitigated by the usage of a large
number of subcarriers. Further, in order to efficiently decode the received data symbols, the
knowledge of CSI plays an important role for the coherent detection in spatially-coded OFDM
systems. In this research work, we have studied various CSl-estimation/prediction strategies for
the spatially-coded OFDM systems, for improvement as per the requirements of its desired
features. And, this well approximated CSI is further used for the efficient information symbol-
detection under the fading environment. In the following, we summarize the significant

observations/outcomes of our study, and also give suggestions for further investigations.

7.1 Concluding Remarks

We have first presented an adaptive orthogonal-frequency-division-multiplexing modulation
based wireless communication system, working over the frequency-selective time-varying
multipath fading channels, which utilizes a combination of the MKF-GVSS-LMS algorithm based
channel estimator and the NVFF-RLS algorithm based channel predictor. However, the long-
range-fading-prediction is necessary for the efficient AOFDM wireless system, which makes use
of the estimated channel-state-information for the prediction of future CSI. The predicted CSI is

eventually used for the adaptive bit-allocation/loading at the transmitter (through the predicted CSI
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feedback from the receiver to transmitter). The time-variations in the wireless fast-fading channel
response account for the nonstationarity of the received signal, which adversely affects the
performance of adaptive channel estimator at the receiver.

In presented research work, the MKF-FSS-LMS algorithm is replaced by the MKF-GVSS-LMS
algorithm to generate the accurate channel impulse response estimates with the lower mean-
squared-channel-estimation error, when the fade-rate variations are not highly abrupt. The quality
of estimated CSI significantly affects the performance of adaptive prediction algorithm at the
wireless receiver, therefore the FFF-RLS algorithm is replaced with NVFF-RLS algorithm for the
long-range-channel-prediction with lower mean-squared-prediction error, under the time-variant
multipath fading channels. The estimation of AR1 parameter (fading parameter) by using the
GVSS-LMS algorithm and the prediction of channel tap-coefficients by using the NVFF-RLS
algorithm are two major features incorporated in the underlying AOFDM system, which lead to
the reliable and appropriate adaptive bit-allocation, resulting in an approach suitable to exploit the
potential of an AOFDM system. The simulation outcomes connote that the presented MKF-GVSS-
LMS algorithm provides the higher convergence-rate and the lower tracking-error, which
ultimately results in the lower SER due to efficient working of the NVFF-RLS algorithm based
long-range-channel-predictor, even at the higher fade-rate values under the high SNR conditions.

We have next presented adaptive channel prediction techniques utilizing the cyclic-prefix
information in wireless OFDM systems. The appropriate length of CP not only circumvents the
problem of ISI, but also precludes the requirement of additional training symbol sequences for the
channel estimation/prediction. The Kalman-filtering, RK-LMS, RLS, NVFF-RLS algorithm based
adaptive channel predictors have been compared on the basis of convergence-rate and tracking
performance in the training-mode and decision-directed-mode. It can be inferred from simulation
outcomes that the overall performance of KF is better than other adaptive algorithms. The NVFF-
RLS algorithm performs marginally better than the conventional RLS algorithm under static
environment, but it outperforms substantially as compared to the RLS algorithm under time-
varying channels, as far as the channel tracking is concerned. This is because of lag-misadjustment
appeared during the channel tracking in conventional RLS algorithm based channel predictors.
Under typical conditions, even the tracking-mode performance of RK-LMS algorithm is
comparable to RLS algorithm, which provides an opportunity to reduce the computational burden
in OFDM systems.

In decision-directed-mode, the decision feedback errors and channel estimation/prediction
errors go hand in hand. Therefore, the tracking performance degradation is observed in case of all

the adaptive algorithms due to intricate decision error propagation problem, which adversely
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affects the tracking performance of KF. However, simulation results under the time-varying
channels elucidate that the performance advantage of KF is slightly better than NVFF-RLS
algorithm. It is apparent from simulation results that the NVFF-RLS algorithm provides enhanced
channel tracking performance than the traditional RLS algorithm in 2x1 STBC-OFDM system,
under time-varying environment, which results in substantial reduction in the symbol error rate in
comparison to the conventional OFDM system.

Further, this research work has also addressed the significant impact of impulse-noise on the
BER performance of SFBC-OFDM systems, while working under the frequency-selective fading
channels. In addition to impulse-noise and AWGN, the imperfect CSI utilized to decode/detect the
information symbols also deteriorates the BER performance of SFBC-OFDM systems using the
MPSK and MQAM digital modulation techniques. In real-time scenario, the imperfect CSI comes
into picture due to the noisy channel estimates at wireless receiver. Therefore, closed-form average
BER expressions for the underlying SFBC-OFDM systems under the Rayleigh multipath fading
conditions have been presented, which take into account the impulse-noise, AWGN and channel
estimation error statistics. These expressions may be utilized to quantify the amount of
deterioration in average BER under the influence of impulse-noise as well as imperfect CSI. It
may be inferred from the simulation outcomes that the BER performance of SFBC-OFDM system
gets substantially degraded, as the average number of impulses per OFDM symbol-block period
elevates. However as the channel estimation error variance increases, the average value of BER
also gets elevated.

It is evident from results that the increasing number of impulses per OFDM symbol-block
period dramatically and drastically boosts the value of BER, which has been controlled by
increasing the number of subcarriers/subchannels in the same fixed OFDM symbol-block period,
while keeping the total signal transmission power constant. Hence, the noise bucket effect
apparently results in the reduction of impulsive energy per subcarrier/subchannel (by enhancing
SNR per subchannel), due to the DFT operation (causing the spreading of impulse-noise energy
over the increased number of subcarriers) at the wireless receiver. The simulation results for
Nakagami-m fading channels connote similar observations under similar conditions. But, the
average value of BER for the underlying SFBC-OFDM systems has been found to increase with
the alleviating value of “m” under Nakagami-m fading scenario because the severity level of fading
surges up. When the value of “m” reduces from 0.85 to 0.65 (typical example discussed in Case 4
of Section 4.4), the average BER gets enhanced significantly in the presence of impulse-noise, but
the adverse impact of impulse-noise has been reduced appreciably by increasing the value of “N”’
form 64 to 256 in an OFDM symbol-block period.
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Also, we have presented a 4x1 SFBC-OFDM system using an ASF-ANN based channel-
estimation stage and an MMSE equalization based symbol-detection stage. The pilot-based
supervised training of ASF-ANN appears to be an appropriate choice to curb the possibility of
divergence of the backpropagation based learning algorithm. The ASF-ANN based channel
estimator captures the required knowledge about the multipath fading channel during training-
mode, and keeps the knowledge intact under slow time-varying environment. It reduces the
frequent usage of periodic pilot-based training sessions, which in turn enhances the bandwidth
efficiency. For real-time applications, we have suggested the usage of LMMSE based estimated
CSI (target-vector) for the training of ASF-ANN using BP algorithm, because the accurate values
of parameters of the AR2 channel model are usually not available at the wireless receiver. The
simulation results showcased in the presented research work connote that the ASF-ANN based
4x1 SFBC-OFDM system performs well under the high SNR and low fade-rate conditions, which
supersedes the direct LS, direct LMMSE and FSF-ANN based approaches, by providing
comparatively lower BER.

Eventually, an ANN based intelligent receiver for a 4x1 SFBC-OFDM system is explored,
which detects the transmitted symbols directly from the received signaling waveform under slowly
time-varying multipath environment. It precludes the usage of channel estimation. The simulation
results connote that the RNN configuration with LM and RProp algorithms has an edge over the
FFENN under similar conditions for the different fade-rate and SNR values, in terms of lower BER.
The performance of the RNN with GDM algorithm is found to be better than the FFNN with GDM,
but its performance is quite inferior to the LM and RProp algorithms. The results for the 4x1
SFBC-OFDM systems manifest that the recurrent architecture with the LM algorithm outperforms
all other discussed ANN algorithms by exhibiting comparatively a lower BER. However, some
distinct QO-STBC codes may be utilized in the underlying SFBC-OFDM system, but the QO-
STBC codes proposed by Jafarkhani [59] undoubtedly appear to be the best choice.

7.2 Suggestions for Further Work

Future scope includes the extension of the presented research work in the domain of 5G wireless
communication networks. In some of the communication networks, CP-OFDM can be employed
for the downlink services to meet the needs of massive MIMO [442], to provide higher capacity
at the higher bandwidths. But, it is not suitable for the uplink under the same scenario in
combination with 10T. Here, polynomial-cancellation-coded OFDM has appeared as a potential
substitute, that has waveforms, which are well-suited for the usage in 5G networks (due to its

accurate localization in time- as well as frequency-domain) [443]. A novel channel-conditional-
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recovery-network (which utilizes the output of a channel estimation network) can also be used to
recover the transmitted signalling waveform in the OFDM systems [444]. Undoubtedly, a hybrid
power-domain NOMA technique [445] utilizing the superposition of conventional-OFDM and
index-modulated-OFDM has emerged as an attractive option to boost the capacity of 5G networks
[446].When only partial CSI is available at the wireless receiver, the space-time/frequency-line-
coded OFDM scheme can be utilized, which exploits CSI at the transmitter to linearly encode
successively modulated symbols [447]. Generalized-DFT-spread-OFDM is a good option for 5G
communication systems, as it replaces the cyclic-prefix with a sequence exhibiting tunable length.
Here, such sequence is part of the IFFT output. In addition to its various benefits, it combats the
phase-noise and Doppler-spread based hazards [448].

However, for CSl-estimation in MIMO-OFDM systems for 5G networks, a compressed-
sensing-based CE method can be utilized, known as MIMO-linearizing technique [449], [450].
The recurrent neural network can also be used to operate channel predictor (by considering benefits
of time-series prediction) in the MIMO-OFDM systems. It can predict future channel-state-
information from its previously obtained values at the same subcarrier [451]. However, an
intelligence-based receiver can be used in STBC-OFDM systems, which utilizes radial-basis-
function neural network in combination with principal-component-analysis approach [452]. Deep-
learning based equalization technique can also be employed when the underlying MIMO-OFDM
system is working with insufficient CP (i.e., multipath delay-spread exceeds the length of CP)
[453]. The concept of adaptive-modulation is introduced to maintain the data-rate and reliability
as per the channel conditions. Therefore, the deep neural network based machine learning
paradigm for the adaptive-modulation in MIMO-OFDM systems uses training symbols, which are
dependent on the extracted features from received signals and assigned labels according to the
signal detection [454]. However, the nonlinear power-amplifier and imperfect CSI adversely affect
the performance of SFBC-OFDM systems working under the TWDP channel, which need to be
tackled to improve the bandwidth efficiency [148]. Moreover in SFBC-OFDM systems, the usage
of softsign squashing-function in the ANN-based channel estimation leads to improvement in the
symbol-error-rate performance, due to the reduction in channel estimation errors [430]. Even,
some other optimization techniques [455], [456] can also be applied to improve the performance
of channel estimator/predictor.

A combination of a traditional neural-network [457] and a long-short-term with memory
network is also a suitable approach for the learning framework, which can be used for CSI
prediction in 5G wireless systems (including the massive MIMO, OFDM and millimetre-wave

based techniques) [243]. For 5G V2I networks, the channel prediction algorithm using the channel
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modelling approach may be incorporated, which doesn’t require pilot-symbols. Here, an adaptive
RLS algorithm based CSI prediction approach [401] is utilized to predict one or more future
OFDM block channel impulse response coefficients [458]. In the presence of nonlinear distortion
arising due to the RF components in transceiver, the deep-echo-state-network based symbol-
detection strategy has found application in the intelligence-based 5G MIMO-OFDM systems,
which can process the received signal both in spatial- as well as temporal-domain [459]. However,
an intelligent receiver based on ANNs (using gradient-descent with momentum or resilient-
propagation or Levenberg-Marquardt algorithm [416]) can be a suitable choice for the SFBC-
OFDM systems, working under slow time-variant frequency-selective fading channels.
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APPENDIX-A

SIMULATION OF BASIS-EXPANSION-MODEL
FOR CHANNEL FADING USING AR1-PROCESS

A.1 Introduction
The wireless communication systems encounter multipath Rayleigh fading channels, which are

conventionally simulated by using the well-known Jakes’ fading model [385]. This fading

paradigm evidenced that the autocorrelation of channel tap-coefficients is R, (k)= J, {27 f T .k}
[335], where J,{.} is the zeroth-order Bessel-function of the first-kind, f, is the maximum

Doppler frequency, T, is the sampling interval, k is the discrete-time lag and h is the channel

tap-coefficient. In an alternate approach [460], the basis-expansion-model is proposed for the
multipath rapidly fading channels, in which the time-varying channel impulse response (that arises
due to the Doppler-effects) is expanded over a basis of complex exponentials. The BEM
coefficients are considered to be randomly-varying, which follow the normal Gaussian-
distribution [334], [460]. However in Kalman-filtering based adaptive channel estimation, the AR1

process is used to characterize the time-variations of the BEM coefficients [461]-[464].

A.2 Basic BEM-AR1 Model

Let us consider the received wireless signal in the discrete-time domain to be
L-1

y(n)= > h(n;)x(n—1)+n(n) (A1)
1=0

where, h(n;1) =h(l;n) is the I"" time-varying channel tap-coefficient at the n" time instant, L is
the total number of channel tap-coefficients, x is the transmitted signal, and 7 is the zero-mean
complex white Gaussian-noise with variance aj. The BEM captures the randomness of fading

environment by

h(n;I) = i ﬁq (n; )b, (n) (channel tap-coefficients) (A.2)

ith h (N . ity ‘s . . h .
with hq(n,l)ch(n,l)eJ (uncorrelated BEM coefficients), ¢, is amplitude of the q" path, @, is
uniformly distributed RV in the range [0,27], bq(n):exp(ja)qn), w, =(27 f,)cos(272q/Q),

fy=v/A, v is the speed of mobile, and A is the carrier wavelength. The BEM approximates
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Jakes” model for the large values of Q [460] because the envelope of h(n;l) follows Rayleigh

probability density function. However in the Kalman-filtering based channel estimation [461]
using BEM-AR1 hypothesis, each BEM coefficient is considered to be generated by an

independent AR1 process, it follows that

hy (1) = atesh, (N=11) + W(n; 1) (A.3)

where, the coefficient ﬁq (n:1) is assumed to possess zero-mean and variance o, the Markov
parameter is given as «,g, in the range [0,1), and W is the zero-mean complex Gaussian process-

noise with variance o, which is supposed to be independent and uncorrelated with BEM
coefficients. The AR1 process in Eq.(A.3) can be simplified to provide
My (N31) = @ pey { @ peshy (N=231) + W(N =1L, 1)} + W(n; 1)

N (A.4)
= Uy (N=21) + 0t W(N =L 1) + W(N; 1)
The above equation can be represented in terms of ﬁq (n—k;l) as
_ = k-1
hy (1) = g, (N=K; 1) + Y e, W(N —m; 1) (A.5)
m=0
The autocorrelation of BEM-ARL1 coefficients is given as
R () = E[ h,(;Dhg(n—k;1) | (A.6)

where, E[] is the expectation/ensemble average operator and (.)" denotes the complex conjugate

operator. For the lag k =0, the autocorrelation of BEM coefficients is determined as
Ry (0) = E[ hy(m; DA, (m:1) |
_ E[{aAmm(n—l;l)w—v(n; )} @ (1= 1) +v—v(n;|)}*] (A7)
=R (0)+ 0
Of = U0} + 0 (A.8)
However for the non-zero lag k>0, the autocorrelation of BEM-AR1 coefficients can be

calculated by substituting the value of ﬂ(n;l) from equation (A.5) in Eqg.(A.6), which leads to
_ k-1 .
R (k) = EHO(',T\thq(n—k;l)+Z“ozf\‘mv_v(n—m;l)}hq (n—k; I)}
m=0

R (K) = i, E[ A (n—k; DR, (n—k;1) |+ fa;*RlE[W(n—m;l)@*(n—k;l)]

= a/lf\Rl R 0)

(A.9)
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Each time-varying BEM-ARL coefficient exhibits correlation among its successive states. The
value of R (k) reduces with the increasing value of lag k because the value of a g, is usually
kept less than unity. At a,s, =1, the random-walk model [384] can be used to simulate the
nonstationary signals [464], which is not applicable in the presented scenario. However at
o, =0, the BEM-ARL1 is equivalent to the conventional basis-expansion-model because the
ﬁq(n;l) =w(n;l) =random. From Eq.(A.1) and Eq.(A.2), the value of oh3 is fixed at 1/LQ to
maintain the constant total signal power constraint. And for conducting simulation, the process-
noise statistics are zero-mean and variance ¢ = (1—a,§R1)ah3 . Similar, BEM-AR1 channel model
is also incorporated in [461] to approximate the multipath channel complex gain within an OFDM
symbol, which uses an AR1 model to characterize the variations of BEM coefficients across the

OFDM blocks. However, our main focus is on the characterization of BEM-AR1-AR1 channel

model in the next section.

A.3 Proposed BEM-AR1-AR1 Model

The finite basis expansions offer well-structured parsimonious modeling, in which the value of Q
in Eg.(A.2) is chosen to be high for the accurate approximation of the Jakes” multipath fading

channel. In [460], Giannakis et al. have considered the conventional BEM coefficients ﬁq(n;l) in

Eq.(A.2) to be stochastic in nature. But in the proposed scheme, which is inspired by BEM-AR1
paradigm [461], the BEM-AR1-AR1 coefficients follow

ﬁq(n;l)=aq(n;l)ﬁq(n—1;l)+v‘v(n;l) (A.10)

Taking into account that BEM-AR1-ARL1 coefficients ﬁq(n; I) are samples from time-series with
varying spectral properties, it is also natural to consider the Markov parameter a, (n;1) to be time-
dependent, which in turn introduces the nonstationarity [370] in the BEM-AR1-AR1 coefficients
a, (N 1) = apgy pps@, (N=L1) +V(n;1) (A.11)

where, a, is the time-varying Markov parameter with zero-mean and variance a§ , Which follows
AR1 model [462]-[464] as expressed in EqQ.(A.11) and V is the zero-mean complex Gaussian
process-noise with variance ¢ . The BEM-AR1-AR1 model can also be represented in the form

hy(n;1) =a,(n; I){aq(n—l; IZﬁqm—Z; I)+v‘v(n—1)}+v‘v(n; ) A12)
=a,(nmNa,(n-Lh,(n-2;1)+a,(n; W(n-1;1) + W(n;1)

The above equation can be represented in terms of ﬁq (n—k;1) as
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hy(M;1) :ﬁaq(n—m;l)ﬁqm—k; ) +kzl“{ﬁaq(n —r; I)}W(n —p:D+w(n;1) (A.13)

1 (r=0
The autocorrelation of BEM-AR1-AR1 coefficients for the lag k =0 is obtained as
R (0) = E[ hy(m;Dhy(n;1) |
- E[{aq(n;|)ﬁq(n—1;|)+v—v(n;|)}{aq(n;|)@(n 1 I)+W(n;|)}*} (A14)
=R, (0Ry; (0) +07y,
in which, R, (0)=a} aRa(0)+0; is calculated analogous to Eq.(A.7), as a,(n) is an
independent ergodic stationary AR1 process. It follows that
ahg = O'azahE +0? (A.15)
02 = Ulpy g0, +07 (A.16)

It is also apparent that

oy = (1_ aiRl—ARl)Gj (A.17)
Using equations (A.14)—(A.17), it can be revealed that
2
o2 = (l—Ljol (A.18)
1- o p "
2
As the value of & should always be real and positive, therefore # <1. It leads to
~ O pr1-aARL
0< Ay py S1-07 <1 (A.19)

Further, the autocorrelation of coefficients for the non-zero lag values k >0 is calculated using
Eqg.(A.13) as

R (K) = E[ hy (n:)h, (n—k;1) |

_ E[ﬁaq(n—m;|)\ﬁq(n—k;|)\2 +{§{ﬁaq(n—r;|)}W(n— p;I)+vT/(n;I)}ﬁq*(n—k;I)}

p=1 L r=0

k-1
R (k)= th(O)E{Haq(n—m;l)} (A.20)

m=0
On further simplification of above equation, it can be shown that

k
Res (k) = U pyariE |:{aq (m; I)} i| Re (0) (A.21)
The term E[{aq(n;l)}k} is the k™ moment of time-varying Markov parameter. As compared

to the autocorrelation of AR1 process depicted in EqQ.(A.9), an extra term corresponding to k™
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moment in Eq.(A.21) further alleviates the autocorrelation for the non-zero lag values k >0, since

0<aup am <1. However at g =0, the time-varying Markov parameter is
a,(n;1) =v(n;l) = random, which also makes ﬁq(n; 1) stochastic in nature. Thus, BEM-AR1-AR1

is approximately equivalent to the conventional basis-expansion-model at az; ar =0

A.4 Simulation Results

We shall investigate and compare the presented BEM-AR1-AR1 model with BEM-ARL1 [461] and
the conventional BEM [460]. It may be inferred from Eq.(A.10) and Eq.(A.11) that each BEM-
AR1-AR1 coefficient is characterized as an independent nonstationary process [370], which
exhibits high degree of randomness and lower autocorrelation value (Eq.(A.21)) in comparison to
the autocorrelation value (Eg.(A.9)) in case of BEM-ARL1 coefficients. Therefore, the BEM-AR1-

ARL1 is expected to perform well at all the values of a g, s, , Where as the BEM-ARL1 is expected
to be in close agreement with Jakes’ fading model when a,;, — 0, which are verified through
computer simulation. The speed of mobile is considered to be v =36 km/hr, the carrier frequency
is set to 2.4 GHz, the corresponding maximum Doppler frequency is f, =80 Hz and the sampling

time T, is 0.0001, which provides fade-rate f T, =0.008. The number of BEM coefficients per

channel tap is selected as Q>2[ f,T, |, where [.] is the integer ceiling function [372]. The
process-noise variance o is obtained using Eq.(A.8) for BEM-AR1 and Eq.(A.18) for BEM-

AR1-AR1 respectively. For Q =10 [460], L =10 and o~ =0.01, the normalized autocorrelation
of BEM coefficients in Fig. A.1 manifests that only BEM-AR1 coefficients are relatively more
correlated for the Markov parameter g, =0.9.

The presented outcomes are based on the ensemble average of 500 independent trials. The

normalized autocorrelation of channel tap-coefficients is illustrated in Fig. A.2 and Fig. A.3. The
autocorrelation of BEM-AR1-AR1 channel tap-coefficients with a s, g, =0.9 closely match the
results obtained for the standard Jakes’ model, but the BEM-ARL1 channel paradigm fails to
perform well at a,,, =0.9, as shown in Fig. A.2. However, the performance is observed to be

approximately equivalent for the ideal BEM, BEM-AR1 and BEM-AR1-AR1 for

O ppy = Apry arg = 0.1, @s shown in Fig. A.3.
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AR and AR1-AR1 Methods for Generation of BEM Coefficients
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Mormalized Autocorrelation

=0.9

-ldeal

BEM
—+— BEM-AR1 o

|||||||||||||||||||||||||||

—*— BEM AR1-AR1 o =0.9

— - — ‘ldeal Jakes

SJUBIDIE07) [BUUEBYS) JO UDIE|aL0D0]NY

0.85

15

10

-10

-15

< Discrete Time Lag —=

0.9).

Fig. A.2: Comparison of BEM, BEM-AR1 and BEM-AR1-AR1 («

143



Mormalized Autocorrelation

"% | ——— BEM-Ideal
Lo —+— BEM-AR1 & =0.1

i ] —*— BEM AR1-AR1 o =01
— - — -ldeal Jakes

--------------------

........................

Autocarrelation of Channel Coefficients

0
-100  -80  -60 40 -20
<-— Discrete Time Lag —=

Fig. A.3: Comparison of BEM, BEM-AR1 and BEM-AR1-AR1 (a =0.1).

A.5 Summary

The presented BEM-AR1-ARL is used to simulate the time-varying Rayleigh multipath fading
wireless channel, in which the BEM coefficients are considered to be samples of the time-variant
nonstationary-process. The proposed model is a close approximation of Jakes’ fading channel
model. The simulation results in Fig. A.2 depict that for the large values of «a,g,, the BEM-AR1
deviates from the ideal BEM. However, the BEM-AR1-ARL is found to match with the ideal BEM
for low as well as large values of a5, Az, iN Fig. A.2 and Fig. A.3 because the BEM coefficients
are nonstationary and uncorrelated for this case. Moreover, the proposed BEM-AR1-AR1 is
suitable for the model-based adaptive algorithms, due to the model-based variations of BEM

coefficients.
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APPENDIX-B

DERIVATION OF VARIANCE OF NOISE
UNDER IMPULSIVE ENVIRONMENT

Using Eq.(4.5), the variance of zero-mean total noise component 7 = AHS +WImp can be obtained

as

6‘5 =c’ol +op + Ulzmp (B.1)
Substitution of the values of o7, oy, and o}, in Eq.(B.1) results in

6; =07 (E,/T,)+(N,B,)+ 6! (B.2)

By considering B, =1/T, , the above equation can be rearranged as

62 =B,{N, +u(67/B,)+0’E,} (B.3)

Further, it can be shown by denoting o2 =&2/B, and N, = N_ + uo? that the variance of total

noise component may be represented in terms of the symbol energy as
&,f:BS{No+a§ES}=(NOBS){1+G§(ES/NO)} (B.4)

Therefore, the variance of total complex noise component (exhibiting zero-mean) per unit

bandwidth is represented as

or =6 [B,=N,{1+07 (E,/N, )| =N, {14077} (B.5)
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APPENDIX-C

LMMSE BASED CHANNEL ESTIMATION
FOR SFBC-OFDM SYSTEM

Let the received symbol vector in underlying SFBC-OFDM system be

Y =HX+W (C.0)
(subscripts and indices in Eq.(5.4) are not shown for mathematical convenience).

As per conventional LS channel estimation method, the following cost function is minimized to

provide optimum LS solution
A A 2
‘J(HLS):HY_XHLSH (C.2)

where, H  is the LS estimated channel vector. However, the above function can also be rewritten
as

J(AG) =(Y=XH )" (Y=XH ) = Y'Y - Y"XH,  —HLX"Y + HILXPXH . (C.3)

In order to find the optimum value I3|LS , for which the cost function in Eq.(C.2) gets minimized,

the derivative of cost function with respect to the estimated channel vector needs to be calculated

and equated to zero. It results in

M:—z(x*'v)lz(x“xﬂw)*:o (C.4)
OH s
where, ()" is the complex-conjugation operator. The mathematical simplification of above

equation leads to

A =(X"X) " X"y (C.5)
This can also be expressed as
Flis =(XHX) " X" [XH+ W] =H+(X"X)  X"*W (C.6)

As the underlying system utilizes QO-codes, the matrix X" X is not purely diagonal, and therefore
it contains some off-diagonal entries as well. Considering the LS estimate in Eq.(C.5), a better
linear estimate in terms of weighted LS estimate can be applied by using the LMMSE channel
estimation method, as suggested in [426]. This method finds a linear estimate to minimize the

following error function
3 (Pl )= E[wl" ] - €| -t | €
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where, H,,, =W,,, H  is the LMMSE estimate. As the estimation error y is orthogonal to H

therefore E [wfl['SJ =0. It follows that

E[\I’ﬁ[‘s} =E :(H_ﬁMM )ﬁ['s}

=E (H_WMMHLS)FIES}

:E:HHES]_WMME[FILSFIES]

=R -W,,R (C.8)

HHLS |:|LS|:|LS

where, R is the cross-correlation matrix between true-channel vector and LS estimated

HH g

channel vector, and RH “ is the auto-correlation matrix of LS estimated channel vector. Further

solution of Eq.(C.8) yields
W, =R R} (C.9)

HHLS HLSHLS

Using Eq.(C.6), it can be shown that the auto-correlation matrix R, . s

Ry q. =E[F A ]
_ E[(H +(x"x) XHW)(H +(x“x)lx”W”

:E[HHH]+E[(XHX)_1WHWJ

-1

=Ry + 05 (X"X) (C.10)

However, the cross-correlation matrix RHH is found to be
LS

R, = E[ HAL |

HA s

:E{H(H+(XHX)_1XHW)H}

=E[HH" ]+ E[HWHX(XXH )1}
~R, (C.11)

Subsequently, the LMMSE channel estimates using equations (C.5), (C.9), (C.10) and (C.11) are

expressed as

A A

1

., =R, {RHH +02 (XX } A (C.12)
— _l -

A, =RHH{RHH +o2(X"X) l} (X"X) " X"y (C.13)
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APPENDIX-D

IMPACT OF SQUASHING-FUNCTION’S SLOPE ON
ANN BASED CHANNEL ESTIMATION IN SFBC-OFDM SYSTEM

D.1 Introduction and System Model

The channel-state-information plays an important role in the decoding of information symbols
while working over the multipath fading channels using SFBC-OFDM system [324], [465]. ANN
based channel estimation [230], [236] has appeared as a promising technique for the underlying
4x1 SFBC-OFDM system [416], in which the received symbol vector in frequency-domain (after

the cyclic-prefix removal and FFT operation) is

Y4m(p):X4m(p)H4m(p)+W4m(p) (D-l)
where, Y, (P) =[Yun (D). Yana(P),Yamea (P), Yimes (D]

Xem(P)  Xima(P)  Xyn2(P)  Xiyn.5(P)
~Xama(P)  Xin(P)  —Xins(P)  Xin,2(P)
~Xame2(P)  —Xins(P)  Xin(P)  Xina(p) |
X4m+3(p) _X4m+2(p) _X4m+1(p) X4m(p)

X4m(p) =

H4m(p) = I:H1,4m(p)’ H2,4m(p)’ H3,4m(p)’ H4,4m(p)]T , and

W, (p) :[W4m(p),W4m+l(p),W4m+2(p),W4M(p)]T with the assumption of approximately equal
channel gains across the 4 adjacent subcarriers. The slowly time-varying multipath fading channel
[225] is modelled as a tapped-delay-line-filter in time-domain, in which each tap-coefficient
h,, (p) is assumed to follow a second-order autoregressive process [335] as,
hi,l(p)=_K1hi,|(p_1)_K2hi,|(p_2)+vi,l(p) (D-2)

where, K, =-2r, COS(\/E?Z’fDTl), K, =r2 with ry=1-2f.T,, f,T, is the fade-rate, f, is the
maximum Doppler frequency, T, is the OFDM symbol-block period including cyclic-prefix,
v;,(p) denotes the zero-mean Gaussian process with variance o for i antenna and I™ tap-

coefficient. Under 4 transmitter-antennas scenario, the ANN based channel estimator [230], [236]
consists of 4 different ANN blocks (each having feedforward multi-layered perceptron
architecture) for estimating the tap-coefficient H, . (p) in frequency-domain. As ANN can only
process the real-valued data, the input to each ANN block (termed as intelligent-channel-estimator

(ICE)) is bifurcated into real and imaginary parts of the received symbol (as shown in Fig. D.1).
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Hence, each ICE block consists of 8 nodes at the input-layer, two hidden-layers with 16 and 8
neurons each, and 2 neurons in the output-layer (motivated by the composite ANN structure
proposed in [229]). The two output values from each ICE block are combined to form a single
complex-valued estimated channel tap-coefficient. In each neuron, the activation potential/
induced local field is processed through a squashing-function (differentiable) to give output in the
range [-1,+1]. In order to avoid excessive saturation of the squashing-function, the softsign (SS)
function has emerged as an appropriate choice, because its tail is a quadratic polynomial rather
than exponential (in case of hyperbolic-tangent function) which approaches its asymptotes in a
slow manner [466]. While implementing the back-propagation (BP) algorithm using softsign-
function in neurons, the saturation does not occur one layer after the other in a neural network.
However, it is faster in the beginning and then gradually slows down (which is quite different from

the hyperbolic-tangent function). Commonly used hyperbolic-tangent function (tanh) is

fran (U) = tanh(Bu) with its first derivative as f/,, (u) = B(1— fr,, (U))(1+ .y (u)) . However,

Tan

softsign-function is expressed as fy(u)= ﬂu[1+| pu |]_1 with its first derivative as

fos (U) = [5'[1+ | Su |]_2 and slope parameter £ [467]. SS squashing-function is highly compatible

with the BP algorithm, as it does not contain any exponential term, not even in its derivative.

Re(l_(2)} > remngll B
> H.,,(p)
}Ch;u (p) ; ICEl L4m
< Im
| [T o > :i
Re{l (p)} * > ~ > ﬁ )
}falru—l(p .i 2.4m
:):> ' y ICE2 —
1 « 3 m A
LI Im{I (p)} * | \
[] — m
Re{l  (p)} .i e [:[34 )
Ktm—z(p% ; ICE3 Am
* > .
Ll Im{I (»)} " "
- L ] » »
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— J ICE4 —
> m
Ll Im{l (»)} " gl

Fig. D.1: Composite ANN structure used for channel estimation in SFBC-OFDM system
[229].
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D.2 Simulation Results and Discussion

In an SFBC-OFDM system, the number of subcarriers is considered to be 64, in which 4
transmitter-antennas and 1 receiver-antenna are deployed. The number of multipaths for each
transmission channel is assumed to be 4. The concerned ANN is trained by sending 100 OFDM

pilot symbol-blocks (as demonstrated in Fig. D.1). In low SNR regime and at fade-rate

f T, =0.001, the tanh function based approach deteriorates the performance of channel estimator

in comparison to SS, for the specific slope parameters (as depicted in Fig. D.2). The gentle tail of
SS function due to the quadratic polynomial based convergence makes it more robust towards the
initialization procedure. Large dramatic variations are observed in the performance of channel

estimator, when slope parameter £ is slightly changed in case of the tanh function. Moreover, the

gradient of SS function is larger as compared to the tanh function, which is helpful in getting a
better learning signal for weight update while training in the BP algorithm. This also reduces the
chances of being caught in a local-minima while searching for the global-minima for better
optimization. Under similar conditions at fixed SNR of +25dB, the symbol-error-rate performance
(based on Eq.(5.8)) of SFBC-OFDM system is illustrated in Fig. D.3 at the different fade-rate

values.

| ==£3==Tanh,+=0.85

| Tanh,5=0.8
~—f—Tanh,/#=0.75

| £ s5,4=075

| = = = MMSE

Mean Squared Channel Estimation Error ----->
=
]

0 5 10 15 20 25
SNR(dB) ----->

Fig. D.2: Channel estimation error vs. SNR at fade-rate = 0.001.
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Fig. D.3: SER at different fade-rate values with SNR = +25dB.

D.3 Summary

The usage of softsign squashing-function in an ANN based intelligent channel estimator has been
found to exhibit the lower estimation error due to innate polynomial asymptotes, which eventually
leads to the lower occurrence of saturation in the hidden-layer neurons (resulting in better gradient
propagation). Though the SER of concerned 4x1 SFBC-OFDM systems gets elevated, as the fade-
rate increases in all cases, but SS based channel estimation outperforms the tanh based approach

for a wide range of signal-to-noise-ratio (SNR) values.
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