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Abstract

The key challenge faced by up-coming wireless communication systems is to provide
high-data-rate wireless access at better quality of service (QoS). In such a situation,
Multiple-Input Multiple-Output (MIMO) wireless technology seems to be able to meet
these demands by offering increased spectral efficiency. A very common form of uncer-
tainty and stochastic behaviour is observed in MIMO wireless communication due to
interference and correlation among channel coefficients which makes channel estimation
a challenging area. There are several statistical methods of channel estimation that have
provided satisfactory performance while modeling the MIMO wireless systems. Soft-
computational approaches are recent additions to the list of channel estimation methods
of which most of the works have primarily focused on the training-learning aspects of
ANN;, fuzzy systems etc. Till now, no recorded efforts have been observed regarding
expansion of the abilities of such architectures beyond the training-testing realm which
includes certain architectural challenges. These challenges include: (i) incorporating tem-
poral behaviour in the Multi Layer Perceptron (MLP)- a feedforward ANN enabling it to
track time-variations in the input signal, (ii) ensuring stability to the system by append-
ing a feedback path along with the usual feedforward structure of the ANN; (iii) retaining
only the contextual portion of the information with the above structure, (iv) properly
capturing the fast time-varying nature of the channels, (v) combining ANN and fuzzy
based systems to obtain the capability of expert-level decision making while modeling
uncertainty observed in the MIMO channel and (vi) realization of a suitable system with
lower implementation and time complexity. Taking these challenges into consideration,
a class of soft-computational tools based on ANN in feedforward layout called MLP and
feedback form called Recurrent Neural Network (RNN) and fuzzy-based composite sys-
tems are explored with stress on architectural expansion so as to improve performance and
precision than conventional methods while modeling the stochastic nature of the MIMO
channels. Among the proposed techniques of this thesis, a fuzzy based approach, named
Fuzzified Time Delay Fully RNN (FTDFRNN) establishes its superiority while modeling
even a deeply faded MIMO channel in important practical applications like VOIP based
transmissions. In such a framework of MIMO communication, the fuzzy based approach
turns out to be the most suitable one for adaptive receiver designs optimized for high

data rate wireless communication.
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Chapter 1

Introduction

1.1 Background

The proliferation of mobile communication networks over the last decade has increased
the use of the wireless spectrum in exponential terms. Increase in number of users in a
limited spectrum have raised the levels of intersymbol interference (ISI) and also have
increased the possibility of degraded quality of service (QoS). The key challenge faced by
upcoming wireless communication systems is to provide high-data-rate wireless access at
better QoS. Also, destructive addition of multipath components within the fast shrink-
ing spectrum available for wireless communication have necessitated the development
of methods to increase spectral efficiency and explore innovative solutions. Additionally
there is a constant demand for higher bandwidth, increased data rates, lower cost, greater
coverage etc for which the mobile networks are creating congestion in the available spec-
trum. Multiple-Input Multiple-Output (MIMO) wireless technology is a viable option in
such a situation and is likely to be able to meet the demands of these ever-expanding
mobile networks. With increased spectral efficiency, MIMO architectures are useful for
combined transmit-receive diversity. For its parallel mode of transmission, MIMO sys-
tems offer high data rates in a narrow bandwidth. MIMO systems, characterized by
multiple antenna elements at the transmitter and receiver, have demonstrated the poten-
tial for increased capacity in rich multipath environments.

In such a propagation environment, modeling MIMO channels is considered to be one
of the challenging areas and many researchers have explored this field over a consider-
able period of time. But channel estimation is still a challenging area which is worth
exploring. Two common practices of channel estimation in MIMO systems are blind and
non-blind methods. Blind estimation techniques don’t require training sequences but are
extremely computationally intensive [1] [2]. Among non- blind methods, pilot- carrier

based estimation techniques are common. These use least-squares (LS), minimum mean-
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square error (MMSE) and linear MMSE (LMMSE) estimation. The pilot-based channel
estimation, by requiring additional symbol bits known as pilot carriers to be inserted as
training sequence along with signal-symbol blocks, causes waste of bandwidth. Therefore,
alternative methods should be explored to prevent waste of bandwidth while modeling

MIMO channels and thereby improving overall performance of such systems.

1.2 Motivation

Statistical methods of channel estimation are capable of properly modeling the MIMO
wireless systems as well as recovering the transmitted signal (symbols) [3]-[7]. MIMO
systems and related aspects including channel modeling and symbol recovery are treated
extensively in [8] [9]. Soft-computational approaches, however, can be appended to these
available methods for providing innovative solutions to channel modeling. This is pri-
marily due to the fact that these tools are better placed to use channel side information
(CSI) for improved performance. One of the viable means of such innovative channel
estimation is the use of the Artificial Neural Network (ANN) [3]. ANN based systems
have already received attention as an optional tool for equalization and other such ap-
plications in wireless communication. Such systems have also been considered for use
with Single-Input-Single-Output (SISO) and Single-Input-Multiple-Output (SIMO) sys-
tems [10]-[13]. These applications are related mostly to channel equalization and noise
cancelation. Over and above all these applications, some other areas include user detec-
tion and interference mitigation [10]-[33]. The most preferable aspects of the ANN in
these applications have been parallelism, adaptive processing, self-organization, univer-
sal approximation and ability of tackling highly nonlinear problems. Also, as the ANN
can learn complex patterns, it can act as a reliable estimator and hence can be used
for modeling MIMO channels. The advantage of these schemes is that no pilot symbol
bits are required to be inserted with the MIMO transmissions which can contribute to-
wards preserving bandwidth and increasing spectral efficiency. The system can also be
extended to symbol recovery in Orthogonal Frequency Division Multiplexing (OFDM)
scheme and user detection as part of high data rate communication using MIMO-OFDM
arrangement.

Such a work dealing with static and slowly varying MIMO channels has already been
reported in [18] for MIMO-OFDM channel estimation. It uses a variable step-size re-
cursive LS (RLS) method for nonlinear principle component analysis (PCA) to train a
two-layered ANN for the purpose. However, all these works focus mainly on the training-
learning aspect of the ANN and its capacity to deal with MIMO channel estimation with
practically little/no consideration to time-varying characteristics of the wireless channels.

Till now, no recorded efforts have been observed regarding expansion of the abilities of

TH-1116_09610211 2



such architectures beyond the training-testing realm which includes certain architectural
challenges. These challenges include: (i) incorporating temporal behaviour in the Multi
Layer Perceptron (MLP)— a feedforward ANN with suitable architectural modifications
enabling it to track time-variations in the input signal, (ii) ensuring stability to the sys-
tem when a feedback path is appended along with the usual feedforward structure of
the ANN, (iii) retaining only the contextual portion of the information with the above
structure, (iv) properly capturing the fast time-varying nature of the channels, (v) com-
bining ANN and fuzzy based systems to obtain the capability of expert-level decision
making while modeling uncertainty observed in the MIMO channel and (vi) realization
of a suitable system for adaptive receiver design with lower implementation and time
complexity. Taking these challenges into consideration, a few appropriate alternatives
to the ANN approach derived are the temporal-MLP and the Recurrent Neural Network
(RNN)-based designs. Both these approaches have the capacity to deal with time-varying
inputs due to the presence of at least one feedback loop despite these being essentially
feedforward structures [34]. The temporal-MLP has greater implementation complexity
and maybe replaced by RNN-based designs. Although RNN has already been used to
predict a MIMO channel in [22], the focus has again been to develop a hybrid Particle
Swarm Optimization (PSO)-Evolutionary Algorithm (EA)-Differential Evolution PSO
(DEPSO) (PSO-EA-DEPSO) training algorithm. No novelty on the architectural part
of RNN has been covered in this work. Similar is the case with a few related works as
well. Hence, the exploration of the architectural expansion of these RNN based systems
for time-varying MIMO channel modeling becomes pertinent.

The complexity associated with MIMO channel modeling is considerable with time-
varying properties which generate co-channel interference (CCI) and disturbance resulting
in uncertainty in estimating coefficients, recovery of transmitted symbols and phase-time
delays. Also, in certain practical cases like Voice Over IP (VOIP) based transmission,
the performance of RNN-based methods needs to be improved further especially the ac-
curacy of the recovered content. In such situations, the natural option that emerges as
the suitable addition along with the RNN is either fuzzy system or genetic algorithm
(GA). Due to certain limitations involving computational complexity, GA approach is
less preferable. Hence, the fuzzy based system integrated with RNN block turns out to
be the only viable option to provide the desired accuracy. All the reported works on
such soft-computational applications for MIMO channel modeling can be regarded to be
entirely training-learning paradigm dependent solutions with little or no stress on archi-
tectural expansion of MLP, RNN and fuzzy-based systems.

The primary motivation of our work is to explore whether ANN and fuzzy-based systems,
as important components of soft-computation, can be specially configured to model the

MIMO channel and mitigate some of the deficiencies observed. These schemes not only
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can contribute towards increasing spectral efficiency, but are also resilient to noise and
similar disturbances and has an inherent property of providing equalization to the re-
ceived signal. Further such systems with their ability to learn are in a better position
to use transmitter side information (TSI), channel side information (CSI) and receiver
side information (RSI) for design of adaptive communication methods. The work focuses
on certain architectural challenges of configuring MLP, RNN and composite fuzzy-neural
system (FNS) unlike the known works reported in contemporary literature so that pro-

cessing time and design complexity is considerably reduced with enhanced performances.

1.3 Literature Survey

ANNSs have already received attention as an optional tool for equalization and other such
applications in wireless communication. In the following, we divide our literature sur-

vey in several subsections so that our problem definition becomes apparent to the readers.

1.3.1 Application of feedforward ANN and MLP in wireless com-

munication

For SISO and SIMO set-up, MLPs have been extensively used. As an extension to the
application of SISO and SIMO, MIMO systems also have attracted considerable employ-
ment of ANN for a range of applications like channel equalization, interference cancela-
tion, identification and estimation. A few such works are included below:

A three layer ANN along with feedback is used for MIMO channel estimation and equal-
ization and is reported in [10]. The work uses a Kalman filter and a feedforward ANN to
perform MIMO channel estimation. Another work cited in [11] reports the application of
ANN for location estimation and CCI suppression in cellular networks. A work related
to blind equalization of a noisy channel by linear ANN is reported in [12]. Another work
of similar nature is available as cited in [13] where blind channel equalization and esti-
mation is performed using ANN. This work discusses application of ANN mainly with a
time invariant SISO channel. Along with CCI cancelation and equalization, estimation
of MIMO channels have also received attention with regards to application of ANN and
related tools. A method based on iterative estimation of MIMO channels using Support
Vector Machine (SVD) is reported in [14]. Another work [15] reports the application of
SVD based adaptive channel estimation for MIMO-OFDM systems. SVD has also been
used for subchannel CCI cancelation in a MIMO system as described in the work cited
in [16]. Like SVD, ANN has always been a preferred tool for developing applications in
high data rate systems like MIMO-OFDM systems. Following these applications, identi-
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fication of nonlinear MIMO channels using ANNs has also been reported. One such work
is [17]. Works of similar nature that deals with static and slowly varying MIMO chan-
nels has already been reported. A work [18], reports the use of ANN for MIMO-OFDM
channel estimation. The work uses pilots to estimate the channel impulse response based
on LS criteria. To improve the estimation performance, an ANN approach is applied to
track the variations of the channel using a variable step-size RLS. Application of Multi-
ADAptive LINear Element (MADALINE) which is a feedforward ANN, for parameter
estimation of Linear Time Invariant (LTT) MIMO systems is reported in [19]. An ANN
can be specially configured to mitigate some of the deficiencies of multi-user transmission.
The advantage of these schemes is that no pilot symbol bits are required to be inserted
with the MIMO transmissions which can contribute towards preserving bandwidth and
increasing spectral efficiency. However, in all these cases, be it SISO or SIMO or MIMO,
our observation is that the reported works are mainly confined for slowly time varying

channels and they portray the training-testing modifications.

1.3.2 Application of Recurrent Neural Network (RNN) in wire-

less communication

RNNSs have also been used for a diverse range of applications in wireless communication.
Some of the relevant literature are cited between [20]-[33]. Blind equalization has been the
most common area in which RNNs have been applied. A work cited in [20] uses a RNN for
blind equalization which proves to be effective. A more extensive application of the RNN
is observed in case of a system developed for MIMO channel prediction using a PSO-
EA-DEPSO off-line training algorithm. This predictor is shown to be robust to varying
channel scenarios [21]. The work only concentrates on MIMO channels and is not directed
towards recovery of data symbols transmitted through the channel. Another related work
cited in [22] improves the effort reported in [21] by using an on-line approach. A new
hybrid PSO-EA-DEPSO algorithm is presented for training a RNN for MIMO channel
prediction. This algorithm is shown to outperform RNN predictors trained off-line by
PSO, EA, and DEPSO as well as a linear predictor. This work also is not directed towards
recovery of transmitted signal content. Further the work doesn’t specify if real and
complex signals are considered in split form or in coupled form. A work [23] provides a new
adaptive neural predictor for GPS jamming suppression applications designed using the
efficient square-root extended Kalman filter (SREKF) algorithm to adjust the synaptic
weights in a RNN architecture and thereby estimate the stationary and non-stationary
narrowband / FM waveforms. A novel approach to adaptive channel equalization with
RNN for a QSPK signal constellation is given in [24]. The work deals with wireless

communications in non linear channels for M-PSK and M-QAM modulation schemes.
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RNNs with extended Kalman filter (EKF) algorithm has also been used for nonlinear
equalization in satellite communication. This is reported by a work as indicated by
[25]. Another work cited in [26] applied Complex Real Time Recurrent Learning fully
RNN extended Kalman filter trained (CRTRLEKF) in adaptive equalization for cellular
communications. Results illustrate the strength of the method in Wide Sense Stationary
-Uncorrelated Scattering (WSS-US) channel model. Accurate and timely estimation of
CSI will guarantee the Quality of Service (QoS) by admission control, inter and intra
network handovers in NLOS channels. For such a problem, BER is predicted by two
different RNN architectures such as Recurrent Radial Basis Function Network (RRBFN)
and Echo State Network (ESN) [27]. RNNs trained with gradient-based algorithms such
as Real-Time Recurrent Learning (RTRL) or Back-Propagation Through Time (BPTT)
have a drawback of slow convergence rate. A derivative-free Kalman filter, also called the
unscented Kalman filter (UKF), for training a fully connected RNN is presented for non-
linear equalization in [28] [29]. A work on the use of Kalman filter-trained RNN equalizers
for time-varying channels is reported in [30]. A decision feedback RNN based equalization
with fast convergence rate for time-varying channels is described in [31]. In the work
described in [32], the application of fully connected RNNs (FCRNNs) is investigated in the
context of narrow-band channel prediction using three different algorithms, namely the
RTRL, the global extended Kalman filter (GEKF) and the decoupled extended Kalman
filter (DEKF). The system is designed for training the RNN - based channel predictor.
The work shows that GEKF and DEKF training are faster than the RTRL based learning.
A new method for pruning the Complex Bilinear Recurrent Neural Network (CBLRNN)
using genetic algorithm is proposed in [33] and is applied to equalization of wireless
Asynchronous Transfer Mode (ATM) channels.

The most preferable aspects of the RNN in these applications have been parallelism,
adaptive processing, self-organization, universal approximation and ability of tracking
highly nonlinear problems. Here too, the reported works of application of RNN for
MIMO channel modeling have not crossed the traditional limits of experimenting with
the training—testing realm. In particular, no reported works have dealt with architectural
expansion of the RNN which would have been a natural modification over traditional RNN

structures.

1.3.3 Application of Fuzzy, Fuzzy-Neural and Neuro-Fuzzy Sys-

tems in Wireless Communication

Fuzzy and related hybrid systems namely Fuzzy-Neural (FN) and Neuro-Fuzzy (NF) Sys-
tems provide adaptive expert level decision making capacity, hence is suitable for a wide

range of applications. Fuzzy based systems are efficient tools to be utilized in problems
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for which either information or knowledge of all factors is insufficient or impossible to
obtain. Fuzzy and related hybrid systems have also received attention for application
in wireless communication. A work cited in [35] is a must read description for all fuzzy
related implementation. The description provides an exhaustive survey of neuro-fuzzy
rule generation algorithms together under a unified soft computing framework. The work
includes some important works related to rule generation of NFS and relates them to
certain real world applications. Another work of similar nature is [36]. Some nobel ef-
forts have been put into a publication cited in [37], which contains a survey of fuzzy logic
applications and principles in wireless communications. It is reported with the aim of
highlighting successful usage of fuzzy logic techniques in telecommunications and signal
processing. The authors claimed this is to be the first such study of its kind. This paper
focuses firstly on discerning prevalent fuzzy logic or fuzzy-hybrid approaches in the areas
of channel estimation, equalization and decoding, and secondly outlining what conditions
and situations for which fuzzy logic techniques are most suited for these approaches. A
detailed account of some applications of fuzzy systems in communication is provided in
this report. One of the earliest reported applications of fuzzy systems in wireless commu-
nication in [38|. It reports the use of an RLS fuzzy adaptive filter for non-linear channel
equalization. A work of similar nature that can also be considered to be among the few
carliest reported is [39] and it deals in some detail with a fuzzy based channel equalization
problem. Another contemporary work is [40] which shows the use of fuzzy systems to
carry out channel estimation. A similar survey paper is [41]. Another work [42] reports
the use of fuzzy systems to perform channel estimation in CDMA based wireless com-
munication. A simple method reported in [43] shows that data sequence and estimates
of the channel condition can be carried out at the same time using the Viterbi algorithm
and fuzzy logic for the convolutional code. After a fixed number of decoding steps, the
fuzzy logic unit reads the branch metric value of the survivor and the difference between
maximum and minimum survivor path metric values at the Viterbi decoder and esti-
mates the channel condition with the signal-to-noise ratio (SNR). The proposed method
enables the channel estimation regardless of what kinds of modulator and demodulator
are used. Another work refereed in [44] presents the equalization of channel distortion
by using NF network. The structure and learning algorithm of NF network have been
described. Using learning algorithm of NF network an adaptive equalizer have been de-
veloped. The developed equalizer recovers transmitted signal efficiently. The use of NF
equalizer in digital signal transmission allows to decrease training time of parameters and
the complexity of network. A work cited in [45] discusses about a TSK fuzzy approach
to channel estimation for OFDM systems. Fuzzy systems can be used to update LMS
algorithm for OFDM channel estimation in time-variant mobile channels. Such a work

is reported in [46]. The workers of the publication cited in [45] extends the work further
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using a TSK fuzzy approach to channel estimation for MIMO-OFDM systems [47]. An
adaptive NF inference for OFDM channel estimation is reported in [48]. Use of fuzzy
logic as the core of the reasoning engine to determine different parameters used by the
WiMAX system is reported in [49]. This work focuses on one of the main functions of
the reasoning engine i.e. determination of the channel type and the number of pilots
used for channel estimation. Anther work introduces an Adaptive Neural Fuzzy Channel
Equalizer (ANFCE) based on Adaptive Neural Fuzzy Filter (ANFF) [50]. The ANFF is
a five layer ANN which is able to use the expert knowledge in its structure. The struc-
ture and parameters of this network are adjusted according to the training data and the
available expert knowledge. A work cited in [51] propose a computationally efficient NF
system based equalizer for use in communication channels. This equalizer performs close
to the optimum maximum a-posteriori probability (MAP) equalizer with a substantial
reduction in computational complexity and can be trained with a supervised scalar clus-
tering algorithm. The work [52] proposes an adaptive NF inference system (ANFIS) for
channel estimation in OFDM systems. To evaluate the performance of this estimator,
the authors compare the ANFIS with LS algorithm, MMSE algorithm by using bit error
rate (BER) and mean square error (MSE) criteria.

Here, we noticed that the major literature have been restricted to the popular NFS or
FNS learning and decision making arena with no focus on performance variations that
maybe derived from the application of fuzzy-based hybrid estimators and architectural

expansion of such systems for time-varying MIMO channel modeling.

1.4 Problem Definition

After a detailed survey of the available main literature, a few open literature problems
are found which yield enough implementational challenges for our interest. These are

summarized below:

e We found in Section 1.3.1 that MIMO channels are predicted using an ANN method
[10] and the procedure is a direct extension of Kalman filtering while using the MLP
as a classifier. This, however, prove to be effective mainly for slowly time varying
channels. Moreover, symbol recovery has not been reported using ANN. Therefore,
our primary focus is to devise a proper form of ANN which can perform both channel
estimation and symbol recovery. Our next focus is to incorporate suitable temporal
behaviour in the MLP with architectural modifications so that it can model fast

time varying MIMO channels too.

e Temporal MLP provides certain architectural constraints which can be efficiently

replaced by using RNN. In major literature as given in Section 1.3.2, we found
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the examples of usage of RNNs for MIMO channel prediction [22] where hybrid
evolutionary computation is deployed to handle MIMO channels. However, the
works are confined mainly to training—testing realm and these provide no specific
information regarding expansion of the RNN into composite architectures. Our
efforts are mainly focused on architectural challenges, i.e., to explore the complete
range of capability of the RNN and use it in combinations with Self Organizing
Map (SOM) to model time varying characteristics of MIMO wireless channels.

e The outcome of MIMO channel modeling using RNN architectures leave a scope for
lower computational complexity and higher reliability. One such viable component
is the fuzzy system which has the capacity to model uncertainty. No reported
works are available till now, as given in Section 1.3.3, to the best of our knowledge,
regarding the use of fuzzy-based hybrid estimators for time-varying MIMO channels.
As FN systems are oriented more towards real situations, an attempt is made to
configure a Fuzzy-Neural System (FNS) to deal with time varying inputs in fuzzified
form to model MIMO channels.

All these defined problems are elaborated in the next section as well as are discussed at
length in Chapters 3 to 5.

1.5 Main Contribution of the Thesis

Keeping a close eye on the challenges associated with the MIMO channel modeling and

defined problems, the main contribution of the thesis can be summarized as follows:

1. MIMO channel modeling using MLP and its temporal form: MLP ar-
chitectures are designed, trained and tested to tackle static and slowly varying
multipath fading channels with and without LOS components. The work demon-
strates higher success rates in symbol recovery and achieving lower BER than LS
and MMSE estimators. As the MLPs are suitable for static and slowly varying
cases, the work is further modified to enable the system acquire a temporal char-
acteristic with which it could model time-varying MIMO channels. The temporal

MLP structures proposed for this purpose are:

(a) Finite Impulse Response (FIR) MLP (FIR-MLP) with six sub-classes due to
the variation in positions of placement of the FIR synapse. The FIR synapses
are placed in the input, output and hidden layers which provide temporal
characteristics to the MLP.

(b) Infinite Impulse Response (IIR) MLP (IIR-MLP) also with six sub-classes as
the FIR-MLP.
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The success rates achieved are higher than conventional MLP based system but the
primary constraints observed is higher design complexity and intricacies associated

with the configuration.

2. RNN and SOM based hybrid architectures for modeling MIMO Chan-
nels: The design complexities demonstrated by the temporal-MLP estimators could
be reduced considerably by the use of the RNN-based designs. This is due to the fact
that RNNs naturally possess the ability to track time variations in input samples.
This attribute was the primary motivation behind the exploration of RNN-based
MIMO estimators. The following RNN based architectures are proposed which
show improved capacity with faster processing speed while handling time-dependent
MIMO channels. These are (i) Complex Time Delay Fully Recurrent Neural Net-
work (CTDFRNN) with time averaging, (i¢) CTDFRNN with SOM optimization,
(7ii) CTDFRNN - Cluster optimized by SOM and (iv) CTDFRNN - Modular
Network SOM (CTDFRNN-MNSOM). From experimental results, we show that
CTDFRNN-MNSOM provides the best results among the proposed frameworks.

3. Fuzzy Neural System (FNS) based MIMO channel modeling: The out-
come of MIMO channel modeling using RNN architectures leaves a scope for lower
computational complexity and higher reliability for which fuzzy-based hybrid sys-
tems are considered. Fuzzy systems provide expert level knowledge for control and
decision making while ANNs are non- parametric prediction tools that have the
ability to replicate biological cognitive behaviour. These attributes of fuzzy based
systems in combination with ANNs are explored and configured for MIMO channel
modeling. No reported works are available as per our knowledge regarding the use
of FNS to model MIMO channels with time-varying characteristics. A fuzzy based
approach is attempted here where the estimation mechanism is formed by an infer-
ence engine which is a multi-layered set-up designed by following two approaches
based on (i) FNS with Fuzzified MLP (FMLP) and (ii) FNS with Fuzzified TD-
FRNN (FTDFRNN). These two fuzzy blocks lay the foundation of the FNS used
for MIMO channel modeling.

1.6 Organization of the Thesis

The thesis is organized as below:

1. Chapter 1 discusses the background of the present work and survey of the related
major literature. It also defines the problem as well as outlines the major contri-

bution of the next chapters.
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2. Since the principal objective of this thesis is to develop MIMO channel modeling
methods by ANN, a variant of the ANN and composite FNS; conceptual backbone
is needed to discuss these with underlying mathematics. The principles behind

these systems and the relevant details are therefore discussed in Chapter 2.

3. Chapter 3 introduces the first proposal of this thesis, i.e, MIMO channel modeling
by MLP and its temporal forms. In particular, two different structures, FIR-MLP
and IIR-MLP are proposed in this chapter to model MIMO channels.

4. Temporal MLP provides certain architectural constraints which can be efficiently
replaced by using RNN. A class of RNN architectures are proposed in Chapter 4
for MIMO channel modeling. It is also shown experimentally that these structures

perform better than the proposal of Chapter 3.

5. The outcome of MIMO channel modeling using RNN architectures leaves a scope
for lower computational complexity and higher reliability. One such viable option is
to consider fuzzy-based hybrid systems. Such systems are better suited for adaptive

receiver design. These considerations are formulated in Chapter 5.

6. Chapter 6 includes a summary of the work contained in the thesis and provides
certain future directions by pointing out the open ended treatments of the present

proposals.
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Chapter 2

Fundamentals of MIMO Wireless
Channels and Soft Computational

Techniques

2.1 Introduction

It is mentioned in Section 1.2 that apart from conventional methods, MIMO channels can
also be modeled by soft-computational approaches providing innovative solutions. Since
the principal objective of this thesis is to develop the same treatment, i.e. modeling
MIMO channels using a suitable form of ANN, RNN and composite FNS, it is necessary
to explain the fundamental aspects of the above notions so as to develop the conceptual
backbone of the next chapters. It is also required to introduce the notations of the
mathematical deductions which are frequently used in the following chapters. This is
the primary aim of this chapter. Towards this, in the next section, we explain the basic
characteristics of the MIMO channels and the conventional statistical channel estimation
methods. Then, the fundamental considerations of an ANN and a few of its architectural
variants are given. Finally, the basics of a fuzzy system is dealt with which can be

efficiently used with a neural network as a composite system.

2.2 Characteristics of Wireless Channel

Wireless communication utilizes modulation of electromagnetic (radio) waves with a car-
rier frequency varying from a few hundred MHz to several GHz depending on the system.
Therefore, the behavior of the wireless channel is a function of the radio propagation
effects of the environment. In such an environment the following may happen [53] [54]:

(a) multiple delayed receptions of the transmitted signals due to the reflections of build-
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ings, hills, cars and other obstacles, etc., (b) absence of a line-of-sight (LOS) path and
prominence of non-LOS (NLOS) components, (c¢) varying attenuation, time delay, phase
shift etc in each path and (d) constructive and destructive addition of the constituent
paths due to multiple phase shifts resulting in fluctuations in the signal strength. These
factors act together to give rise to a phenomenon known as fading. The stochastic nature
observed in wireless channels can be described either by a Rayleigh fading or a Rician
fading model. Sometimes, these two models are generalized by another model, called
Nakagami model [53|. Using the knowledge of standard fading models, the capacity of a

SISO channel is expressed as

P .
C =log(1+ m) bits/s/H z; (2.1)

where w is the number of samples per second, P is the average energy per transmit
symbol and N(0, Np) is additive white Gaussian noise (AWGN). When we extend this
formula for SIMO or MISO channel, the capacity of such a system turns out to be

Pl

= 1
C =log(1l+ N,

) bits/s/Hz; (2.2)
where h is a vector of channel transfer function coefficients at the receiver or transmitter
side respectively. However, for a MIMO channel, due to the presence of transmit-receive

diversity, the channel modeling is relatively difficult. This is discussed next.

2.2.1 MIMO channel model

MIMO architectures are useful for combined transmit receive diversity. For its parallel
mode of transmission, MIMO systems offer high data rates in a narrow bandwidth. MIMO
systems, characterized by multiple antenna elements at the transmitter and receiver,
have demonstrated the potential for increased capacity in rich multipath environments
[10]. A generic MIMO system maybe shown as in Figure 2.1. MIMO approach is to
transmit and receive two or more data streams through a single radio channel. This
means the system can deliver two or more times the data rate per channel. By allowing
for simultaneous transmission of multiple data streams (Figure 2.1), MIMO multiplies
wireless data capacity without using additional frequency spectrum. Peak throughput in
MIMO systems increases by a factor equal to the number of signal streams transmitted in
the radio channel. Because there are multiple signals, each of which is transmitted from
a different radio and antenna, MIMO signals are sometimes called “multidimensional”
signals. Conventional radio signals are referred to as “one-dimensional signals” because

they only transmit one data stream over the radio channel even if multiple antennas are
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Figure 2.1: A generic MIMO scheme

used [8] [9]. A generic MIMO system maybe represented as below:

A mxn linear MIMO system with outputs x1, zs, - - - , x,,, and inputs s1, o, - - , S, can be
eXpressed as: Tp = .fl(sla 82,0 asm)7 Ty = f?(sla 82, asm)a o, T = fn(817 52, >Sm)
where fi(.) represents a transformation function at the i’ receiver end. The MIMO

channel input-output relationship may be written as |3]
x(n) = H(n)s(n) + v(n) (2.3)

where x(n) is an M x 1 vector with x;(n), i= 1, ---, M as the elements, s(n) is an N x 1
vector of the input symbols, v(n) is an additive noise vector, H(n) is an M x N channel
matrix with elements h;;(n), i =1,--- , M, j =1,2,--- , N denoting the transfer function
between the j™ transmit and i’ receive antennas respectively. Channel related variations
modeled by Rayleigh and Rician distribution can also be included in the channel matrix
H.

Unlike traditional means of increasing throughput, MIMO systems do not increase band-
width in order to increase throughput. They simply exploit the spatial dimension by
increasing the number of unique spatial paths between the transmitter and receiver.
However, to ensure that the channel matrix is invertible, MIMO systems require an envi-
ronment rich in multipath. This has significant ramifications as it suggests that operators
can provide broadband services within the current spectrum. Staying at the current car-
rier frequencies implies that [8] [9]: (a) signals can propagate further thus reducing the
cost of overall network deployment and (b) RF subsystems can be built using today’s
well understood and inexpensive processes.

For fuzzy based MIMO channel modeling described in Chapter 5, the above considerations
are a bit modified. Using an OFDM signal for a 4 x 4 MIMO set-up the input-output
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relation maybe written as
zi(k+1) = [si(k) + s;(k — 7)|H (i, k) + v(k) (2.4)

where z;(k 4+ 1) is the received signal at time k + 1, s;(k) is the transmitted signal
state at time k, s;(k — 7) is the transmitted signal at time k — 7, F(.) is a mapping
function representing the transformation in the transmission, 7 is the delay associated
with multipath fading and the channel coefficients for i input and &' time constitutes
the channel matrix H(i, k). The expression (2.4) shows the contribution of direct and
delayed versions of the signal components while propagating through the MIMO channel.
The mapping function F'(.) also relates present and delayed versions of the signal s along
with the channel matrix H for formulating a generation mechanism of the received signal
sequences which also includes considerable amount of CCI.

In general, the received signal state at time k£ + n can be expressed as
zi(k+n) = Flsi(k,7),s:(k), H(i,k)] + v(k). (2.5)

In another form, expression of the received signal in a MIMO set-up maybe expressed

showing dependence of delayed outputs and other parameters as below

g(n) = FMG[g(n_ 1)7 7'%(7?'_ 1)7 7[H]7] (26)

where F'M¢ is a fuzzy mapping process to be generated by an ANN-based process. The
expression g(n) becomes the target pattern which should be given to a soft-computational
tool during training. The requirement is to design another ANN-based process such that

its output is given by

yb(”) = FMG[:&(” - 1>7 e 7j(n - 1)7 [H], [W]v [V],é] (27)

so that jg(n) tends to §(n) in terms of a cost function. Here [W], [V] and 6 are forward
and backward connectionist weights and biases respectively. Therefore, the training of a

fuzzy process is related to the minimization of a cost function expressed as

1
CF = m Z Z d(ydu yai) (2-8>

where T'N is the number of training samples, V' D is the dimension of the samples, d(.)
is a distance measure, y4; is the desired output and y,; is the actual output. The channel
matrix H represents the wireless medium through which the propagation takes place.

This channel is considered to be a time variant system with an impulse response given
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by [53]:

Np—1

h(t,7) = D ag(t, 7) exp(j(2m fe7y(t) + &(t, 7)))8(T — 74(1)); (2.9)

g=0
where N, is the number of multipath components, a,(t,7) is the amplitude component

and 7,(t) is the excess delay component caused by the g multipath component at time

t and ¢ is the delta function. The inverse dynamics allows a definition

~

[H (i, k)] = Glai(k), z;(k — 7)] (2.10)

and

[3:(k)] = Glai(k), zi(k — 7)]. (2.11)

The received signal states x;(k) and x;(k —7) can be obtained from expressions (2.4) and
(2.5). The mapping G/[.] represents a trained soft-computational tool which can apply its
learning to estimate the channel coefficients and recover the signal symbols. It signifies a
modeling mechanism related to the MIMO channel from which the significant and CCI
coefficients can be determined from the received and transmitted signal components. The
inverse dynamics resembles a control process the outcome of which, denoted by H, is
regulated by factors like the received signal z;(k), transmitted signal s;(k) and pathdelay
7. It indicates that some apriori knowledge about the transmitted content is required
which enables the system to learn the patterns and then use the learning for estimating
the channel coefficients and recovering the symbol bits from the received content. The
channel matrix H can be determined from the inverse dynamics G|.] obtained from the

following sets of data:

[z:(k), si(k), si(k — 7)]. (2.12)
The learning of the soft-computational network is oriented to achieve the following ob-
jectives:

le(i, k)|1> = [|H (i, k) — H(, k)| (2.13)
lea(i, K)IIP = [lsi(k) — 3 (k)] (2.14)

from which
lex(i, k)|I> = I|H(i k) — Glai(k), zi(k, 7)]| (2.15)
lea(i, K)|I> = [|si(k) — Glai(k), z:(k, 7). (2.16)

These considerations are followed while designing the MIMO channel modeling approaches

described in the subsequent chapters.
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2.2.2 Performance gains in a MIMO channel
The capacity of an n; x n, i.i.d. Rayleigh fading MIMO channel H with receiver CSI is:

SNR

Uz

Con(SNR) = FE [log det (I, + HH")). (2.17)
In an n x n MIMO channel, the capacity increases linearly with n over the entire SNR
range. With channel knowledge at the transmitter, an additional n;/n,-fold transmit

beamforming gain can be realized with an additional power gain from temporal-spatial
waterfilling at low SNR [96].

2.2.3 MIMO channel estimation methods

Channel estimation is an integral part of the receiver designs [55]. For conventional co-
herent receivers, the effect of the channel on the transmitted signal must be estimated to
recover the transmitted information [56]. As long as the receiver can accurately estimate
the modification in the transmitted signal, it can recover the content of the signal. Chan-
nel estimation can be avoided by using differential modulation techniques, however, such
systems result in low data rate and there is a penalty for 34 dB SNR [57] [58]. In some
cases, channel estimation at user side is not required when the base station performs the
channel estimation and sends a pre-distorted signal [59]. However, for fast varying chan-
nels, the pre-distorted signal is unlikely to convey the current state of channel distortion
which will reduce reliability of the process. Hence, systems with a channel estimation
block are needed for the future high data rate systems [60]. There are two main types
of channel estimation for most of the practical systems- blind and non-blind for MIMO
systems. Out of all the present channel estimation techniques, training based algorithms
have low computational complexity and good robustness in noisy environments [61]. So,
these are popular and the most dominant channel estimation techniques. Blind channel
estimation techniques have high computational complexity, hence have not been con-
sidered for this work. The non-blind channel estimation can be studied under two main
groups: decision directed channel estimation and data aided. In decision directed channel
estimation (DDCE), for the data detection of the current estimation, channel estimation
of a previous symbol is used. The newly detected data is then used for current channel
estimation. In DDCE, since an outdated channel is used in the decoding process, so the
estimates are less reliable as the channel can vary drastically from symbol to symbol.
Hence additional information is usually incorporated in DDCE such as periodically sent
training symbols, channel coding, interleaving, and iterative type approach for boosting
its performance [60].

In block-type pilot channel estimation, pilot tones are inserted into all subcarriers (pilot
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symbols) of signal symbols with a specific period in time. The block-type pilot is devel-
oped under the assumption of slow fading channel [60]. Two basic algorithms for block
type pilot based channel estimation are LS and MMSE channel estimation. As we have
referred to these methods in the work reported in the thesis, we shall briefly focus on

them. Other methods are beyond the scope of this thesis.

1. Least-Square (LS) Estimation: In real time applications, a prior knowledge
about the channel and noise statistics is not possible. It features simplicity, because
no consideration of noise and ISI is needed for it. Without using any knowledge of
the statistics of the channels, the LS estimator generates the signal samples with
low complexity. But this method suffers from a high MSE. So, generally LS method

is utilized to get initial estimates for many channel estimation techniques [60].

2. Minimum Mean Square Error (MMSE) Estimation:
As the name suggests, MMSE estimator minimizes the MSE by employing the
second order statistics of the channel conditions [62]. The MMSE estimation gives
much better performance than LS estimator especially under low SNR scenario [60].
The MMSE estimation shows 10 — 15 dB gain in SNR for the same MSE over LS
estimation [59] [60]. But for systems with high SNR, the performance of MMSE

estimation is the same as LS estimation.

Some relevant literature are [55]-[65].

2.2.4 Symbol recovery for MIMO channels

Symbol recovery enables a system to capture the relevant data bits from the received
content which we have considered as part of a composite process along with channel
estimation. Here, the received signal is taken to be a modified form of that given by
equation 2.3. It is expressed as

x=s+H+v (2.18)

where % is a convolution operation of the signal s, H is the channel matrix and v is the
AWGN. The output of a trained classifier like ANN is the signal x which is compared
with the received signal x. The symbol recovery is carried out by using xy /s assuming
that AWGN v can be ignored as the training makes the ANN resilient enough to minimize

its ill-effects. An error signal e is obtained such that

e=X—Xy. (2.19)
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Here sy is the signal generated by the ANN such that
xy =s*xHy+v (2.20)

with Hy being the ANN estimated channel matrix. At the trained state e — 0 such
that sy — s.

Statistical approaches are preferred for performing symbol recovery operation in MIMO
systems [66]-]69]. This is because of the fact that these approaches are able to provide
satisfactory discrimination capacity and have proven to be reliable with acceptable com-
putational complexities. They use statistical or deterministic properties of the transmit
and receive signals, properties such as cyclic and pilot-induced redundancy, cyclostation-
arity, finite alphabets, virtual carriers etc have been effectively exploited [70]-[72]. ANN
approach can be an important addition to this list as it can effectively use its ability
to learn and work as part of composite blocks to perform symbol recovery and channel

estimation together which is attempted in the subsequent chapters.

2.3 Soft-Computational Tools

Soft computing is the mixture of processes and methodologies that are designed to model
and generate solutions to handle real world problems [73]. Soft computing, also called
the Computational Theory of Perception, is a term first introduced by Dr. Lotfi Zadeh—
the father of Fuzzy Logic, in 1981, to mean systems that “exploit the tolerance for impre-
cision, uncertainty, and partial truth to achieve tractability, robustness, low solution cost
and better rapport with reliability”. Zadeh visualized the creation of new generation Ar-
tificial Intelligence (AI), known as Computational Intelligence (CI) which covered fuzzy
logic, neural computing, evolutionary computing and probabilistic computing as main
methodologies [73]-[81]. The applications of soft computing have provided two main ad-
vantages. First, it made solving nonlinear problems, in which mathematical models are
not available, possible. Second, it introduced the human knowledge such as cognition,
recognition, understanding, learning, retentivity and others into the fields of computing.
This resulted in the possibility of constructing intelligent systems such as autonomous
systems. Though soft computation includes several branches like fuzzy logic, neural com-
puting, evolutionary computing, probabilistic computing etc, but here we are concerned
only with ANN and fuzzy systems, since our treatment is based on these two techniques

in the subsequent chapters.
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2.3.1 Artificial Neural Network (ANN)

ANN is an information processing paradigm that is inspired by the way biological nervous
systems, such as the brain, process information. The key element of this paradigm is the
novel structure composed of a large number of highly interconnected processing elements

(neurones) working in unison to solve specific problems [34], [82], [83].

1. Basic Considerations of ANN: An ANN has certain performance characteristics
with some commonality with biological neural networks [83] formed by neurons. A
generic biological neuron is shown in Figure 2.2 [34] [83]. A mathematical analogy
named the McCulloch-Pitts Neuron (1943) [34] is the primary processing unit of the
ANN. The block diagram of Figure 2.3 shows the model of an artificial neuron [34],
which forms the basis of designing an ANN. From this model the interval activity

of a neuron k can be shown to be

Uy = Zwijj (2.21)
j=1

TH-1116_09610211 20



and
Y = go(uk -+ bk) (222)

where x1, xo, - - -,z are the input signals, wy1, W, - - - , Wiy are the synaptic weights
of neuron k, by, is the bias, ¢(.) is the activation function and yy is the output signal
of the neuron. The activation function acts as a squashing function or a transfer
function, such that the output of a neuron in a ANN is between certain values
(usually 0 and 1, or -1 and 1). The basic types of activation functions are, namely,
threshold function, linear function, sigmoid function, tan-sigmoid function etc [34].
The learning algorithms define an architectural-dependent procedure to encode pat-
tern information into weights to generate these internal models. These information
codes are retained by the adaptation and modification that takes place while the
training continues. Learning proceeds by modifying connection strengths [82]. In
artificial systems, learning changes the synaptic weights in the model [82]. Learn-
ing is data driven. The nature of capturing details of applied samples allows to

demarcate learning algorithms into two categories:

(a) Supervised Learning- Supervised learning employs the teaching input D, ,
the associates of X}, to reduce the error (D, Sy) in the response the system.
Input-output sample pairs are employed to train the ANN through a simple
form of error correction learning or gradient descent weight adaptation. These
procedure are based on global error measures derived from the difference be-

tween the desired (Dy) and actual (Si) output of the network.

(b) Unsupervised Learning- The alternate way of learning is to simply provide
the system with an input Xj, and allow it to self-organize its parameters,
which are the weight of the network to generate internal prototypes of sample
vector. An unsupervised learning system attempt to represent the entire data
set by employing a small number of prototypical vectors- enough to allow the
system to retain a desired level of discrimination between samples. There is no
teaching input. This kind of learning is similar to adaptive vector quantization

and is essentially competitive in nature.

2. A Few ANN Classes: Depending on various learning rules, a few fundamental

classes of ANN architectures are defined as mentioned below:

(a) Single-Layer Feedforward Networks: In a layered ANN, the neurons are
organized in the form of layers. In this simplest form of layered network, there
is an input layer of source nodes that projects onto an output layer of neurons,
but not vice versa. In other words this network is strictly a feedforward or

acyclic type. A single-layer network with R input elements and S neurons is
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shown in Figure 2.4. Such a network is called single layer network, with the

designation “single-layer” referring to the output layer of computation neurons
[34].

Multilayer Feedforward Networks: The second class of a feedforward
ANN distinguishes itself by the presence of one or more hidden layers in be-
tween the input and output layers, whose computation nodes are correspond-
ingly called hidden neurons or hidden units. The function of neurons is to
intervene between the external input and the network output in some use-
ful manner. By adding one or more hidden layers, the network is enabled to
extract higher-order statistics. The ability of hidden neurons to extract higher-
order statistics is particularly valuable when the size of the input layer is large
[34]. The architectural graph in Figure 2.5 shows a representation of a simple
3-layer feedforward ANN with a few input, hidden and output nodes [34]. The
MLP is the product of several researchers: Frank Rosenblatt (1958), H. D.
Block (1962) and M. L. Minsky with S. A. Papart (1988). Backpropagation,
the training algorithm, was discovered independently by several researchers

(Rumelhart et. al.(1986) and also McClelland and Rumelhart (1988). A sim-
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ple perceptron is a single McCulloch-Pitts neuron trained by the perceptron

learning rule, given as:

O = g(([W].[x] + b) (2.23)

where x is the input vector, w is the associated weight vector, [w].[x] is the
element wise product, b is a bias value and ¢(.) is the activation function. Such
a setup, namely the perceptron is able to classify only linearly separable data.
A MLP, in contrast, consists of several layers of neurons. The equation for
output in a MLP with one hidden layer is given as:
M
Oje =2 > _ Ll [whyile] + bi} (2.24)

Gl —1

where f;; represents the i activation function in the 5 layer, w;; is the weight
matrix for j%* layer value between the i** hidden neuron and x input patterns
with b; bias. The process of adjusting the weights and biases of a perceptron
or MLP is known as training. The perceptron algorithm (for training simple
perceptrons consists of comparing the output of the perceptron with an asso-
ciated target value. The most common training algorithm for MLPs is (error)
backpropagation (BP). This algorithm entails a back propagation of the error
correction through each neuron in the network. Classification by a ANN in-
volves training it so as to provide an optimum decision rule for classifying all
the outputs of the network. The training should minimize the risk functional
[34] :

1 2
R=ox) lld; = Fla)) (2.25)

where d; is the desired output pattern for the prototype vector z;, |.| is
the Euclidean norm of the enclosed vector, N is the total number of samples
presented to the network in training and F'(.) is a mapping representing the
output of the ANN. The decision rule can be given by the output of the

network:
Yrj = Fr(z) (2.26)

for the j input vector z; applied to the network, the response of which is
approximated by the function F(.) for the k' neuron. The MLPs provide
global approximations to non-linear mapping from the input to the output
layers. Training the ANN is done in two broad passes -one a forward pass
and the other a backward calculation with error determination and connecting
weight updating in between. Batch training method is adopted as it accelerates

the speed of training and the rate of convergence of the MSE to the desired
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value [34]. The steps are as below:

i. Initialization and presentation of training samples: Initialize weight
matrix W with random values either between [-1,1] if or [0, 1]. Input is

Pm = [pmlapm% o 7me]- The desired OUtPUt 1s dm:[dmla dm2a o 7dmL]-

e Compute the values of the hidden nodes as:
L
nety; = D wip™ + b (2:27)
i=1

where w’; represent the weight matrix at j hidden layer for i neuron

receiving p™ patterns.

e (Calculate the output from the hidden layer as

G — ff(netfnj) (2.28)

mj

where the value of net!,; is obtained from the expression (2.27). The

function maybe f(z) = eir or f(r) = £=%— depending upon the

eT+e®

activation considered.

e (Calculate the values of the output node as:
0% = FD_(0hywiy)) (2.29)
J

where the value of o?nj is obtained from expression (2.28) and wy; is
the set of weight values for k" previous layer and j** neuron.

ii. Forward Computation: Compute the errors:
€jn = djn — Ojn (230)

where d;, is the desired response for the 4" neuron for n'* sample.
Calculate the MSE as:

M L
Zj:l Zn::l e?n
5 .

MSE = 2.31
= (231)

Error terms for the output layer is:
ke = O (1 = 0D ) €mic (2.32)

where the value of OZ”- is obtained from expression (2.28) and for k"

sample, the term e, is evaluated using the equation (2.30). Error terms
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for the hidden layer:
oh o =ol (1 —o, ZZ i Wik (2.33)

where 47, ; is obtained from expression (2.32) and w$; is the 4% layer weight

for k" neuron in the output layer.
iii. Weight Update:
e Between the output and hidden layers

wy;(t + 1) = wp;(t) + 16,07, (2.34)

where 02, is obtained from expression (2.33), o, is derived from

expression (2.29) for the j* neuron and 7 is the learning rate (0<n<1).

e Between the hidden layer and input layer:
wyi(n + 1) = wy;(n) +nd,,;p™. (2.35)

A momentum term, «, helps in better convergence of the training which
is added as:

(1 — a)wli(n + 1) = wli(t) + nél pi — awji(n). (2.36)

One cycle through the complete training set forms one epoch. The above
is repeated till MSE meets the performance criteria. While repeating the
above the number of epoch elapsed is counted. A few methods used for MLP
training includes: (a) Gradient Descent (GDBP), (b) Gradient Descent with
Momentum BP (GDMBP), (¢) Gradient Descent with Adaptive Learning Rate

P (GDALRBP) and (d) Gradient Descent with Adaptive Learning Rate and
Momentum BP (GDALMBP).

2.3.2 Recurrent Neural Network (RNN)

A RNN is another approach which distinguish itself from a feedforward ANN in that
it has at least one feedback loop [34]. A RNN may consist of a single layer of neurons
with each or a few of these processing units feeding complete or part of the output signal
back to the input side, as illustrated in the architectural graph of Figure 2.6. The RNN
may have feedback from the output neurons to the input layer or to the hidden layer.
Another possible form of the feed back is from the output to the hidden and next to the
input layer from the hidden [34]. The feedback path provides the RNN storage capability
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which makes it dynamic enabling it to track time variation in the input signal. It also

facilitates accumulation of learning at each instant of time for which the training is faster

and takes lesser number of epochs than the MLP.

e Learning Algorithms The basic algorithms for RNNs are summarized below-

1.

TH-1116_09610211

Back-Propagation Through Time: The back propagation through time
(BPTT) algorithm for training of a recurrent network is an extension of the
standard back-propagation algorithm. It may be derived by unfolding the
temporal of the network into a layered feedforward network, the topology of

which grows by one layer at every time step.

. Real-Time Recurrent Learning: Another learning method, referred to

as real-time recurrent network (RTRL), derives its name from the fact that
adjustments are made to the synaptic weights of a fully connected RNN in
real time, i.e. while the network continues to perform its signal processing
function (Williams and Zipser, 1989). The network has two distinct layers:
a concatenated input-feedback layer and a processing layer of computation
nodes. Correspondingly, the synaptic connections of the network are made up

of feedforward and feedback connection.

Decoupled Extended Kalman Filter (DEKF) and RNN Learning:
Despite its relative simplicity (as compared to recurrent back-propagation),
the problem of vanishing gradient makes the RNN training using direct gra-
dient descent algorithm to be a slow process to converge. The solution to this
problem has been derived by considering the training of RNN to be an opti-
mum filtering problem similar to that shown by the Kalman filter. Here only
previous data requires storage. This algorithm is derived from the Extended
Kalman Filter (EKF) algorithm. The EKF is a state estimation technique

for nonlinear systems derived from the Kalman filter algorithm considering
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the current state estimate. Similarly, by configuring the network with decou-
pled subnetworks, related learning is carried out with considerable reduction
in computations [84] which results in saving training time. This gives rise to
the Decoupled Extended Kalman Filter (DEKF) algorithm [34].

Complex - Valued RTRL Algorithm: Figure 2.7 shows a CFRNN block,
which consists of N neurons with p external inputs. The network has two
distinct layers consisting of the external input-feedback layer and a layer of
processing elements. Let y;(k) denote the complex valued output of each
neuron, [ = 1,--- | N at time index k£ and s(k) the (1 x p) external complex-
valued input vector. The overall input to the network I(k) represents the

concatenation of vectors y(k), s(k) and the bias input (1+ j), and is given by

70— ( [s(k = 1), sk =p). 1+ jyn(k = 1), yw(k — DI )2.37)

where j = /=1, (.)T denotes the vector transpose operator and the super-
scripts (.)" and (.)? denote, respectively,the real and imaginary parts of a
complex number. A complex valued weight matrix of the network is denoted
by W, where for the i'* neuron, its weights form a (p+ F +1) x 1 dimensional
weight vector W, = [wy1,... wipy F+1]T where [ is the number of feedback con-
nections. The feedback connections represent the delayed output signals of

the CFRNN. The output of each neuron can be expressed as

(k) = ¢(net)(k)),l=1,---, N. (2.38)
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Table 2.1: Computational complexity of RNN training algorithms

SI Num | Algorithm Computational
Complexity
1 BPTT Time and storage, O(WL~+SL)
RTRL | Time = O(WS?L), Storage=0(WS)
3 DEKF Time=0(p*W +p > 7 k?)

Storage=0(>_%_, k?)
p is the no. of outputs,
g is the no. of groups
k; is the no. of neurons in group k;
4 CRTL Time complexity= O(N*)
Storage complexity= O(N?)

where
p+N+1

nety(k) = Y wya(k)L(k) (2.39)

n=1

is the net input to ["* node at time index k. For simplicity, we state that
yi(k) = ¢" (nety(k)) + jo' (nety(k)) = ul(k) + ju(k) (2.40)

net; (k) = oy(k) + jn(k) (2.41)

where ¢ is a complex nonlinear activation function [85].

The output error consists of its real and imaginary parts and is defined as
ei(k) = d(k) — yi(k) = €] (k) + jei (k) (2.42)

e (k) = d"(k) = wi(k), ey (k) = d'(k) —vi(k), (2.43)

where d(k) is the teaching signal. For real time applications the cost function
of the RNN is given by (Widrow et al., 1975) [85],

DI+ (e)’, (244)

=1

N —
N =

B = 53 Lal®) P= 3 S alk)ei (k) =

where (.)* denotes the complex conjugate.

5. Computational Complexity of BPTT, RTRL, DEKF and CRTRL
Algorithms: Let S be the number of states, W be the number of synaptic
weights and L be the length of the training sequence. The computational

complexity [34] of these algorithms maybe summarized as in Table 2.1.
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Figure 2.8: Self Organizing Map

2.3.3 Self Organizing Map (SOM)

Self organizing map (SOM) is a type of ANN developed by Kohonen, (Figure 2.8) prefer-
able for reducing dimensions. It is done by producing a map of usually one or two
dimensions that plots the similarities of the data by grouping the closely matching data
items together. The SOM uses an unsupervised learning method to map high dimen-
sional data into a 1 — D, 2 — D or 3 — D data space, subject to a topological ordering
constraint. A major advantage is that the clustering produced by the SOM retains the
underlying structure of the input space, while the dimensionality of the space is reduced
[86]. The following are among some of methods used for training and weight updating of
SOMs as part of competitive learning [82] [86]: (a) Inner Product and (b) Euclidean Dis-
tance Based Competition. A detailed account of the two methods are given in [34] [82].
A SOM follows competitive learning which is based upon a philosophy called ‘winners
take all’. Competitive learning requires that the weight vector of the winning neuron
be made to correlate more with the input vector. This is done by perturbation of only
the winning weight vector W; = (wys, -+ ,w,s)* towards the input vector. The scalar

implementation of this learning law in difference form is presented below:

witt = wk; + nxf =%\ N, (2.45)

The weight grows without bound for which some form of normalization is appended as

k
Wi = why + (e — wl) i=1,-,n. (2.46)

>

This expression leads to total weight normalization so that the total weight update is
given as:
Wity = Wiy +1(1 = W) (2.47)
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where WJ(k) = > ,w¥,. If the inputs are already normalized then normalization is not

required and weight update is direct:

A standard competitive form of the competitive learning in discrete time is given as:

wffl:wfj—l—ns?(xf—wfj) i=1,---n j=1---m (2.49)
where s;? = 1 only for j = J and is zero otherwise, for a hard competitive field. This
represents the most suitable weight value obtained from the competitive learning mech-
anism which makes it appropriate for an optimization process. The optimization thus
generated is fast and reliable. These aspects of the SOM are applied for designing certain
modeling mechanism of the time-varying MIMO channels using RNN and fuzzy systems

which are described in detail in Chapter 4 and 5.

2.3.4 Fuzzy systems

Fuzzy systems were derived from the work in the field of Fuzzy Logic carried out by Zadeh
(1965). The invention or proposition of Fuzzy Sets was motivated by the need to capture
and represent the real world with its fuzzy data due to uncertainty. Uncertainty can be
caused by imprecision in measurement due to several factors and other reasons. Zadeh
showed the limitations of Crisp Set Theory in representing such descriptions and classi-
fications. Unlike crisp sets, fuzzy systems generate intermediate steps or stages defined
using membership functions. Crisp sets can be useful for many situations but cannot
quantify situations like ‘very young, young, not so old’ related to age or ‘desirable city to
live in’” etc. Hence, crisp sets are a special case or a subset, of fuzzy sets, where elements
are allowed a membership degree of 100% or 0% but nothing in between [77]. Some
of the advantages of fuzzy logic can be summarized as (a) formulation of conceptually
easy set of rules for input processing and decision making, (b) flexibility, (c¢) tolerance
to imprecise data, (c) ability to model nonlinear functions of unknown complexity, (d)
capability to relate previous experience and knowledge for deriving decisions, (e) work
in concert with conventional techniques and improve performance and (f) formulation of
fuzzy systems using basic principles of natural language. These attributes make the fuzzy
systems suitable for modeling of MIMO channels as described in Chapter 5. Fuzzy sets
are characterized by membership functions which assigns to each element x in a fuzzy
set a number, A(z), in the closed unit interval [0,1]. The number, A(z), represents the
degree of membership of x in A. In the case of crisp sets, the members of a set are

either out of the set, with membership degree of zero, or in the set, with the value one
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Figure 2.9: Components of a fuzzy system

being the degree of membership. The primary components of a fuzzy-based system are
fuzzification, inference and defuzzification stages which is shown in Figure 2.9. But there
are problems associated with fuzzy systems as well. Some of them can be: (i) Stability:
No theoretical guarantee can be assumed regarding the fact that a general fuzzy system
remains stable. (ii) Learning capability: Fuzzy systems lack capabilities of learning and
have no memory. It necessitates hybrid systems, particularly neuro-fuzzy system (NFS)
and fuzzy-neural system (FNS). (iii) Membership functions and fuzzy rules: Defining
appropriate membership functions and fuzzy rules are not always easy. It is always a
complicated task to determine membership functions and related rules. Fuzzy systems
can be broadly categorized into two families. The first includes linguistic models based
on collections of IFF — THEN rules, whose antecedents and consequents utilize fuzzy
values. It uses fuzzy reasoning and the system behavior described in natural terms. The
Mamdani model [78] falls in this group. The second category, based on Sugeno-type
systems [79], uses a rule structure that has fuzzy antecedent and functional consequent
parts. The approach approximates a nonlinear system representing both qualitative and
quantitative information and allow relatively easier application of powerful learning tech-
niques for their identification from data [79]. They are capable of approximating any

continuous real-valued function on a compact set to any degree of accuracy [79] [35].

2.3.5 Fuzzy neural systems

The need for developing hybrid systems that combine fuzzy technology and ANN was
motivated by the shortcomings and the complementary nature of each of the two method-
ologies. The performance of ANN becomes degraded and less robust when the inputs are

not well defined, i.e., fuzzy inputs. On the other hand, fuzzy systems are not capable
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of learning. Moreover, the fuzzy rules that define the input/output relationship must be
known in advance. Therefore, combining the two technologies to create hybrid systems
that fill the gabs of one paradigm by means of the other is highly motivated [90].

Both fuzzy systems and ANN’s are soft computing approaches formulated to deal with
uncertainty and provide decision with expert-level knowledge and behavior. The goal is
to mimic the actions of an expert who solves complex problems [35]. Both ANN and fuzzy
system are dynamic, parallel processing systems that estimate input-output functions.
They estimate a function without any mathematical model and learn from experience
with sample data. A fuzzy system adaptively infers and modifies its fuzzy associations
from representative numerical samples. ANNs, on the other hand, can blindly generate
and refine fuzzy rules from training data [73|. Fuzzy sets are considered to be advan-
tageous in the logical field, and in handling higher order processing easily. The higher
flexibility is a characteristic feature of ANNs produced by learning and, hence, this suits
data-driven processing better |74] [35].

Fuzzy logic and ANNs are suited for contrasting application requirements. For example,
fuzzy systems are appropriate if sufficient expert knowledge about the process is available,
while ANNs are useful if sufficient process data are available or measurable. ANNs are
treated in a numeric quantitative manner, whereas fuzzy systems are handled in a sym-
bolic qualitative manner. Fuzzy systems, however, exhibit both symbolic and numeric
features. Therefore, neural and fuzzy systems together creates a frame work which leads
to a symbiotic relationship in which fuzzy systems provide a powerful framework for ex-
pert knowledge representation, while ANNs provide learning capabilities and exceptional
suitability for computationally efficient hardware implementations. The significance of
this integration becomes even more apparent by considering their disparities. ANNs don’t
provide a strong scheme for knowledge representation, while fuzzy logic controllers do not

possess capabilities for automated learning [35].

2.4 Conclusion

In this chapter, initially we have dealt with basic characteristics of the MIMO channels
and the conventional statistical channel estimation methods and symbol recovery tech-
niques. Next, we covered briefly the fundamental considerations of the ANN and some of
its special versions used for the work included in this thesis. Next we included the basics
of a fuzzy system which can be efficiently combined with a neural network for modeling
MIMO channels. Since the principal objective of the next three chapters is to model
efficiently a MIMO channel by means of different kind of soft-computing tools, the basic
concepts presented here in this chapter would help readers understand the mathematical

deductions in the sequel. Apart from ANN and RNN, fuzzy based composite systems are
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preferred in our work over GA approaches for reasons as explained later in Chapter 5 and

thus the introductory notion of fuzzy systems have also been taken up in this chapter.
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Chapter 3

MIMO Channel Modeling using MLP

and its Temporal Form

3.1 Introduction

In general, wireless channels, including MIMO channels, are modeled by statistical means.
Estimation of channels, and symbol recovery as a consequence, however, can be done
better if the transmitter, channel and receiver side information (TCRSI) can be utilized
in proper manner as is done in adaptive systems. Soft-computational tools too, due to
their ability to learn, can use TCRSI and contribute towards better performance [101] to
estimate MIMO channels. They, however, prove to be effective mainly for slowly varying
channels as is suggested by most of the literature [11]-[17]. It should also be noted that
although statistical approaches are preferred for performing symbol recovery operation
[66]-[69], an ANN can also accomplish the same. Nevertheless, symbol recovery in MIMO
wireless systems using ANN has not yet been reported to the best of our knowledge due
of the fact that in the rudimentary form, the ANN fails to make discrimination between
finely varying input patterns which is a frequently observed event in the communication
arena. Therefore, the primary challenge in this work has been to devise a proper form
of ANN so that not only the channel estimation can be done, but the task of symbol
recovery can be achieved as well. The next challenge has been to incorporate the temporal
behaviour in the MLP [102]-[104] with suitable architectural modifications enabling it to
track the time-varying nature of the input signals properly.

In this chapter, we propose a proper ANN based modeling of the MIMO channels under
time-varying multipath fading environment. In particular, the first challenge is treated
with two different MLP structures for training, validation and testing purpose, one for
channel estimation and the other for symbol recovery. The second challenge is met by

replacing the synaptic weights shared by the artificial neurons in input, hidden and output
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layers by the well known Finite Impulse Response (FIR) and Infinite Impulse Response
(ITR) units. Here, in specific, two modified architectures of MLP are proposed that
can effectively deal with practical time variations of a MIMO channel and can be used
both for channel estimation and symbol recovery. In the basic form, the connectionist
weights between the neurons of the MLP are replaced by FIR and IIR links [102]-[104].
These links are used in several forms and combinations which facilitate the formation of
a few MLP structures that demonstrates better ability to track time-varying properties
of signals propagating through a MIMO channel. The work is also extended at the end to
include OFDM transmissions since the combination of MIMO-OFDM together provides
greater spatial multiplexing gain [91]-[100].

3.2 Training, Validation and Testing of ANN

Accuracy of a prediction and estimation process depends, to a large extent, on enhanced
accuracy of classification. In case of ANN, this is dependent on the configuration and
the training [34]. The specific ANN type considered here in this work is a MLP which
is a class of feedforward structure. The application of the MLPs for MIMO channel
modeling considers multiple aspects. The first is the training, next is the validation
and finally checking of the robustness of the MLP under a range of channel conditions.
The training is carried out by using signal inputs from the transmitter section. The
set-up is so constituted that it can tackle any estimation problem despite the presence
of irregularities with no parametric dependence. The (error) back-propagation (BP)
algorithm used for training often suffers from more than one problem leading to difficulties
in MSE convergence. The training continues till the MSE convergence attains the desired
level. Here, two simple MLP structures are considered, one named M LPsg intended to
perform symbol recovery and the other named M LPgp trained to carry out channel
estimation. In general, if we consider a received signal with a channel matrix H of
dimension M x N, as given in equation (2.3), where N is the number of transmitting
antennas and M is the number of receiving antennas as before and an input symbol s
of dimension (R + P) x 1 where R is the number of received bits and P denotes the
number of parity bits, then for each row of H, the length of the computed convolution
operation [H”*s] would be (M + P+ R —1). Therefore, the symbol recovery of the order
(P + R) x 1 and the estimation of prime channel coefficient of the order (@ x N) can be
achieved using this convolution operation as shown in Figure 3.1. A shown in Figure 3.1
(a) and Figure 3.1 (c¢), the M LPsg and M LPcg, during the training phase, are provided
with the respective symbol sequences and prime channel coefficients and put into the
validation stage only after attaining a desired MSE during the training.

For simulation purposes, we use two different forms of Clarke-Gans channel model [53]
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Figure 3.1: Arrangement of ANN to perform symbol recovery and channel estimation.
The operations shown are row wise.

each generated using different AWGN inputs viz. £3dB, £5 dB and +10 dB for each of
the Gaussian, Rayleigh and Rician faded channels. In particular, for a 64-bit received
sequence with 7-cyclic prefixes (as done with OFDM) and a twenty tap channel vector
in a 4-path MIMO set-up, the received signal has a length 90 with four rows of which 90
is the number of neurons in the input layer. For the symbol recovery part, the output
layer has a size of 71. For the MLP performing channel estimation, the channel vector

has a length of 20 of which only four significant coefficients are considered.

3.3 Some Results Derived using the Basic ANN Con-

figuration

! Using the basic ANN configurations as shown in the last section, a discrete time mul-
tipath fading channel considered in the modeling process is simulated using the Clarke
and Gans model with a pass-band of 0.2 GHz to 8 GHz to represent a frequency range
suitable for mobile communication. Four channels are used to avoid complications to
begin with which can be extended further. The experiments, though are carried out with

flat response generated using Butterworth filter, can include equi-ripple behavior in the

IPlease note that in this chapter and subsequent chapters, the experiments are usually carried out in
MATLAB with some specialized toolboxes such as Signal Processing Toolbox, Neural Network Toolbox,
Fuzzy Toolbox and the Communication Toolbox on a Dual Core machine @2Ghz with 1GB DDR RAM.
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Table 3.1: Parameters used for simulating channel using Clarke-Gans model

S1 Num Parameter Value
1 Freq., f. 900MH z
2 We 27 f.
3 Mobile Speed, V 3 kmph
4 No. of paths 8
) Wavelength, A ?’Xf—lcos
6 Doppler shift, f,, %

7 Sampling Freq., f, 8 X fm
8 No of samples, N 10000
9 Paths 16
10 Sampling Period, T %

channel response which is a condition that offers greater variation in the patterns for
the ANN to go through the learning process and capture the relevant portion. Another
set of characteristics of the channel model developed using the Clarke-Gans formulation
considers the parameters as given in Table 3.1. The OFDM signals generated for the
work has a center frequency at 100 MHz. The training is carried out by using signal
inputs from the transmitter section. The signal inputs used for ANN training are OFDM
symbols transmitted through the MIMO channel. An illustrative case maybe a sample
set of 6400 bits with OFDM block size of 64, cyclic prefix length of 7, carriers numbering
64 at intervals of 4 with a maximum delay of 10 us taking channel length of 20, a Doppler
shift of maximum 100 Hz and re-transmissions of atleast 10 times. At a given point of
time, for this case 71 bit blocks are transmitted through the channel and the training
performed. The channel conditions are altered between Rayleigh and Rician with cer-
tain SNR variations. The signal symbols and channel-coefficient combined samples used
for training helps the ANN to act as a combined channel estimator and OFDM sym-
bol recovery system. The arrangement for training the MLPs for symbol recovery and
channel estimation is shown in Figure 3.1 (a)-(d). Several configurations of the MLP can
be utilize for training. The ANN configurations used have one input layer, one hidden
layer and one output layer. A single hidden layered MLP is found to be computationally
efficient for the work as 2-hidden layered or a 3-hidden layered MLPs are found to be
showing no significant performance improvement at the cost of slowing down training.
The choice of the length of the hidden layers have been fixed by not following any definite
reasoning but by using trial and error method. For this case several sizes of the hidden
layer have been considered. Table 3.2 shows the performance obtained during training
by varying the size of the hidden layer. The case where the size of the hidden layer taken
to be 1.5 times to that of the input layer is found to be computationally efficient. Its

MSE convergence rate and learning ability is found to be superior to the rest of the cases.
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Figure 3.2: Fading channel simulated using Clarke and Gans model

Table 3.2: Performance variation after 1000 epochs during training of an ANN with
variation of size of the hidden layer

Case Size of hidden MSE Precision
layer (x input layer) | Attained | attained in %
1 0.75 1.2x 1073 87.1
2 1.0 0.56 x 103 87.8
3 1.25 0.8x 107" 87.1
4 1.5 0.3x107* 90.1
5) 1.75 0.6 x 107* 89.2
6 2 0.7x107* 89.8
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Table 3.3: Effect on average MSE convergence after 1000 epochs with variation of acti-

vation functions at input, hidden and output layers

Case Input Hidden Output MSE x

layer Layer Layer 1074
1 log-sigmoid | log-sigmoid | log-sigmoid | 1.45
2 tan-sigmoid | tan-sigmoid | tan-sigmoid | 1.32
3 tan-sigmoid | log-sigmoid | tan-sigmoid | 1.01
4 log-sigmoid | tan-sigmoid | log-sigmoid | 1.08
) log-sigmoid | log-sigmoid | tan-sigmoid | 1.15
6 log-sigmoid | tan-sigmoid | log-sigmoid | 1.19

Hence, the size of the hidden layer of the ANNs considered is 1.5 times to that of the
input layer. The size of the input layer depends upon the length of the input vector and
the output layer represents the number of coefficients retained. The channel length is
taken to be of length 20 for which the four path MIMO set-up creates a 4 x 20 matrix
which is convolved with the transmitted signal determines the size of the output layer.
Noise free and noised data were used for the training.

The training of the ANN for the MIMO channel modeling considers four ANN train-
ing methods to ascertain the best configuration for testing. These are Gradient De-
scent (GDBP), Gradient Descent with Momentum BP (GDMBP), Gradient Descent with
Adaptive Learning Rate BP (GDALRBP) and Gradient Descent with Adaptive Learning
Rate and Momentum BP (GDALMBP). The selection of the activation functions of the
input, hidden and output layers plays another important part in the performance of the
system. A common practice can be to use a similar type of activation function in all
layers. But certain combinations and alterations of activation function types carried out
during training provide improved learning and show a way to attain better performance.
Two types of MLP configurations are considered- the first type constituted by a set of
similar activation functions in all layers of the ANNs and the other with a varied com-
bination of activation functions in different layers. Both these two configurations are
trained with GDMALBP as a measure of training performance standardization. A set
of results derived while performing a series of trials for fixing activation functions of the
MLPs are included in Table 3.3.

Immediately after the training component is over, the performance is validated using a
set of arrangements shown in Figure 3.1 (a)-(d). A data set formed from the training
samples with +10% variation is used for the purpose. At the end of the validation stage,
the ANNs are ready to perform both symbol recovery and channel estimation together.
The simulations carried out are designed with components providing it with similarities
with certain practical situations. The training considerations include time and frequency

domain approaches of generation of signal samples in different block sizes like 64, 128,
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Table 3.4: Capacity (b/s/Hz) achieved by MIMO-channels

Tx-Ryx | SNR=12 dB | SNR—=24 dB
1, 1) 0.3 1.8
(2,2) 2.2 7.2
(3, 3) 5.8 10.8
(4, 4) 75 26.2
(5, 5) 12.5 28.5

6400 and 64,000 bit iterated upto 10 times between four transmitters and receivers in the
MIMO set-up with Rayleigh and Rician fading under varying SNR conditions. It creates
considerable amount of uncertainty which the systems are trained to handle. Moreover
the experiments are repeated with multiple block size pilots with the OFDM transmis-
sions to enable pattern-learning by the MLP blocks for proper identification and recovery
of the transmitted data. The MLP configurations are tested for VOIP based broadcast
under severe fading. The first VOIP transmissions involve 64 and 128-bit size OFDM
data blocks of around fifty while the second set of broadcasts involve over a thousand
6400 and 64,000-bit block transmissions. The training is faster with the first set for the
VOIP application compared to the case when samples of 6400 and 64,000-bit blocks are
used. The above is repeated for Gaussian, Rayleigh and Rician channels and average
BER values noted for SNR values between —10 to 10 dB.

3.3.1 Performance of the MIMO channel

MIMO is an important means to use the available bandwidth effectively. Unlike tra-
ditional means of increasing throughput, MIMO systems do not increase bandwidth in
order to increase throughput. It simply exploits the spatial dimension by increasing the
number of unique spatial paths between the transmitter and receiver. The application
of MIMO-principles increase the effective utilization of the channels. Table 3.4 shows
that compared to a (1,1) Tx-Rx block a (5,5) pair achieves over 40 times more capacity

utilization.

3.3.2 ANN based symbol recovery

The MLPs are tested to check their ability to perform symbol recovery under fluctuating
conditions shown by the MIMO channels. The arrangement shown in Figure 3.1 (a)-(b)
makes the MLP ready to perform symbol recovery during testing. The experiments are
performed with data blocks ranging between 64 to 6400 bit sizes. For slowly varying cases,

the results are satisfactory. The average performance is around 94%. The MLPs, however,
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Table 3.5: Truncated data set used to train an ANN for four different path delays and
four different frequency selective paths of a Rayleigh faded channel

Case 1 2 3 4
Delays 1x107°[15x10°|2x107° [ 25x107°
Path gain 1 | 0.467 0.353 0.555 0.036

Path gain 2 0.281 0.031 0.815 0.732
Path gain 3 | 0.367 0.893 0.462 0.381
Path gain 4 0.212 0.691 0.021 0.811
Table 3.6: Truncated data set used to train an ANN for channel estimation under Rician
fading
Case 1 2 3 4
Delays 1x10°[15x10°|[2x107° [ 25x107°
Path gain 1 0.136 0.446 0.125 0.162
Path gain 2 0.087 0.306 0.595 0.433
Path gain 3 | 0.761 0.239 0.064 0.213
Path gain 4 | 0.572 0.196 0.351 0.087

show an inability to deal with the time-varying nature of the MIMO channels which is
reflected during symbol recovery. When certain training data with minor variations in
content are repeated for certain intervals of time, the MLP responds with a specific set of
values. Despite repeated variations in the content, this response shows nearly no change.
It indicates that the MLPs find it difficult to generalize and have retained or memorized
a fixed set of patterns. The training data, therefore, is again applied with time-varying
channel conditions and the signal symbols repeated. The system shows no improvement.
The MLPs, when face nearly similar patterns being applied to it within certain interval
of time, shows lower performance in tracking the differences between samples applied at

different intervals of it.

3.3.3 ANN based channel estimation

Principles governing training of the ANN have been included in Section 2. Tables 3.5
and 3.6 show data sets used to train an ANN for four different path delays and four
different frequency selective paths of Rayleigh and Rician faded channels generated us-
ing Clarke-Gans model [53|. The size of the data involved in the training is not very
large, hence a careful selection of training sessions is an important criteria to prevent
over training of the ANN and thereby ensure optimum performance. If the ANN is over-
trained it will fail to model the channel in general. Rather, it might memorize a few
coefficients with higher probability. The number of training epochs required, therefore,

are limited to a few hundreds only depending upon the size of the data considered. For
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Figure 3.3: A few samples of channel path gains used for training MLP
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Figure 3.4: Channel path gains generated by MLP after a few hundred training sessions
when used with 64-bit data blocks

64-bit data blocks, training epochs are within a few hundred. But for larger size of data,
the training is confined to a few thousands to enable the ANN learn the patterns appro-
priately.  Figure 3.3 shows a set of four channel path gain samples used with signals
for training the MLP. At the end of around 150-200 sessions (average of ten trails), the
MLP estimates a set of channel coefficients that have path gains as shown in Figure 3.4.
These patterns show that with training upto a few hundred, the MLP is able to track
the channel coefficients properly. But when the training is extended to a few thousands
(1000-1300 for ten trails), the proper tracking which the MLP showed in the previous
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Figure 3.5: Channel path gains generated by MLP with extended training upto a few
thousand sessions when used with 64-bit data blocks

case is not observed. Instead, the MLP captures a few variations with greater probability,
memorizes and generates them in response to a set of inputs applied to it (Figure 3.5).
It is a case of over training and the MLP failing to generalize.

The performance achieved during these epochs are noted as follows: the ANN training
considers the MSE convergence and precision generated in channel estimation, symbol
recovery and the BER calculation. If the MSE has converged to the fixed target value,
the precision levels and the associated BER values are determined. If the values fall
within the desired levels, the training is extended to include more number of samples
which represent varying channel conditions. The iterations are confined to only to a few
hundreds during which a minimum MSE convergence of 0.006 x 1072 has been attained
using the GDALRMBP training method. The ANN trained by following these consider-
ations is taken for performing the channel estimation. The MSE values attained using
different methods of during training is shown in the Table 3.7. The MSE obtained using
GDALRBEP is the lowest within the given training sessions but such values generated by
other training methods are comparable too. Table 3.8 shows the precision performance of
a 1-hidden layered MLP trained with the four mentioned training methods. The highest
precision is around 92.5 % which is attained by the GDMALRBP based training. After
the training aspects are properly addressed, a validation process is carried out which is
followed by testing. Out of the total data, about 30% are used for training, 15% for
validation and rest for testing. The greatest strength of the ANN in such applications is
related to the opportunity that the system derives in extending the performance domain

by adopting better configuration and allowing increased number of sessions to continue
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Table 3.7: MSE attained during training by a one-hidden layered MLP with a learning
rate of 0.4

Sessions | MSE attained with four different training methods H

GDBP GDMBP GDALBP | GDMALRBP
100 41x107% | 3.1x107% | 2.6 x 1072 1.23 x 1072
200 042x1072 031 x 1072021 x 1072 | 0.12x 1072
300 021 x 1072 [ 0.07x 1072 | 0.04 x 1072 | 0.03 x 1072
400 0.02x 1072 { 0.01 x 1072 | 0.01 x 1072 | 0.006 x 102

Table 3.8: Precision performance in % of channel estimation during training by a 1-
hidden layered MLP trained with four different raining methods with a learning rate of
0.4

Sessions | Precision % for different training methods H

GDBP | GDMBP | GDALBP | GDMALRBP
1000 76.1 79.3 83.3 84.2
2000 77.9 81.2 84.2 85.7
3000 79.1 82.3 86.6 89.4
4000 81.9 84.4 88.6 92.5

the learning till the desired performance levels are attained. The learning patterns and
thereby performance of ANN varies with training method. Faster the learning, greater is
the chance of the ANN falling a local trap where the convergence curve oscillates around
a local minima. No such problems have been observed in the present case with all the
four training methods. A set of learning curves of the MLPs during training are shown
in Figure 3.6 (a)-(d). A BER plot (Figure 3.7) is generated using training and and
testing samples to ascertain the performance of the system designed to perform channel
estimation. The MLP trained for a few hundred sessions, track the variations in the
input samples. The performance difference between the training and the testing samples
is less than 10% despite the fact that the sample variation is around 15-20%. Another
set of test samples are used to generate a BER plot (Figure 3.8) which is compared with
an estimator with perfect channel state information (CSI). The perfect CSI state is given
to an estimator by training it with a set of BER values which are generated for the
considered MIMO set-up and fading conditions with apriori knowledge derived from the
theoretical limits. A few results are derived for the statistical channel estimation methods
as well. The results shown are derived from about fifty trials with a host of variations
including SNR and background noise. The MLP based system is found to be resilient
enough in dealing with multipath variations observed in MIMO channels. Figure 3.9
shows a comparative plot between LS, MMSE and MLP based methods of BER value
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Figure 3.7: BER vs SNR plot of estimated channel (4 x 4 MIMO using OFDM) obtained
with MLP during training and testing compared to an estimator with perfect CSI

calculation related to MIMO- channel estimation. The MLP-based values show better
results which can be attributed to the fact that such a system has used TCRSI better
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Figure 3.8: BER vs SNR plot of estimated channel (4 x 4 MIMO using OFDM) obtained
with LS, MMSE, MLP methods compared to an estimator with perfect CSI

than conventional methods. In all the cases of simulation, results are shown considering
the channel to be Rayleigh. Since the results derived from the Rician channel are close

to that obtained from the Rayleigh case, those are not shown.

3.3.4 Limitation of MLP based symbol recovery and channel es-

timation

The average results derived from the considerations described in the Section 3.2 above
show that the MLP in its rudimentary form recovers the symbols well and provides chan-
nel estimation. But it fails to track time variation and thereby provides sets BER values
which needs improvement. It also takes longer training time for high input correlation.
Additionally, if number of training sessions are increased to improve learning, the MLP
based estimation tends to memorize instead of generalizing for which performance suffers.
Similar is the situation when patterns at different time intervals are applied to the sys-
tem and then repeated. These issues are taken into consideration for designing innovative
MLP based architectures for performance improvement. Such constrained performance
illustrates that basic MLP shows fluctuating performance with changing conditions while
modeling time-varying properties of the MIMO channel. It is attributed to the fact that
the MLP in this form fails to capture time-dependent variation in the input samples with
a distinct dependence on data size, presentation rate and channel conditions. Hence, cer-

tain modifications are needed which are the main proposals of this chapter and carried
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out as described in the Section 3.4 below.

3.4 Temporal-MLP Architecture for MIMO Channel
Modeling

Though the MLP based systems provide the ability to perform channel estimation and
recover signal symbols, it fails to make appropriate discrimination between samples that
are presented to it at different time intervals. It is attributed to the fact that it fails to
capture fastly time-varying patterns of the input data. This limitation can be removed
considerably by incorporating temporal characteristics [102]-[104] into the basic MLP
structure. Temporal characteristics in a basic MLP are developed by building memory
blocks into an ANN [34]. There are two basic methods which can be used to introduce
memory into an ANN. The first one is to introduce time delays in the ANN and to adjust
parameters during learning phase. The second way is to use feedback which makes the
ANN recurrent [34].

Here, we propose a technique to build short-term memory into the MLP to make the
network dynamic. In doing so, we consider both FIR and IIR structures for better learn-

ing. In particular, we deploy FIR and IIR sections in the input, output and hidden
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Figure 3.10: Proposed temporal MLP model

layers of the MLLP which enables it to acquire dynamic characteristics. The use of these
short-term memory blocks makes the output of the MLP time dependent and modifies it
to a non-linear dynamical system. The static network provides the non-linear character-
istics while the memory accounts for time-dependent behavior. As said, the developed
structures (A) FIR-MLP and (B) IIR-MLP are further subdivided into (i) input-sided
(IS), (ii) output-sided (OS) and (iii) both-sided (BS) forms. For all these forms, hidden
layers with conventional neurons and FIR/IIR-linked neurons are considered as well. A
generalized temporal-MLP architecture is shown in Figure 3.10 which is used to configure
all the above stated systems for MIMO modeling. Considering the synapses to be formed
by either FIR or IIR components, let for a two input case the applied signals be x;[n]

and x2[n]. The FIR synapses maybe given as

2
Hijilz] = Zwijkz_k (3.1)
k=1

where w;j;, is the connectionist weight linked with the FIR synapses with k& determining
the number of delays considered in the FIR segment, j=1,2 denoting the number of
connections between perceptrons within a layer and i representing the number of layers

which in this case is three. Similarly, the IIR synapses maybe given as

2 k
D et Qijk?

L= by

(3.2)

Hijlz]
with a;;;, being the filter coefficients in the moving average (MA) arm while b;;;, represents

the link values in the auto-regressive (AR) section. With these considerations, the input

output relations at points A, B and C' in Figure 3.10 are expressed as below:
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e At point A:

Yalz] = f[Hulz] * X1[z] + Hipz[2] * Xo[2]] (3.3)
Yao[z] = f[Hia1[2] * X1[z] + Hize[z] * X3[2]] (3.4)
e At point B:
Vilz] = f[Hou[2] * Yau[2] + Haro[2] * Yai[2]] (3.5)
Yi2o(2] = f[Hao[2] * Yai[2] + Hazo[2] * Yao[2]] (3.6)
Ygg[z] = f[Hggl[Z] * YAl[Z] + Hggg [Z] * YA2 [ZH (37)
e At point C:
Yailz] = f[Hsul2] * Yai[z] + Hai2[2] * Yia|z] + Hzi3(z] * Yis[2]] (3.8)
Yoolz] = f[Hso1[2] * Ymi[2] + Hazoa[2] * Ygo|2] + Haas[2] * Yas[2]]. (3.9)

Using discrete time domain notations, let dg[n| be the desired result and yx[n] be the

actual result. The instantaneous performance criteria is defined as

> (diln] — ye[n])*. (3.10)

k=1

N —

£n] =

The total error or cost function is given by summing the instantaneous error over all time

T in the training sequence:

&r =Y ¢&nl. (3.11)

3.4.1 FIR-MLP architecture

Although the introduction of the time-delays increases the computational complexity of
the ANN, it is however necessary for better learning as said earlier. Therefore, we start
with a simple FIR-MLP structure initially. The temporal attributes of the FIR-MLP set-
up is derived by incorporating FIR synapses in the input, output and hidden layers. These
connections allow the formation of the following architectures: (i) Input Sided FIR MLP
with Conventional Hidden Layer (IS-FIR-MLP-CHL), (ii) Input Sided FIR MLP with
Temporal Hidden Layer (IS-FIR-MLP-THL), (iii) Output Sided FIR MLP with Conven-
tional Hidden Layer (OS-FIR-MLP-CHL), (iv) Output Sided FIR MLP with Temporal
Hidden Layer (OS-FIR-MLP-THL), (v) Both Sided FIR MLP with Conventional Hidden
Layer (BS-FIR-MLP-CHL) and (vi) Both Sided FIR MLP with Temporal Hidden Layer
(BS-FIR-MLP-THL). The input output expression and the related considerations of all
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Figure 3.11: Temporal MLP architectures with FIR links at input side

these architectures are discussed below with reference to the Figure 3.10.

1. IS-FIR-MLP-CHL: In this form, the temporal MLP is constructed by placing
FIR synapses in the input side only. The MLP uses conventional weights in the
hidden and output layers. So, the input layer weights have the form

2
Hljl[z] = Zwljkz_k (312)
k=1

where j takes values of 1 and 2 for two numbers of inter-layer connections. The
hidden layer and the output layers simply have conventional weights [ws;] and
[ws;] (Figure 3.11 (a)). This architecture possess improved temporal characteristics
compared to the conventional MLP but as the FIR synapses are confined only

to the input, the set-up has limited memory and hence can use only constrained
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contextual information for learning.

2. IS-FIR-MLP-THL: This MLP block uses conventional weights only in the out-
put layer. So, the input and hidden layer weights have the forms given by equa-
tion (3.12) and

2
ngl[z] = ngjkz_k (313)
k=1

respectively where j takes values of 1, 2 and 3 for three numbers of inter-layer
connections. The output layer simply have conventional weight [ws;] Figure 3.11
(b). This set-up has FIR synapses at the hidden as well along with the input
layers for which the temporal characteristics improve considerably compared to the
conventional MLP and the IS-FIR-MLP-CHL structure. The FIR synapses at the
hidden layer extend its storage capability for which temporal differential processing
improves. It, therefore, shows better ability to track time-variation in the applied

patterns.

3. OS-FIR-MLP-CHL: In the output sided FIR connection with the MLP, the input
and hidden layers have conventional weights given as [ws;] and [ws;]. The output

layer has FIR synapses given as (Figure 3.12 (a))

2
H3jl [Z] = Z’ngkz_k. (314)
=l

FIR links in the output layer provides limited temporal ability and hence shows

poor performance in tracking time-varying inputs.

4. OS-FIR-MLP-THL: When the FIR link is placed in the hidden and output layers,
the weight expressions as similar to that given by equations (3.13) and (3.14).

5. BS-FIR-MLP-CHL: In the both sided configuration, the FIR synapses are placed
in the input and output layers. The weight expressions as given by equations (3.12)
and (3.14). The hidden layer, in this case, is formed by conventional weights only
(Figure 3.12 (b)). With FIR links at output and hidden layers, this configuration

has extended temporal ability for which shows superior MSE convergence.

6. BS-FIR-MLP-THL: In the last configuration with FIR synapses, the temporal
components are placed in input, hidden and output layers. The weight expressions
for these layers are given respectively by equations (3.12) - (3.14) (Figure 3.10).
Among all the configured FIR-MLP architectures, this set-up shows the best MSE
convergence. This is because of the fact that the presence of FIR links at input,

output and hidden layers provide it extended tapped delay line sections which can
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Figure 3.12: Temporal MLP architectures with FIR links at output and both input-
output sides

circulate contextual information better, and thereby sustain the learning process
with better accuracy. This arrangement enables the mechanism to track the subtle
variations shown by time-dependent input patterns. Of course, the complexity

increases the most in this case.

The experimental details including MSE convergence are further covered in the Sec-
tion 3.5.

3.4.2 IIR-MLP architecture

The primary disadvantage of the FIR-MLP architectures are related to certain learning
capability with respect to time-varying inputs which can be extended further with addi-
tional modifications. Therefore, a large number of filter coefficients are required in order

to retain the contextual information. Further, their ability of reduction of correlation
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among samples is also constrained. Hence, feedback options are preferred [102]-[104] so
as to enable a circulation of retained knowledge among involved segments of the network.
This is achieved by replacing the FIR links with IIR synapses at the input, hidden and
output layers for which the following IIR-MLP architectures result: (i) Input Sided IIR
MLP with Conventional Hidden Layer (IS-IIR-MLP-CHL), (ii) Input Sided IIR MLP
with Temporal Hidden Layer (IS-IIR-MLP-THL), (iii) Output Sided IIR MLP with Con-
ventional Hidden Layer (OS-IIR-MLP-CHL), (iv) Output Sided I[IR MLP with Temporal
Hidden Layer (OS-IIR-MLP-THL), (v) Both Sided IIR MLP with Conventional Hidden
Layer (BS-IIR-MLP-CHL) and (vi) Both Sided FIR MLP with Temporal Hidden Layer
(BS-IIR-MLP-THL). The FIR links are replaced by IIR synapses, as given by equa-
tion (3.2). The primary objective behind all these IIR structures is to retain the same
contextual information and improve performance with less number of filter coefficients
as compared to FIR structures. In these cases, Figure 3.11 and Figure 3.12 would be
replaced by respective IIR synapses and therefore are not repeated in this section.

The training of the FIR and IIR MLP structures are carried out using the temporal back
propagation algorithm. The governing principles are based on the gradient calculations of
the weight adaptation process followed by structures which in general is described in the
next section as these are important in deriving certain cost function. The cost function

is used to represent certain performance criteria of these proposed ANN architectures.

3.4.3 Gradient computation for the temporal architectures

The gradient computation steps are required to determine the cost function and corre-
sponding weight adaptation associated with the training process. The training is based
on temporal back-propagation where the actual response of the network is compared with
the desired response at each instant of time [34]. The weight adaptation resulting out of
the temporal back propagation can be written by a gradient method where weight Wilkj
for j* sample value associated with the £* neuron in the i** layer is updated with an

expression:

(2 3

WiIn+ 1] = Win] + VW, [n] (3.15)

and synaptic gain C’,lﬁ:ll is updated as

Cl[n + 1] = CL.n] + VCik'[n] (3.16)
such tha
that VWI [n]__ 05[71] _ 85[71] « azk[n] (3 17)
WU oW ]~ owuln] T 0w, In) |
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and
o)
Tactn)

VO [n] = (3.18)

Here 7 denotes the learning rate and £[n] is the instantaneous performance criteria gen-
erated for each instant of time n. Also, £[n] represents the error between actual and
desired response at each instant of time as given by equation (3.10). Since we prefer to
compute the gradient using a total cost function, the weight changes in equations (3.17)
and (3.18) are here modified as [34], [102]-[104]

19
VWil = _n78W~fi[n] (3.19)
d
o Vcl [ o a&T

where &7 is the total error or cost function given by equation (3.11). The importance of

such cost functions for the temporal back propagation algorithm is shown in Section 3.5.

3.5 Results and Discussion

In Section 3.2, we have shown channel estimation and symbol recovery results using the
rudimentary form of MLP. Here, we show the experimental results when the proposed
temporal components (FIR and IIR) are integrated to the system as given by equations
(3.3)-(3.20). The proposed temporal-MLP architectures are trained and the performance
is validated following modalities similar to that described in Section 3.2 and depicted by
Figure 3.1. The training process, however, is somewhat different to that followed with
a rudimentary MLP set-up. The training aspects are governed by the considerations
described in Sections 3.4.1- 3.4.3. The summary of the training considerations followed
are shown in Table 3.9.  The temporal structures with filter lengths of 4-8 for FIR
and 3-6 for IIR segments provide the best training results. These configurations when
used with the MLP also provide better precision and ability to track subtle variations
in the input samples. The BS-FIR-MLP-THL has the highest computational complexity
among FIR-MLP while BS-IIR-MLP-THL shows maximum number of additions and
multiplications among IIR-MLP architectures (Table 3.9). The IIR-MLP shows around
68 to 70% increase in computational complexity which contributes to improvement in
performance which is outlined below. Another set of parameters required during the
training is shown in Table 3.10. With the given training set (Table 3.10), the learning
rates 0.8 and 0.1 provides a midway between number of sessions required and precision

obtained. At 0.09, the precision is the best but learning time is atleast 21% higher, on
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Table 3.9: Training configuration and computational complexity of the two temporal-
MLP architectures where N denotes the filter length in general

Synapse Model Hidden layer Optimal Number of
size filter
length | addition | multiplication

[S-FIR-MLP-CHL Tansig, 30 4-8 2N 42 2N +2
[S-FIR-MLP-THL Tansig, 30 4-8 3N 2N +2

FIR OS-FIR-MLP-CHL Tansig, 30 4-8 2N 42 2N +2
OS-FIR-MLP-THL Tansig, 30 4-8 3N 2N +2
BS-FIR-MLP-CHL | Logsig-Tansig, 30 4-8 3N +2 AN
BS-FIR-MLP-THL | Logsig-Tansig, 30 4 AN + 2 6N
IS-TIR-MLP-CHL Tansig, 30 3-6 3N +2 AN
IS-TIR-MLP-THL Tansig, 30 3-6 AN 5N

IIR OS-ITR-MLP-CHL Tansig, 30 3-6 3N +2 AN
OS-IIR-MLP-THL Tansig, 30 3-6 AN 5N
BS-IIR-MLP-CHL | Logsig-Tansig, 30 3-6 9N +2 TN
BS-ITIR-MLP-THL | Logsig-Tansig, 30 3 TN + 2 10N

Table 3.10: Training parameters for the two temporal MLP architectures

SL. No. Item Value /
size
1 Training set size 500
2 Testing Set Size 500
3 Learning rate, 0.8, 0.1
4 Momentum Coeff., 0.2
5 Randomization 10 times
6 Epochs (max.) 500
7 Input normalized to | [0-1] and [-1 1]

an average, that that obtained with 0.8 and 0.1. Also, a momentum, « with a value of
0.2 helps to accelerate the learning. At the end of the training and validation stages a
channel estimation is performed by the temporal-MLP blocks. The MSE convergence
plots give a measure of the extent of learning which the architectures have acquired
during training. A set of average MSE plots of LS, MMSE, MLP, FIR-MLP and IIR-
MLP is depicted in Figure 3.13. The IIR-MLP structures with local recurrent loops
prove to be better learners and thereby show better precision in tracking the time-varying
inputs. Figure 3.14 shows an average set of four Rayleigh faded paths generated using
a BS-IIR-MLP-THL with AWGN of + 3dB from ten sets of trials carried out using
64-block OFDM symbols. The results show a precision around 92-94 % range which is
atleast 3% better than the statistical and 1.2% superior to the MLP based approaches.
Table 3.11 shows a set of results derived for a VOIP-based wireless transmission for a
4 x 4 MIMO with 64-bit data blocks. The results are compared with the work reported
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Figure 3.13: MSE convergence plots of MLPs in conventional and temporal forms
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Table 3.11: Average values derived during channel modeling using .S, MMSE, MLP and
temporal-MLP architectures

Method [terations Average
Precision (%)
LS 52 91
MMSE 33 92
MLP 25-29 94
3L-FF 23-28 94.5
Temporal-MLP 23-27 95

in [10] in which a three layered feedforward ANN (3L-FF in Table 3.11) is used. The
performance of the conventional MLP is marginally lower than the 3L-FF structure. The
temporal-MLP, however, shows better results compared to the 3L-FF consistently with
lower number of training sessions and better performance. It shows the effectiveness of
the temporal-MLP compared to the conventional MLP in tackling time-varying MIMO
channels. Figure 3.16 shows a set of average BER values of Rayleigh channels generated
by a conventional MLP and temporal-MLPs derived from 6400-bit data blocks involving
VOIP communication with channel SNR varying between £3dB. The plot also shows a
theoretical limit which the temporal-MLP approaches with better precision. A similar set
of results are also derived for the Rician channel. As the values are comparable, we have
not shown them. A set of experiments are also performed for symbol recovery. Figure 3.17
shows a set of results of symbol recovery derived using an BS-IIR-MLP-THL. It is an
average of fifty sets of data applied to the temporal-MLP for a 2 x 2 MIMO using OFDM
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Figure 3.16: Four path Rayleigh faded channel coefficients generated using ANN and
temporal-MLP approaches compared to expected results

signals having 64 sub-carriers. The 2 x 2 MIMO is considered to reduce the training
time and simplify design considerations. The results show improvement in performance
compared to the conventional MLP by about 2% which is significant for a symbol recovery
process. Moreover, the temporal-MLP provides better generalization capability than
the conventional MLP which is required to model the time-varying MIMO channels. A
set of average total cost function measures for both the temporal-MLP architectures at
different training epochs are calculated using the expression (3.20). The values generated
are shown in Table 3.12. The cost function indicates the improvement in adaptation and
learning shown by the proposed MLP structures per instant of time. The temporal-MLP
structures show an improvement of 1.4-6.3% as compared to the conventional MLP which
indicates better learning. Table 3.13 show a set of average results derived from about fifty
trials. The ITR-MLP structure show superior temporal attributes which is established
by the best MSE convergence that it generates which is atleast twenty times better than
the corresponding value provided by a conventional MLP. Further, the precision shown
in symbol recovery by the temporal MLPs is atleast 2% better than that shown by the
conventional MLP. The experimental results in terms of channel estimation represented by
BER plots, symbol recovery quantified by precision values and percentage processing time

establish the superiority of the temporal-MLP over the statistical and rudimental MLP
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Table 3.12: Average % variation of normalized total cost-function with training epochs
of the conventional-MLP and temporal-MLP architectures upto 500 epochs

Sl. No. | Epochs | MLP | Temporal
MLP
100 86.1 87.3
200 86.9 88.9
300 87.8 90.8
400 88.3 92.7
500 89.9 95.5

QY | W DN =

Table 3.13: MSE convergence upto 500 epochs and precision generated by the two
temporal-MLP architectures

Synapse | Case Model MSE %

x10~* | Precision

OS-IIR-MLP-THL | 0.029 95.1
BS-IIR-MLP-CHL | 0.027 95.1
BS-IIR-MLP-THL | 0.021 95.3

1 IS-FIR-MLP-CHL | 0.06 94.1
2 IS-FIR-MLP-THL | 0.049 94.2
FIR 3 OS-FIR-MLP-CHL | 0.051 94.1
4 | OS-FIR-MLP-THL | 0.047 94.3
5 BS-FIR-MLP-CHL | 0.035 94.3
6 BS-FIR-MLP-THL | 0.029 94.4
7 IS-IIR-MLP-CHL | 0.045 94.3
8 [S-TIR-MLP-THL | 0.042 94.4
IIR 9 OS-IIR-MLP-CHL | 0.033 94.7
10
11
12

based methods. The results derived demonstrate consistent improvement with temporal-
MLP based modeling of time-varying MIMO channels applied for VOIP transmission
under severe fading and presence of CCI. Moreover, from the Table 3.13 it is seen that
the IIR-MLP structures show improved performance in lesser iterations (Table 3.11)
despite a marginal rise in computational complexity (Table 3.9) and hence are better
suited for the purpose than the FIR-MLP structures.

3.6 Conclusion

In this chapter, we initially propose two different MLP structures for training, validation
and testing phase for performing both estimation of a MIMO channel and recovery of
signal symbols. However, these structures are found to be inefficient to track time-
variation of the MIMO channels. Therefore, a set of modifications are carried out to

replace the synaptic links of the MLP. In particular, two temporal architectures of the
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MLP using FIR and IIR links have been proposed. The temporal-MLP architectures
provide better learning ability to make discrimination between time-varying samples.
However, design complexities make such configurations a bit difficult to implement for
practical purposes. The logical replacement is to use a feedback path which makes the
ANN recurrent, as mentioned in Section 3.4. A detailed treatment of this special class
of ANN architectures to model the time-varying MIMO channel is proposed in the next
chapter.
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Chapter 4

Modeling MIMO Channels using a
Class of Complex Recurrent Neural

Network Architectures

4.1 Introduction

In Chapter 3, our main focus was on the development of time-varying MIMO channel
modeling using two temporal-MLP architectures. The results show that temporal-MLP
architectures are capable of making discrimination between time-varying samples, but
design complexities impose certain limitations primarily with respect to implementation.
The natural alternative choice is the formulation of RNN based approaches due to the
fact that these soft-computational tools have the in-built capability to deal with time-
varying signals. It stems from the fact that RNN has at least one built-in global/local
feedback loop despite generally being a feedforward structure [34]. It also has a faster
learning process than the temporal MLP with lower implementation complexity. Most
of the reported works on RNN based applications in wireless communication including
channel modeling (Section 1.3) have focused mainly on the training-learning aspect and
the capacity to deal with channel estimation with practically little/no consideration on
time-varying characteristics of the wireless propagation medium. Till now, no recorded
efforts have been observed regarding expansion of the abilities of ANN and RNN architec-
tures beyond the training-testing realm which considers certain architectural challenges.
These challenges include: (i) ensuring stability to the system when a feedback path is
appended along with the usual feedforward structure of ANN (ii) retaining only the con-
textual portion of the information with the above structure and (iii) properly capturing
the fast time-varying nature of the channels.

In this chapter, we propose a class of novel RNN architectures while addressing all the
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above mentioned threefold challenges, with the help of certain basic training algorithms,
a split in-phase and quadrature components of input signal for speedup considerations
and a Self Organizing Map (SOM) based optimization. In particular, several RNN ar-
chitectures are explored to formulate an appropriate mechanism for estimation of MIMO
channels with time dependent characteristics. In the most rudimentary form, the RNN
can be modeled to use split in-phase and quadrature components for training with de-
layed inputs and feedback loops. These are called Complex Time Delay Fully RNN
(CTDFRNN) blocks. The output from these blocks can be combined using time averag-
ing. In this chapter, we are dealing with the application of multiple CTDFRNN blocks
while modeling MIMO channels, which, to the best of our knowledge, has not been re-
ported in the literature till now. Although such an application has the advantage of
certain diversity gain to support high data rate transmissions, it also poses the architec-
tural challenge of cooperative learning of the blocks. We take care of this challenge with
a framework supporting expendability of block level CTDFRNN units with responses
trimmed by SOM optimization with reduced time delays and BER values. Multiple
CTDFRNN units trained in a cooperative environment improves learning and the ability
to tackle inputs with time-variation. An attempt is made here to show that the RNN
in CTDFRNN form with SOM optimization can be configured to provide certain new
possibilities. CTDFRNN clusters optimized with SOM with diversity gains is found to be
useful for low signal to noise ratio (SNR) environments. Further, the Modular Network
SOM (MNSOM), which is considered to resemble closely the biological computation with
an inherent reinforced modular learning, is also proposed and formulated using CTD-
FRNN blocks for application in MIMO channel estimation. The results, when applied
to a wireless VOIP platform, show improvement yet provide the scope for further ex-
ploration for devising innovative methods of MIMO channel estimation. It is also found
that CTDFRNN-MNSOM emerges out to be a viable alternative to the conventional

stochastic estimation methods with an average 60% saving of processing time.

4.2 Configuring the RNN for MIMO Channel Model-
ing

The constraints associated with suitably modified temporal-MLP structures as explained
in Chapter 3 necessitate exploring the RNN as an option to model time-varying MIMO
channels. The RNN maybe considered to be a MLP having one or more local or global
feedback in a variety of forms [34]. Figure 4.1 shows an RNN-block known as Time Delay
Fully Recurrent Neural Network (TDFRNN). The present value of the model input is
denoted by s(n), and the corresponding value of the model output is denoted by y(n+1);
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Figure 4.1: Time Delay Fully Recurrent Neural Network

that is, the output is ahead of the input by one time unit [34]. The dynamic behavior of
the the RNN model is described by

y(n+1) =F(yn),---,y(n —p+1),s(n),---,s(n—p+1)) (4.1)

where F(.) is a nonlinear function of its arguments. The use of the feedback loop in an
RNN enhances its ability to learn over the given period of time by connecting contextual
knowledge with inputs and responses which are circulated among adaptively updating
weighted links and stored between layers. This leads to an accumulation of knowledge
which, due to the multiple delays, generates a set-up for learning, comparing and retain-
ing relevant information only. Moreover, a subtractive process rejects common data and
holds back only relevant information, hence correlation among circulating samples inside
the RNN layers are very less.

In the present work we have adopted the split-activation Complex TDFRNN (CTD-
FRNN) architecture with individual real and imaginary inputs fed to segregated blocks.
The TDFRNN converted to CTDFRNN in several versions proposed here contributes to-
wards better learning, faster convergence and lower error margins. The lowering of error
values is explained in Section 4.3.1. The basic algorithms for RNN training are [34] Back
Propagation Through Time (BPTT), Real Time Recurrent Learning (RTRL), Decoupled
Extended Kalman Filtering (DEKF) [84] and Complex Valued RTRL (CVRTRL). All
these algorithms are used in the learning phase of the TDFRNN blocks and the one that
gives the best training time performance is used with the CTDFRNN blocks that consti-
tute the MIMO channel estimation system. The details of the RNN and related training
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methods have been included in Section 2.3.2.

A TDFRNN block (Figure 4.1) has a few distinct layers consisting of the external input-
feedback, an output and a hidden layer each having recurrent artificial neurons as pro-
cessing elements. Taking such a network as reference, let y;(k) denote the complex valued
output of each neuron, [ = 1, ---, N at time index k and s(k) be the (1 X p) external
complex-valued input vector. The overall input to the network I(k) represents the con-
catenation of vectors y(k), s(k) and the bias input (1 + j). A complex valued weight
matrix of the network is denoted by W, where for the i neuron, its weights form a
(p+ G+ 1) x | dimensional weight vector w;=[wy1.... w;p+cs1]” where G is the number
of feedback connections. The feedback connections represent the delayed output signals

of the TDFRNN. The output of each neuron can be expressed as

u(k) = o(Vy(k)),l=1,---,N. (4.2)
where
p+N-+1
Uy(k) = > wy(k) (k) (4.3)

["" node at time index k& and ¢ is a complex nonlinear activation

is the net input to
function [85]. The RNNs have the capacity to deal with time varying inputs due to
the presence of atleast one feed-backward loop despite it being essentially a feedforward
structure [34]. The feedback in singular or multiple delayed forms from the output to the
hidden layer and then to the input layer store information for one time step at a time
which cumulates over the given time cycles. After the cumulation process in the hidden
layer is over, the information propagates to the input layer such that at each step dynamic
updating of the synaptic weights continues as per the norms of the adopted method of
learning or training. This backward transmission of information enables the input, hidden
and output layer neurons to learn over an extended period of time by obtaining records
of prior activation or responses and share the updates with the synaptic links and the
recurrent units constituting the processing system. Moreover, the RNN architecture, by
using the state vector relates the present and the past context and transitions in-between
the layers to describe future response of the system thereby dynamically learning tempo-
ral behaviour of input samples [34].

Signals encountered in wireless communication demonstrate variations in terms of their
complex valued nature. Application of ANNs for channel estimation therefore must take
into account how this aspect is tackled. Learning and nature of activation functions
of ANNs must have the ability to deal with signals that have strong coupling between
magnitude and phase components of signals. One way to ensure that ANNs learn magni-

tude and phase components separately is to use split-complex activation functions. The
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practice is to provide real and imaginary components in splitted form to RNN blocks
and allow them to carry on the training as mutually exclusive events [107]. However, for
cases where in-phase and quadrature components are tightly coupled the split-complex
activation approach yields poor performance. Communication requirements necessitate
that the signals be tightly coupled. Therefore, channel estimation set-up with split RNNs
trained to handle real and complex components separately shall demonstrate lower per-
formance [107]. Two contrasting pictures, hence, emerge: on one hand, the real and
complex components in split form aid the RNN learning and on the other, such RNN
set-up cannot provide satisfactory performance for signals where real and imaginary com-
ponents are tightly coupled. This trade off between the learning and activation functions
of RNNs optimized for actual applications requiring real and imaginary components sep-
arately and the necessity of better performance for signals with tightly coupled in-phase
and quadrature components needs to be sorted out. An attempt is made here to for-
mulate a few RNN structures designed to reduce this trade off. Split-complex activation
is adopted to allow the RNNs to learn the real and imaginary parts separately and the
output of these exclusive blocks are combined to obtain a time average (Figure 4.2) for
the inputs applied between a defined time window. By allowing the RNN blocks to train
with real and imaginary components as exclusive events, the error surfaces are aligned
appropriately to form classification boundaries for segregation of inputs from composite
segments. This at times though is undesirable but reduces computational complexity.
The RNN in this configuration can be termed as CTDRNN with separate sub-sections
dealing with in-phase and quadrature components. The output from the real and imagi-
nary blocks are combined and optimized using the time-averaging. The results obtained
are better than that obtained with temporal-MLP (Section 3.4). However, the results can
be further improved if time averaging is replaced by SOM based optimization. The explo-
ration of the RNN in CTDRNN form configured in a cluster provides further opportunity
to improve results and provides certain diversity gains. The RNN in CTDRNN form is
also arranged to constitute a MNSOM which provides another direction to improve the

performance of the system.

4.3 MIMO Channel Modeling with RNN and SOM

The signal content observed in real-world situations with associated stochastic attributes
are handled satisfactorily by CTDRNN models. The abilities demonstrated by these
models however is expanded by applying multiple CTDFRNN blocks in clusters for es-
timation and modeling of MIMO channels. Responses of multiple CTDRNN units in
a cluster are optimized by SOM which improves learning and the ability to tackle in-

puts with time-variation. The betterment in learning is due to the fact that individual
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Figure 4.2: CTDFRNN Estimator with time averaging

CTDFRNN blocks receive simultaneous sample inputs and execute a race to attain the
optimally trained state. The learning thus acquired by each of the blocks are trimmed
and optimized further by the SOM to provide the most probable response. The CTD-
FRNN blocks follow a time-varying supervised learning while the SOMs manage their
processing by resorting to unsupervised training. The combination together, due to their
difference of learning methods, strives to achieve an appropriately trained state by fol-
lowing a supervised-method driven unsupervised approach of generating the required
result. Homogeneous blocks of ANNs in form of modular architectures demonstrate cer-
tain bio-inspired characteristics. MNSOM, with close resemble to biological computation,
provides certain attributes making it suitable for MIMO channel estimation. This is due
to the ability of the MNSOM formed by CTDFRNN blocks to generate a competitive
approximation of the response constituted by complex RTRL algorithm. The following
sections provide a detailed treatment of the functional forms of the above mentioned
RNN-based approaches to MIMO channel modeling covering essentially both estimation

of channel coefficients and recovery of transmitted symbols.

4.3.1 CTDFRNN with SOM optimization

In this proposal, the CTDFRNNs are allowed to learn the real and complex parts sep-

arately and adapt as per requirement. However, to preserve tightly coupled complex
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characteristics, the output of these exclusive blocks are combined and optimized with
SOMs (Figure 4.3). Let ug;[n] be a sequence of real components of the input which is a
MIMO-OFDM signal. Also let x[n] be the response of the output layer at time n to be
fed-back as state vectors to the input layer. The expression of the input to the hidden

layer is given as

yri[n] = Z filwyi[n]z[n — 1] + wis[n]x[n — 2] + wis[n|ug[n]) (4.4)

where f;(.) is the " activation function and w][.] are synaptic links. The expression for

the output of the hidden layer is given as
yro[n] = Y [ yuiln]wailn)). (4.5)
j i

where y1;[n]wy;[n] represents the it weighted inputs (expression (4.4)) to the hidden

layer. The expression for the response of the output layer is given as

Yrsln] = Z Tr(Yrak[nJwsk[n]). (4.6)
k
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A similar expression for the quadrature component can be obtained as
Yasln ka YQzk[n|wsk[n]). (4.7)

Let d, and d, be the desired outputs for the RNN modules respectively. The error signals

can then be obtained as

enln] = %Z (yrssln] — doa ]2 (4.8)
colil = 53 bl dulal. (4.9

and the total complex error can be expressed as
ernn[n| = er[n] + jegln). (4.10)

In case of a feedforward structure, the total error is defined as [34]
€FF = Z(dk — )’ (4.11)
k

Comparing this with (4.8), (4.9) and (4.10), it can be shown that
|€RNN[n]| = 0707|€FF| (412)

Therefore, it can be inferred that the proposed RNN structures yield better error per-
formance than any feedforward ANN structure. The SOM block is used to carry out
an optimization of the outputs generated by the RNN modules in a given time of say n
seconds. Let the input to the SOM block be a combined signal yy[n| formed by ygo[n]
and ygo[n|. The output of the SOM block is given by

Y yO]W j: 17 e, Mm (413)

where W; is the random weight vector of the competitive layer of the SOM. The ‘winners

take all” competition starts in this layer such that the winning neuron index, J, satisfies
ys = maz;{yo;, W} (4.14)

A detailed treatment of competitive learning of the SOM is given in Section 2.3.3.
A SOM is used to receive the outputs of the TDFRNN blocks to perform the task of
optimization. This is done because of the fact that the SOM is fast and it guarantees
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convergence in an optimization problem. It works with a spatial neighbourhood which
shrinks after training leading to enhanced performance as an optimizer compared to time-
averaging and other conventional approaches. Using self-organization governed by the
principles of competitive learning, a SOM plays the role of a dimension reducer. A SOM
has one input and one output layer. Further, a SOM works with vectors and at the end
of training, generates the most appropriate set of values from the ones presented to it.
The selections after each iteration are updated which at the end of the training attains
the optimized state. This working principle governs the use of the SOM to select the
most appropriate set of channel coefficients (1 — D) from the composite cluster (2 — D)
generated by the CTDFRNN block after n training times. The process of optimization
of the channel coefficients from a matrix block (@ numbers of coefficients generated in n
different training slots) to the most appropriate vector form (in this case) is depicted in
Figure 4.4.

4.3.2 CTDFRNN-Cluster (CTDFRNN-C) optimized by SOM

Estimation of MIMO channels can also be carried out by a cluster of N CTDFRNN blocks
each of which are formed by two TDFRNN units. This mainly helps in improved error
performance and a diversity gain. From a given input, the split in-phase and quadrature
components are fed separately to the TDFRNN units and the outputs derived from a com-
bination of responses from the two units. The individual outputs of all the N blocks are
fed to a SOM for optimization which after a given time interval of a few seconds generates
the most likely estimate of the channel coefficient. The layout of the CTDFRNN-Cluster
(CTDFRNN-C) is depicted in Figure 4.5. Here a TDFRNN unit with inputs having

time-delays acts as a processing unit and contributes towards the response produced by
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the cluster formed by N such blocks meant for tightly coupled signal components. The
arrangement mimics a diversity transmission for which the response generated includes
some improvement. Though the inputs are applied in split component format to enable
the RNN blocks to learn the patterns and capture the temporal characteristics, the com-
bined output provides the response for tightly coupled signal components optimize by a

SOM block. For a real input ug;(n), the contribution to the output is given as

Yrin Z fr Zum n —1 — ilwi[n] + x[n — jlwsm,n] (4.15)

where w,; is the j value of the weight vector in the feedback path. The output expres-

sion is finally found to be

Yrs1[n ij Zf{ymu Jwai[n] }ws;[n]]. (4.16)

A similar expression maybe obtained for the quadrature component:

Yosi[n ij Zf{ycelw [n]wa;[n] }ws;[n]]. (4.17)

TH-1116_09610211 71



The combined output for the first cluster is given by

yi[n] = yra1[n] + jygsin] (4.18)

where j = 1/—1. For N such clusters, the output is obtained as

N
yiln] = Z[?JR&[”] + Jyqsi[n]]- (4.19)

i=1
This combined output is applied to the SOM optimizer such that the best set of channel

coefficients are generated following the process

N

Yopt[n] = Y [yi[n] W] (4.20)
i=1

where W;; is the weight matrix associated with the target neighbourhood of the SOM
optimizer with weight update process controlled by the considerations explained in Sec-
tion 2.3.3. The composite error as given for a single pair of CTDFRNN blocks as explained
in Section 4.3.1 and given by (4.8) is further scaled down by an order of 1/N than the
errors given by a CTDFRNN block. Earlier it was shown that the CTDFRNN has better
error performance than feedforward ANNs for a similar application. The combined error
response of an N-block CTDFRNN cluster is given as

exfn] = 5 D el (4.21)

which provides considerable improvement in error performance compared to a feedforward
ANN. For smaller values of N the performance enhancement achieved is significant (>
25% as found experimentally). Apart from this error performance, it also yields certain

diversity gain which is discussed below.

4.3.2.1 Diversity considerations

At the receiver end, the trained cluster formed by N blocks of CTDFRNNs constitute a
receive arrangement as depicted by Figure 4.6. Each of the received individual branch
signals are given as

2u(t) = A()gn + £n (4.22)

where A(t) is the complex envelop containing the OFDM signals, g,, is the channel gain

and ¢, is the additive Gaussian noise. The set - up generates a diversity reception
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Figure 4.6: CTDFRNN - Cluster based reception arrangement

expressed as

Xout(t) =D Wozn(t) = Y _[A(t)gn + ] W, (4.23)

where W,, is the branch grain associated with each antenna which can be related to the
CTDFRNN units. The output SNR is expressed as

_b5 1 2 |20 Onl®
SNRout = P2 | A(t) | S ot (4.24)

This results in

VYmaz = Z Tn (425)

where branch SNR is expressed as

Al?
o Aar 4.2
M= g2 (4.26)
With the complex envelop A(t), the output signal is given by
r(t) = (4.27)

where f; is the fading envelop and n;(t) is the additive noise of the i** path. This can be
optimized by the SOM with an expression

o] = > luln] x W) (1.28)
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which gives

(4.29)
(4.30)
The channel gains obtained using (4.23) maybe given as
XO’LL t n
=3 = 8 en (4.31)
— A(t) x W, A(t)
This expression can be modified to obtain
~ Xout(t) fz
g ;[ We ];yi[n] < Wi + n(t) (432)

The channel gain helps the CTDFRNN-C configuration to provide performance improve-

ment which is outlined in Section 4.4.

4.3.3 CTDFRNN - Modular Network SOM (CTDFRNN-MNSOM)

Modular Network SOM (MNSOM) is an assembly of information processing blocks that
can dynamically process data and can select the best set of coefficients. Every reference
vector unit of a conventional SOM is replaced by a trainable functional module such as an
RNN while preserving the basic layout of the SOM. The trainable RNN units contribute
towards the composite response generated by the SOM. Each of the RNN units is provided
with input and reference signals for individual training. At the end of the training, each
RNN unit works in unison to generate the SOM behaviour. The SOM behaviour is
approximated by a Euclidean distance which forms the basis of carrying out a competitive
learning to closely resemble the required response. In this case, the architecture of the
MNSOM is so configured that at a given instant of time, the best set of channel coefficients
are obtained through self-organization carried out among individual RNN units. The
process is sustained by the trained RNNs such that a fast adaptation generates the best
set of channel coefficients. The learning and the adaptation process considers two aspect.
First, the training of the individual RNN units with corresponding learning algorithm
which in this case is DEKF. The trained RNN units provide the functional MNSOM
layer which acquires a dynamic pattern optimization capability. Second, a concurrent

generation a feature map is facilitated which enables the MNSOM to distinguish required
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channel coefficients from a cluster of inputs by considering the most viable similarities.
At the end of the training, the RNN units constitute a dynamic mechanism which self-
organizes to provide the best approximation of the channel coefficients from a given
cluster of inputs. Though the approach adds considerably to the design complexity, the
performance improves considerably as shown in Section 4.4.

A generalized SOM approach is adopted in case of a MNSOM which is somewhat different
to that of a conventional SOM [108|. This can be observed while mapping a set of
objects, O = 01,04, -+ ,0;. In a conventional SOM, each data vector is a mapping
object where as in a MNSOM each object corresponds to a non-linear function similar
to the input - output relation that exists in an ANN like the RNN. In this case, a
CTDFRNN is considered to be the processing module of the MNSOM (Figure 4.7). Let
D; =71, -+ ,r;; be a data set observed from the i object O; such that r; ; = (2, vi ;)
are input - output vectors and the mapping objects are systems or functions implemented
by an ANN. Let the MNSOM have k functional modules A*, M2, - | M* such that each
module can approximate an object O; after training by D;. Let the property of the
k-functional modules be determined by a parameter set 6, which represents the weight
vector of the k* module each of which is formed by a CTDFRNN. While placed in the
SOM layout, each RNN is assigned a coordinate. The MNSOM needs to define a distance
measure L2(O;, M*) such that a weight update algorithm [108] maybe obtained for the
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MNSOM as below:

0 (t + 1) = argomin y»_ ¢¥(t)L*(O(D;), M(0)) (4.33)

i=1
where ¢¥(t) is the neighbourhood in which the SOM maps its outputs given as:

& — &F11?
o(t)

Here & denotes the coordinate of the winner module of the i** object. For a CTDFRNN-

MNSOM the distance measure can be expressed as

¢; (1) = exp|— J (4.34)

12(0;, M*) = / 1) — *@)|1Pp(x)de (4.35)

with f;(z) being the i** object or non-linear function and ¢*(z) is the function representing
the RNN module. Here f;(x) is assumed to be unknown and observed input - output

data set to be given. A mean square error (MSE) term maybe obtained as

eiy = 9" (@ig) — yisll. (4.36)

The MSE module of D; is concluded to be the winner neuron as per SOM training.

4.4 Results and Discussion

The sample size considered for training includes two different forms of Clarke - Gans
channel model each generated using three different AWGN values viz.—3dB, 1dB and
3dB for the Gaussian, Rayleigh, Rician and Nakagami faded channels. This way several
sample sets with different SNRs are obtained. OFDM signals are included with the
MIMO to verify whether the system is able to perform symbol recovery. The samples are
accumulated for a 4 x 4 MIMO - OFDM set-up for each of the channel types considered.
The testing includes a range of signal conditions with SNR values ranging from —10
to 10 dB. The testing carried out with inputs from the receiver side calculates channel
coefficients and compares them to the theoretically generated values for a frequency range
of 0.2 — 8 GHz. The size of the data involved in the training is not very large, hence a
careful selection of training sessions is an important criteria to prevent over training of
the RNN and thereby ensure optimum performance. The performance achieved during
the training epochs are noted. The RNN training considers the MSE convergence and
precision generated in channel estimation and BER calculation. If the MSE has converged

to the fixed target value, the precision levels and the associated BER values are calculated.
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Table 4.1: Average MSE convergence after 1000 epochs of training for the RNN- archi-
tectures trained with four different methods

Architecture BPTT RTRL DEKF CRTRL

CTDFRNN 6 x 107 0.5x107° [0.35 x 107° | 0.35 x 107°

CTDFRNNC 4%x107° [0.25x107° [0.19 x 107° [ 0.19 x 10~°
CTDFRNN-MNSOM | 0.37 x 107% [ 0.35 x 107 | 0.25 x 107¢ | 0.26 x 107°

If the values fall within the desired levels, the training is extended to include more number
of samples which represent varying channel conditions. The initial experimental part
considers the generation of the training and testing samples. The RNN in the mentioned
forms are configured and trained. The MSE values attained using four different training
methods are summarized in Table 4.1.

The CTDFRNN architecture with SOM optimization generates better performance in
terms of time required to reach an MSE value while generating an average success rate of
around 96.2 % which is note-worthy in comparison to LS, MMSE, MLP, temporal-MLP
and CTDFRNN techniques which reflect their capacity to deal with time varying signals.
Yet there is scope of further improvement as demonstrated by the CTDFRNN-MNSOM
architecture. Another set of trials are performed with this architecture as well. The role
played by the SOM blocks in CTDFRNN is paramount due to the fact that the result
generated is an optimized one. For a given window of /N-sec.s several sets of output are
generated. The optimization process carried out by following the competitive learning
algorithm selects the best set of results at the end of training iterations. After these itera-
tions, the result is found to generate the best approximation using which the BER values
are generated. Initially all the neurons in the SOM block are given some coordinates
and the connecting wights some random values. As the training continues the updating
process of the weights continue upto, on an average, 50 sessions after which the gener-
ated value is taken to be the result of the RNN- estimator. For a 20 tap channel filter, a
training session of the SOM consists of 50 filter coefficient vectors from which the most
suitable set is extracted at the end of around 55 to 60 sessions of training of the SOM.
The results extracted are average readings of about 25 runs per sample set. The MSE
values shown are those obtained during training of the different estimators with 64 bit
OFDM blocks in a 4 x 4 MIMO set-up with atleast 10 iterations between the transmitter
and the receiver handling twenty five sets of data of varying length. The MSE plots of
LS, MMSE, MLP, temporal-MLP and RNN architectures are depicted in Figure 4.10.
The results shown for the CTDFRNN case is derived from values obtained from real and
imaginary blocks of the estimators time-averaged over the given time interval. The re-
sults are marginally lower compared to the performance shown by the CTDFRNN-SOM
which is primarily due to the presence of the SOM block. the SOM proves its ability as
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Figure 4.8: MSE convergence plots of statistical methods, ANN based methods and and
proposed RNN based methods

an excellent approximator and produces an output which is the best set of values from
a number of samples produced over the given time interval. The SOM generated val-
ues provide better response than time-averaging where the smoothing operation removes
certain vital information content which a learning mechanism like RNN-SOM can use
effectively for MIMO channel estimation. The training considerations also include time
and frequency domain approaches of generation of signal samples in different block sizes
like 64, 128, 6400 and 64,000 bit forms iterated upto 10 times between four transmitters
and receivers in MIMO set-up with Rayleigh, Rician and Nakagami fading under vary-
ing SNR conditions. It creates considerable amount of uncertainty which the systems
are trained to tackle. Moreover the experiments are repeated with multiple block size
pilots with the OFDM transmissions to enable pattern-learning by the RNN blocks for
proper identification and recovery of the transmitted data. The MIMO set-up is varied
in pairs of 2 x 2,2 x3,3x3,3x4,4x4,4x5,5x%x4and5 x 5. This is done to see the
effect of varying antenna numbers in the MIMO set-up. Some of the results derived are
shown in Figure 4.9 which depicts performance comparisons of some MIMO set-ups. The
performance difference in terms of BER due to the variation of MIMO transmitter and
receiver numbers as stated above is summarized in Table 4.9. A set of results generated

by the channel estimation process for a Rayleigh faded case using the RNN architectures
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Figure 4.9: BER performance variation of different MIMO set-ups for Rayleigh channel

Table 4.2: BER performance variation of different MIMO blocks compared to a 4 x 4

set-up

TH-1116_09610211

MIMO Average
Set-up | difference (%)
2x 2 -12.1

3 %3 -10.4

3 x4 -5.9

5 x4 +9.5

5 X5 +25.3
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is depicted in Figure 4.10. For a specific case involving 64 to 64,000-bit size data blocks,
the training of the RNN units continue separately with real and complex components.
The samples are created with a maximum of 100 Hz Doppler frequency and continued
for a few seconds. The output of the RNN units are accumulated and fed to the SOM
block which performs an optimization and produced a response which is an approxima-
tion of the expected output. The channel conditions are varied and all the considered
types are simulated through which the signal samples are passed. The received signals
are used as the inputs to the RNN blocks at the receiver which generates instantaneous
approximations of the signals transmitted from which OFDM symbols are recovered.
The results generated for a Nakagami channel are also identical and prove the effective-
ness of the RNN architectures configured for MIMO channel modeling. Another set of
results are derived for VOIP transmissions where the MIMO set-ups are trained with
8000 bit blocks with twenty five sets of data between 50,000 and 5,00,000. These exam-
ples show that the training data size variation plays an important role in determining the
convergence parameters of the different RNN architectures proposed and the performance
derived. Processing speed, however, is hardware dependent and hence a relative plot for
each of the methods compared to an estimator with perfect CSI is shown in Figure 4.11.
In terms of number of iterations required, the RNN blocks show significant improvement.
There are marked rise of precision levels as well. The CTDFRNN-MNSOM architecture
generates the best performance in terms of time required to reach an MSE value in the

10~* — 107° category while generating an average success rate of around 96.7 %. The
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Figure 4.11: Relative number of iterations taken by estimation process with (i) statistical
methods (LS, MMSE), (ii) ANN based standard methods (MLP, Section 3.2), 3L-FF [10],
Temporal-MLP (Section 3.4), CTDFRNN (Section 4.3.1) and (iii) the CTDFRNN-SOM
architectures (CTDFRNN-SOM, CTDFRNN-C, CTDFRNN-MNSOM) (Sections 4.3.2-
4.3.3)

enhanced performance is significant in comparison to LS, MMSE, MLP and temporal-
MLP techniques. This improvement is also reflected in the BER values generated by
taking SNR values between -10 and 10 dB. The composite plot is depicted in Figure 4.12.
This plot while showing the BER graphs of the different methods, depicts the perfor-
mance of an estimator assumed to possess perfect CSI. The performance provided by the
CTDFRNN-MNSOM nearly approaches the estimator with perfect CSI knowledge. The
improvement in BER vlaues as shown by the RNN architectures reflect their capacity to
deal with time varying signals. Thus these are found to be suitable for MIMO channel
estimation and OFDM symbol recovery.

CTDFRNN units learn over the given period of time by connecting contextual knowledge
to different layers and allowing subsequent samples to use these stored information as
update reference. This leads to an accumulation of the knowledge which, due to the mul-
tiple delays, generates a set-up for learning, comparing and retaining relevant information
only. Moreover, a subtractive process rejects common data and holds back only relevant
information, hence correlation among circulating samples inside the CTDFRNN layers
are less. As a result, the convergence process to the optimal level is fast and no problems
of ‘local-minima’, as observed in MLPs, are seen. This further helps the RNN based
architectures to avoid the curse of dimensionality. Moreover, CTDFRNN in clusters cre-
ates a cooperative environment which further rejects common elements of input, feedback
and state samples. In basic split activation form, the error is reduced considerably due
to the architectural contributions for which the higher order clusters decrease further
with optimum resource utilization. Thus, RNN based architectures, for deploying the
split-activation, feedback, delayed inputs and cumulative knowledge circulation carried

out in a real-time cooperative learning environment, help in tracking time-varying inputs
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Table 4.3: Computational complexity of RNN-based architectures compared to two
temporal-MLP architectures with N length filter (for temporal MLP structures) or delay
blocks (for RNN-based structures), n number of parallel structures, [ size competitive
layer and (P + R) length of the signal

Model Number of ‘
additions multiplications
FIR-MLP AN + 2 6N
[TR-MLP TN 42 10N
CTDFRNN TN 8N
CTDFRNN-SOM TN +1+1 TN + 2]
CTDFRNN-C SOM TN"+2-+] 6" 421
CTDFRNN-MNSOM | (P+ R)TN +1+1 | (P+ R)7TN + 1+21

for which it effectively handles a highly complicated process like MIMO channel estima-
tion. A set of experiments are also performed to carry out symbol recovery. The results
obtained show marginal improvement compared to that provided by the temporal-MLP
and hence have not been included here.

Considering [ to be the length of a competitive layer, n to be the number of parallel struc-
tures and (P + R) to be the length of the signal, the computational complexity of the
RNN-based architectures are shown in Table 4.3. It should be noted that the proposed
RNN structures, namely, CTDFRNN-SOM, CTDFRNN-C and CTDFRNN-MNSOM, in-
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Table 4.4: Time complexity and precision for LS, MMSE, MLP, temporal - MLP and
RNN architectures

Method Iterations Average
Precision (%)
LS 52 91
MMSE 33 92
MLP 25 94
3L-FF 23 94.5
Temporal-MLP 23 95
CTDFRNN 23 95.7
CTDFRNN-SOM 23 96.2
CTDFRNN-C 18 96.5
CTDFRNN-MNSOM 15 97.4

creases the computational complexity in the order due to the introduction of more level
of parallel processing. Table 4.3 clearly shows that a basic CTDFRNN-SOM has around
(P+ R) times lesser complexity than the CTDFRNN-MNSOM where (P+ R) is the length
of the signal. However, as shown in Figure 4.11, the time-complexity of CTDFRNN-
MNSOM is around 23% less than that of CTDFRNN-SOM. Moreover, Table 4.4 shows
the average time complexity and precision of the RNN based architectures with respect to
LS, MMSE, MLP, temporal-MLP configurations and the three layered feedforward ANN
with feedback (3L-FF) referred to in [10]. This table depicts that the precision of the
CTDFRNN-MNSOM is atleast 23.1% better than the basic CTRFRNN-SOM. Thus, the
CTDFRNN-MNSOM is preferred for operational purposes. However, for a 4 x 4 MIMO
set-up trained with 64 bits under Rayleigh channel conditions in an indoor environment
for a wireless VoIP application, we found that the precision performance of the systems
used for MIMO channel modeling plays a critical role. This can be more emphatically
established by considering a severely faded channel in a VOIP based transmission infested
with considerable CCI. Here, for an average increase of 0.9% in precision of performance
provided by CTDFRNN-MNSOM compared to CTDFRNN-C, the BER values show a
fall of 50-66% as shown by Figure 4.13. It necessitates the importance of design of systems
for MIMO channel modeling with additional aids which, along with increase in precision
by even a small fraction, shall eventually improve BER performance significantly as well
as can yield lesser computational complexity than CTDFRNN-MNSOM.

4.5 Conclusion

In this chapter we have proposed a new set of complex RNN architectures with SOM

optimization for MIMO channel modeling. The basic challenge in doing so has been to
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Figure 4.13: BER performance gain obtained with CTDFRNN-MNSOM compared to
CTDFRNN-C architecture

keep the architecture as effective and as simple as possible while dealing with signals with
in-phase and quadrature components. The objectives have been to improve performance
in terms of lower BER values, reduced processing time and enhanced precision. In partic-
ular, we have proposed CTDFRNN estimator with SOM optimization, CTDFRNN-C and
CTDFRNN-MNSOM architectures for MIMO channel modeling which provide continu-
ously improving BER values and lower processing delays. It should also be noted from
Table 4.4 that the CTDFRNN-MNSOM has less time-complexity than either FIR-MLP
or IIR-MLP. Therefore, from all these results, it can be concluded that the CTDFRNN-
MNSOM provides the best results among the proposed frameworks. However, in some
applications such as short length wireless VOIP based transmission while modeling MIMO
channels, the precision plays a crucial role as is apparent from Figure 4.13. It also sug-
gests that in such severely faded channels with certain application, CTDFRNN-MNSOM
may not provide the required precision level within a certain limit of computational com-
plexity. In such cases, a simpler RNN structure along with a decision driven tool such
as fuzzy system may provide better design solution. Such a proposal is given in the next

chapter.
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Chapter 5

MIMO Channel Estimation using
Fuzzy Based System

5.1 Introduction

In Chapter 4, we showed how a class of RNN architectures in combination with SOM
units provide satisfactory performance in terms of lower BER values, reduced process-
ing time and enhanced precision while modeling time-varying MIMO channels. We also
showed how the betterment of precision by just 0.9% enabled the CTDFRNN-MNSOM
to provide lesser BER values by atleast 50% compared to CTDFRNN-C which is sig-
nificant. In fact, in certain practical cases like a VOIP based transmission in a severely
faded channel, the performance of RNN-based methods needs to be improved further
especially in connection with the accuracy of the recovered content associated with such
precision oriented communication. In such situations, the natural option that emerges
as the suitable addition along with a simpler RNN, to enhance the system precision as
well as to reduce the computational complexity, is either fuzzy system or the genetic
algorithm (GA). The primary limitation associated with GA, however, is the underlying
computational complexity and therefore the time constraint. Hence, the fuzzy based
system integrated with RNN block turns out to be the only viable option to attain the
desired precision performance. Further, fuzzy systems possess an integral ability to deal
with uncertainty, can discern minute variations, attach probabilistic linkages to such finer
changes [35] [110] and facilitate the formation of a mechanism for near error-free decision
making using ANN. Also, the uniqueness associated with these soft-computational tools
enables a smooth blending of fuzzy system with ANN in a supplementary-complementary
arrangement which leads to enhancement in performance in terms of processing time,
lower system complexity, increase in precision, better adaptability and an unmatched

capability to track and model uncertain behaviour of stochastic MIMO channels. The
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end result is a mechanism which shares a symbiotic association with each other that
enhances respective and cumulative performances. The ANN provides process data ex-
tracted from non-parametric sources executing the task with model-free processing such
that the fuzzy system uses the neural response to provide expert-level decision with the
aim to achieve better overall performance. This is in addition to the stability of the set-
up and the capability to process minutely varying contextual and relevant information
due to the presence of feedback loops in the RNN [34] components encapsulated in the
system with fuzzy-related modifications. In terms of implementation aspects, the advan-
tage of such a composite architecture is a set-up which can make better discrimination
between the significant and correlated coefficients of time-varying channels such that the
correct class-wise grouping of the system improves and misclassification reduces with less
processing time and lower design complexity. For its inherent capability to derive expert
level knowledge and decision making [35] [110], fuzzy based systems have already been
used in wireless communication in areas like equalization etc. A few important works
are cited in [41] -[52]. All of these works emphasize applications of fuzzy-based systems
for wireless communication areas with nearly no stress on architectural challenges and
benefits that can be derived using such systems with modifications. Certain challenges
can be identified as (i) combining ANN and fuzzy based systems to obtain the capabil-
ity of expert-level decision making while modeling uncertainty observed in the MIMO
channel and (ii) realization of a suitable system for adaptive receiver design with lower
implementation and time complexity.

In this chapter, we propose the formulation of certain fuzzy-based systems using TD-
FRNN with the ability to deal with time-varying inputs in fuzzified form to meet the
above two challenges while modeling time-varying MIMO channels. The fuzzified TD-
FRNN blocks are designed to generate a set of input conditioning norms and inference
logic which captures finer variations in the signals transmitted by the MIMO set-up.
The fuzzification process is automated using a ANN-aided approach while two distinct
TDFRNN blocks generate the classification boundaries in terms of in-phase and quadra-
ture components combined and optimized using a Self Organizing Map (SOM) unit. The
training process is accelerated by constantly changing fuzzy samples generated by dis-
similar processing blocks. The results show significant improvement in processing time
and accuracy as compared to ANN based approaches. The fuzzy systems, on an average,
provide atleast 5% improvement in accuracy as compared to the RNN-based estimation
which has already been established to be a better alternative to statistical and ANN
based approaches as stated in Chapter 4. This is in addition to the processing time

advantage that the fuzzy systems provide.
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Figure 5.1: Fuzzy system based channel estimation

5.2 MIMO Channel Estimation using Fuzzy Based Sys-

tems

Fuzzy systems are rule driven tools that provide expert-level knowledge for decision mak-
ing [35] [110]. ANNSs, on the other hand, are adaptive, robust and non-parametric predic-
tion techniques that demonstrate cognitive behaviour [34]|. Fuzzy systems alone, however,
find it difficult to tackle uncertainty hence require support from other tools like ANN.
Integration of a fuzzy system with ANN enables the former to acquire capabilities of im-
plementing a framework of processing modalities like signal conditioning rules, inference
norms etc so that the composite systems acquire the ability of better learning, retentivity
of knowledge and expert-level decision making with the ability to capture finite varia-
tions in the input. Hence, hybrid forms, like Fuzzy-Neural System (FNS) or Neuro-Fuzzy
System (NFS) are popular in a diverse range of applications. A generic framework con-
sidering such a hybrid system is depicted in Figure 5.1. However, experimental results
derived for VOIP based transmissions show that the FNS approach is better suited for
time-varying MIMO channels and hence is adopted in our work for such a highly volatile
propagation environment.

Therefore, before we go to our proposal, we briefly discuss the merits and demerits of
FNS and NFS in the following section.
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5.2.1 Fuzzy-MIMO channel estimation: Neuro-Fuzzy or Fuzzy

Neural?

As discussed earlier, hybrid systems formed by combinations of fuzzy and ANN methods
have adaptability, parallelism, non-linear processing, robustness and learning in data rich
environment and modeling uncertainty. A fuzzy based system is formed by a fuzzification
layer, an inference engine and a de-fuzzification stage. Available literature reports the
combination of fuzzy systems and ANNs in neuro-fuzzy (NF) or fuzzy-neural (FN) forms
that demonstrate adaptability and robustness while handling unknown process or situa-
tions. Each of these systems has their advantages and disadvantages which are considered
while designing applications involving them. The NFS processes numerical relationships
and uses ANNSs to derive the parameters of a fuzzy system. It performs crisp input to
output mapping using ANNs. There can be several layers, the first being an ANN which
maps process data (crisp) into fuzzy form. These fuzzy samples are used by the inference
engine to make decisions. The de-fuzzification layer again converts the fuzzified form into
real world values. NFS systems don’t have the ability to combine perception based in-
formation and are used to derive solutions involving the ANN’s advantages of model-free
learning, appropriate generalization and powerful non-linear mapping capabilities [35].
The approach followed in the FNS is somewhat different. The FNS is an implementation
of a fuzzy system within ANN architecture. In this approach, both numerical (measure-
ment based) information and perception based information represented as fuzzy numbers
are handled. Therefore, FNS capture more relevant content from an input, hence is
better suited for real world situations [111|. The FNS provides a fuzzy input to output
mapping unlike the NFS which relates a crisp input to a corresponding output. As a
result, the FNS has greater ability to keep track of finer contextual variations unlike the
NFS. Also, FNS allows automation of generation of fuzzy rules and has the ability to
perform combined learning of numerical data as well as expert-knowledge expressed as
fuzzy if-then-else rules. Moreover, FNS have smaller networks and faster processing time
compared to ANNs and NFS [111], hence are more suitable for applications like adaptive
receiver designs for high data rate mobile communication.

In the following sections, we provide our proposal along with experimental results. Fi-
nally, in Section 5.4, the NF'S approach is also covered along with a brief comparison of

this method vis-a-vis our proposed FNS approach.

5.2.2 FNS MIMO channel estimation

The FNS deviates considerably from the traditional ANN and has the following attributes
[109]: (i) fuzzy inputs, (ii) fuzzy outputs, (iii) fuzzy weights and (iv) fuzzy aggregation
operation instead of summation as observed in ANNs. For the present work a FNS MIMO
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Figure 5.2: Proposed FNS MIMO channel estimation

Table 5.1: Linguistic steps used to condition the inputs

Sl. no. State Notation

1 Negative Large NL
2 Negative Medium NM
3 Negative Small NS
4 Zero Z

) Positive Large PL
6 Positive Medium PM
7 Positive Small PS

channel estimator is formulated and is depicted in Figure 5.2. The primary input to the
system comes from a MIMO transmitter during training. The inputs in in-phase and
quadrature forms are fuzzified and membership grades assigned. The fuzzy inputs next
go to the inference engine which decides upon the class decisions as per the assigned
inference logic. the output is de-fuzzified and obtained from real and imaginary sections
and combined. The outputs are trimmed using a Self Organizing Map (SOM) optimizer.

The details of each of these sections are discussed in the following.

5.2.2.1 Inputs and fuzzification

The MIMO channel input-output relationship is already given in Section 2.2.1. The
training samples are normalized and confined within a few linguistic steps [110] as shown

in Table 5.1. The inputs are also constrained by the following norms:
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NL,—0.99 <z < —0.66;
NM,—-0.66 < x < —0.33;
NS, —0.33 <x <0;
fi(x) = Z, x=0; . (5.1)
PL, 0.66 <x <0.99;
PM, 0.33 <z <0.66;
PS, 0<z<0.33;

The performance of fuzzy based systems depend on the norms adopted for conditioning
inputs and decision making. The set of norms adopted to see the effect of inclusion of
greater number of conditioning steps in the overall performance of the system is formu-

lated as a: new set as:

Minus9, —0.99 < z < —0.88;
Minus8, —0.88 < x < —0.77;
Minus7,—0.77 < z < —0.66;
Minus6, —0.66 < r < —0.55;
Minusb, —0.55 < x < —0.44;
Minus4, —0.44 < z < —0.33;
Minus3, —0.33 < z < —0.22;
Minus2, —0.22 < z < —0.11;
Minusl, —0.11 < z < —0.01;
fa(x) = z z = 0; . (5.2)
Plusl, 0.01 <z <0.11;
Plus2, 0.11 <z < 0.22;
Plus3, 0.22 <z < 0.33;
Plus4, 0.33 <z < 0.44;
Plusb, 0.44 <z < 0.55;
Plus6, 0.55 <z < 0.66;
Dluses 0.66,< 2 < D.F%
Plus8, 0.77 < x < 0.88;
Plus9, 0.88 <z < 0.99;

To ascertain the variation in performance, two sets of input conditioning methods (equa-
tions 5.1 and 5.2) and inference rules are derived and variations in outcomes noted while
dealing with time-varying MIMO channels invested with multiple interferences. The in-
puts are divided into in-phase and quadrature components to allow the FN-system to
learn the individual signal segments separately. The fuzzy sets of the respective inputs

are generated following two ways:

TH-1116_09610211 90



Membership Membership
Grades Crade
G ti
Bell-shaped . @ eneration
Membership Multi Layer
Tx | function P?C;Ptmﬂ (MLP)
1= §

Figure 5.3: Membership grade generation using Bell-shape function and trained MLP

o =T =

g A% Class groups

M [:> 0 |::>3 generated by-SOM

| M

M Class info given to

0 MLP
Membership
rade

L Multi Layer .

Perceptron (MLP) E:>

Figure 5.4: Membership grade generation using SOM and trained MLP

1. In the first method, a Bell-shaped membership [110] function is used to generate the
member-grades of each input. A one-to-one correspondence is established between
input and fuzzy sets. This association is taken to train an MLP to generate the
membership function. At the end of the training, the MLP becomes an automatic

membership generator (Figure 5.3).

2. The second method is to use a SOM to create clusters for each of the samples
forming the input matrix. This clustering is used to train a MLP to act as an

automated membership generator (Figure 5.4).

5.2.3 Experimental considerations

The FNS structure deviates considerably from the traditional ANN and has the following
attributes [110]: fuzzy inputs, weights, outputs and aggregation operation instead of
summation as observed in ANNs. For the present work a FNS MIMO channel estimator
is formulated and is shown in Figure 5.2. Let z7 be the input to the MLP (Figure 5.3)
while yg¢ is the expected set of membership grades given by the Bell-shaped function.
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The actual output of the 3-layered MLP in this case is given as
yanc = Y > HD FiwrWin + 0;)Wa] (5.3)
k i j

" sample in j, i and k' layers f(.)s are activation functions, W|., .]’s are

where for n'
connectionist weights and b’s biases related to specific layers of the MLP that produce

the response for given inputs. The instantaneous error for p** pattern is given as
2
E,= Z[Q%Mck - yZMGk] (5.4)
k

such that the weight adaptation can be continued till the goal is reached. The weight

adaptation process is related to a gradient given as

oF
AWy = — P 5.5
for use in the training process. Here 7 is the learning rate.
In case of the SOM-MLP approach, the membership grades are generated as:
yemc = vr[Wj (5.6)

where W; is the random weights of the competitive layer of the SOM. The ‘winners take

all’ competition starts [34] in this layer such that the winning neuron index, J, satisfies
ys = maz;{yg;, Wi} (5.7)

For a 4 x4 MIMO set-up, four training signals are transmitted with three different AWGN
values viz.—3 dB, 1 dB and 3 dB for a Gaussian, Rayleigh and Rician faded channels.
The channel has hjq, hoo, h33 and hyy as primary direct channel impulse responses while
h1a, ha1, hs1, hay, - - - etc are cross-channel impulse responses between the specific trans-
mitter and the receiver. The input training sequences xi, o, r3, x4 are transmitted in
data blocks with each block constituted by N; information and N training symbols. For

different time slots the training sequences provide

Y7 Yri Y7 Yri
hin = — By = =22 hy = 12y = ST (5.8)
where ¢ = 1,2,--- 4. Let the above knowledge be considered to be apriori. So if
during training [ﬁll,ﬁlg, oo, hoy hog, ey hap, e, i~z44] are the estimates of channel

coeflicients, the fuzzy inference can be developed from the risk functional d(h;;, iL,]) where

d(.) represents the distance measure between actual and expected responses. The fuzzified
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inputs are generated by the process as described in Section 5.2.2.1. The fuzzified inputs
thus obtained are next passed on to the inference engine which is a multi-layered set-up

designed by following two approaches based on
1. Fuzzy Multi Layer Perceptron (FMLP) and

2. Fuzzy Time Delay Fully Recurrent Neural Network (FTDFRNN).

5.2.3.1 Fuzzy MLP (FMLP) based inference engine

The FMLP is formed by multiple layers of fuzzy neurons (Figure 5.5). The inputs (Xj;),
weights (W;) and outputs are all fuzzified [109]. The output of such a set of neurons can

be expressed as

Ye=)_ Sﬁ,k(z W; Xi;) (5.9)

where S3 is a sigmoid function for certain steepness parameter 3. The calculation covered
by the summation sign in (5.9) is done using principles of fuzzy arithmetic. The output
thus obtained is next passed on to the hidden and output layers such that the final

response is expressed as
Yoo =D S5m{(Q_ 85> YaWi) Wim) }. (5.10)
m l k

For separate real and imaginary inputs the respective outputs are combined so that the

final response is found as

Yor =Y Sam{(O_ 95:O  VieWu))} +3 > Somd{ (O SO YurWi))}.  (5.11)

For determining the channel coefficients [7111,%12, o, hot, g,y har, e, 7144], the

expression given by (5.11) is used after completing the training using back-propagation
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algorithm.

5.2.3.2 Fuzzy TDFRNN (FTDFRNN) based inference engine

The FMLP based inference system is effective in case of static, slowly varying channels.
The training and estimation time required, however, is much less than the pure ANN
based systems as described in Section 5.3. It can also tackle time-varying channels but
there is always a scope for further improvement. However, as RNNs are known to be
suitable for time-varying inputs, hence an option emerges based on these ANNs. Such
a combination called Fuzzy RNN (FRNN) is specially configured as a fuzzy inference
system. The core of a FRNN is a Fuzzy Recurrent Neuron (FRN) shown in Figure 5.6.
The MLP block of a FMLP is replaced by a TDFRNN with split-activation so that the
combination can use de-coupled in-phase and quadrature components of input signals
and use a SOM to combine the outputs in an optimized form. The output of such a set

of neurons for a set of inputs X; and state vectors uy ; is expressed as

Yor(n) =Y Sp(D (Wi X, + Wi Xjoa + Wiy Yo + Wynuw; + Winun-15)). (5.12)
k

J=0

After the input propagates through the hidden and the output layers, for a real input
XRj, the response shall be

Yimr = Y Ssmd (O Ss00> YekrWia + tar—i jWinr) Wim) }- (5.13)
m l k
A similar expression for imaginary inputs can also be obtained as
Yimr = Z Sﬁ,m{(z SB,I(Z Yot Wit + wni—i jWint ) Wim) }- (5.14)
m l k
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Table 5.2: Inference rule sets for decision making in a FNS based MIMO channel estimator

Set | Yimazr | Yimin Y+ inference h inference Remark
1.0 ] 0.001 | yr = 0.99 3 gihsi 4+ 0.01 Y yihs; | h = 0.995 hyi 4+ 0.013 hy hii 1
0.9 | 0.1 [yr =099 yihi+0.013 yihij | h=0993 hy +0.013 hy; | hy 1

1| 07 | 03 | yr=0710hy+03Nyihij | h=073 hy+03 hy hii 1
05 | 05 | yr=053whi+05% yihi; | h=05%hy+05% hy | hi 1, hi 1
03 | 05 | yr=032whi+05% yihi; | h=033hy+053 hy | hi | hig 1
03 | 07 | yr=03"wihi+07yhi; | h=03%hy+07 hi; | hi |, hij 1
0.99 | 0.88 | yr =09 yihs+01 yihi; | h=09hy+01S hy | hy 1, ki |
0.87 | 0.77 | yr = 0.87 3 yihii + 013X yihs; | h=0.873 hgi + 0133 hij | hss 1, has |
0.76 | 0.66 | yr = 0.76 X yihs +0.24 S yihi; | h=0.76 3 hy +0.24 5 hij | hi 1, hij |
0.65 | 0.55 | yr =0.65 yihy +0.35 3 yihij | h=0.653 hy +0.355 hij | hii 1, hij |

2 ] 054 | 044 | yr = 0.54 3 yihii + 044 yihs | h = 0.55 3 i + 0.44 3 hij | hg |, hij 1
043 | 0.33 | ypr = 0.43 3 yihy +0.57 X yihij | h=0.433 hs +0.573 hij | hi |, hij 1
0.22 | 0.11 | yp = 0.223 yihis + 0.78 X yihs; | h=0.223 hy + 0.78 3 hj | has |, his 1
0.1 | 0.09 | yr =013 yhs+09 yhi; | h=01hy+09 hy | ha |, hij 1
0.08 | - | yr =008 yihy+0.923 yihij | h=0.083 hy +0.923 hi; | hi |, hij 1

For a duration of n seconds if training samples are presented to the inference engine, the
output matrix generated is optimized by a SOM such that the final result obtained has
a form given by

Yir = B{Ypmn(n) + j¥mms(n)} (5.15)

where @{.} is an optimization process carried out by following ‘winners take all’ compe-

tition such that the winning neuron index, J, satisfies

Y (n) = max;{Y,5;, W;} (5.16)

A detailed treatment of competitive learning of the SOM is given in Section 2.3.3.

5.2.4 Inference rule set

Two sets of inference rules are formulated as shown in Table 5.2. The first set has less
number of intermediate states while the second one contains more steps to facilitate finer
classification and thereby generates better precision. The set-up is constituted to handle
the inputs and rely on an inference mechanism for fast decision making with greater
precision. The objective is to determine the optimal combination of input norms and
inference rules so that the decision making process in the FNS MIMO estimator pro-
vides better precision and faster processing speed compared to ANN based approaches.

Appropriate encoding schemes are generated for implementing the inference rules which
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are executed by FTDFRNN blocks with split activation for in-phase and quadrature com-
ponents. The output decisions in fuzzy form are optimized by a SOM. In this form these
blocks are called Fuzzy Complex TDFRNN (FCTDFRNN) with FRNs as basic build-
ing units. The FCTDFRNN block shows excellent capacity to deal with time variation

observed in MIMO transmissions.

5.2.5 Defuzzification

After the fuzzified outputs are generated, a mapping is performed to convert each of
the conclusion into a single real number. This mapping process provides the required
estimation of the channel coefficients obtained from a fuzzy inference. There are several
defuzzification methods but the ‘Center of Arc’ or ‘Centroid Method’ proposed by Sugeno
(1985) and Lee (1990) is the most acceptable of all [109]. For a discrete case, if C'
represents a finite universal set {21, 29, - , 2, }, the defuzzification method is expressed

dea(C) = % (5.17)

5.3 Results and Discussion

The performance of the FNS based MIMO channel estimation method is dependent
on several aspects. The complete system performance is affected by the responses of
the fuzzification, inference and defuzzification stages. Section 5.3.1 discusses about the
results obtained from the two membership generation approaches. Section 5.3.2 includes
the performance of the fuzzy inference engines designed using FMLP and FTDFRNN
approaches. The summarized results of the fuzzy-based MIMO channel estimation is
included in Section 5.3.3.

5.3.1 Performance of the two membership generation approaches

A comparative depiction of the performance of the above two membership grade gener-
ation methods are shown in Figure 5.7. While the SOM-MLP method is less accurate
on an average by about 4% but it is faster by atleast 21%, hence it is more acceptable
for speed critical applications but for situations where precision is of greater importance
the Bell-MLP method is preferable. This method of extracting membership grades of the
inputs works well with static and slowly varying signal samples. For time-varying cases
including fast fading, a better option is the use of Time Delay Fully Recurrent Neural
Network (TDFRNN) blocks in place of the MLP. The primary motivation is that the
RNN has the capacity to deal with time varying inputs due to the presence of atleast

one feed-backward loop for which learning accumulates over an extended period of time.
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Figure 5.7: Comparative % performance of membership grade generation methods

Table 5.3: Truncated data set of four different delays and four different frequency selective
paths of a Rayleigh faded channel

Case 1 2 3 4
Delays (s) [1x107° [1.5x107°|2x107° | 2.5x 107°
Path gain 1 | 0.467 0.353 0.555 0.036
Path gain 2 | 0.281 0.031 0.815 0.732
Path gain 3 | 0.367 0.893 0.462 0.381
Path gain 4 0.212 0.691 0.021 0.811

Moreover, the RNN is faster compared to the MLP, hence takes less process time, in
this case it shows atleast 23% improvement. Therefore the functional membership grade
block is constituted by a SOM and a TDFRNN block. The TDFRNN blocks uses split
activation and are trained with Decoupled Extended Kalman Filter (DEKF) algorithm.
Segregated real and imaginary inputs are applied to different TRFRNN blocks with the

output going to respective sections as shown in Figure 5.2.

5.3.2 Performance of the FMLP and FTDFRNN approaches of

fuzzy inference

The samples are accumulated for a 4 x 4 MIMO - OFDM set-up for three different AWGN
values viz.—3dB, 1dB and 3dB for the Gaussian, Rayleigh and Rician faded channels. The
testing includes a range of signal conditions with SNR values ranging from —10 to 10 dB.
The testing carried out with inputs from the receiver side calculates channel coefficients
and compares them to the theoretically generated values for a frequency range of 0.2Ghz
to 8GHz. Some of the values taken for training the system to deal with Rayleigh and
Rician channels are generated using Clarke-Gans model. Two such sets are shown in

Tables 5.3 and 5.4.
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Table 5.4: Truncated data set used for training to carry out estimation under Rician
fading

Case 1 2 3 4

Delays 1x107°[15x10°|2x107° [ 25x107°
Path gain 1 | 0.136 0.446 0.125 0.162
Path gain 2 | 0.087 0.306 0.595 0.433
Path gain 3 | 0.761 0.239 0.064 0.213
Path gain 4 | 0.572 0.196 0.351 0.087

Table 5.5: Parameters used for generating the OFDM signal

S1 Num Parameter Specification
1 Baseband modulation | 16-QAM, BPSK
2 FFT length 512
3 Number of carriers 128
4 Cyclic Prefix 16

These channel coefficients are combined with OFDM symbols generated using the
parameters shown in Table 5.5. The MIMO channel matrix (MCM) is formed using a

representation given as

H;j(z) = f{ai;27} (5.18)
0,J
and the co-channel interference (CCI) responses are expressed as
. AR . (5.19)
so that the complete signal content at the receiver is expressed as

Ya(2).= X;; [Z{amz—j 4D {emnz "+ N (5.20)

where X is the OFDM matrix generated using the parameters given in Table 5.5. Before
applying these symbols to the fuzzy system, they are all fuzzified. The FMLP is formed
by three layers, with the input layer having a length equal to the symbol length, the
hidden layer is 1.5 times to that of the input samples while the output layer has a length
of twenty. Combinations of tan-sigmoid and log-sigmoid functions are used as activation
function and a back-propagation algorithm with adaptive learning rate is used for train-
ing the set-up. Also Levenberg-Marquardt (LM) optimization is used to speed-up the
process of training.

In case of the FTDFRNN structures, split-activation technique is adopted to train real
and imaginary sections separately with specific signal segments. The FTDFRNN struc-
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Table 5.6: Training parameters of FMLP and FTDFRNN with respect to TDFRNN-

MNSOM
Case [tem TDFRNN-MNSOM FMLP FTDFRNN
1 | MSE Goal 1077 1073 1077
2 Epochs 15 15 13
required
3 Data size 500-1000 500-1000 500-1000
4 Training DEKF Back Propagation | DEKF with
method with LM fuzzy
optimization, with | consideration
fuzzification
5 Precision 97.4 98.4 98.5
in %

tures are trained with DEKF algorithm. A training window of n seconds is given to
the two FTDFRNN structures during which several estimated of the signal samples are
generated. The SOM placed at the end of the two FTDFRNN structures are used to
combine the outputs and provide an optimized estimate of the response. From the esti-
mates of the signal the channels are derived. Training performance is judged using mean
square error (MSE) convergence rate and the precision derived. A comparative depictive
of the training performance of the FMLP and the FTDFRNN structures with respect to
conventional TDFRNN architectures is provided in Table 5.6. The fuzzy based methods

clearly show an advantage.

5.3.3 Performance of fuzzy-based MIMO channel modeling

Figure 5.8 presents the normalized processing time of the two fuzzy methods against LS,
MMSE, MLP, temporal-MLP, 3L-FF and CTDFRNN-MNSOM techniques. The fuzzy
approaches generate minimum 2 — 6 % difference in processing time while providing
better precision performance consistently over atleast fifteen trails. The MCM has four
numbers of channels with twenty taps of which four are significant for the estimation
process. Figure 5.9 shows the average BER vs SNR provides by FMLP and FTDFRNN
systems compared to an estimator with perfect CSI. The fuzzy systems, on an average
differ by about 3 — 8% with the BER values generated by the estimator with perfect
CSI. This is atleast 5% improvement in accuracy compared to the CTDFRNN-MNSOM
based estimation of which the BER values are shown as well. This is in addition to the
processing time advantage that the fuzzy systems provide. The average pathgains of four
faded channels generated by FN systems compared to those provided by the CTDFRNN-
MNSOM based estimation (Section 4.3.3, Figure 4.12). Like the CTDFRNN-MNSOM

based estimation, the FN-estimators closely approximate the actual channel path but at
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Figure 5.9: BER generated by FMLP and FTDFRNN in comparison to an estimator
with perfect CSI

less processing time.

The performance of the system is dependent on the inference rule set adopted for carnying
out the estimation process. A standard set of six rules gives optimal performance but
experiments are carried out to see the effect of variation of the inference stage. Table 5.7
summarizes the results obtained. The implementation of the inference engine using six
set of rule shows a dependence on the network structure adopted for the purpose. Table
5.8 summarizes the variation in performance of the FNS with change in the network
structure adopted for the implementation of the inference engine. The inference network
structure is considered to be formed by an input, two hidden and one output layer. Four
different FNS structures are used to implement the inference rules. While all the four

networks using six inference rules generate a MSE convergence between 0.24 x 10~° and
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Table 5.7: Effect of variation of number of inference rules

No. of MSE | Precision | Epochs
inference | attained in %

rules x107°
4 0.5 93 34
6 0.28 97 31
8 0.15 97 43
9 0.09 97 58
10 0.08 97 75
12 0.03 98 91

Table 5.8: Effect in performance due to variation in network structure adopted for im-
plementation of inference engine

Case | Network | No. of | MSE | Epochs | Precision
Size rules | x 107° in %
1 20-24-12-4 6 0.3 34 96.5
(N1) 9 0.06 102 97.3
2 20-30-15-4 6 0.26 34 96.8
(N2) 9 0.045 96 97.0
3 20-40-20-4 6 0.33 39 96.0
(N3) 9 0.05 101 97.0
4 | 20-50-25-4 6 0.24 44 96.0
(N4) 9 0.038 101 97.0
5 20-50-30-4 6 0.25 47 95.4
(N5) 9 0.039 103 96.1

0.33 x 107°, the value comes down significantly to a range of 0.038 x 10~ to 0.05 x 1075
with nine inference rules. It indicates that the MSE convergence rate improve and falls
to lower limits with more inference stages. With more inference rules, the networks learn
better and approach the level of optimality with greater closeness. It amounts to an
improvement between 84 to 87% in MSE convergence rates. But this happens at the
cost of greater processing time. Number of epochs increases by over 1.5 times when
nine inference rules are used compared to case when the system is designed with a set
of six such sets. But this increase in processing time and lowering of the MSE values
result in an improvement of precision marginally between 1 to 1.5%. This marginal
improvement is further compounded by increase in design complexity as shown by the
network size (Table 5.8). Hence, the six inference rule format is adopted to carry out
the FNS based MIMO channel estimation. The four networks are trained separately and
the MSE convergence plots are shown in Figure 5.10. The network named N4 with a
structure of 20 — 50 — 25 — 4 gives the best performance. MSE value converges, on an

average, to about 0.24 x 10™° during the stipulated training slots below 50 epochs with
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Figure 5.10: MSE plot of FNS estimator training

the data set taken. This network has an input layer of 20 FRNs in the input layer. This
value is derived from the fact that the signal block is formed by 8-data bits and three
parity prefixes while a channel length of ten. After convolution between the signal block
and the channel coefficients, the composite sample input has a sequence length of twenty.
Similarly, there are 50 and 25 FRNs in the two hidden layers. The output layer has four
FRNSs as it needs to retain only four sets of data for a 4 x 4 MIMO set-up designed for
the purpose. The significant part of the data set are retained, interpretation derived after
de-fuzzification and BER values calculated. The above results are generated for the two
sets of inference rules considered. The two configurations are tested for a set representing
VOIP based broadcast respectively. The first set used in the VOIP transmission involve
128-bit size OFDM data blocks of around fifty while the second broadcast involves over a
thousand 6400-bit transmissions. These variations of sample sizes are taken to ascertain
the effect of data on training and performance of the system. The implementation of
the inference engine using six set of rule shows a dependence on the network structure
adopted for the purpose. Table 5.8 summarizes the variation in performance of the FNS
with change in the network structure adopted for the implementation of the inference
engine. The inference network structure is considered to be formed by an input, two
hidden and one output layer. Four different FNS structures are used to implement the
inference rules. While all the four networks using six inference rules generate a MSE

convergence between 0.24 x 107° and 0.33 x 10~°, the value comes down significantly to a
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Figure 5.11: Phase tracking by FNS based MIMO estimator during training

range of 0.03 x 107 to 0.05 x 1075 with twelve inference rules. It indicates that the MSE
convergence rate falls with more inference stages. With more inference rules, the networks
learn better and approach the level of optimality with greater closeness. It amounts to
an improvement between 84 to 87% in MSE convergence rates. But this happens at the
cost of greater processing time. Number of epochs increases by about 1.32 to 1.7 times
when twelve inference rules are used compared to case when the system is designed with
a set of six such sets. But this increase in processing time and lowering of the MSE values
result in an improvement of precision marginally between 1.04 to 1.5%. This marginal
improvement is further compounded by increase in design complexity. Hence, the six
inference rule format is adopted to carry out the FNS based MIMO channel estimation.
The four networks are trained separately and the MSE convergence plots are shown in
Figure 5.10. The network named N4 with a structure of 20 — 50 — 25 — 4 gives the
best performance. MSE value converges, on an average to about 0.24 x 1075 during the
stipulated training slots below 50 epochs with the data set taken. This network has an
input layer of 20 FRNs in the input layer. Similarly, there are 50 and 25 FRNs in the
two hidden layers. The output layer has four FRNs as it needs to retain only four sets of
data for a 4 x 4 MIMO set-up designed for the purpose. The significant part of the data
set are retained, interpretation derived after de-fuzzification and BER values calculated.

A worst case result of phase tracking generated with VOIP based wireless transmission
in a Rayleigh faded channel with a Doppler shift of 100 Hz is shown in Figure 5.11.
Though the result shows a phase difference of around 4+4.5 deg., it improves with higher
SNR. The frequency responses of the two channel types is depicted in Figure 5.12. The

frequency response shows clearly the importance of precision.
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Figure 5.13: CCI plot generated by channel coefficients with estimated path gains

A co-channel interference pattern of the channels is also generated and is depicted

in Figure 5.13. The plot shows the normalized correlation of the CCI on significant es-
timated channel coefficients. It indicates though the significant channel coefficients are
estimated with adequate path gains, yet significant interference exists. If the CCI is
higher, the frequency response suffers indicating a fall in spectral efficiency. The FNS
provides better precision in making discrimination between CCI and significant channel
coefficients (Figure 5.13), hence demonstrates greater spectral efficiency.
A set of experiments are also perform to see the effectiveness of the fuzzy MIMO es-
timator in NFS and FNS forms. The two configurations are tested for a VOIP based
broadcast using a 4 x 4 MIMO wireless set-up infested with Rayleigh fading. The first
transmissions involve 128-bit size OFDM data blocks of around fifty while the second
broadcast involves over a thousand 6400-bit transmissions. These data blocks are used to
train the NFS and FNS MIMO estimators. The design, experimental and results derived
from the NFS based MIMO channel modeling is covered in Section 5.4.
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Table 5.9: Computational complexity of FNS based design compared to temporal-MLP
and RNN-based architectures with N length filter (for temporal MLP structures) or delay
blocks (for RNN-based structures), n number of parallel structures, [ size competitive
layer and (P + R) length of the signal

Model Number of ‘
additions multiplications
I[IR-MLP TN + 2 10N
CTDFRNN-MNSOM | (P + R)3442+1 | (P + R)24+2l
FTDFRNN 12N +2-+1 1IN +2-+1

The fuzzy approaches generate minimum 2 to 6 % difference in processing time while
providing better precision performance consistently over atleast fifteen trails. Similarly
there is enhancement of BER performance as well over the entire SNR spectrum for all
the multipath fading channels considered. The fuzzy-based methods clearly provide ad-
vantages of faster processing time, lower BERs and better precision while carrying out
symbol recovery. In this performance enhancement, the membership generation and the
inference mechanism plays a decisive role. The choice of the specific membership norms
and inference rule set is critical in resolving the speed-precision stand-off. Table 5.9 shows
the computational complexity associated with the FNS based MIMO channel modeling
approach. Considering [ to be the length of a competitive layer, n to be the number of
parallel structures and (P + R) to be the length of the signal, the computational com-
plexity of the RNN-based architectures are shown in this table. Here, ITIR-MLP is taken
as the representative of the temporal-MLP family as it provides better results. Similarly,
CTDFRNN-MNSOM is taken as the comparative model since it generates the best per-
formance in terms of BER and precision among the proposed RNN-based architectures.
The FNS approach has a RNN-based structure followed by a competitive layer which
for each input generates sizable amount of computation which is fast and converges to
the desired level within a few number of training epochs. The increase in performance
is in addition to the fall in computational complexity compared to CTDFRNN-MNSOM
as outlined in Section 5.3.3. Figure 5.14 shows a comparative plot generated by IIR-
MLP, CTDFRNN-MNSOM and RNN-FNS approaches in a severely faded channel for a
VOIP transmission. The FNS based method of MIMO channel modeling shows a clear

advantage.
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Figure 5.14: Comparative BER plots generated by I[IR-MLP, CTDFRNN-MNSOM and
FTDFRNN approaches in a severely faded channel

5.4 FTDFRNN based NFS for MIMO Channel Mod-
eling

[112] In order to show the effectiveness of our proposed technique in Section 5.2, we are
providing the basic mathematical treatments of an NFS in this section so as to prove
the effectiveness of our proposed technique through the comparison with NFS. The NFS
based method is implemented in an Adaptive Neuro-Fuzzy Inference System (ANFIS) of
which the fuzzy rules can be either based on the Takagi-Sugeno or the Mamdani model.
The Mamdani model is used in this case as it is found to be better suited for practical
applications [36]. The inference rules are derived using the Mamdani model [112]. If 7;
is the center of gravity (CG) of the fuzzy set B’, then the total output y of the fuzzy

system is given by the following equation:

S Wil g
y=1[() =g =1 (5.21)
Zj:l wj h
with an input X = [z, 29, -+ ,2x]T, where,
N
wy = [ [ (@) (5.22)
i=1
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Figure 5.15: ANFIS block for the Mamdani model used for the MIMO modeling
if the logic multiplication rule is used, and

wy = min{p (@), g (@2). - ji (2x).) (5.23)

if the minimum rule is used. The form of the membership function of A7 is Gaussian:

x; —m]

)] (5.24)

oyt (@) = 0‘{ exp[—( e

where o is the amplitude, m/ is the mean and o7 is the standard deviation and defines
the function shape.

A multiplier forward feedback type ANN of five layers formed by FRN blocks, as
shown in Figure 5.15 is used. The first layer receives different fuzzy inputs. The second
layer facilitates the implementation of the system’s rules and ensures adaptive behaviour.
The triggering ability of the network is ensured by the third layer. The inference process
is carried out in the fourth layer and the defuzzification process takes place in the fifth
layer. The ANN has to adjust the parameters 7;, mg and ag so that the square error is
minimized:

eft) = 3lF(?) — il (5.25)
where p is the input pattern indicator z? and y,; is the desired output. The training

(updating) of 7; is performed using following rule:

Oe(t)
! dy;

7i(t+1) =7;(t) (5.26)
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Table 5.10: NFS and FNS estimator performance comparison

Case Parameter NFS FNS
15 set, Network Size 20-50-59-61-25-4 | 20-50-25-4
50 no.s of Precision (%) 95.2 96.1
128- MSE attained 0.8 x 107° 0.24 x 1073
bit Inference rules 6 to 10 6
blocks Epochs 42 31
% Processing time 68 61
ond Network Size 20-50-59-61-25-4 | 20-50-25-4
set, Precision (%) 95.1 96
100 MSE attained 0.88 x 107° 0.262107°
no.s of Inference rules 6 to 10 6
6400-bit Epochs 1534 1338
blocks | % Processing time 2 65

Updating of mg is done by using the learning rule:

de(t)

om!

mi(t+1) =mi(t) -~ (5.27)

fori=1,2,--- M and j = 1,2,--- , M. Likewise, the learning rule for ag, can be given

as

, : 0 : of Ow,
oilt+1) = of() =15 = allt) =21 = )52 (529
where of Tt
o
B L (5.29)
and ,

P RCTO):
The processing blocks in the ANFIS block are formed by FRN units which can tackle time-
varying input with fuzzified forms of patterns and targets. The training of the ANFIS
system is carried out in two phases: first a forward pass and then a backward cycle during
which the weights and other network parameters are updated. A set of experiments are
also perform to see the effectiveness of the fuzzy MIMO estimator in NFS and FNS
forms. The two configurations are tested for a VOIP based broadcast using a 4 x 4
MIMO wireless set-up infested with Rayleigh fading. The VOIP transmissions involve
128-bit size OFDM data blocks of around fifty while the another set of broadcast involves
over a thousand 6400-bit transmissions. These data blocks are used to train the NFS and
FNS MIMO estimators. The results derived are summarized in Table 5.10. Figure 5.16

shows a MSE convergence plot of six situations of NFS-estimators trained with highly
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Figure 5.16: MSE plot of NFS estimator training

correlated data samples. The epochs fixed are within sixty which generates a MSE
convergence of about 0.105 x 1073. This is considerably higher than the corresponding
FNS system which reaches 107° limit. The MSE convergence of the NFS model improves
with noise corrupted (~ —3dB) data but precision suffers when the same block is tested
with samples filled with severe disturbance (~ —10dB). The FNS, however, shows better
precision in a identical situations. The results clearly indicate that the FNS design is

better and is more preferable for adaptive receiver designs.

5.5 Conclusion

In this chapter, we have shown that fuzzy based composite architectures provide better
processing speed and precision while modeling time-varying MIMO channels. This im-
provement is due to its ability to track microscopic variation in the given macroscopic
space which is useful for wireless and mobile communication applications. Fuzzy systems
in two forms, namely FNS and NFS, have been explored. A careful examination of these
two available hybrid fuzzy systems shows that the FNS is more suitable for real world sit-
uations. There are certain issues which determine such improved performance. The first
factor is membership generation. The membership generation process is dependent on
the method adopted for implementation. We found that a SOM-MLP based membership

generation method is a compromise between processing speed and precision generated.
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The second issue is the inference engine. A six rule inference block formulated using
a 20-30-15-4 network structure of FRNs give the best performance in terms of precision
and processing speed. Experimental results show that the FNS approach is more suitable
than the NFS method for MIMO channel modeling. The FNS is atleast 9% faster, needs
around 23% less training sessions and shows 1.2% superior precision in symbol recov-
ery than the NFS. Using these consideration the FNS based system give a set of results
which show a minimum of 2 to 6 % difference in processing time compared to statistical
and ANN based approaches. The FNS also provides better precision performance con-
sistently by about 2.7% compared to any average RNN based architecture while dealing
with VOIP based broadcast using a 4 x 4 MIMO wireless set-up. It should also be noted
that the proposed FTDFRNN system yields around 46% lesser computational complex-
ity, on an average, than the corresponding CTDFRNN-MNSOM structure as shown in
Table 5.9. Moreover, as depicted in Figure 5.14, among the proposed techniques of this
thesis, namely, [IR-MLP, CTDFRNN-MNSOM and FTDFRNN, the last technique shows
its superiority while modeling even a deeply faded MIMO channel in important practical
applications like VOIP based transmissions. Therefore, it can be concluded that the pro-
posed FTDFRNN technique is better suited than the IIR-MLP or CTDFRNN-MNSOM

in this framework of high data rate MIMO communication.
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Chapter 6

Conclusion

6.1 Summary of the Present Work

A common form of uncertainty and stochastic behaviour is observed in time-varying Multi
Input Multi Output (MIMO) wireless communication due to interference and correlation
among channel coefficients. Soft-computational techniques can be added to the list of
methods already available for modeling MIMO channels to provide innovative solutions
primarily due to the fact that these tools are better placed to use channel side informa-
tion (CSI) for improved performance. In this thesis, we have made an attempt to model
MIMO channels with a class of soft-computational tools based on ANN in feedforward
form, known as MLP, and feedback form, called RNN, as well as fuzzy based composite
systems. Such an aspect of modeling MIMO channels has so far not been carried out and
reported. Thus the ideas presented in this thesis are, to the best of our knowledge, new,
original and not built-up around any pre-existing schemes. In the following, we provide
a chapter wise break-up of the main contributions of this thesis.

In Chapter 3, a few MLP architectures are designed, trained, validated and tested to
model static and slowly varying multipath fading channels with and without Line of
Sight (LOS) components. The work demonstrates higher success rates in channel esti-
mation and symbol recovery achieving lower BER than LS and MMSE estimators. But
the MLPs prove to be suitable for static and slowly varying cases and show limited ca-
pability to capture fastly time-varying patterns of the input data. This limitation has
been removed considerably by incorporating temporal characteristics into the basic MLP
structure enabling it to model time-varying MIMO channels. We have proposed a tech-
nique to build short-term memory into the MLP to make the network dynamic. In doing
so, we consider both FIR and IIR structures for better learning. In particular, we deploy
FIR and IIR sections in the input, output and hidden layers of the MLP which enables

it to acquire dynamic characteristics. These facilitate the creation of six sub classes each
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of FIR-MLP and ITR-MLP. The use of these short-term memory blocks makes the MLLP
time dependent and converts it a non-linear dynamical system. The static MLP network
provides the non-linear characteristics while the memory accounts for time-dependent
behavior. The success rate achieved are higher than conventional MLP based system but
the drawback observed is higher design complexity and intricacies associated with the
configuration.

In Chapter 4, a solution to the computationally expensive temporal-MLP method of
modeling MIMO channels is proposed. We deal with the RNN based approaches which
is a natural alternative choice to the temporal-MLP due to the fact that these soft-
computational tools have the in-built capability to deal with time-varying signals. It
stems from the fact that RNN has at least one feedback loop despite generally being a
feedforward structure. In this chapter, we proposed a class of novel RNN architectures
configured with certain basic training algorithms, split input and activation for speedup
considerations and a SOM based optimization. In particular, several RNN frameworks
supporting expendability of block level CTDFRNN units with responses trimmed by
SOM optimization, multiple CTDFRNN blocks trained in a cooperative environment
with improved learning and the ability to tackle inputs with time-variation have been
proposed. An attempt has also been to show that CTDFRNN clusters optimized with
SOM with diversity gains is found to be useful for low signal to noise ratio (SNR) envi-
ronments. Further, the Modular Network SOM (MNSOM), which is considered to closely
resemble biological computation with an inherent reinforced modular learning, has also
been proposed and formulated using CTDFRNN blocks for application in MIMO chan-
nel modeling. Experimental results show that CTDFRNN-MNSOM emerges out to be
a viable alternative to the conventional stochastic estimation methods with an average
60% saving of processing time. The CTDFRNN-MNSOM has less time-complexity than
either FIR-MLP or ITR-MLP. However, in some applications such as short length wireless
VOIP based transmission while modeling MIMO channels, the precision plays a crucial
role. In certain severely faded channels configured for VOIP based transmission, for an
average increase of 0.9% in precision of performance provided by CTDFRNN-MNSOM
compared to CTDFRNN-C, the BER values show a fall of 50-66%. It also suggests that
in such severely faded channels with certain application, CTDFRNN-MNSOM may not
provide the required precision level within a certain limit of computational complexity.
In such cases, a simpler RNN structure along with a decision driven tool such as fuzzy
system may provide better design solution.

Chapter 5 deals with a hybrid solution where the performance of RNN-based methods
needs to be improved further especially in connection with the accuracy of the recovered
content. For a deeply faded MIMO channel modeling, fuzzy based systems integrated

with RNN block prove to be a viable option to attain the desired precision performance.
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Further, fuzzy systems possess an integral ability to deal with uncertainty, can discern
minute variations, attach probabilistic linkages to such finer changes and facilitate the
formation of a mechanism for near error-free decision making using ANN. Also, the
uniqueness associated with these soft-computational tools enables a smooth blending of
fuzzy system with ANN in a supplementary-complementary arrangement which leads to
enhancement in performance in terms of processing time, lower computational complex-
ity, increase in precision, better adaptability and an unmatched capability to track and
model uncertain behaviour of stochastic MIMO channels. In this chapter, in particular,
we have proposed the formulation of certain fuzzy-based systems using TDFRNN with
the ability to deal with time-varying inputs in fuzzified form enabling a better modeling
of time-varying MIMO channels. The fuzzified TDFRNN blocks are designed to generate
a set of input conditioning norms and inference logic which captures finer variations in
the signals transmitted by the MIMO set-up. The results show significant improvement
in processing time and accuracy as compared to ANN based approaches. The fuzzy sys-
tems, on an average, provide atleast 5% improvement in accuracy as compared to the
RNN-based estimation which has already been established to be a better alternative to
statistical and ANN based approaches as stated in Chapter 4. This is in addition to the

processing time advantage that the fuzzy systems provide.

6.2 Scope of Future Work

In this thesis we have explored the effectiveness of modeling a MIMO channel using ANN
and its variants like RNN and fuzzy based composite systems. It is, however, felt that
there may exist considerable scope for extending the work reported here along various

directions for future investigations. Some of these are briefly outlined below:

1. The work included in Chapter 3 considers the results derived without taking into
account the performance difference that maybe observed by using source and chan-
nel coding. Though these will provide certain performance improvements, but will
also add to system complexity. Another aspect that maybe considered includes a
cluster arrangement for FIR-MLP and I[IR-MLP configurations which will definitely
provide certain diversity gains. Coding and diversity gain together will enable the
proposed temporal-MLP architectures to model the MIMO channel better. How-
ever, the associated time complexity will determine which structure would emerge

as the optimal one.

2. The RNN-based architectures formulated in Chapter 4 suffers from a drawback that
certain time is lost in training the networks (this is true for all our proposals in

general). This loss can be prevented by carrying out a sequence by sequence learning
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with training reference derived from a Kalman filter predicted future sample from
the received signal. It will make the systems faster and when combined with source
and channel coding, might enable better modeling of the MIMO channels. Here too,
the computational complexity and the faster learning rate of the proposed modules

will determine the optimal solution.

3. The work included in Chapter 5 can be extended further to incorporate GA and
Particle Swarm Optimization (PSO) assisted FNS-based MIMO estimators trained
with evolutionary approaches. The close resemblance to biological computations
should be the key factor in such proposals. Such a system can further be imple-
mented as a System-on-Chip (SOC) package and made a part of adaptive receivers

for upcoming MIMO wireless networks.
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