ITERATIVE DETECTION AND DECODING FOR.-
MIMO-OFDM USING EM BASED -
CHANNEL ESTIMATION

A DISSERTATION

Submitted in partial fuifiliment of the
requirements for the award of the degree
of

DEPARTMENT OF ELECTRONICS AND COMPUTER ENGINEERING
~ INDIAN INSTITUTE OF TECHNOLOGY ROORKEE
m-ar 687 INDIA)
JUNE, 2010



CANDIDATE’S DPECLARATION

I hercby declare that the work, which is presented in this dissertation report entitied,
“ITERATIVE DETECTION AND DECODING FOR MIMO-OFDM USING EM

" BASED CB:ANNEL ESTIMATION” towards the partial fulfillment of the

requirements for the award of the degree of Master of Tecknology with specialization |

in Communication ' Systems, submitted in the Department of Electronics and

Computer Engincering, Indian Institite of Technology Roorkee, Roorkee (India) is an

authentic record of my own work carried out during the period from July 2009 to June

- 2010, under the guidance of Dr.D,K.MEHRA, Professor, Department of Electronics

and Computer Enﬁneeﬂng, Indian Institute of Technology Roorkee.

1 have not subm:tted the matter embodied in this dissertation for the award of any other
Degree or Diploma,

Date: | - ( —2.0olo . 7
Piace: Roorkee SR HUSSEN BASHA KHANUBHAI

CERTIFICATE

This isto certify that the above statement made by the candldate IS correct to the best of
my knowledge and behef |

Date: {$—~-6—20l0 ' . Bmpj’g —
Place: Roorkee B P s

h A C o -.MEssof,B&'Cbeﬁinurmht,
IIT Roorkee,
Roorkee — 247 667 (india).



ACKNOWLEDGEMENTS -

I would like to extend gratitude and indebtedness to my guide, Dr. D. K.
MEHRA for his guidance, attention and constant encouragement that inspired me
throughout my dissertation work.

I would alse like to thank the Lab staff of Signal Processing Lab, Department of
Electronics and Communication Engineering, IIT Roorkee for providihg necessary
facilities.

T gratefully acknowledge my sincere thanks to my family members for their
inspirational impetus and moral support during course-of this work.

lam greatly indebted to all nﬁy friends, who have graciously applied themselves
_to the task of helping me with ample morale support and valuable suggestions. Finally,
I would like to extend my gratitude to all those persons who directly or indirectly

contributed towards this work.

HUSSEN BASHA KHANUBHAI

ii



ABSTRACT

OFDM has become a popular téchnique for transmission of signals over
wireless channels. It converts a frequency-selective channel into a paralle] collection of
frequency flat sub channels, which makes the receiver simpler. A MIMO system takes
advantage of the spatial diversity obtained by spatially separated antennas in a dense
multipath scattering environment. For high data-rate transmission, the multipath
characteristi¢ of the environment causes the MIMO channel to be frequency-selective.
OFDM can transform such a frequency-selective MIMO channel mto a set of parallel
frequency-flat MIMO channels, 'and therefore decrease ‘receiver complexnty The
combination of the two powerful techniques, MIMO and OFDM, is very attractive, and
has become a most promising broadband wireless access scheme. For detection of
OFDM signals, channel must be known at the receiver. Channel estimation is a

challenging pi'oblem in wireless systems.

The expectation-maximization (EM)-algorithm provides an iterative. approach to
likelihood-based parameter estimation. when direct maximization. of the -likelihood
function may not be feasible. The EM algorithm consists of two major steps: an

expectation step, followed by a maximization step..

In this dissertation work, we consider EM and EM-MMSE based channel
estimation techmques for QFDM systems EM- MMSE techmque is computatlonally
- simpler than EM techmque Followmg lhxs “hard VBLAST EM based channel
estimation for MIMO OFDM systems will be dlscussed In th]S approach a plam
VBLAST algorithm is used for data- dc,tectlon Fmally, soft VBLAST-EM based
channel estimation for MIMO- OFDM systems is considered. Soﬁ "VBLAST ‘algorithm
is-an 1mproved VBLAST which takes the error propagatlon effect into account. IDD
(Iterative Detect]on and Decodmg) black is used to further i lmprove the-perfonnance of

MIMO-OFDM sySterﬁ. Simulation results are also presented.
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Chapter |

INTRODUCTION

The gradual evolvv.ltion of wireless communication systems follows the quest for high
data rates (bps). The first-generation (iG) radio systems used analog communication
iechniques to transmit voice over radio. The 2G systems were built with digital
technology, such as Global System for Mobile Communications (GSM), Digital-AMPS
(D-AMPS), cc;de—division multiple access (CDMA), and personal digital cellular
(PDC), among them GSM is the most successful and widely used 2G system. To
accomplish higher data rates, two add-ons were developed for GSM, namely high-speed
circuit switched data (HSCSD) and the general packet radio service (GPRS), providing
data rates up to 38.4 Kbit/s and 172.2 Kbit/s, respectively. The demand for yet higher
data rates forced the development of a new gencration of Qiréless systems, known as

third generation (3G) [1].

3G wireless technologies provide users with high-data-rate wireless access. The
three major radio air interface standards for 3G are wideband CDMA (WCDMA), time-
division synchronous CDMA (TD-SCDMA), and cdma2000. The transmitted data rate
of 3G is up to 144 kb/s for high-mobility traffic, 384 kb/s for low-mobility traffic, and 2 v
Mb/s in good-conditions. One of the leading technologics for 3G systems is the now
well-knowh universﬁl mbbile telephone system (UMTS). To yield the 3G data rates, an
alternatiye approach was made with the enhanced data rates for GSM evolution
(EDGE). The wireless communication system with features of high data- rate
transmission and “open network archilecturc, called 4G, s desired to satisfy "the

increasing demand for broadband wireless access. Hence, 4G refers to a collection of
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technologies and standards that will find their way into a range of new widespread
computing and communication systems. The key objectives of 4G are to pro;/ide
reliable transmission with high peak data rates ranging from 100 Mb/s for high mobility
applications to 1 Gb/s for low-mobility applications, high spectrum efficiency up to 10

b/s/Hz, and ubiquitous services that can accommodate various radio accesses.

Orthogonal frequency division multiplexing (OFDM) has become a popular
technique for transmission of signals over wircless channels. OFDM has been adopted
in several wireless standards such as digital audio broadcasting (DAB), digital video
broadcasting (DVB—T),‘the IEEE 802.11a local area network (LAN) S‘tanda.rd and the
IEEE 802.16a metropolitan arca : network (MAN) standard. OFDM converts a
frequency selective channel into a parallel collection of frequency flat sub-channels. For

detection of OFDM signals, channel must be known at the receiver [2].

" Channel estimation is a challenging problem in wireless systems. Where,
unlike other guided media, the radio channel is highly dynamic. The transmitted signal
travels to the receiver by undergoing many detrimental effects that com..xpt the signal
and often p.lace limitations on the performance of the system. Transmitted signals are
typically 'reﬂected and scattered, arriving at receivers along multiple paths. Also, due to
the mobility of transmitters, receivers, or scattering objects, the channel -response can
.change rapidly over time. Multi path propagation, mobility, and local scattering cause
the signal .to be spread in frequcvncy, time, and angle. These spreads, which are related

to the selectivity of the channel, have significant implications on the received signal [3].

Different techniques are proposed to exploit these statistics for better channel
estimates. These techniques can be classified as pilot-aided or blind channel estimation.

In the pilot-aided channel estimation technique, a pilot sequence known at the receiver



is embedded into the signal. At the recciver side, using these. pilot symbols and the
received signals, the channel is estimated. On the other hand, blind channel estimation
techniques do not usé.an.y iraining symbols. They use the received signals and
stochastic infonnation of transmitted and received signals to estimate the channel
coefficients. A widely used blind estimation technique is the subspac»e-based channel
estimation. In this method, the autocorrelation matrix of the received data is
decomposed into the: siénal and noise subspaces by using singular value decomposition

(SVD) technique.

Compared to pilot aided techniques, blind techniques save on the use of pilots
and can thus incréase the spectral efficicncy. However, blind techniques require prior
knowledge of stochastic information of the transmitted and received signals. Moreover,

they always result in pobrer performarice compared to pilet-aided techniques.

Multiple antennas can be used at the transmitter and receiver, this arrangemént
is called as a multiple-input multiple-output (MIMO) system. A MIMO system takes
) advantagé of tﬁe spatial diversity that is obtained by spa.tially separat;ad‘anteAnnas in é
dense multi path scattering cnvironment. MIMO ‘sy.stemvs may be fmplemented in
aifferent ways to obtain either a diversity gain to combat ségnal fading or to obtain a
capacity gain. Génerally, there are three catcgorips of MIMO techniques. Such
techniques' include space—time block codes (STBC), spatial multiplexing(SM) and
space—time trellis (;odeé (STTC). In Layered space time architecture (LST), codes are
expressly meant for improving multiplexing gain by transmitting M, independent data
steams. In LST, by nature the data strcams are orthogonal to each other. There are two '

major types of classification of spatial multiplexing — horizontal encoding (HE), and



vertical encoding (VE). A variant of vertical encoding (VE) is the vertical BLAST

architecture.

Multiple transmit-and-reccive antennas can be used with orthogonal frequency
division multiplexing (OFDM) to improve the communication capacity and quality of
mobile wireless systems. Most of MIMO techniques are developed for flat fading
channels. However, multi path will cause frequency sclectivity of broadband wireless
channels. Therefore, MIMO-OFDM, which has originally been propbsed to exploit
OFDM to mitigate ISI in MIMO systems, turns out 1o be a very promisir.lg choice for
future high-data—rate transmission over broadband wireless channéls. MIMO-OFDM
has become a very popular arca in wireless communications. A real-time FPGA
prototype for a 4-stream MIMO-OFDM transceiver capable of transmitting-ZlGMbit/s
in 20MHz bandwidth is considered in [4]. To obtain the promised increase in data rate,
accurate channel state information is requirca_in the receiver.

The Expectation-Maximization (EM) algorithm is a technique for t"mdir-lg
maximum like]ihéod estimates of syslem parameters in a. broad range of broblems
where observed data are incomplete. The EM algorithm consists of two iterative steps:
the expectation step and the maximization step. The expectation step is performed with
respect to unknown underlying parameters, using the current estimate of the parameters,
conditioned upon thg incomplete observations. The maximization step then proVides a
new estimate of the paramcters that maximizes the expectation of log likelihood
function defined over complc‘le data, conditioned on the most recent observation a_nd

the last estimate. These two steps are iterated until the estimated values converge [9].



1.1. Statement of the problem

This dissertation work is aimed at performance study of EM based channel

estimation for OFDM and MIMO-OFDM systems.
The disscrtation presents the following work

‘1. Study and implementation of EM and EM-MMSE based channel estimation
for OFDM systems in Rayleigh multipath fading channel model with both
stationary and time varying environment.

2. Study and implémcnlation of hard/soft VBLAST-EM based channel
estimation for BICM MIMO-OFDM{ systems in time varying fading
environment.

3. Implementation of iterative detection and decoding (IDD) used to improve
the performance of soft VBLAST-EM based chantiel es.timation for BICM

MIMO-OFDM systems.

1.2.  Organization of the Report
This report is organized in five chapters:

In chapter 1, Introduction and the statement of problem of the dissertation work

is summarized.

In chapter 2, basc-band OFDM  system model is described- first. Next,
techniques for channel estimation for OFDM systems are described. Briefly EM
algorithm, EM and EM:MMSE based channel estimation techniques for OFDM

systems.are discussed.



In chaj;ter 3, VBLAST detection algorithm is described first. Next, BICM
MIMO-OFDM system model is described. Conventional EM and hard VBLAST-EM

based channel estimation for MIMO-OFDM systems are discussed next.

In chapter 4, Channel estimation for BICM MIMO-OFDM systems using soft
VBLAST-EM techﬂiquc is presented. Iterative detection and aecoding (IDD) is

discussed. Simulation results are also prescnted.

Chapter 5 gives the conclusion of the thesis work.



Chapter 2 v
EM BASED CHANNEL ESTIMATION FOR OFDM
SYSTEMS

"In this chapter, base-band OFDM system model is described first. Next,
techniques for channel estimation for OFDM systems are described. EM algorithm, EM
and EM-MMSE based channel estimation techniques for OFDM systems are discussed.
Next, simulation resﬁ[ts on the performance of above channel estimation techniques in

OFDM systems are presented at the end.

2.1. Base-Band OFDM System Model:

modulated
input Modulatian signals 3 >
bits ] X 7] Add —
. S/P IFFT cyclic Ps
prefix
Transmitter
. [ictamner ]
. . One-
output o estimated |- 45 BT Reu;_gve_ I
.| Demodulation i - tap . le— cyclic  ja—-r— | —
it : signals EQ \ \
— 4| FFT | 4| .prefix | -} | SP
R | &PS | P
] B

Channel *

estimation

Receiver
Figure 2.1.Base-band OFDM system model

Figure 2.1 shows a base-band equivalent representation’ of an OFDM system.
The input binary'détéi is first modulated using, MPSK or MQAM. Schemes can vary
from one sub-carrier ‘to another in order to achieve the maximum capacity or the

minimum bit error rate (BER). The modulated data symbois are represented by complex

variables X =[X(0),..., X(M —1)]. Modulated data symbols are then fed into a serial



to parallel (S/P) converter. These data symbols are then transformed by the inverse fast

Fourier transform (IFFT). The output symbols are denoted as x(0),......... x(M - 1) [5].

Cyclic prefix (CP) symbols, which replicate the end part of the IFFT output
symbols, are added in front of each frame to avoid ISI. The parallel data are converted
back to a serial data stream before being transmitted over the frequency selective

channel. The received data y(0),......... (M ~1) is corrupted by multipath fading and
AWGN. The received data are converted back to ¥(0),...., Y (M —1) after discarding the
prefix, and applying FFT and demodulation.

Let 4,4, N denote the vectors of frequency-domain CIR, time-domain CIR,
and additive ‘white Gaussian noise respectively, where & = [A,,...., s, T,

N=[N@®),...,N(M -1 and H =Wk, WisaM xL matrix:

I

1 1 1
! oLl
wolle T @
M-l ' . >(M-—l)(L~'1) . A
1 e_ﬂ’rv... e_ﬂ”T

M xL
The channel is x_nodeléd as a multipath time-invariant fading channel, which can be
described by

y(k):fh,x(k—l)m(k); 0<k<M-1, IR ¢ %) i

1=0

whereh,’s (01 < L——.l) a-re indepcndent complex;valq_ed Gauss;an raﬁdom variables,
aﬁd n.’s (0 < k £ M-1) are independent compléx—VaIued Gaussian random variables
with zero mean and variance 2. L is the length of the time-domain CIR. Cyclic prefix
(CP) is added in each OFDM data frame. In order to avoid IS, the length of the cyclic
prefix (CP) must be longer than L. Only one OFDM frame with M sub-carriers is

considered in analyzing the system performance. After discarding the cyclic prefix and



performing an FFT at the receiver, we can obtain the received data frame in the

frequency domain:

Y(m) = J— Sowe” @3)

Substituting (2.2) in (2.3), we get
Y(my=X(m)H(m)+N(m), 0<m<M-1 : 24)

where H(m) is the frequency response of the channel at subcamer m, which can be

obtained by
L1 —jl:r"—"

Hm)=Y he “,0<m<M-] 2.5)
1=0 . .

and the set of the transformed noise variables N(@m), 0<m< M -1, which can be

obtained by
1 bf mk
N(m)=—== n(k) "W, 0<m< M1 (2.6)
- \/M‘ k=0 . -

are 1.1.d. complex-valued Gaussian variables and have the same distribution as n(k),

i.e., with mean zero and variance 2.

2.2. Channel Estimation for OFDM systems

Channel .estimation has  significant role in single carrier communication
systems [6, 7]. In these systems, the CIR is typically modeled as an unknown time-
varying FIR filter, whose coefficients need to be estimated. In OFDM based systems,
the data is modulated onto the orthogonal frequency carriers. For coherént detection of
the transmitted data, these sub-channel frequency responses must be estimated and
removed from the frequency samples. Like in single carrier systems, the time domain
channel can be modeled as a FIR. filter, where the delays and coefficients can be
estimated from time domain received samples, which are then transformed to frequency
domain for obtaining the channel .frequency response (CFR). Alternatively, radio
channel can also be estimated in frequency domain using the known (or detected) data

9



a

on frequency domain sub-channels. Instead of estimating FIR coefficients, one tap CFR

can be estimated (Figure 2.2).

coefliecients

il

Figure 2.2. Time and frequency domain channel representation for OFDM systems

Channel estimation techniques for OFDM based systems can be grouped into
two main categories: blind and non-blind. The blind channel estimation methods exploit
the statistical behavior of the received signals and require a large amount of data.
Hence, they suffer severe performance dégradation in fast fading c_hannels. On the other
hand, in the non-blind channel estimation methods, information of prévious channel
estimates or some portion of the transmitted sigrial are available to the receiver to be
used for the channel estimation. The non-blind channel estimation can be divided into
two main groups: data aided and decision directed (DDCE). ’

In data aided channel estimation, a complete OFDM symbol or a portion of a
symbol, which is known to the receiver, is transmitted so that the receiver can casily
estimate the radio channel by demodulating the received samples. The estimation
accuracy can be improved by increasing the pilot density. However, this introduces
overhead and reduces the spectral efficiency. In the limiting case, pilot tones are
assigned to all subcatriers of a particular OFDM symbol. This type of pilot .arr"angement
is usually considered for slow channel variation and for burst ‘type ‘data transmission
schemes, where the channel -is- assumed to be constant over'the burst. The training
symbols are then inserted at the beginning of the bursts to estimiate the CFR. -

In the DDCE methods, to decode the current OFDM s‘ymbbl the cliannel estimates
for a previous OFDM symbol are used. The channel: corresponding to the current
symbol is then estimated by using the newly éstihlatéd symbol information. Since an
outdated channel is used in the decoding process, these estimates-are less reliable as the
channel can vary drastically from symbol to symbol. Hence, additional information is

10



usually incorporated in DDCE such as periodically sent training symbols. Channel
coding, interleaving, and iterative type approaches are also commonly applied to boost
the performance of DDCE techniques. ’

Hence, the methods employed in data-aided and decision directed channel
estimation need to be modified so that the variation of the channel over the OFDM
symbol is taken into account for better estimates. There are basically three basic blocks
affecting the performance of the non-blind channel estimation techniques. These are the
pilot patterns, the estimation method, and the signal detection part.

Tterative channel estimation algorithms can be exploited to minimize the channel
estimation errors. In these approaches, the channel estimation’ cai be found via any of
the methods described above, and the estimates can be improved using the detected
signals. For iterative estimation, better performance is achieved at the expense of more
‘computation [8]:

2.2.1. Expectétion-Maximization Algorithm

The Expeéctation-Maximization (EM) algorithm is a techhique for finding
maximum likelihood estimates of system parameters in a broad range of problems
where observed data are incomplete. The EM algorithm consists of two maj_ﬁr steps: an
expectation step, followed by a maximizatiop step. The qxpectation is ‘with .respect to
the unknown underlying variables, using the current estimate of the parameters and
conditioned upon observations. The maximization step then provides a new estimate of
the parameters. These.two steps are iterated until the. estimated values converge [9,
10].

Cons1der @ asasetof determlmstlc channel parameters to be estlmated from the

observed data Y—{y(O) .......... ,y(M 1)} "ML estlmatlon of & vis given

by,@ =arg mglx{ f(¥/6)} .when Y has insufficient information (incomplete data), the

maximization of f(¥ /) is not tractable and does not lead to an explicit expression .

We assume that the data Z (“complete” data) can be separated into two components,

Z=(Y, I), where Y is the observed data (“inconlﬁlete” datd) and 1 is the missing data

The E-step compute the expected value of the Z (complete data) usmg the
current estimate of the paramctcro(“ and obscrved dala Y.

11



For the E-step compute:
Q016 =E(log f(Z16)/Y = ,0"} : )

The M-step then finds@**?, the value of & that maximizes Q(8/6%) overall

possible values of @:

9% —arg mglx 0@/ o® (2.8)
This procedure is repeated until the sequence @, ,0%,..... converges.

The EM algorithm is-constructed in such a way that the sequence of@*’’s converges to
the ML estimate of§.

2.2.2. Channel estimation for OFDM using EM algorithm

OF:DM divides its allocated channel spectrum into several parallel sub channels
that are only sﬁbjected to flat fading. Thus we only need to estimate the
individual H(m), 0<m< M —1, separately, which will result in a considerable
reduction in computational complexity. To simplify the expressions, we omit the
subcarrier index m, and simply write Y, X, and H instead of‘Y (tnj‘,X (m), and H(m)
5,11]. ' ' " h

We assume that the frequency-domain signal X of a given subcarrier represents

a QPSK‘or QAM signal with constellation size C (=4 or 16 respectively).we denote the

symbols in the signal constellation by {X,,l <i< C} PR

Due to Gaussian noise assumption, the prébability’ densit); function (pdf) of Y
given X and H given by

_f(Y/X,H)__=Z;GZexp{;ZLZV—HX[z} R )

By Assuming that all C sy_meIé are equally likely and averaging the cdnditional pdf of
(2.9) over the variable X, we obtain the pdf of Y given H as follows: N .

f(-Y/H):Zi:zl exp'{—zi_2|Y—HX,.]2} I ©(2.10)

“3naC
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Suppose the channel is static over the period of D OFDM frames. Different values of D

can be applied in different applicétions depending on how rapidly the channel changes.

We define the received signal vector ¥ = |:Y L £ ] and the transmitted signal vector

= [X',...XD] for a specific subcarrier over D frames. Then we call Z and (¥, X)

“incomplete” and “complete” data, respectively. Assuming that additive Gaussian noise
is independent from frame to frame for each subearrier, the conditional pdf of the

incomplete data can be written as follows: |
f(z/H,_)g);ﬁf(Y”/H,X”), ) BT BTN
Thus, the log—likelihood function of the incomplete data is
log f(Y/H,X)= ﬁ:iog-f(l"’ 1H,x"), 2.12)
= .
And the Iog-]ikelih(:)gd functlonof the C(V)'r‘n>p-lrert>e‘ datfl_ is "giyeﬁ by
d=1

log f(¥/H,X)= Zlog{cf(Y"/H X)} - (2.13)

Each iterative process p=0,1,2,....in the EM algorithm for estimating.H from ¥ consists .

of the following t§vo steps:

‘ E-step:

Q(H!H")=Ey{log f(L.X/H)/Y,H"} : (2:14)
M-step: -
g =‘argm3xQ(H(fI‘”’), ‘ (2.15)
where

) $ S L (v rm L1 5)
Q(H/H?)= ’Z;Z;log Cf(Y /H,X,) A THP) (2.16)
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A" s the tentative estimate of H directly from (2.15). The final (p+1)* estimate of H

, that is, H*Y_ will be obtained through additional manipulation-on A%*",

The value of H that maximizes (2.16) is found as follows:

. f(Y7TH?, X)) LS rEP, X))

H(‘nﬂ) ZZIX,l —le X{ZZY‘IX,W (217)

=1 d=1 i=1 d=|

e 0) [ . e |
. o
! Kz !
| »
- IFFT . FFT
B -1 o -, R

Figure 2.3. Low pass filter structure”

Channel is estimated in frcqueﬁc‘y domain at each iteration and then IFFT is
computed to convert it into time domain that has M paths. In those M paths only L are

relevant, all other are made as zero and again FFT is computed as-shown in figure 2.3.

In each iteration, the updated estimate of channel impulse response ﬁ('p) is
obtained automatically a.s a byproduct. It is assumed that the number of multipaths L is
known. In a real sitiation, L may not be known. In such a case, channel-order detection
together with paramefer estimation has to be done. Alternatively, we may use some
upper bound for L, which may be easier to obtain than trying to estimate an cxact value
of L. In an OFDM system L can be set equal to or less than theé length of the cyclic
prefix. Another’ limitation of this'model is that.the mecan E{#} and the covariance
matrix 2. of time-domain CIR are also assumed to be known. In a practical situation,

these channel statistics may not be known.

_ From the general convergence property of the EM ,é]gorithm, there is no
guarantee that ‘the iterative steps converge to a global maxifnum. For a likelihood
ﬁahction with Multiplc local maxima the convergence point may be.one of these local

maxima, depending on the initial estimate H'” . So, pilot symbols are.used to obtain an
14 o



appropriate initial value ™, which is more likely to converge to the true maximum

point.

12.2.3. Channel estimation for OFDM systems using EM-MMSE
algorithm

From equation (2.7), it may be seen that expectation of cost function Q) is
taken over all possible values of unknown parameters. The EM technique has the
advantage of being-simple in prirfciple but computing the expectations and performing
the maximizations may be computationally taxing. In conventional EM-based
techniques for estimating the channel parameters in OFDM systems, a éost function is
defined in terms of received signal, channel information and transmitted signal.
Transmitted signal and channel information is unknown at the receiver. In E-step of EM
technique, averaging of cost functionis done on all possible values of transmitted data.
Then in M-step, thé estimated cost function is‘maximized to estimate the channel

parameters. This process is done iteratively until convergence [12].

In conventional EM technique we estimate the cost function for all possible
values of transmitted symbol. But in EM-MMSE, 4t each iteration, we first find the
transmitted sequence using the knowledge of channel at that iteration. The transmitted
sequence is calculated using MMSE method in step A.

Step A: ’

First ”Y (m)— HP (m) X, (m)”2 is calculated for1 </ <C , for eachcarrier and the -
transmitted. sequence is caleulated at p""'rit.er‘atibn using MMSE. Let this estimate of the

transmitted sequence. for each frame at iteration. p is represented by X."” . Equation (2.4)

can be represented in vector form for each frame,
Y=HeX+N- - 2.18)

Where "o operator denotes Hadamatd product _(élement-wise matrix

multiplication and both matrices must have the saime:dimension) and H is the channel-

frequency response vector of dimension1x A7 .
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Log Likelihood (cost function) for OFDM systcm in vector form for a frame can
be defined as f(¥, X/ H).

EM-MMSE can be directly applied for each frame,
At (p+1)* iteration,
E-step:

O(H | A”)=Ey[log /1, X/ H)/ Y, B ] 219

where expectation is calculated using the received symbol and channel estimate

h

at p“ iteration.
After taking expectation on estimated transmitted sequence X .

o 1 By =[log X, X 1 ) 1Y, H]

(2.20)
M-step:

Maximizing the'Q function of (8) , we will get,

~ ~ A . -1 - 0

HPW | x0) o ¥ x| Ve X

= (£« 2 [ <[22 ] @.21)

Using step A and (2.21), iteratively, channel is estimated in frequency domain.
IFFT is computed to convert it into time domain channe that has M paths. Since brily L

paths are rele{/ant, all other paths are made zero and again FFT is computed. For initial

estimation of §, pilot based technique with linear interpolation is used.

The efficiency of a channel estimator may be judged by the amount of training
required and “the cbmpufational (':br-nplexity' involvéd. In EM-MMSE algorithm,
computational complexity is reduced and it requires less number of pilot symbols as

initial estimation is done only once.
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2.3. Simulation results

The channel estimation algorithm is tested through Monte Carlo simulations.
We consider a 128 subcarrier OFDM system, with QPSK as the underlying modulation
scheme. A Rayleigh multipath fading channel model with both stationary and time
varying environment are considered and time varying environment is characterized by
AR2 channel model. An operating frequency of 2 GHz and a channel bandwidth of
2048 KHz have been assumed. The channel is assuimed to be quasi static and does not
vary with in'each frame. For Rayleigh stationary multipath fading,. channel has been
assumed indepéndent for each OFDM frame and for time selective multipath fading,
channel varies for each frame according to Doppler values. . Each frame consists of 30
symbols, We have taken Doppler values of f,7'=0.005, f,7=0.01, f,7=0.001 and
J;7=0.05 [12]. Simulation has been done in MATLAB environment. The system
performance is evaluated for SNR values of 0-30db by averaging ovetr 1000 frames.
" Rayleigh s't'afionary multipath fading channel model:
The impulse response h (n) of the. stationary multipath fading channel can be

modeled as,. .

A
h(n) = L > e e, S(n—k)
K k=0

Where K= ’Ze is the normallzatlon constant and ak,0<k<Lare mdependent
k=0 o . i

comp]ex valued Gaussian distributed random variable.

This is the conventional exponential decay multipath. model ‘We have uscd, 4 tap

stationary muitipath channel model as'in [13],

h(n) =0.8060,5 (1) + 0.4860,5(n— 1)+ 0.2952a,6(n—2)+0.17%a,6(n— 3) 223)
Where, ¢;,0<i<3are independent complex valued Gaussian distributed: random
variables with zero mean and unit variance.
Time varying channel model using AR2 process: - .

. Time selective channel is approximated by an independent autorégressive
process of. order-2 (AR2). The channel tap vector for each OFDM frame is denoted
by &, =[h(n,0) h(n,1) h(n,2)h(1,3)], where (n,1) is the I tap for the #" frame [14].

Considering the AR2 model
17



k(D) = ah(n=1,0+ ah(n-2,0 +v(n, 1) @2 4)'
Where g,and g, are the AR2 coefficients and v(n,7) is the modeling noise for 7” tap at

time frame n. the parameters a,and a,are closely related to the. physical parameters of

the underlying fading process. The values of AR2 coefficient can be obtained as,
a, ==2r,co8(2x f,T)
—_ 2 .
a,=r; _ S (2.295)
Where £, is the spectral peak fréquency, T is the symbol period, 7, is the pole radius

that corresponds to the steepness of the peaks of power spectrum

ie r,= [1 —ﬂ) .
I (2.26)

It has been observed in literature that when the spectral peak frequency £, =087,(/,

is the maximum_ Doppler frequency of the underlying fading channel),
autocorrelation function of AR2 process is close to the autocorrelation function of a
fading process characterlzed by Bessel function. The varxance of the fading coefﬁ01ent

h(n,I) is decided by the variance of v(n,1), which is glven by

PN [1+a2\ . of,',
tra )[(14a) -a @27)

Figure 2:4. shows thc flow chart of simulation structure of SISO-OFDM

systems. We first initialize the system parameters. Channel is modeled using Rayleigh
multipath fading with both stationary and time -varying environment. Time varying

environment is characterized by AR2 channel model.
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Figure 2.4. Flow chart for simulation of OFDM system

Figure2.5 and figure 2.6 shows the performance curves for the EM , EM-

in Rayleigh fading




environment.The BER performance obtained when exact channel state
information(CSI) is known is also plotted for comparison.We generate 100 independent
" realizations of the channel at each value of SNR for averaging. Pilot based estimator
using 4 pilots achieves a BER of 0.013 at SNR of 30dB . Tt can also be seen that EM &
EM-MMSE techniques also achieves a BER of 0.0017 at SNR of 30dB . The
performance improves to within 0.3 dB of exact CSI curve at high SNRs. Figure 2.6
compares the average number of iterations required using the EM & EM-MMSE
techniques for channel estimation in Rayleigh fading environment for OFDM systems.
It may be seen that the number of itérations rcquired for EM-MMSE technique is

reduced by a factor of almost 6 as compared to EM method.

o Rayleigh
10 T
+— 4 pilots
—O—EM
—Be—"EM-MMSE
~—8&8— EXACT

Bit Error Rate

10

0 5 10 15 20 25 30
: : SNR(dB)

Figure 2.5 Comparisoh of BER performance for EM , EM-MMSE and pilot based

channel estimation techniques in Rayleigh fading environment for OFDM systems
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Figure 2.7 Comparison of BER performance for EM , EM-MMSE and pilot based

channel estimation techniques in time varying fading environment for OFDM

_ systems( £,T =0.005).
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Figure 2.8 Comf)arison of average number of iterations for EM and EM-MMSE based
channel estimation techniques in time varying fading environment for OFDM '

éystems( £4T=0.005),
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Figure 2.9 Comparison of BER performance for EM , EM-MMSE and pilot based

channel estimation techniques in time varying fading environment' for OFDM

systems( f,7 =0.01).
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Figure 2.10 Comparison of average number of iterations for EM and EM-MMSE based
channel estimation techniques in time varying fadiﬁg enviroﬁinerllt i;or OFDM
systems( f,7'=0.01). ] )

The performance curves for the EM., EM-MMSE and pilot based estimators for
OFDM systems in time varying fading environment for doppler values of £,7=0.001
and f,7=0.05are shown below. Pilot based estimator using 4 pilots achieyes a BER
of 0.0283 at SNR of 30dB for f,7=0.001 and achieves a BER of 0.023 at SNR of
30dB for .£,7=0.05. It can also be seen that . EM& EM-MMSE techniques also
achieves a BER'of 0.0002 at SﬁR of 30dB for f,,T =0.001 and achieves a BER of
0.0012 at SNR of 30dB for f,T=0.05.Fig 2.12 & 2.14 compare.the average number of

iterations required for EM & EM-MMSE techniques’ for cilanne,l estimation in time
varying fading environment for OFDM systems.rlt may be seen that the number of
iterations required for EM-MMSE technique is redtic}ad by a factor of alif)o.st 6 as
compared to EM method. - - o
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Figure 2.11 Comparison of BER performance for EM’, EM-MMSE and pilot based

channel estimation techniques in time varying fading environment for OFDM

systems( f,T=0.001).
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Figure 2.12 Comparison of average number of iterationis for EM and EM-MMSE based
channel estimation techniques in time varying fading environment for OFDM

systems( f,7=0.001).
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Figure 2.13 Comparison of BER performance for EM , EM-MMSE and pilot based

channel estimation techniques in time varying fading environment for OFDM

_systems( f,T =0.05).
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Chapter 3
EM BASED CHANNEL ESTIMATION FOR MIMO-OFDM
SYSTEMS:

In this chapter, VBLAST detection algorithm is described first. Next, BICM
MIMO-OFDM system model is described. Conventional EM and hard VBLAST-EM based
channel estimation for MIMO-OFDM systems are discussed next. Simulation results on the
performance of hard VBLAST-EM based channel estimation for MIMO-OFDM systems

are presented at the end.

Kashima et al. in [15] have proposed two typeé of maximum a posteriori probability
(MAP) receivers for multiple-input-multiple-output and orthogonal frequency-division
multiplexing mobile communications with a low-density parity-check (LDPC) code. First
proposed receiver employs the expectation-maximization algorithm so as to improve
performance of approximated MAP detection. Different from a conventional receiver
employing the minimum mean-square estimation (MMSE) algorithm, it applies the
recursive least squares (RLS) algorithm to the channel estimation in order to track a fast
fading channel. It not only improves the accuracy of the channel estimation but also can
save the computational complexity. This is because the RLS is a recursive algorithm
whereas the MMSE is a bloclzk type. The proposed receiver estimation is superior in -

channel-tracking ability to the conventional receiver employing the MMSE.

In [16], iterative channel estimators for MIMO systenﬁ based on the expectation-
maximization (EM) algorithm are proposed. A major problem with the EM channel-tap
estimation is that the estimates are biased. This bias can severely degrade the receiver
performance. The authors have proposed an unbiased EM (UEM) channel estimator, which
outperforms the classical EM estimator. The EM and UEM estimators require a matrix
inversion. In order to ailoid this matrix inversion, and thus to reduce the estimator
complexity, the expectation-conditional-maximization (ECM) algorithm is proposed. This
decreases the complexity of the maximization step of the iterative estimation process. Like

the EM algorithm, the ECM algorithm leads to a biased chahncl-tap estimate. An unbiased
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ECM (UECM) estimator has also been proposed. These algorithms have been applied for a
turbo receiver operating over frequency-selective multiple-input multiple-output channels
in order to compare them with known estimators, like the EM and the classical DA
ML(decision aided ML) and DD-ML (decision directed ML) criterion. The iterative CIR
(channel impulse response) estimation techniques outperform the classical DA ML

(decision aided maximum likelihood) channel estimator.

In[17], the authors have derived an iterative receiver for multiple-input multiple-
output orthogonal frequ;ancy division multiplexing (MIMO-OFDM) systems. The iterative
receiver is investigated when the co-channel interference (CCI) exists. It is assumed that
the CCI’s are also OFDM signals. Since a joint detection of the desired signal and CCI is
difficult, the desired signal is detected, while the CCI 1s assumed to be a (colored) noise.
This approach can avoid the channel estimation and detection of the CCI and keep the
complexity of the receiver low. The proposed iterative receiver estimates the channel
impﬁlse response of the desired signal and the covariance matrix of the CCI for the
detection based on a generalized expectation maximization (GEM) algorithm. Since the
CCI is considered as a noise in the GEM-based iterative receiver, the performance is

limited by the CCI. Through GEM iterations, the performance is improved.

Mohammad-Ali Khalighi et al. [18] have considered channel estimation in multiple-
input multiple-output (MIMO) systems using iterative detection at the receiver. Space-time
bit-interleaved coded modulation (BICM) and soft-input soft-output maximum a posteriori
(MAP) symbol detection and decoding are considered. The advantage of the BICM is its
flexibility regarding the choice of the code and'the bit-symbol mapping, as well as its
conformity to iterative detection. The EM algorithm based on the maximum-likelihood
(ML) criterion is used to update the channel coefficients at each iteration of the turbo-
detector. At the first iteration, a primary channel estimate was obtained based on the pilot
sequences only, that allows the EM algorithm to be used in the succeeding iterations, to
bootstrap. A “classical” and non-optimized EM implementation, gives a biased estimate of
the channel coefficients. The authors optimized the EM implementation and proposed a
modification to it that provides an unbiased channel estimate and leads to a better

convergence of the iterative detector. The proposed modified unbiased (MU) EM
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algorithms, especially for large number of transmit antennas and short training sequences
achieved considerable improvement in the receiver performance. Finally the authors have
considered a simple semi-blind estimation scheme, based on hard decisions on reliable

decoded data bits, and compare its performance with the EM based estimation methods.

" In [19], the authors have proposed an EM based algorithm to detect the transmitted
V-BLAST structured signals in MIMO OFDM systems while estimating the channel
impulse response (CIR) iteratively. The proposed iterative algorithm can jointly estimate
channel information and detect the V-BLAST structured signals in MIMO OFDM system.’
This method combines the interference canceling techniques with the expectation
maximization (EM) algorithm, which is a general procedure for iterative maximum-

likelihood estimation.

In [20], an iterative channel estimation scheme for VBLAST MIMO OFDM system
is proposed. The channel estimation is done in two steps. In first step, PSA (pilot symbol
aided) method is used, to get the initial channel estimation of the systems. In second step,
the information bits are feedback to the channel estimator with help of Turbo iterative

decoding. EM algorithm is used for iterative channel estimation.

In [21], a convolutionally coded MIMO-OFDM system with EM-based channel
estimation and a QRD-M data detection algorithm is considered. In this, one training
symbol is transmitted from each transmit antenna for the MIMO channel estimation at the
receiver. With the channel estimates available, data detection is done with QR
decomposition and then makes the decisions from the strongest data to weakest data

sequentially. M algorithm is combined to reduce the computational complexity.

Pilot-symbol assisted modulation (PSAM) schemes for channel estimation are popular in
single input single output (SISO) systems due to their simplicity and minimum mean
square error (MMSE) optimality. The iterative channel estimators (ICEs) have the
drawback that the interference from other transmit antennas cannot be removed when
applied to V-BLAST OFDM systems. An ICE for MPSK V-BLAST OFDM systems
operating on frequency-selective fading channels is proposed in [22]. The correlations that

depend not only on the channel statistics but also on the a priori information of the
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transmitted symbols are considered. The proposed ICE is robust on fast fading channels
and has an inherent interference cancelling ability and it significantly improves the bit error
rate (BER) performance when compared to conventional non-iterative PSAM estimators.
The computational complexity of the proposed ICE is significantly greater than that of
PSAM techniques due to the required inversion of an autocorrelation matrix. Furthermore,
unreliable a priori information from the’ channel decoder degrades the performance of the
proposedAICE. Hence, the authors have proposed a low-complexity (LC)-ICE that exploits

the most reliable a priori information in an efficient manner.

3.1. Vertical Bell Laboratories Space-Time Architecture (VBLAST)

Block diagram of high level V-BLAST system is shown in figure 3.1. A single data
stream is demultiplexed into M sub-streams, and each sub-stream is then encoded into
symbols and fed to its respective transmitter, where M is number of transmitters. All the
transmitiers operate co-channel at symbol rate 1/ 7 symbols/sec, with synchronized symbol
timing. Each transmitter is an ordinary QAM transmitter. The collection of transmitters
comprises a vector-valued transmitter, where components of each transmitted M-vector are
the symbols drawn from a QAM constellation. V-BLAST is a vector encoding process (a
demultiplex operation followed by’ independent bit-to-symbol mapping of each sub-
stream).Receivers (1to N) are, individually, ordinary QAM receivers. These receivers also

operate co channel, each receiving the signals radiated from all M transmit antennas [23].

Figure 3.1. V-BLAST high level system diagram

V-BLAST is essentially a single-user system which uses multiple transmitters.

BLAST is simply using traditional multiple access techniques in a single-user fashion, i.e.
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r,=r -4, (H), (3.3)

where (H), denotes the & th column of H. Steps 1-3 are then performed for components
k,,...J,, by taking r,,x,......,x,, respectively. The specifics of the detection process depend
on the criterion chosen to compute the nulling vectorsw, , the most commonly minimum

mean-squared error (MMSE) and zero-forcing (ZF) are used.

The £;th ZF nulling vector is defined as the minimum norm vector satisfying
0 Jj>i
w, (H), ={ . (3.4)
1 Jj=i
Thus, the 4th ZF-nulling vector is orthogomal to the subspace spanned by the
contributions to r, due to those symbols not yet estimated and cancelled. It is not difficult
to show that the unique vector satisfying equation. (3.4) is just the &,th row OfHII.‘, , where
the notation HZ‘ denotes the matrix obtained by zeroing columns k&, k»...,& of H and ¥
denotes the Moore-Penrose pscudo inverse.
The ordered successive cancellation (OSUC) is combined with the MMSE
algorithm to suppresses both the interference and noise components, where as ZF removes

only the interference components. This implies that the mean square error between the

transmitted symbols and the estimate of the receiver is minimized [25].

i
—>{ Mapper | FFT&CP | 1

S/P =

3.2. BICM MIMO-OFDM system Model [26]

datni Convolutional Bit interleaver
0 — encoder "

A 4

—» Mapper IFFT&CP

Figure 3.2(2) BICM MIMO-OFDM transmitter
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Figure 3.2(b) BICM MIMO-OFDM receiver
A convolutionally coded layered MIMO OFDM system with N, transmit
antennas, N,receive antennas and N useful subcarriers as shown in figure 3.2(a) is
considered in [26]. The input bits are convolutionally encoded, bit-interleaved. The bit-
interleaved bit stream is passed through S/P (serial to parallel converter) to convert it into
parallel stream. The parallel stream is mapped onto symbols from the constellation. The
modulated symbols are passed through IFFT and transmitted via antennas after
concatenation of cyclic prefix (CP). Since size constraints on user-end equipment may not
permit proper antenna separation, paths between antennas are assumed to be dependent.
Multipath fading is modeled as a tapped delay line (TDL) with L taps, h?” denoting the

Lx1 , channel tap vector from p™ transmit to g™ receive antenna. v
The frequency response of the channel between the p™ transmit and the % receive

antenna may be expressed as

= )
HP (k) ==Y WP (De ™™ 0<k<N-1
NS
3.5
Taking DFT at the g” receive antenna, the received signal at sub carrier k becomes
e
Yq(k)=ZH”(k)X”(k)+W"(k),1$qSN, : (3.6)

p=l

where X7 (k)is the symbol transmitted from antenna p at subcarrier k.
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An alternative representation of the received symbols is as follows:
y(k) = H{k)x(k)+ w(k) ' _ 3.7

Where y(k) is the N, xlreceived signal vector on subcarrier, x(£)is the N, x1 transmit
vector and H(k)is the N, x N, matrix whose (p,¢)”element is the frequency response of
the channel from transmit antenna g to receive antenna p at subcarrier &, given by H?7(k)

and may be obtained from (3.5) by reversal of variables.

The conventional VBLAST detection algorithm for MIMO-OFDM systems is a
simple approach capable of attaining high spectral efficiency. The VBLAST algorithm at
receiver based on [24] has been used for estimation of data as shown in figure 3.2(b). These

data bits are bit interleaved and Viterbi decoded to get the estimate of transmitted data bits.
3.3. Channel Estimation for MIMO-OFDM

Assuming P pilots in an OFDM symbol and gathering the received pilots at "
antenna, then
Y= Ah? + WY (3.8)
Where h?is the LN, x1 vector of the channel taps from all transmit antennas to the g™

receive antenna, W? consists of P AWGN noise samples with zero mean and identical

variance o> and
A = [diag (X (h)yoon X (i )y o liag (X (e X O, Ly, (3.9)

And F,is a PxL matrix obtained from the standard NxN DFT matrix. The lcast squares

(LS) solution is obtained as
h? = A7'Y? (3.10)

This pilot aided channel estimation method is also known as PACE.
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3.3.1. Semi-blind channel estimation based on conventional EM:

Considering (3.6) and (3.7), the received sequence for all the tones, we get

Y7 =Ah” + W* (3.11)
where Y?is the Nx1 vector received on antenna g and
A =[diag(X"(k), ... X" (kp D, ....diag (X" (), o X ™ (kp ), Ly, (3.12)
X7 is the N x1transmit vector from antenna p and F, has first L columns of DFT matrix.

Applyiné conventional EM to this system, we define the log-likelihood function of

complete information as
L=log f(Y?,A/h%) : (3:13)
Since A is unknown, taking expectation then (3.13) becomes
L=Ellog f(Y*,A/h?)/Y?, K]
- =E[(log f(Y/ AW F(AY) /Y, ] (3.14)

where A is assumed to be independent of the channel, 4?is the estimated vector of size

Nx1 step i. Thus

1 -
: f(Y"/A,h")=(2”y,,z—dmexp[-(Y”—ﬂ)"C YT —-p)/2] (3.15)
with mean vector p and covariance matrix C.
The PDF thus becomes
1 ' 1
FY9 /A7) = Wexp[—(ZO_z Y7 — AW (Y7 — Ah?)] (3.16)
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whereas the PDF of A is determined from a-priori probabilities of transmitted

symbols. The maximization step involves differentiating I in (3.14) with respect toh”and

finding the channel parameter which maximizes the log-likelihood. Thus we have,

0 [ 5 osU(Y" [ Ax DA g
oMY | &k F(Y7 /Ay, h0) f(Ay)

ieh? =[Z Y7 AL S(YT /Ax,h;')J [Z AHA F(YT /Ax,h,‘.’)] (3.17)

XeX XeX

If the conventional EM algorithm is used directly for channel estimation using (3.17), then
computational complexity increases. In [26], hard VBLAST EM algorithm is considered
for semi-blind channel estimation in MIMO-OFDM.

3.3.2. Semi-blind channel estimation for MIMO-OFDM using hard VBLAST-EM
algorithm

In hard VBLAST-EM channel estimation technique, plain VBLAST algorithm is
used for data detection. VBLAST algorithm involves removing the effect of already
detected symbols (assuming those decisions to be correct) and linearly combining the

received symbols, in such a way that it reduces the interference from yet-to-be-detected

symbols. The hard VBLAST-EM technique involves applying the PACE based channel h?
as input to plain VBLAST algorithm and then applying the VBLAST algorithm on each

subcarrier of the OFDM symbols received on &V, antennas. The relation between transmitted

and received symbols in an alternative form can be written as follows
y(&) = HX(R)+n(k), (3.18)

where y(k) is the N, x1vector of signal values received on subcarrier k , x(k) is
the N, x1vector of symbols transmitted from the ¥, antennas on subcarrier k, and H(k) is
the N, x N, matrix of channel frequency response values, whose (p,9)™ element is given by

H(q,n) ( k) .
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The plain VBLAST detection algorithm [25] for MIMO-OFDM system is a simple
approach capable of achieving efficient detection at high spectral efficiencies. Here, .
VBLAST algorithm with optimal ordering and nulling is used.

The first step of hard VBLAST-EM algorithm involves applying available estimates

h"” of channel tap vector h?? from PACE. Channel tap vector h*”are transferred to

frequéncy domain to obtain the channel frequency response matrix H(k) for0<k<N-1.

In next step, hard VBLAST algorithm gives the estimates of transmitted data
symbols from each antenna over each OFDM carrier. Then, we take the expectation over

these transmit data estimates and log-likelihood function in (3.14) becomes
=log(f(Y"/ Ay hY)f(Ay) (3.19)
maximization of this function leads to

lo PACYY
a 3 6 [(2 )N/l N ]
E(L) =n X . (3.20)

o )(Y? —A %) (Y - A h?)
This reduces to
aiq [hq A"ALhY - Y""Axh“J= 0 (3.21)
and hence
B =[ (Y7 A AT AL ]H (3.22)

This is evidently simpler to compute than (3.17).

The algorithm may be summarized as follows:

1) Using P pilot tones in the first OFDM symbol of the frame, the receiver obtains rough
channel estimates using PACE as in (3.10).
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2) The estimates obtained from PACE are used to run hard VBLAST algorithm and
estimates of transmitted data X are found.
3) Corresponding to the estimates, matrix A, is computed and used in (3.22) to improve

channel estimates.

4) Steps 2) and 3) are iterated until convergence.
3.4. Simulation results

The hard VBLAST-EM channel estimation technique is tested through Monte Carlo
simulations. We consider a MIMO-OFDM with two transmit antennas (N,=2) and two

receive antennas (N,) with 128 subcarrier OFDM system. A Rayleigh multipath fading

channel model with time varying environment are considered. Fading channel is modeled
with L=2 taps and the SUI-MIMO channel with correlation coefficients p,=0.2 and p,=0.4
are used. The convolutional code with a rate % code, constraiﬁt length of 7 and generator
polynomials specified by {712} and {476} in octal notation is used. We use QPSK as the
underlying modulation scheme. The channel is assumed to be quasi static and does not vary
with in each frame and channel varies for each frame according to Doppler values. . Each
frame consists of 30 symbols. We have taken Doppler values of f,7=0.005and f,T =0.05
respectively [27]. Simulation has been done in MATLAB environment. The system

performance is evaluated for SNR values of 0-20db by averaging over 500 frames.

The performance curves using hard VBLAST-EM based channel estimation
technique is shown below.We generate 100 independent realizations of the channel at each
value of SNR for averaging. PACE is carried out by using 16 pilots. The estimates from
PACE are used to initialize the hard VBLAST-EM based channel estimation technique.
The BER performance obtained when exact channel state information(CSI) is known is
also plotted for comparison.

Figure 3.3 and figure 3.4 respectively shows mean square estimation error (MSEE)
performance for Doppler value of f,7=0.005 and f,7 =0.05. MSEE of PACE and hard

VBLAST-EM is obtained through (3.23).
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1 . 7 _ pe ’
MSEE = RN’N’L;;H;: ~h [| (3.23)

where R is the number of independent channel realizations used for ave.raging, h?
and h? respectively denotes the actual and estimated channel vector. PACE achieves a
MSEE of 0.0044 where as hard VBLAST-EM achieves the MSEE of 0.0020 at SNR of
19dB for f,7=0.005. The performance of hard VBLAST-EM improves by 2-3dB as
compared to PACE curve at high SNRs. PACE achieves a MSEE of 0.0265 where as hard
VBLAST-EM achieves the .MSEE of 0.0160 at SNR of 19dB for f,7=0.05. The
performance of hard VBLAST-EM improves by 1-2dB as compared to PACE curve at high
SNRs.

Figure 3.5 shows BER performance for Doppler value of f,7=0.005.BER
performance curve for PACE using 16 pilots achieves a BER of 0.0038 at SNR of 19dB.
BER performance cuvre for hard VBLAST-EM achieves a BER of 0.0015 at SNR of 19dB.
The performance lies within 8-9dB of exact CSI curve at high SNRs. Figure 3.6 shows
BER performance for Doppler value of f,7'=0.05. BER performance curve for PACE
using 16 pilots achieves a BER of 0.1085 at SNR of 19dB. BER performance cuvre for
hard VBLAST-EM achieves a BER of 0.0083 at SNR of 19dB. The performance of hard
VBLAST-EM improves at the Doppler value of f,7=0.005 as compared to the Doppler

value of f,7=0.05.
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Figure 3.3. Comparison of MSEE performance for hard VBLAST-EM and pilot based
channel estimation techniques in time varying fadihg environment for MIMO-OFDM
systems( f,7'=0.005).
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Figure 3.4. Comparison of MSEE performance for hard VBLAST-EM and pilot based
channel estimation techniques in time varying fading environment for MIMO-OFDM
systems( f,7 =0.05).
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Figure 3.5. Comparison of BER performance for hard VBLAST-EM and pilot based
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Chapter 4
Iterative Detection and Decoding for MIMO-OFDM using
soft VBLAST-EM algorithm

In this chapter, soft VBLAST-EM based channel estimation for MIMO-OFDM
systems is presented first. Next, an iterative detection and decoding (IDD) scheme is
discussed. Simulation results on the performance of soft VBLAST-EM based channel
estimation for MIMO-OFDM systems with IDD scheme are presented at the end,

4.1. Soft VBLAST-EM based channel estimation for MIMO-OFDM

systems

The first step of this technique involves applying soft VBLAST [28] algorithm on
each subcarrier of the OFDM symbol received on each of the N, antennas. Soft VBLAST

algorithm is an improved VBLAST, which takes the error propagation effect into account.
T

Define the transmitted symbols as a signal vectorx, = |x} x? ---x,f"] , where x represents

the symbol transmitted from the n™ antenna at the k™ sub channel and % is the detected

symbol for layer n. The ordering of the decisions is made according to the optimal

detection order assumed to be available. In the conventional V-BLAST algorithm, the

~i=l
predetected symbol vector x; until step i-1 is cancelled out from the received vector

signal at step i, resulting in the modified received vector y, given by
g i v
vimy N —E 4, @

"assuming all previous decisions are correct (;Ck =x; forn=1,2,...i—1). At step i, in order

to detectx,, the remaining undetected symbols [x},...x”,x*' ... ,x¥] are treated as

interferers. But in the presence of decision errors (4.1) becomes
; N 4y~
v, =HMx +H' e, +n, “2)

~iel T . ~n
where e = [e,‘c,. ..,e}[‘] is defined withe] = x] —xx .
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The equalizer matrix for nulling the effects of already detected symbols is determined
using MMSE criterion and this matrix also accounts for the decision errors and is defined
as’

-1

G =HM' |HYHN 4 iz H{7Q H™ + oI, (4.3)

where i € {l, 2,...,M} denotes the current symbol being detected according to the optimal
order, H™ is the matrix having N, —i+1columns from H, corresponding to undetected

symbols, Q.. is the (/—1)x(i—1) error covariance matrix for decisions already made,
ey

H};H forms the (i —1) columns of H, relating to already detected symbols and o= o2 / o2,
The Q.., matrix is given by
er

~1 oo
1 -1
Xk ;

€8,

E

]jf
QAH =
ek .
E

~1 ~i-1
Xk, Xk

~iel

Xk

R o e
e, e |xk Xkl E

;112
i1
e

The approximation of Q.,_, with reduced complexity leads to

~1 2 |~im1
E Xk | yeers E Xk

|2

| i1

1
lek €

Q.. =diag
* “4.4)

Diagonal elements of Q, then represent the MSE value for each of the detected symbol. i

can be computed as xi = Bx. +w (4.5)

N o o amiel
where S=gh; and w=> ghix/ +gH; "ex +gnm,

J=1

2 | ~1
g is the t® row of G. For next step i+1, the conditional expected value £ |e‘k| xz| can be
obtained as
2 [~1t ~t 2 ' ~t 4 6
E“e,’c| xef= Y |s— x| P|x, = s|xi (4.6)

e,
Xk
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where N, # consists of the neighboring constellation points surrounding the hard decision

~t

Xk] can be computed as

point )Ac; . The conditional probability P [x,'c =s

1-2R+ P, if s=x _
;:c] =4F - I;L_Z,if 8 is ome of two nearest neighbors of X

P [x,'c =s
‘ P2, else

where P. is the probability of error for QPSK and is given by P, =Q( }1—%] After
computing (4.6), this term is added to the covariance matrix Q., for next step i+1. The

conditional pdf of PART given by

_ 2

- 1 i — ﬁs‘

D (Xk |x," = s) =—exp|——7F— “.7
o, o

w

Let S be a set of constellation symbols and s denotes an element of the 8. The aposteriori

LLR of 5;" can be defined as

- 2
xi — s
Zexp — 3
€8} Ty (4 8)
i\ .
L (bk ) =log » 5 >
xr — s
exp|—+—5—

S/and Sj denotes the set of constellation points in which the i™ bit is 0 or 1, respectively.

These LLRs are used to find the probability of each bit being 0 or 1 as follows

exp(L(8")

1+exp(L(b,i"))’ b=0

Ploy =)= (4.9)

1
1+exp(L(b;")) > b=l
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with these, the estimate of the transmitted symbol is computed as

R, =3 sP(x=s) (4.10)

s€S
where S is the constellation being used.

The algorithm may thus be summarized as follows [26]

1) Using P pilot tones in the first OFDM symbol of the frame, the receiver obtains rough
channel estimates using PACE as in (3.10).

2) The estimates obtained from PACE are used to run soft VBLAST algorithm and LLR
values (4.8) are used to find the estimates of transmitted data X from (4.9) and (4.10)_

3) Corresponding to the estimates, matrix A, is computed and used in (3.22) to improve
channel estimates.

4) Steps 2) and 3) are iterated until convergence.

4.1.1. Tterative Detection and Decoding [28]:

OUtPUL o] Bit- > l——» output
ﬁg,?n deinterleaver Viterbi b:lt:?s
VBLAST A decoder E
Encode & bit-
- interleaver
Parallel to serial *
conversion
Y 'y 'y Serial to parallel
] conversion
ssssner—t -
4 j--- T T~
) ¥Y_¥ h 4
" Interference
‘SISO . = cancellaton
demapper k (with MMSE
. - “* filtering
w,

Figure 4.1. Tterative Detection and Decoding (IDD)

The channel coding gain is exploited to further improve the performance by using

IDD. In this, SISO (single-input single-output) demapper is used which simplifies the
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computational complexity. In SISO demapper, the number of values require to compute the
LLRs are only M (M is constellation size) for any antenna configuration. The structure of
IDD scheme is shown in figure 4.1. The estimates of transmitted symbols over different
subcarriers of multiple antennas are available to the IDD block from soft VBLAST-EM
technique. The P/S and de-interleaving operations are carried out to the estimated

transmitted symbols. The de-interleaved bit estimates are decoded with a Viterbi decoder
and resulﬁng bit stream is used to regenerate the estimate of transmitted symbols. Let Xcbe
the estimate of N, x1vector of transmitted symbols. The optimal order determined by soft
VBLAST technique at each carrier is assumed to be available and this information can be

used in the interference cancellation. Let t denote the location in the set {1,2,...,N,}

corresponding to the current symbol being detected. In order to detectx,, the hard

1+1

decisions for all the other symbols x,',,..., XX, .,x,?" are used to cancel the interference

from y, .For interference cancellation at t, we form a vector as
~t Nt w1 arel ~N,
Xp = Xhserns Xk LO0,X0 L., Xk

The received signal y, is modified by cancelling the interference g, as

! of .
Y. =Y. —H.x, fork=12,.,N 411

‘Where H,is the estimate of channel frequency response vector available from soft
. . o~
VBLAST-EM technique, x; :I:e,‘(,...e,‘c“,x,’(,e,'c"l,...,e,f":| ande, = x, —x¢. In order to-get

transmitted symbolx,, MMSE filter w, is applied to the modified received vector. The

MMSE filter vectorw, , which is a 1x N, vector, minimizes the variance of the estimation

error defined as e = x; —w, Z;,
when Viterbi decoder is used, the filter weight are found to be [29]

w =h’/(h'2+crf/of)
(L @)
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Applying this filter to the received symbol vector Z;, gives

o !
Z, =Wy,

=ax, +v (4.13)

which is a biased estimate of the transmitted symbol x;, for 1<s< N, and 0<k<N-1.
Let d;™ be the m™ bit (1 <m<log, M) of the constellation symbol at the ™ transmit
antenna (t=12,...,N,)at the k™ subcarrier, the constellation has M complex data points.
L{dy™) is the log likelihood ratio (LLR) vale for the bit d;". The LLR values d,” are

given by

Z CXp| —————7

seSy

(4.14)

L (d;"") =log

Z CXp| ——————

ses”

Here a =w,h} ando? =c’(a—a’),
Sy and S denote the set of constellation points in which the m™ bitis Oor 1, respectively.

These LLRs are used to find the probability of each bit being 0 or 1 as follows

exp (L (b,i”" ))

Crew(n(B)

Plopm =8]= PR 4.15)
1

S — 1

1+exp (L (b,i”" ))
with these, the estimate of the transmitted symbol computed as
% =3 sP(x =s) ' (4.16)

s€S

where S is the constellation being used.
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The iterative procedure of IDD scheme is summarized as follows

1.

7.

The estimates of channel frequency response and transmitted symbols are given as
input to IDD block.

Bit-deinterleaving and Viterbi decoding operations are carried out on the estimates
of transmitted symbols, to get the bit stream.

The bit stream is encoded, bit-interleaved and then converted into symbols using
S/P converter. The output of S/P converter is given as input to MMSE filter.

The MMSE filter gives the biased estimate of the transmitted symbol x, as in
(4.12) & (4.13).

LLR values are next obtained from (4.14) and are used to find the estimates of
transmitted symbols using (4.15) and (4.16). This constitutes SISO demapper.

The estimates of transmitted symbols are P/S converted.

Steps (1) to (6) are iterated to improve the performance.

Scheme for Iterative Detection and Decoding using soft VBLAST-EM based channel

estimation for MIMO-OFDM system is shown in figure 4.2.

ILD Black
1
Soft VBLAST-EM | aust: Bit — P
based Shnmed Deinterlesves D'\‘ :::t‘}):'
- e
channel estimator |~
B/s

l SIS0 Demapper i ”

MMSE Bascd i

Figure 4.2. Scheme for Iterative Detection and Decoding using soft VBLAST-EM based

channel estimation for MIMO-OFDM system
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4.2, Simulation results

The soft VBLAST-EM channel estimation technique when the system is coupled with IDD
block is tested through Monte Carlo simulations. We consider a MIMO-OFDM with two
transmit antennas (V,=2) and two receive antennas (N,=2) with 128 subcarrier OFDM
system. A Rayleigh multipath fading channel model with time varying environment is
considered. Fading channel is modeled with 1=2 taps and the SUI-MIMO channel with
correlation coefficients p,=0.2 and p,=0.4 are used [26]. The convolutional code with a
rate %2 code, constraint length of 7 and generator polynomials specified by {712} and
{476} in octal notation is used. We use QPSK as the underlying modulation scheme. The
channel is assumed to be quasi static and does not vary with in each frame and channel

varies for each frame according to Doppler values. We have taken Doppler values of f,T°
=0.005and f,7 =0.05 respectively. Each frame consists of 30 symbols. Simulation has been

done in MATLAB environment. The system performance is evaluated for SNR values of 0-

20db by averaging over 500 frames.

The performance curves using soft VBLAST-EM based channel estimation
technique is shown below.We generate 50 independent realizations of the channel at each
value of SNR for averaging. PACE is carried out by using 16 pilots. The estimates from
PACE are used to initialize the soft VBLAST-EM based channel estimation technique. The
BER performance obtained when exact channel state information(CSI) is known is also
plotted for comparison.

Figure 4.3 & figure 4.4 respectively shows mean square estimation error(MSEE)

performance for Doppler value of f,7=0.005 and f,7=0.05. MSEE of PACE and soft
VBLAST-EM is obtained through (4.17).

1 && -
MSEE = W;l;”hq —h"” 4.17)

Where R is the number of independent channel realizations used for averaging, h?

and h? respectively denotes the actual and estimated channel vector. PACE achieves a
MSEE of 0.0044 where as soft VBLAST-EM achieves the MSEE of 0.0016 at SNR of
19dB for f,7=0.005. The performance of soft VBLAST-EM improves by 2-3dB as
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compared to PACE curve at high SNRs. PACE achieves a MSEE of 0.0257 where as soft
VBLAST-EM achieves the MSEE of 0.0088 at SNR of 19dB for f,7=0.05. The MSEE
performance for doppler value of f,7=0.005 gives better performance as compared to
1,7=0.05. The performance of soft VBLAST-EM improves to 2-3dB as compared to
PACE curve at high SNRs.

Figure 4.5 shows BER performance of the system using soft VBLAST-EM, when
coupled with IDD block for Doppler value of f,7=0.005. It may be seen that as the
number of iterations increases, the BER performance improves. BER performance curve -
for soft VBLAST-EM for one iteration of the IDD structure achieves a BER of 0.0048 at
SNR of 19dB. As the iterations of IDD structure increases to four, the BER performance k
improves and acheives the BER of 0.0004 at SNR of 19dB. The BER performance
improves to within 3-4 dB of exact CSI curve at high SNRs as iterations of IDD block
increases to 4.

Figure 4.6 shows BER performance of the system using PACE, when coupled with
IDD block for Doppler value of £,7=0.005. BER performance curve for PACE using 16
pilots for one iteration of the IDD structure achieves a BER of 0.0071 at SNR of 19dB. As
the iterations of IDD structure increases to four, the BER performance improves and
acheives the BER of 0.0008 at SNR of 19dB.

Figure 4.7 shows BER performance of the system using soft VBLAST-EM, when
coupled with IDD block for Doppler value of £,7'=0.05. It may be seen that as the number
of iterations increases, the BER performance increases. BER performance curve for soft
VBLAST-EM for one iteration of the IDD structure achieves a BER of 0.0724 at SNR of
19dB. As the iterations of IDD structure increases to four, the BER performance improves
and acheives the BER of 0.0053 at SNR of 19dB. The BER performance improves to
within 6-7 dB of exact CSI curve at high SNRs.

Figure 4.8 éhéws BER performance of the system using PACE, when coupled with
1DD block for Doppler value of £,7=0.05. BER perfdrmance curve for PACE using 16
pilots for one iteration of the IDD structure achieves a BER of 0.0909 at SNR of 19dB. As
the number iterations of IDD structure increases to four, the BER performance improves

and acheives the BER of 0.0247 at SNR of 19dB.
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Figure 4.8 shows BER performance of the system using PACE, when coupled with
IDD block for Doppler value of f,77=0.05. BER performance curve for PACE using 16
pilots for one iteration of the IDD structure achieves a BER of 0.0909 at SNR of 19dB. As

the number iterations of IDD structure increases to four, the BER performance improves
and acheives the BER of 0.0247 at SNR of 19dB.
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Figure 4.3. Comparison of MSEE performance for soft VBLAST-EM and pilot based
channel estimation techniques in time varying fading environment for MIMO-OFDM

systems( f,7°=0.005).
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Figure 4.4. Comparison of MSEE performance for soft VBLAST-EM and pilot based
channel estimation techniques in time varying fading environment for MIMO-OFDM

systems( f,7°=0.05).
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Figure 4.5. Comparison of BER performance for soft VBLAST-EM based channel
estimation technique with different IDD iterations in time varying fading environment for

MIMO-OFDM systems( f,7"=0.005).
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Figure 4.6. Comparison of BER performance for pilot based channel estimation technique

with different IDD iterations in time varying fading environment for MIMO-OFDM
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Figure 4.7. Comparison of BER performance for soft VBLAST-EM based channel
estimation technique with different IDD iterations in time varying fading environment for

MIMO-OFDM systems( f,7"=0.05).
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Figure 4.8. Comparison of BER performance for pilot based channel estimation technique
with different IDD iterations in time varying fading environment for MIMO-OFDM

systems( f,7=0.05).
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Chapter 5
CONCLUSIONS

In many parameter estimation problems, the situation is complicated because direct
access to the data, required to estimate the parameters is impossible or some of data are
missing. The ideal solution to deal with these problems is EM algorithm. The
Maximum Likelihood estimate of channel impulse response is obtained by using
channel statistics via EM algorithm. Due to the effective convergence of EM algorithm,
it can be invariably applied to a variety of applications, like channel estimation, signal
detection, speech recognition etc. This dissertation work is aimed at the channel
estimation problems via EM algorithm in systems like OFDM, MIMO-OFDM and
VBLAST MIMO-OFDM. Iterati‘ve detection and decoding improves both the detection
and the interference cancellation performance by utilizing the decoder output. The

conclusions drawn based on the simulation results are as follows:
EM based channel estimation for OFDM systems

We have used EM and EM-MMSE techniques for channel estimation of OFDM system
in a Rayleigh multipath fading channel with both stationary and time varying
environment, As simulation results of OFDM system show, EM-MMSE technique
performs well when compared to the EM technique. In Rayleigh multipath fading with
statiohary environment, it is seen that, the BER performance for both techniques
improves to within 0.3 dB of exact CSI curve at high SNRs and the number of
iterations required for EM-MMSE technique is reduced by a factor of almost 6 as
compared to EM method. In time varying environment, the number of iterations
required for EM-MMSE technique is reduced by a factor of almost 6 as compared to
EM method.

EM based channel estimation for MIMO-OFDM systems

We have used PACE and hard VBLAST-EM techniques for channel estimation of
MIMO-OFDM system in a Rayleigh multipath fading channel with time varying
environment. The estimates from PACE are used fo-initialize the hard VBLAST-EM

based channel estimation technique. As simulation results of MIMO-OFDM system
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show, the MSEE performance of hard VBLAST-EM improves by 1-2dB and 2-3 dB as
compared to PACE curve at high SNRs for Doppler value of f,7=0.005 and f,7=0.05
respectively. The BER performance improves to within 8-9 dB of exact CSI curve at

high SNRs performance for Doppler value of f,7'=0.005.

Iterative Detection and Decoding for MIMO-OFDM using soft VBLAST-EM

algorithm

We have used soft VBLAST-EM technique with IDD structure for channel estimation
of MIMO-OFDM system in a Rayleigh multipath fading channel with time varying
environment. The estimates from PACE are used to initialize the soft VBLAST-EM
based channel estimation technique. The MSEE performance of soft VBLAST-EM
improves by 2-3 dB as compared to PACE curve at high SNRs for Doppler value of
f;7=0.005. Tt may be seen that as the number of iterations of IDD block increases, the

BER performance increases. The BER performance of soft VBLAST-EM technique
improves to within 6-7 dB and 3-4 dB of exact CSI curve at high SNRs as iterations of
IDD block increases to 4 for Doppler value of f,7=0.05 and £,7=0.005 respectively.

Future work

The performance of the system can be improved by using the soft decisions on the
received symbol instead of hard decisions. In the IDD block, the Viterbi decoder can be
replaced by a MAP decoder to improve the performance at the cost of increased
computational complexity. It is pbssible to avoid matrix inversion by estimating the
channel in frequency domain instead of time domain. However this can degrade the
performance. It is also possible to design a joint iterative channel estimation and
detection, which combines soft VBLAST-EM channel estimation and IDD tasks in a
single block. By using iterative procedure the performance can be improved. The
VBLAST detection algorithm can be replaced by QRD-M algorithm, for achieving the
improved performance and decrease in the computational complexity [29]. The
unbiased EM (UEM) can be designed to unbias the EM estimates which can be used in
place of EM [16].
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