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Abstract
Iterative receiver techniques, multiple-input – multiple-output (MIMO) processing, and
orthogonal frequency division multiplexing (OFDM) are amongst the key physical layer
technologies when aiming at higher spectral efficiency for a wireless communication system.
Special focus is put on iterative detection, decoding, and channel estimation for a MIMO-OFDM
system. After designing separately efficient algorithms for the detection, channel decoding, and
channel estimation, the objective is to optimize them to work together through optimizing the
activation schedules for soft-in soft-out (SfISfO) components.
A list parallel interference cancellation (PIC) detector is derived to approximate an a posteriori
probability (APP) algorithm with reduced complexity and minimal loss of performance. It is
shown that the list PIC detector with good initialization outperforms the K-best list sphere detector
(LSD) in the case of small list sizes, whereas the complexities of the algorithms are of the same
order. The convergence of the iterative detection and decoding is improved by using a priori
information to also recalculate the candidate list, aside from the log-likelihood ratios (LLRs) of
the coded bits.
Unlike in pilot based channel estimation, the least-squares (LS) channel estimator based on
symbol decisions requires a matrix inversion in MIMO-OFDM. The frequency domain (FD)
space-alternating generalized expectation-maximization (SAGE) channel estimator calculates the
LS estimate iteratively, avoiding the matrix inversion with constant envelope modulation. The
performance and computational complexity of the FD-SAGE channel estimator are compared to
those of pilot based LS channel estimation with minimum mean square error (MMSE) postprocessing exploiting the time correlation of the channel. A time domain (TD) SAGE channel
estimator is derived to avoid the matrix inversion in channel estimation based on symbol decisions
for MIMO-OFDM systems also with non-constant envelope modulation.
An obvious problem, with more than two blocks in an iterative receiver, is to find the optimal
activation schedule of the different blocks. It is proposed to use extrinsic information transfer
(EXIT) charts to characterize the behavior of the receiver blocks and to find out the optimal
activation schedule for them. A semi-analytical expression of the EXIT function is derived for the
LS channel estimator. An algorithm is proposed to generate the EXIT function of the APP
algorithm as a function of the channel estimate’s mutual information (MI). Surface fitting is used
to get closed form expressions for the EXIT functions of the APP algorithm and the channel
decoder. Trellis search algorithms are shown to find the convergence with the lowest possible
complexity using the EXIT functions. With the proposed concept, the activation scheduling can
be adapted to prevailing channel circumstances and unnecessary iterations will be avoided.

Keywords: activation scheduling, channel estimation, EXIT chart, iterative receiver, list
detection, MIMO, OFDM, SAGE
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Symbols and abbreviations
ak

state at activation k

b(n)

bit vector after the channel encoder and interleaving at time
instant n, (Mc Mt P × 1)

bmc ,mt ,p (n)

bit mapped to the mc th bit position at the mt th transmit antenna
and the pth subcarrier

b

bit vector which is the part of b transmitted from the transmit
antennas over one subcarrier, (Mt Mc × 1)

b [q]

subvector of b obtained by omitting its qth element, (Mt Mc −1×1)

Cr

receive antenna correlation matrix, (Mr × Mr )

Ct

transmit antenna correlation matrix, (Mt × Mt )

C tr

antenna correlation matrix, (Mt Mr × Mt Mr )

Ec

expected power of the constellation

Es

symbol energy received by a receive antenna

F

truncated DFT matrix, (P × L)

F

block diagonal matrix having truncated DFT matrices on its
diagonal, (Mt P × Mt L)

fd

Doppler frequency

G LMMSE

LMMSE filtering matrix in detection, (Mr × Mt )

h mr

time domain channel vector containing the channels between the
transmit antennas and the mr th receive antenna, (Mt L × 1)

h mt ,mr

time domain channel vector containing the channel between the
mt th transmit antenna and the mr th receive antenna, L × 1

hmt ,mr ,l

lth multipath component between the mt th transmit and the
mr th receive antenna

Hp

frequency domain MIMO channel for the pth subcarrier, (Mr ×Mt )

h mt

the mt th column of the frequency domain channel matrix H ,
(Mt × 1)

IN

identity matrix, N × N

K

number of candidates in L

L

length of the channel impulse response

LA1

a priori information in the input of the detector
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LA2

a priori information in the input of the decoder

LCP

length of the cyclic prefix

LD1

a posteriori information in the output of the detector

LD2

a posteriori information in the output of the decoder

LE1

extrinsic information given by the detector

LE2

extrinsic information given by the decoder
vector of all LA1 values corresponding to one subcarrier (Mt Mc ×1)

l A1
l A1,[q]

vector of all LA1 values corresponding to one subcarrier, omitting
bq , (Mt Mc − 1 × 1)

L

list of candidate symbol vectors

MA

a priori mutual information

Mc

number of bits per constellation point

mc

bit position index

MD

convergence target

ME

extrinsic mutual information

Mr

number of receive antennas

mr

receive antenna index

Mt

number of transmit antennas

mt

transmit antenna index

N0

power spectral density of noise

Ni

number of iterations

NP

number of preambles in a block of OFDM symbols

Nsymb

number of OFDM symbols in the block

n

time index

o mt ,mr ,l

component of the time domain received signal at the mr th receive
antenna transmitted by the mt th transmit antenna and propagated
through the lth path, (P × 1)

P

number of subcarriers

p

subcarrier index

pk
TB

specific activation schedule including k activations
duration of OFDM symbol

T dec

decoder EXIT function

T det

detector EXIT function

T

h

v̌
12

channel estimator EXIT function
metric vector associated with a scheduling path

v mt ,mr ,l (n)

Wiener filtering vector

w mr

noise vector containing samples from a complex zero-mean white

wp

2
Gaussian noise process with covariance σw
I P , (P × 1)
noise vector containing samples from a complex zero-mean white
Gaussian noise process, (Mr × 1)

w̃ mr

time domain noise vector containing samples from a complex
zero-mean white Gaussian noise process, (P × 1)

X

matrix containing the transmitted symbols from all the transmit

X mt

matrix containing the transmitted symbols from the mt th transmit

antennas and subcarriers, (P × Mt P )
antenna and all subcarriers on its diagonal, (P × P )
x mt (n)

symbol vector transmitted from the mt th transmit antenna at
time instant n, (P × 1)

xmt ,p (n)

symbol transmitted from the mt th transmit antenna at the pth
subcarrier at time instant n
symbol vector transmitted over the transmit antennas at the pth

xp

subcarrier, (Mt × 1)
x̃ mt ,l

time domain signal from the mt th transmit antenna , (P × 1)

y m (n)

received signal at the receive antenna mr at time instant n, (P × 1)

ymr ,p

received signal at the receive antenna mr and subcarrier p

r

yp

received signal on the pth subcarrier over the receive antennas,
(Mr × 1)

ỹ mr

time domain received signal at the receive antenna mr , (P × 1)

z mt

component of the received signal transmitted from the mt th
transmit antenna through the channel h mt and corrupted by the
noise, (Mr × 1)

z mt ,mr

component of the received signal at the mr th receive antenna
transmitted by the mt th transmit antenna, (P × 1)

Ω

set of complex constellation points

ρrmr ,m0r

spatial correlation coefficient between the receive antennas mr
and m0r

Σa(n),a(n0 )

autocorrelation of random variable a

Σa,b

cross-covariance vector between the random variable a and the
random vector b
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Σa

autocovariance matrix of the random vector a

2

σw I P
ρtmt ,m0

t

covariance of the noise vector w mr
spatial correlation coefficient between the transmit antennas mt

and m0t
ρmt ,mr (n − n0 )temporal correlation function of the channel impulse response
taps
ha, bi

correlation coefficient between a and b

[A]l

the lth column of matrix A

|S|

cardinality of set S

k·k

Euclidean norm

(·)

H

Hermitean transpose of the argument

(·)

T

transpose of the argument

(·)

∗

complex conjugate of the argument

(ˆ·)

estimate of the argument

(¯·)

soft estimate of the argument in the context of detection

⊗

the Kronecker product
elementwise vector multiplication

E(·)

expectation of the argument

J(·)

J-function

J0 (·)

the zeroth-order Bessel function of the first kind

Pr(·)

probability of the argument to occur

p(·)

probability density function

ln(·)

natural logarithm of the argument

log2 (·)

logarithm of the argument in base 2

M(·)

Gray mapping

min(·)

minimum

Q(·)

integral of the tail of a zero-mean Gaussian PDF with a variance
of one

tanh(·)
Bq,±1
Cm×n

hyperbolic tangent of the argument
the sets of 2Mt Mc possible bit vectors b with bq = ±1
set of m × n complex matrices

IN

set of natural numbers

Pk

set of surviving paths

Pk,n

set of surviving paths entering state n

IR

m×n
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set of m × n real matrices

IR+

set of positive real numbers

SP

preamble symbol index set

Vk

set of metrics of surviving paths

Vk,n

set of metrics of surviving paths entering state n

≈

approximative equal

1G

the first generation

2G

the second generation

3G

the third generation

3GPP

the third generation partnership project

4G

the fourth generation

16QAM

16 point quadrature amplitude modulation

64QAM

64 point quadrature amplitude modulation

AMSE

analytical mean square error

AoA

angle of arrival

AoD

angle of departure

APP

a posteriori probability

AWGN

additive white Gaussian noise

BeFS

best-first search

BICM

bit-interleaved coded modulation

BrFS

breadth-first search

CC

constituent code

CDMA

code division multiple access

CFO

carrier frequency offset

CFR

channel frequency response

CIR

channel impulse response

CP

cyclic prefix

CRLB

Cramer-Rao lower bound

CSI

channel state information

DA

data aided

DD

decision directed

DFS

depth-first search

DFT
E

discrete Fourier transform
expectation

ED

Euclidean distance
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EDGE

Enhanced Data Rates for GSM Evolution

EM

expectation-maximization

ETSI

European Telecommunications Standards Institute

EXIT

extrinsic information transfer

FD
FDD

frequency domain
frequency division duplex

FDMA

frequency division multiple access

FER

frame error rate

FFT

fast Fourier transform

FPGA

field-programmable gate array

FSD

fixed complexity sphere decoder

GI

global iteration

GPRS

Generalized Packet Radio Service

GSM

Global System for Mobile communications

HSPA

High Speed Packet Access

IFFT

inverse fast Fourier transform

IBI

inter-block interference

ICI

inter-carrier interference

ICT

information and communication technology

IMT-A

International Mobile Telecommunications-Advanced

IR-LSD

increasing radius list sphere detector

IR-SD

ever-increasing radius sphere detector

ISI

inter-symbol interference

ITU

International Telecommunication Union

LDPC

low-density parity-check

LLR

log-likelihood ratio

LMMSE

linear minimum mean square error

LTE

long-term evolution

LTE-A

Long-Term Evolution-Advanced

LS

least-squares

LSD

list sphere detector

M

maximization

MAP
MC

maximum a posteriori probability
multicarrier

MFS

metric-first search
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ML

maximum likelihood

MI

mutual information

MIMO

multiple-input multiple-output

MMSE

minimum mean square error

MSE
OFDM

mean square error
orthogonal frequency division multiplexing

OFDMA

orthogonal frequency division multiple access

OSIC

ordered successive interference cancellation

PACE

pilot aided channel estimation

PAPR

peak-to-average power ratio

PAS

power azimuth spread

PCCC

parallel concatenated convolutional code

PDF

probability density function

PDP

power delay profile

PIC

parallel interference cancelation

RA

repeat-accumulate

RX

receiver

SAGE

space alternating generalized expectation-maximization

SD

sphere detection

SDR

semidefinite relaxation

SfISfO

soft-in soft-out

SIC

successive interference cancellation

SINR

signal-to-noise-plus-interference ratio

SISO

single-input single-output

SM

spatial multiplexing

SNR

signal-to-noise ratio

STBC

space-time block code

STC

space-time coding

STTC

space-time trellis code

TD

time domain

TDD

time division duplex

TU

typical urban

TX
UMTS

transmitter
Universal Mobile Telecommunication System

QoS

quality of service
17

QPSK

quadrature phase shift keying

QRD

QR decomposition

TDMA

time division multiple access

V-BLAST

vertical Bell Labs Layered Space-Time

WLAN
WiMAX

wireless local area network
Worldwide Interoperability for Microwave Access

WMAN

wireless metropolitan area network

ZF

zero-forcing
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1

Introduction

During the last decades, we have witnessed a swift evolution of wireless communication systems and standards. From the first generation (1G) analog
systems supplying only voice services, the standards evolved through the second
generation (2G) systems to the third generation systems (3G). Both the 2G and
3G systems are digital systems offering data services besides the voice. The
particular driving force for this fast evolution are the ever increasing data rate
requirements for wireless communication systems. Consequently, standardization
and research programs are currently working with the evolution of 3G, aiming at
fourth generation (4G) systems.
The radio spectrum is crowded, which makes it challenging to respond to the
increasing data rate demands. Evidently, when additional spectrum is scarce, it
has to be used more efficiently. This thesis concentrates on developing advanced
receiver algorithms to improve spectral efficiency. Special focus is put on iterative
detection, decoding, and channel estimation to reduce the overhead required
by conventional receiver algorithms. In Section 1.1, the evolution of mobile
communication systems is discussed in more detail. The key technologies to
improve the performance of wireless communication systems are introduced in
Section 1.2. Section 1.3 presents the aims and outline of the thesis. Finally, the
author’s contribution to the original publications is summarized in Section 1.3.

1.1

Evolution of mobile communication systems

Due to the poor spectral efficiency of 1G analog systems and the rapid growth
in the number of cellular users, operators were driven to invest in 2G digital
systems, such as the Global System for Mobile communications (GSM) [17, 18].
The GSM specifications were developed by the European Telecommunications
Standards Institute (ETSI) [19]. The 2G systems were mainly designed for
voice services, offering only low data rate capabilities [20]. To improve the data
rates of GSM networks, the Generalized Packet Radio Service (GPRS) and
Enhanced Data Rates for GSM Evolution (EDGE) were introduced. However,
these extensions only temporarily satisfied the hunger for data services.
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Different services have different quality of service (QoS) requirements. For
example, voice services require low delay using only low data rates, while web
browsing causes a bursty transmission requiring high peak data rates. These
demands were taken into consideration when designing 3G systems, such as
the Universal Mobile Telecommunication System (UMTS) [21]. UMTS and its
evolution High Speed Packet Access (HSPA) were defined in the third generation
partnership project (3GPP) [22]. The Long-Term Evolution (LTE) of 3G [23, 24]
has been under study in 3GPP as well. The peak data rate targets set for
the LTE system are 100 Mbit/s for downlink and 50 Mbit/s for uplink when
operating in 20 MHz spectrum allocation. An optional path towards higher data
rates is offered by solutions like wireless local- or metropolitan-area networks
(WLAN, WMAN) [25, 26] with increased capacity and coverage, as well as by
Worldwide Interoperability for Microwave Access (WiMAX) [27] with improved
support for mobility and QoS. The International Mobile TelecommunicationsAdvanced (IMT-A) concept created by the International Telecommunication
Union (ITU) sets the requirements beyond 3G, also referred to as 4G radio
access. LTE-Advanced (LTE-A) [28] is being developed by 3GPP to meet the
requirements set by IMT-A. LTE-A is aiming up at peak data rates of 1Gbit/s
in downlink and 500 Mbit/s in uplink.

1.2

MIMO-OFDM – the key technology

Spectral sharing among the users, also referred to as multiple access, is carried
out by dividing the signaling dimensions along the time, code, and/or frequency
domains [29]. In time division multiple access (TDMA), the users are given
orthogonal time slots, and each user occupies the entire frequency band over
the assigned time slot. The GSM networks are based on TDMA. The users are
separated by orthogonal codes in code division multiple access (CDMA). The
spectrum sharing of the UMTS system is based on CDMA. In frequency division
multiple access (FDMA), the total system bandwidth is divided into orthogonal
frequency channels. Orthogonal frequency division multiple access (OFDMA)
combines orthogonal frequency division multiplexing (OFDM) and FDMA and is
one of the multiple access candidates for beyond 3G systems.
OFDM is a special form of multicarrier (MC) transmission, which was first
proposed by Chang [30] in 1966. What is known as OFDM today, was proposed
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by Weinstein and Ebert [31] in 1971 and was first applied to wireless mobile
communications by Cimini [32] in 1985. In OFDM, the transmitted data is
modulated via an inverse fast Fourier transform (IFFT) block and demodulated
with a fast Fourier transform (FFT) block at the receiver.
One of the rewards of OFDM is the simplicity with which the receiver can
process channel impairments. In a radio channel, time-varying fading corrupts
the transmitted signals [17, 20, 29, 33]. The time-varying fading can in fact
be divided into large-scale fading and small-scale fading. The motion of a
mobile user over large geographical areas causes changes in the average path
loss, resulting in large-scale fading. Large-scale fading is usually modeled with
an experimental model [34]. Small-scale fading is caused by an order of half a
wavelength changes in the position of the receiver resulting in fast changes in the
signal level. These changes are due to signals propagated over multiple paths
and then summing up at the receiver. Multipath propagation also results in
frequency selective fading, incuring inter-symbol interference (ISI). OFDM turns
a frequency selective channel into a set of parallel flat fading channels, and, thus,
avoids the use of equalizers in ISI mitigation. This significantly simplifies the
receiver design compared to conventional single carrier systems like 2G and 3G,
in which channel equalizers are used in ISI mitigation [12–16, 35]. An essential
technique in OFDM is the use of a cyclic prefix (CP) which is longer than the
maximum excess delay of the channel in between adjacent OFDM blocks to
avoid inter-block interference (IBI) [36, 37].
OFDM provides an opportunity to use link adaptation, including the adaptation of the transmission power or data rate of each subchannel. Thus, the
water-filling principle [38] can be applied to assist in achieving higher data rates.
Water-filling dates back to Shannon [39]. The highest data rate can be achieved
for frequency selective channels by using a MC system with an infinitely dense set
of subchannels and adapting the transmission powers and data rates according
to the signal-to-noise ratio (SNR) on different subchannels.
OFDM brings with it some drawbacks besides the rewards. OFDM is sensitive
to synchronization errors. In particular, an error in frequency synchronization
causes inter-carrier interference (ICI). Another problem with OFDM is the large
peak-to-average power ratio (PAPR), which challenges the requirements for
power amplifier design. More details about these drawbacks and OFDM in
general can be found in [40] and the references therein.
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Multiple-input multiple-output (MIMO) processing [41, 42] exploits multiple
antenna elements at the transmitting end as well as at the receiving end. The
main idea in MIMO systems is space-time signal processing, where time and
space domain signals are jointly processed. MIMO systems can be seen as an
extension of conventional smart antenna systems. Those systems employ multiple
antenna elements at only the transmitter or the receiver for beamforming or
spatial diversity. Beamforming increases the average SNR by focusing the energy
in the desired directions using correlated antenna elements. On the other hand,
the correlation of antenna elements should be minimized when link reliability
is improved by spatial diversity schemes. More details on smart antenna and
MIMO techniques can be found in [43, 44].
The benefits of antenna arrays are retained in MIMO processing. Actually,
the advantage of the MIMO system is far beyond what just an array or diversity
gain can achieve due to the underlying matrix that MIMO uses instead of the
vector channel for antenna arrays. The potential of a tremendous capacity
increase by using MIMO processing was reported in [45, 46]. However, according
to [41], the first hints of the capacity gains of MIMO processing were published
by Winters in [47]. To maximize the data rate in [48–50], the vertical Bell Labs
Layered Space-Time (V-BLAST), also referred to as spatial multiplexing (SM),
was introduced and it was shown to be capable of transmitting min(MT , MR )
independent data streams over the MIMO system with MT transmit and MR
receive antennas, provided that the channel matrix is full rank. The separation
of the data streams at the receiver is based on rich multipaths. Thus, MIMO
systems effectively exploit multipath propagation instead of trying to mitigate it
like conventional antenna array systems.
The concept of space-time coding (STC) pursues diversity gain from the
MIMO channel. The major advancement in the field of STC was the reporting
of space-time trellis codes (STTC) in [51]. These codes give a diversity benefit
equal to the number of transmit antennas and coding gain that depends on
the complexity of the code. The decoding complexity was the drawback of
STTC since it is performed by a multidimensional Viterbi algorithm. The
space-time block codes (STBC) [52], originally for two transmit antennas, solved
the problem of decoding complexity by requiring only simple linear processing in
the decoding. STBC was generalized to an arbitrary number of antennas in
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[53]. As may be expected, it is possible to establish a tradeoff between data rate
maximization through SM and diversity maximization through STC [54, 55].
The MIMO techniques discussed above are developed for flat fading channels.
However, many of the current and future wireless communication systems are
broadband in nature, i.e., the communication is over a frequency selective
channel. Consequently, OFDM, which turns the frequency selective channel into
multiple parallel flat fading channels, is a very promising companion for MIMO
processing, resulting in so called MIMO-OFDM [56–59]. MIMO-OFDM has
been selected to be the air interface of several standards, such as 3G LTE [60],
LTE-Advanced [61] and WiMAX [26].

1.3

Aims, outline, and contribution of the thesis

The aim of this thesis in a broad sense is to develop receiver algorithms which
enable more efficient use of radio spectrum. This is motivated by the fact that
radio spectrum is a limited resource and, thus, to serve the increasing needs,
the spectrum has to be used more efficiently. Secondly, more efficient use of
spectrum also helps to improve power efficiency. This assists in reducing carbon
emissions, that has become important in recent years. The information and
communication technologies (ICTs) sector contributes between 2-2.5 per cent of
greenhouse gases [62]. As the ICT sector is growing faster than the rest of the
economy, it is likely that this share will increase in future. The topics considered
in this thesis do not alone solve the issue, but other means are required as well.
The modulation techniques widely accepted for future wireless communication
systems such as MIMO processing and an OFDM air interface have been taken
as working assumptions also in this thesis, since they improve spectral efficiency.
However, any standard is not strictly followed but used more as a guideline in
order not to limit the possibilities to improve spectral efficiency. There are a
multitude of functions that a receiver has to perform in wireless communication
and they have an impact on spectral efficiency. However, the special focus in this
thesis was to use the very basic functions such as detection, channel decoding,
and channel estimation.
The optimal joint detection/decoding receiver is the technique that leads to
the most efficient use of spectrum. Unfortunately, for systems with practical
channel coding, the complexity is intractable. The turbo principle has been
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shown to be an efficient way to approximate the optimal receiver performance
and is studied in this thesis. The most efficient way to process the signal received
from the channel would be the a posteriori probability (APP) algorithm. Since
it becomes computationally intensive with multiple transmit antennas and with
higher order modulations, ways to approximate the APP algorithm are taken
into consideration. Naturally, the effects of detector approximation on the turbo
principle applied between the soft MIMO detector and a channel decoder are a
focus of this thesis.
Conventionally, channel estimation is based on known reference signals.
However, these reference signals consume resources from the actual user data
and, thus, decrease the spectral efficiency of wireless systems. The approach
taken in this thesis is to look for means to minimize the resources given for
reference signals by using the user data for estimation purposes. Thus, this is
the part of the thesis which is the most different from conventional thinking
within standard receiver systems. The iterative channel estimation algorithms
suite turbo processing and they are studied in this thesis.
One of the objectives of this work is to use separately efficient algorithms for
detection, channel decoding, and channel estimation and to optimize them to
work together. With iterative algorithms in cases with more than two blocks,
the question of optimal activation scheduling arises to achieve the convergence
with minimal complexity. Naturally, to fully optimize the transmission, the
channel state is known at the transmitter and then the transmission can be
optimized to the channel state; however, in this thesis, the transmitter is not
assumed to know the channel information.
Chapter 2 presents literature review of previous and parallel work related
to the contributions of the thesis. The review includes the channel estimation
methods and the detection methods discussed in the literature in the context
of OFDM systems. The topic of iterative detection, decoding, and channel
estimation is reviewed as well.
Chapter 3 contains the signal and channel models for the MIMO-OFDM
system. Rayleigh distributed channels are assumed in this thesis, since MIMO
processing relies on the presence of rich multipath. However, the algorithms
studied in this thesis are not limited to be used only in Rayleigh distributed
channels. The concepts of iterative detection and decoding are also presented.
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Chapter 4 focuses on the MIMO detection part of the iterative receiver.
Perfect channel information is assumed to be available at the receiver. The results
have been presented in part in [1, 5–7]. The contributions of this chapter are as
follows. A new list detector named the list parallel interference cancellation (PIC)
detector is derived. The list PIC algorithm was originally presented in [5]. The
performance of the list PIC detector is studied with different modulation methods
and antenna configurations. Its performance and complexity are compared to
the important list sphere detection algorithms discussed in the literature. These
comparisons are also available in [7]. The chapter illustrates how convergence of
the iterative detection and decoding can be accelerated by re-calculating the
candidate list besides the log-likelihood ratio (LLR) values which was shown
originally in [6].
Chapter 5, which has been published in part in [1, 4, 8, 9], considers
channel estimation for a MIMO-OFDM system. The least-squares (LS) channel
estimation algorithm is reviewed and its intensive computational requirements in
decision directed (DD) mode are pointed out. The frequency domain (FD) space
alternating generalized expectation-maximization (SAGE) channel estimation
algorithm is given as a solution to reduce the computational complexity in
the case of constant envelope constellations in DD mode. Minimum mean
square error (MMSE) channel estimation is reviewed here as well. The original
contributions of this chapter are as follows. The inefficiency of the FD-SAGE
algorithm in the case of non-constant envelope constellations is pointed out.
This was first presented in [1]. The time domain (TD) SAGE channel estimation
algorithm originally proposed in [4] is derived to solve the complexity issue
also with higher order constellations. The implementation aspects of the LS,
FD-SAGE, and MMSE channel estimators are considered by presenting possible
architecture designs for them. These results can also be found from [8, 9]. The
performance of the channel estimation algorithms is studied in various scenarios.
Chapter 6 is included in part in [2, 3] and presents a framework for the
activation scheduling of a soft MIMO detector, a channel decoder, and a channel
estimator. The framework is based on extrinsic information transfer (EXIT)
chart analysis. Trellis search algorithms are shown to find the activation schedule
which guarantees convergence with minimal complexity if there is an opening
between the EXIT functions of the detector, the decoder, and the channel
estimator. The main original contributions of the chapter are as follows. A
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semi-analytical method to generate the EXIT function for the LS channel
estimator in MIMO-OFDM systems is derived. The derivation is based on the
assumption that the multipath channel between each antenna pair is considered
as a set of parallel channels with colored Gaussian noise. An algorithm is
proposed to generate the EXIT function for the soft MIMO detector as a function
of the mutual information between the channel estimate and the true channel
state.
Chapter 7 concludes the thesis. The main results and conclusions are
summarised. Furthermore, some questions remaining open and directions for
future research are discussed.
The author’s contribution to the publications
This thesis is written as a monograph for the sake of clarity, but it is based on
nine original publications that have been published, accepted for publication, or
submitted to a journal. The author was the main contributor for [1–8], and
developed the main ideas and all the results in them. The other authors provided
ideas, comments, help, and in the case of [8], the second author provided some
simulation results. In [9], the author provided help, guidance, and ideas to the
first author.
All simulation software for the numerical results was produced by the author,
with the following exceptions. All results with turbo codes, have used turbo
encoding and decoding software by Lic. Tech. Mikko Vehkaperä. All simulated
channels were produced with the channel simulator by Dr. Esa Kunnari. The
repeat accumulate encoder and decoder software used in Chapter 6 as well as
the function calculating numerically the mutual information based on histogram
measurements were implemented by Mr. Juha Karjalainen. The K-best and
increasing radius (IR) list sphere detection (LSD) software were implemented by
Mr. Markus Myllylä and the MMSE post-prosessing filter for channel estimation
was implemented by Dr. Honglei Miao.
In [5], the list PIC detector was derived. The list PIC detector was applied as
a soft MIMO detector in a receiver performing iterative detection, decoding, and
channel estimation in [6]. In addition, the list re-calculation was proposed in [6]
to accelerate the convergence. The performance and complexity of the list PIC
detector was compared to important LSD algorithms in [7]. The main results of
28

[5–7] were collected together and presented in [1]. In addition, the inefficiency of
the FD-SAGE algorithm in the case of non-constant envelope constellations
was pointed out in [1]. In [4], the TD-SAGE channel estimation algorithm was
derived to solve the complexity issue of the FD-SAGE algorithm with higher
order constellations. The implementation aspects of the LS, FD-SAGE, and
MMSE channel estimators were considered by presenting possible architecture
designs for them in [8, 9]. Finally, the framework for activation scheduling of a
soft MIMO detector, a channel decoder, and a channel estimator was presented
in [3]. A semi-analytical method to generate the EXIT function for the LS
channel estimator in MIMO-OFDM systems was derived and an algorithm
was proposed to generate the EXIT function for the soft MIMO detector as a
function of the mutual information between the channel estimate and the true
channel state. The topic of [3] was then more extensively covered in [2].
Applicability for commercial MIMO-OFDM systems
The results presented in Chapter 4 are applicable for current and planned
commercial systems based on MIMO-OFDM. The list PIC algorithm performs
the detection of each subcarrier separately, being easily scalable for any number
of subcarriers. The iterative detection and decoding discussed in Chapter 4
scales easily as well with different system parameters. However, the latency
might set a constraint for the number of iterations with iterative detection and
decoding.
There is no restriction to apply the algorithms discussed in Chapter 5 in
current and planned commercial systems based on MIMO-OFDM. However, one
should note that many of the results presented in the chapter assume lower
pilot density than the ones used in systems at present. Consequently, the gain
using the decoded data in estimation would be smaller with systems having
higher reference signal density. On the other hand, due to the increasing needs
of wireless data, the spectrum has to be used more efficiently. Furthermore,
to lower the share of greenhouse gases produced by the ICT sector, the power
efficiency has to be improved as well. These things give motivation to reduce the
reference signal density and at the same time motivation to use the algorithms
discussed in Chapter 5.
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The concept of activation scheduling considered in Chapter 6 is based on
EXIT analysis assuming extremely long code blocks. The applicability of the
concept for more realistic block lengths used in real systems is left for future
studies. The results as such cannot be used, but they rather give a hint that the
scheduling of the activations might bring some gain in performance and savings
in complexity if the receiver has more than two SfISfO components.
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2

Literature review

A review of the existing literature and parallel work related to the scope of this
thesis is provided in this chapter. Section 2.1 reviews channel estimation methods
for OFDM systems, concentrating on data aided and decision directed methods
covering the basic linear algorithms and including some non-linear improvements
as well as the most important approximations of the optimal detection. Section 2.2
provides a survey on MIMO detection literature. Finally, literature considering
iterative receiver algorithms and especially iterative detection, decoding, and
channel estimation algorithms is presented in Section 2.3. This section also
covers the EXIT chart analysis literature related to the scope of this thesis.

2.1

Channel estimation in wireless OFDM systems

The principle of synchronized (coherent) detection [63] is mainly used in the
existing wireless communication systems. In other words, the channel state is
estimated and the estimate is used in the detection and decoding as if it was
the true channel state. Channel estimation can be avoided by using differential
modulation techniques. However, this would limit the data rate and cause a
drop in the performance [64, 65]. Another possibility, especially in systems with
time division duplex (TDD) but also with frequency division duplex (FDD) [66],
is to perform channel estimation at the base station and send a pre-distorted
signal to the mobile. However, in fast fading channels, the pre-distortion would
be uncorrelated with the channel, causing degradation in the performance.
Channel estimation for wireless systems is a challenging problem and the
literature treating channel estimation in wireless systems is vast. Channel
estimation methods for OFDM systems could be grouped into two main categories:
blind and non-blind methods [67]. The blind methods require a large amount of
data since they use the statistical behavior of the received signal to estimate the
channel [68]. Therefore, they are not applicable for fast-fading channels. The
non-blind channel estimation schemes can be further categorized into data-aided
(DA) and decision directed (DD) channel estimation methods. DD channel
estimation can be also seen as a special case of iterative channel estimation.

31

The overview presented in this thesis focuses on non-blind channel estimation
in OFDM systems and especially on DD and iterative channel estimation in
MIMO-OFDM systems. The interested reader can find a more detailed review
of channel estimation for OFDM systems in [69] and for single-carrier MIMO
systems in [70].

2.1.1

Data aided methods

Data aided channel estimation is based on training symbols known both at
the transmitter and the receiver. The training symbols can be arranged in
the first OFDM block with no data being sent. The training block is then
called a preamble. Another way to arrange the training symbols is to allocate
some subcarriers for them while the rest of the subcarriers are used for data
transmission. These training symbols are often called pilot symbols and the
estimation is called pilot aided channel estimation (PACE) [71–73]. In addition
to multiplexing the pilot and data symbols in the frequency domain, the pilot
symbols may be arithmetically added to the data symbols, i.e., super-imposed
[74].
The pilot spacing has to be carefully determined when using PACE. The
frequency domain spacing depends on the coherence bandwidth which is related
to the delay spread of the channel. The channel coherence time, which is related
to the Doppler spread, defines the time domain spacing of the pilot symbols. In
both domains, the pilot spacing has to satisfy the Nyquist criterion in order to
be able to capture the channel variations by using PACE. The pilot spacing is
always a trade-off between channel estimation accuracy and spectral efficiency,
and the optimal spacing depends on the particular fading process. Based on
the analytical mean square error (MSE) of the LS estimate, the pilot symbols
should be equispaced with the maximum distance as well as equipowered in
the frequency domain [75, 76]. The number of required pilot symbols in the
frequency domain is equal to the length of the channel impulse response (CIR)
[69]. It is also noted that constant modulus pilot symbols simplify the channel
estimation algorithms [77]. In the time domain, based on the analytical MSE
of the LS estimator, the pilot symbol positions should be cyclically shifted for
consecutive OFDM blocks [75]. This reduces the probability of using deeply faded
subcarriers. The pilot symbols have been designed to minimize the Cramer-Rao
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lower bound (CRLB) in [78], to maximize the channel capacity in [79–81], to
minimize the symbol error rate in [82], and to reduce the complexity in [77]. A
more detailed review on the topic is presented in [74].
Maximum likelihood (ML) channel estimation is the optimal method in the
sense that it asymptotically approaches the CRLB if the CIR is treated as a
deterministic parameter [83]. If the number of pilot symbols is greater than the
CIR and additive white Gaussian noise (AWGN) is assumed, the ML estimation
is equivalent to the LS estimation [72]. The ML and LS methods do not exploit
channel statistics in estimation. In contrast, linear minimum mean square error
(LMMSE) channel estimation exploits the channel statistics and, thus, improves
the performance. However, the price is an increase in computational complexity.
Depending on the pilot symbol arrangement, there are a multitude of
ways to obtain the channel estimate for data symbol positions. Once the
pilot symbols are organized in a preamble, the channel estimate given by the
preamble can be used for the subsequent OFDM blocks until a new preamble is
received in constant channels. To avoid an error floor in fast fading channels,
interpolation methods can be utilized in the time domain [84]. With PACE, the
channel frequency response (CFR) is first estimated for the pilot subcarriers
and interpolation/extrapolation is then used to recover the CFR for non-pilot
subcarriers. The simplest ways of interpolation are piecewise constant [85]
and linear [86] interpolation. In highly frequency selective channels, higher
order polynomial fitting results in better performance [84, 87, 88]. The LMMSE
estimation can be used to get the channel estimates in data symbol positions in
both the frequency and time domains [89, 90]. This is also referred to as optimal
interpolation. The LMMSE filtering was used to exploit spatial correlation in
channel estimation for a MIMO-OFDM system in [91, 92].
Besides the interpolation, so called transform domain techniques can be
used to get the channel estimates for data symbol positions [69]. The transform
domain techniques exploit the information on the number of significant values in
the transform domain and their location. As an example, the IFFT can be used
to transform the frequency domain channel estimate to the time domain, after
which the knowledge of the CIR length could be used to zero the values outside
the last CIR tap. This results in noise reduction when the channel estimate is
transformed back to the frequency domain using the FFT [73].
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2.1.2

Decision directed methods

Decision directed channel estimation is mainly based on the idea of using the
channel estimate of a previous OFDM symbol for the detection of the current
OFDM symbol and thereafter to use the newly detected data to estimate the
current channel state. At the beginning of the transmission, a preamble can be
sent to obtain the initial channel estimate. The major problem of the DD channel
estimation schemes is error propagation, especially in fast fading channels [93].
This can be solved by sending the preamble more often. Instead of more frequent
preamble transmission, pilot symbols can be inserted to some subcarriers to
mitigate error propagation [73]. One possible approach is to predict the channel
state for the next OFDM symbol based on the previous estimates [94]. The
methods mentioned for data aided channel estimation, e.g., some filtering or
transform domain techniques, can be used to improve the DD channel estimation
methods as well [95]. A DD MMSE channel estimator has been presented for
an STTC-OFDM system in [96]. A similar idea has been generalized to the
MIMO-OFDM system in [97].
The symbol decisions used in the channel estimation can be made after a
detector or a channel decoder. The channel coding improves the quality of the
decisions significantly and, thus, channel estimation performance is drastically
improved if the decisions are made after the channel coding [98]. Further
performance improvement is available if channel estimation, detection, and
decoding is iterated several times for one OFDM symbol, referred to as iterative
channel estimation in this thesis. For clarification, iterative channel estimation
with one iteration reduces to conventional DD channel estimation. The iterative
channel estimation literature is reviewed in Section 2.3.

2.2

MIMO detection

An important problem in the design of digital communication system receivers is
the detection of data from noisy measurements of the transmitted signals. Due
to the noise, the receiver is bound to make occasional errors in any realistic
scenario. Thus, designing a receiver which has the property of minimizing this
error probability while being realistic from the computational complexity point
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of view has attracted a lot of attention amongst researchers. In this section, an
overview of detection schemes applied for MIMO communications is provided.

2.2.1

Linear detection and non-linear improvements

Linear detection methods [99, 100] consider the input-output relation of a
MIMO system as an unconstrained linear estimation problem, which can be
solved by using the LS (i.e., zero-forcing (ZF)) or minimum mean square error
(MMSE) criterion. The resulting unconstrained estimate ignores the fact that the
transmitted symbols are from a limited set of constellation points. Hence, the
actual detection requires another step in which mapping to valid constellation
points is performed. ZF detection aims at perfect separation of the parallel
streams resulting in enhancement of the additive noise. Instead of forcing
interference terms to zero without considering the noise, the MMSE criterion
minimizes the overall expected error by taking the presence of the additive noise
into account. Linear detection schemes are simple, but unfortunately they do
not provide near optimal performance, especially when the channel matrix is
near singular [101]. The diversity order achieved by each of the data streams
equals Mr − Mt + 1 [102, 103], where Mt is the number of transmit antennas
and Mr is the number of receive antennas.
Successive interference cancellation (SIC) is based on linear detection methods.
The key idea of SIC is to successively detect and cancel the streams layer by
layer. The algorithm first detects (using ZF or MMSE) an arbitrarily chosen data
symbol, assuming the other symbols to be interference. The detected symbol is
then cancelled from the received signal vector and the procedure is repeated until
all the symbols are detected. Compared to the linear detection schemes, SIC
achieves an increase in diversity order with each iteration [45]. Unfortunately,
error propagation is degrading the error rate performance and it is dominated
by the first stream detected by the receiver. Ordered successive interference
cancellation (OSIC) or V-BLAST [45, 50, 104] improves the performance of SIC
by selecting the stream with the highest signal-to-noise-plus-interference ratio
(SINR) at each detection stage. OSIC receivers reduce the probability of error
propagation with the cost of slightly higher computational complexity compared
to that of the SIC algorithm. Parallel interference cancellation (PIC) can also be
used to cancel the interfering signals. In PIC, all the signals are detected or
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decoded and then cancelled from each other followed by the second stage of
detection and decoding.
Lattice reduction [105, 106] is another technique to improve linear detection
performance in case of an ill conditioned channel matrix. The idea behind
lattice reduction is to transform the problem into a domain where the effective
channel matrix is better conditioned than the original one. The lattice reduction
technique is applied to improve MMSE performance in MIMO detection in
[107, 108].

2.2.2

Optimal detection and its approximations

The maximum likelihood detector is the optimal detector when hard decisions are
considered [29]. The ML detector performs an exhaustive search by calculating
the Euclidean distance (ED) for every possible symbol vector candidate. The
number of candidate symbol vectors grows exponentially with Mt and the number
of bits per constellation point. Thus, with higher order constellations and with
multiple transmit antennas, ML detection becomes computationally intensive.
This has motivated significant research efforts reported also in the literature to
achieve close to optimal performance with reduced complexity.
A ML detector approximation based on sphere detection (SD) using the
Pohst enumeration [109] for MIMO communications has been introduced in [110]
and [111]. The Viterbo-Boutros version [112] introduced the adaptive updating
of the sphere radius to the original Pohst enumeration. The sphere detectors
reduce the exhaustive search to only those symbols that lie inside the spherical
space around the received symbol vector. This is realized by QR decomposition
(QRD) of the channel matrix, which, for its part, enables a tree search to find
the estimate for the transmitted symbol vector. The tree search schemes can
be categorized into breadth-first search (BrFS), depth-first search (DFS), and
best-first search (BeFS) (i.e., metric-first search (MFS)) algorithms [113].
The Pohst enumeration [109] strategy and the statistical pruning decoder
variations [114] are examples of BrFS algorithms. The K-best algorithm [115, 116]
is an M -algorithm-type [117, 118] BrFS algorithm, which always keeps a constant
number of candidates at each level of the tree search. The advantage of certain
BrFS algorithms including the K-best algorithm is the constant computational
complexity independent of the SNR and channel conditions. This is beneficial
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from the implementation point of view. The weakness of the BrFS algorithms is
that they offer poor results in terms of average complexity.
An example of the DFS algorithms is Schnorr-Euchner enumeration [119],
which introduced a modification to Pohst enumeration, where the admissible
nodes in each layer are sorted with respect to the Euclidean distance. The
DFS algorithms have lower average complexity than the corresponding BrFS
algorithms with the same cost functions. Another advantage of the DFS
algorithms is the flexibility in the performance-complexity tradeoff through a
carefully constructed termination strategy. The weakness of DFS algorithms is
the static sorting rule, which does not exploit the information gained thus far to
speed up the search.
A computationally efficient sphere detector called the ever-increasing radius
(IR) sphere detector (SD) was proposed in [120] and further studied in [121]. The
IR-SD is an example of BeFS algorithms. The main idea behind the IR-SD is to
set the initial value of the radius to zero and increase the radius until the ML
solution is found. Thus, the complexity of the IR-SD algorithm is independent
of the search radius. It was shown in [120] that the IR-SD method visits the
minimum number of tree nodes and is more computationally efficient than the
existing sphere detectors.
Although the complexity remains prohibitive for problems with large dimensionality [122], the sphere detectors are particularly interesting because their
expected and worst case complexities have been found to be only polynomial and
often cubic in practically relevant scenarios [123, 124]. For further information
about sphere detectors, an interested reader is referred to the semi-tutorial
papers [111, 113, 125].
Another strategy to approximate optimal ML detection reported in the
literature is the semidefinite relaxation (SDR) approach. The SDR approach was
originally introduced to the area of digital communications in two seminal papers
[126, 127]. The idea behind SDR is to, instead of solving the computationally
complex ML detection problem, solve a simpler problem by relaxing the finitealphabet constraint on the transmitted symbol vector into a matrix inequality
and then use semidefinite programming to solve the resulting problem. The SDR
approach was applied to MIMO detection in [128–130]. In [131], it was shown
that the SDR detector achieves maximum possible diversity.
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2.3

Iterative detection, decoding, and channel estimation

The capacity of MIMO channels cannot be achieved without using an outer
channel code (providing redundancy for better protection of the information bits
in the presence of burst fading, interference, or a strong noise) concatenated to
a space-time mapper acting as an inner code. In such a system, the optimal
joint detector/decoder is computationally infeasible, even with reasonable block
lengths. The turbo principle, originally invented for the decoding of concatenated
codes [132, 133], can be used computationally efficiently to approximate the
joint detection/decoding. This so called turbo equalization or iterative detection
and decoding was first proposed in [134] and was further studied in [135, 136].
In iterative detection and decoding, an a posteriori probability (APP) MIMO
algorithm is the optimal way to calculate the probabilistic soft information
of the inner coded bits expressed with log-likelihood ratio (LLR) values [137].
The logarithmic domain is used to simplify the arithmetic operations. The
probabilistic soft information is then further processed in the outer channel
decoder based on, for example, the maximum a posteriori probability (MAP)
decoding [138] and fed back to the inner detector.
Despite the use of Jacobian and max-log approximation as in [137, 139],
the computational complexity of the APP algorithm still grows exponentially
with the size of the constellation and the number of transmit antennas. Thus,
sub-optimal methods to be used instead of the APP algorithm have raised
interest in the literature. MMSE based methods for turbo equalization were
proposed in [140, 141]. V-BLAST detection is combined with iterative processing
in [142, 143]. However, from the performance point of view, a better solution
is the generalization of the SD framework to approximate the APP algorithm
pioneered by Hochwald and ten Brink [144]. This is known as the list sphere
detector (LSD). Instead of finding only the ML estimate, the LSD forms a list
of candidate symbols inside the spherical region. The list is then used in the
LLR calculation. The size of the list defines the tradeoff between computational
complexity and performance. In principle, all the SD algorithms can be modified
to LSD algorithms by keeping a certain number of the best symbol vector
candidates. Thus, the LSD algorithm has several variants, see, e.g., [116] for a
more complete discussion. The practicality of LSD detectors is supported by the
implementations reported on the literature [115, 145–147].
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Xie & Georghiades in [148] present list detection methods which are based
on the BLAST algorithm. They also propose to use the space-alternating
generalized expectation-maximization (SAGE) [149] algorithm to further improve
the performance. The SAGE algorithm is an extension of the expectationmaximization (EM) [150] algorithm and offers faster convergence than the EM
algorithm [151]. The EM algorithm is an iterative method for calculating the ML
estimate with reduced complexity. Its aim is to estimate an unknown parameter
from observed “incomplete” data. The so-called “complete” data are related
to the “incomplete” data through some possibly random mapping. Both the
EM and SAGE algorithms require and are sensitive to an initial guess of the
parameters to be estimated.
By taking channel estimation within iterative processing [152–155], a significant performance gain is provided compared to the case where training
sequences and pilot symbols are used in a one-shot approach to estimate the
channel, especially in fast fading channel conditions. Due to the flexibility
of the EM and SAGE frameworks, they have been applied in a number of
studies related to iterative receivers reported on the literature. By treating
the unknown channel as unobserved (or missing) data, the EM algorithm was
used for sequence estimation of the coded data frames by Georghiades [156] and
Kaleh [157] over single-input single-output (SISO) fading channels and extended
to MIMO channels by Cozzo & Hughes [158]. EM based channel estimation
schemes are incorporated into iterative detection and decoding receivers for
bit-inerleaved coded modulation (BICM) MIMO systems in [159–163]. The
authors in [164] proposed an EM-based iterative detection, decoding and channel
estimation receiver for a STBC-OFDM system. A channel estimation algorithm
based on the SAGE algorithm is presented in [165] for OFDM systems. The
SAGE algorithm is used to avoid the matrix inversion required in LS estimation
with transform domain processing based on IFFT, when the estimation is based
on symbol decisions. Consequently, the iterative channel estimation in [165]
is well suited for iterative detection, decoding, and channel estimation. Joint
multiuser decoding, interference cancellation and channel estimation based on
the SAGE algorithm is proposed in [166] and joint multiuser detection and
multichannel estimation based on the EM and SAGE algorithms is proposed in
[167] for a direct sequence CDMA system.
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One benefit of the EM and SAGE frameworks is that they are able to merge
the estimation of multiple channel parameters. For example, in [168, 169],
iterative carrier frequency offset (CFO) estimation, CIR estimation, and data
detection based on the SAGE algorithm are proposed for the OFDMA uplink.
An EM based algorithm to jointly obtain time and frequency synchronization
together with channel estimation in a MIMO OFDMA system is proposed in [170]
and to jointly estimate CFO and CIR for MIMO-OFDM in [10, 171]. In [172],
the SAGE algorithm is applied to joint channel and frequency offset estimation in
a flat-fading MIMO system. An application of the SAGE algorithm to estimate
the channel impulse responses, propagation delays and carrier frequency offsets of
the different users in an iterative receiver for the MC-CDMA uplink is reported
in [173].
Extrinsic information transfer (EXIT) charts [174] have been used successfully
to study the convergence behavior of iterative receivers without the time
consuming Monte Carlo computer simulations of the entire receiver. An EXIT
function describes the mutual information (MI) transfer characteristics for an
individual soft-in soft-out (SfISfO) block. The behavior of the entire receiver can
be estimated by combining these transfer functions for concatenated SfISfO
blocks. In the case of concatenated codes, the area between the EXIT curves
of the constituent codes has been shown in [175] to be directly related to the
performance loss with respect to channel capacity. Thus, to approach the
capacity, the two component codes have to be chosen such that their EXIT
curves are perfectly matched to each other. Based on this “curve fitting" design
principle, codes which perform close to the Shannon bound can be constructed
[176] and it was used to design low-density parity-check (LDPC) codes in [177]
and repeat-accumulate (RA) codes in [178]. The major issue with the EXIT
charts has been the fact that the convergence behavior predicted by EXIT chart
analysis is only valid for infinite block length [174]. However, some light is shed
on that issue in [179] and [180].
In an iterative receiver with two SfISfO blocks, the two blocks are activated
in turns. With more than two SfISfO blocks, the schedule of activations is no
longer obvious. The EXIT charts have been used to find efficient activation
scheduling for concatenated codes [181, 182] and multiuser detectors [183]. In
[184], a method to schedule the number of decoder iterations before channel
re-estimation and detection was proposed. When channel estimation is combined
40

with turbo equalization, traditionally, EXIT analysis has been used to study the
convergence properties of iterative receivers in such a way that the equalizer
and the channel estimator are considered to be a single SfISfO block [185–187].
However, this provides no information about the individual performance of the
estimator and equalizer. Furthermore, any activation scheduling based on the
EXIT charts as proposed in [185–187] results in the simultaneous activation of
an equalizer and a channel estimator. This is clearly not always optimal and
the problem was also discussed in [188], where a separate EXIT function was
derived for a channel estimator operating together with a multiuser detector and
a channel decoder in a CDMA system.
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3

Preliminaries

The system model for a wireless link based on MIMO-OFDM is formalized in this
chapter. Two equivalent presentations for the received signal are given. One is
the signal vector for a certain receive antenna over the subcarriers while the other
is the signal vector for one subcarrier over the receive antennas. The first form is
required to present the channel estimation algorithms, while the second one is
for the detection algorithms. The channel is assumed constant over one OFDM
symbol and time continuous from one OFDM symbol to another. The principle
of iterative detection and decoding is also presented in this chapter, since it
is the core engine of the receiver considered in this thesis. The a posteriori
probability (APP) algorithm as well as the list detection approximation of it are
discussed. The signal and channel models are first defined in Sections 3.1 and
3.2, respectively. Iterative detection and decoding is introduced in Section 3.3.

3.1

Model for received signal

Let b(n) = [b1,1,1 (n), ..., bMc ,Mt ,P (n)]T ∈ {−1, 1}Mc Mt P be the bit vector after
the channel encoder and interleaving at time instant n. Here, P is the number of subcarriers, Mt is the number of transmit antennas, and 2Mc is the
number of distinct constellation points from some complex constellation set Ω
(e.g., quadrature phase-shift keying (QPSK), 16 point quadrature amplitude
modulation (QAM), or 64-QAM). The bit vector b(n) is mapped onto symbol
vectors x mt (n) = [xmt ,1 (n), ..., xmt ,p (n), ..., xmt ,P (n)]T ∈ CP , mt = 1, ..., Mt ,
where xmt ,p (n) = M([b1,mt ,p , ..., bmc ,mt ,p , ..., bMc ,mt ,p ]), and M(·) performs an
appropriate Gray mapping. Thus, the multiple transmit antennas are used for
spatial multiplexing and the channel coding is over the transmit antennas.
The received signal is the superposition of Mt distorted transmitted signals.
Consequently, the received signal in the receive antenna mr over sub-carriers at
time n, after performing a discrete Fourier transform (DFT), can be expressed as
y m (n) = X (n)F h mr (n) + w mr (n),

(1)

r

where y m = [ymr ,1 , ..., ymr ,p , ..., ymr ,P ]T ∈ CP , X = [X 1 , ..., X Mt ] ∈ CP ×Mt P
r

consists of transmitted symbols, X mt ∈ CP ×P is a diagonal matrix with
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[X mt ]p,p = xmt ,p , F = I Mt ⊗ F ∈ CMt P ×Mt L is the DFT matrix, with
[F ]u,s = √1P e−j2πus/P , and u = 0, 1, ..., P − 1; s = 0, 1, ..., L − 1, h mr =
T
T
Mt L
[h T
is the time domain channel vector, with h mt ,mr =
1,mr , ..., h Mt ,mr ] ∈ C
[hmt ,mr ,0 , ..., hmt ,mr ,l , ..., hmt ,mr ,L−1 ]T ∈ CL , and hmt ,mr ,l is the lth multipath
component between the mt th transmit and the mr th receive antenna, L is the
length of the channel impulse response for all channels, and w mr is an P × 1
noise vector containing samples from a complex zero-mean white Gaussian noise
2
process with covariance σw
IP.

Equivalently to (1), the received signal on the pth subcarrier over the receive
antennas after the DFT can be expressed as
y p (n) = H p (n)x p (n) + w p (n) ∈ CMr ,

(2)

where H p ∈ CMr ×Mt is the frequency domain MIMO channel, x p ∈ CMt is the
transmitted symbol vector, and w p ∈ CMr is the noise vector. For notational
simplicity, the subindices referring to the subcarriers are omitted hereafter in the
context of detection.

3.2

MIMO channel model

A wideband stochastic MIMO channel model [189, 190] is adopted. It is assumed
that the amplitude of hmt ,mr ,l is Rayleigh distributed, and the fading gains are
uncorrelated over the delay domain or hhmt ,mr ,l1 , hmt ,mr ,l2 i = 0 for l1 6= l2 , where
p
ha, bi = E[ab∗ ]/ E[|a|2 ]E[|b|2 ] denotes the normalized correlation coefficient
between the random variables a and b. The spatial correlation coefficient between
transmit antennas mt and m0t is given by ρtmt ,m0 = hhmt ,mr ,l , hm0t ,mr ,l i. The
t

spatial correlation function at the transmitter is assumed to be independent of the
receive antenna index mr . The correlation coefficient between the receive antennas
is correspondingly denoted by ρrmt ,m0 . The overall spatial correlation model is
t

assumed to obey the Kronecker product model C tr = C t ⊗ C r ∈ IRMt Mr ×Mt Mr ,
where C t and C r are the transmit and receive correlation matrices with elements
ρtmt ,m0 and ρrmr ,m0r , respectively [190].
t

44

3.3

Iterative detection and decoding

Iterative joint detection and decoding takes advantage of the structure in the
code bit vector b(n) (the time index n is omitted hereafter to simplify the
notation) offered by the channel code. The iterative receiver [144] consists of
the soft MIMO detector based on the APP algorithm and a channel decoder
separated by a deinterleaver and an interleaver, as depicted in Fig. 1. In each
iteration, the soft MIMO detector calculates the a posteriori information LD1 of
the encoded bits by using channel observations and the a priori information
LA1 . LD1 is converted into the extrinsic information LE1 = LD1 − LA1 which is
deinterleaved and fed to the channel decoder as the a priori information LA2 .
The channel decoder obtains the a posteriori information LD2 which is converted
into the extrinsic information LE2 = LD2 − LA2 , interleaved, and passed to the
soft MIMO detector as the a priori information LA1 . One activation of both the
detector and the decoder is referred to as a global iteration (GI) in this thesis.
Channel
Encoder

b

Interleaver

MIMO
Mapper

Source

x1

xM

OFDM
mod.

OFDM
demod.

y1

Hard
Decision
Channel
Decoder

LA2

LE1 LD1
Deinterleaver

t

OFDM
mod.

OFDM
demod.

yM

t

Soft MIMO
Detector

Sink

LD2

Interleaver

LA1

LE2

Fig. 1. MIMO transmitter and iterative receiver.
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The a posteriori information from the detector is defined as bit log-likelihood
ratios (LLRs). The LLR of the qth encoded bit, q = 1, ..., Mc Mt , can be written
as
Pr(bq = +1|y )
LD1 (bq |y ) = ln
.
(3)
Pr(bq = −1|y )
Using Bayes’ theorem and assuming the bits in x are statistically independent of
one another due to interleaving after channel coding, the soft output values are
given by
P
b ∈Bq,+1 exp(Λ(b, b [q] , l A1,[q] |y , H ))
LD1 (bq |y ) = LA1 (bq ) + ln P
,
b ∈Bq,−1 exp(Λ(b, b [q] , l A1,[q] |y , H ))
|
{z
}
LE1 (bq |y )
where
Λ(b, b [q] , l A1,[q] |y , H ) = −

1
1
ky − H x k2 + b T
l A1,[q] ,
2
2σw
2 [q]

(4)

(5)

and Bq,±1 are the sets of 2Mt Mc possible bit vectors b with bq = ±1, i.e.,
Bq,±1 = {b|bq = ±1}, b is the part of b corresponding to the desired subcarrier,
b [q] denotes the subvector of b obtained by omitting its qth element bq , l A1,[q] is
the vector of all LA1 values corresponding to one subcarrier, also omitting bq ,
and x = M(b). In this thesis, (4) is also referred to as the a posteriori (APP)
algorithm.
The complexity of computing LD1 (bq |y ) increases exponentially with Mc
and Mt , and, thus, it is computationally too intensive in many cases. However,
the vast majority of the elements of B have insignificant contributions to the
LLR-value. List detectors search a candidate list L with K << 2Mc Mt bit vectors
by omitting those insignificant contributors, and, thus, approximate (4) as
P
b ∈Lq,+1 exp(Λ(b, b [q] , l A1,[q] |y , H ))
LD1 (bq |y ) ≈ L̂D1 (bq |y ) = LA1 (bq ) + ln P
,
b ∈Lq,−1 exp(Λ(b, b [q] , l A1,[q] |y , H ))
|
{z
}
L̂E1 (bq |y )
(6)
with lower complexity and minor degradation in performance.

46

4

Detection of spatially multiplexed signals in
MIMO-OFDM

This chapter focuses on the MIMO detection part of the iterative receiver. Perfect
channel information is assumed to be available at the receiver. A new list detector
named the list parallel interference cancellation (PIC) detector is derived in this
chapter. The LMMSE MIMO detection algorithm is also presented because it is
used in the initialization of the list PIC detector. The performance of the list PIC
detector is studied with different modulation methods and antenna configurations.
Its performance and the complexity are compared to the important list sphere
detection algorithms. This chapter shows how the convergence of iterative
detection and decoding can be accelerated by re-calculating the candidate list in
addition to the LLR values in each global iteration. As a summary, the main
original contributions of this chapter are the derivation of the list PIC algorithm
and introducing list re-calculation in iterative detection and decoding.
The chapter is organized as follows. Section 4.1 presents the LMMSE
algorithm for MIMO detection. The list PIC detector is derived in Section 4.2.
The method of list re-calculation in iterative detection and decoding is presented in
Section 4.3. Section 4.4 provides performance as well as complexity comparisons.
Finally, conclusions are drawn in Section 4.5.

4.1

Linear minimum mean square algorithm

Linear minimum mean square error detection minimizes the mean square error
(MSE) between the transmitted symbols and the soft estimates of the transmitted
symbols as


2
min E kx − G H
y
k
.
LMMSE
G LMMSE
After solving (7), the LMMSE filtering matrix is expressed by
G LMMSE = arg

2
G LMMSE = (H H H + σw
I )−1 H H

(7)

(8)

and the resulting filter output, i.e., the soft decision of the transmitted symbol
vector is
2
x̄ LMMSE = (H H H + σw
I )−1 H H y .

(9)
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The hard decisions x̂ LMMSE are obtained simply by quantizing the soft decisions
to the closest constellation points.

4.2

List parallel interference cancellation algorithm

The list parallel interference cancellation (PIC) detector combines the tree search
methodology of LSD receivers with the SAGE detector. In the SAGE detector
[191], the received signal y is viewed as the “incomplete" data and the “complete"
data z mt ∈ CMr is defined as
z mt = h mt xmt + w , 1 ≤ mt ≤ Mt .

(10)

Thus, z mt can be seen as the component of the received signal transmitted
from the mt th transmit antenna through the channel h mt and corrupted by the
noise, where h mt is the mt th column of the frequency domain channel matrix
H . Assuming known channel state information in the receiver, the “complete"
data is estimated in the expectation (E) step as
ẑ mt = h mt x̂mt + (y −

Mt
X

h m0t x̂m0t ) = y −

m0t =1

Mt
X

h m0t x̂m0t ,

(11)

m0t =1
m0t 6=mt

where x̂mt , mt = 1, ..., Mt are initial guesses or current estimates of xmt . The
initial guess can be obtained for example by using the LMMSE detector. One
can note that the estimation of the “complete" data is in practise done by PIC.
In the maximization (M) step, the new estimate for the symbol xmt is calculated
as
x̂mt = arg min ||ẑ mt − h mt xmt ||2 .
xmt ∈Ω

(12)

The E and M steps are iterated and the symbol estimate for each layer is updated
in turn. Finally, there is one estimate for the transmitted symbol vector. Using
(11) in (12), one can easily see that (12) gives the Euclidean distance (ED) d(x̂ )
for the symbol vector x̂ ∈ CMt in which all but the mt th element are from the
previous iterations.
The convergence properties of the SAGE algorithm are poor in detection
[191]. The other defect of the SAGE algorithm as ML approximation is that a
significant performance loss may be caused in the channel coded systems if it
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is used instead of the optimal APP detection prior to the soft input decoder.
To solve the defects, we modify the algorithm in such a way that all |Ω| − 1
candidates are not necessarily dropped, but instead the K best candidates
are stored in every iteration. This modification enables the adoption of the
tree search methodologies used in the LSD receivers into the new algorithm.
The resulting SAGE based list detector produces a list of candidates for the
transmitted symbols starting from a single initial guess, and, thus, approximates
the optimal APP detector. We call the resulting list detector the list PIC
detector, since the estimation of the “complete" data can be seen as parallel
interference cancellation.
The algorithm can be illustrated with a tree structure as in Fig. 2, where a
binary modulation is assumed to simplify the illustration. In the root layer,
we have an initial guess of the transmitted symbol vector. Based on that, the
“complete" data is calculated for the first layer (mt = 1) by using (11). Then,
based on the “complete" data, the cost for all the possible symbol candidates
can be calculated by using (12). The K best candidates are stored and used as
initial guesses for the next layer. In the ith layer, in all the initial guesses, the
elements xi+1 , ..., xMt are inherited from the first initial guess. The “complete"
data corresponding to each initial guess is calculated for the next layer. Then, in
the M step, the cost for each possible symbol candidate over all “complete" data
spaces is calculated and the K best candidates are stored. The algorithm goes
through the tree so that there are K different paths left at all times. The search
scheme is a breadth-first algorithm [116] and the same as that used with the
K-best LSD. The List PIC Algorithm is detailed in Algorithm 1.
Root layer

Layer n=1

Layer 2

Layer 3
Layer 4

Fig. 2. A tree structure with 4 transmit antennas and BPSK modulation.
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Algorithm 1 [L] = List-PIC(y , H , K, Ω, Mt , x̂ )
(0)

1:

Initialize with some x̂mt for 1 ≤ mt ≤ Mt .

2:

for i = 1 to Mt do

3:

if i = 1 then

4:

Compute the “complete" data based on the initial guess by using (11)
(mt = i).

5:

Calculate the cost function (12) for all possible symbol candidates for
this layer.

6:

Sort the candidates according to the costs and store the K best candidates
and their costs to L.

7:

end if

8:

if i = 2, ..., Mt then

9:

Compute the “complete" data corresponding to each stored candidate
by using (11) (mt = i).

10:

Calculate the costs by using (12) for all possible new symbol candidates

11:

which are a continuation of the stored paths in the tree structure.
Sort the candidates according to their costs and store the K best
candidates and their costs to L.

12:
13:

end if
end for

The LLRs are calculated from the candidate symbols and the corresponding
EDs by using (6).
One can note that when the list PIC detector is compared to the K-best
LSD, the difference of the algorithms is in the “initialization". The K-best
LSD is “initialized" by QR decomposition (QRD) while the list PIC detector
is “initialized" by the LMMSE algorithm. Due to the search strategy, the
K-best LSD algorithm does not necessarily find the K shortest paths in the
tree structure with small list sizes. It may happen that at some intermediate
level, certain paths do not fit in the set of the K shortest ones and are discarded,
despite the fact that at the last level they would have belonged to the candidate
set. For example, assuming QPSK, Mt = 2, and a list size of two in Fig. 3,
Mt
t
xM
1,2 and x 2,2 give the smallest EDs in the root layer and are chosen despite
Mt
t
the fact that in the last layer x M
3,1 would be better than x 2,1 . Consequently,
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the problem is that the algorithm makes final decisions in every layer with no
information from the forthcoming layers. As a solution, different search strategies
have been proposed, including depth-first [192] and metric-first [193] methods.
From these strategies, especially the metric-first scheme is a promising approach.
However, the advantage of the breadth-first search strategy is straightforward
implementation, as discussed in [194].

x21,2

x22,2

x21,1

x22,1

x23,2

x24,2

x23,1

Fig. 3. An example of possible problem of breadth-first search with small list sizes.

In the case of the list PIC detector, information from the other layers is
available when the decision on the paths to be discarded is made. The cancelling
of the layers not in focus using the initial guess “distributes" the information
between the layers. Let us consider the same example as with the K-best LSD
in Fig. 3. If the initialization for the second layer is close enough to the symbol
Mt
Mt
Mt
Mt
t
represented by x M
1,1 , x 2,1 and x 3,1 , instead of choosing x 1,2 and x 2,2 as was
Mt
t
the case with the K-best LSD, x M
1,2 and x 3,2 will be chosen in the case of the

list PIC detector. Consequently, in the best case, the list PIC algorithm solves
the convergence problems of the conventional SAGE detector and improves the
performance of the breadth-first search scheme with small list sizes. However,
the potential frailty of the list PIC algorithm is its sensitivity to the initial guess.
This sensitivity is common with the EM based methods and is well addressed in
the literature [151].
Analytical study of the list PIC algorithm is not carried out in this thesis.
However, the approach taken in [195] to analyze symbol error probability of
the fixed complexity sphere decoder (FSD) [196] in uncoded system might be
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useful for the list PIC detector as well. When considering the error probability,
the error event is separated into two mutually exclusive events depending on
whether the transmitted symbol vector x belongs to the candidate list. In [195]
it is shown that Pr(x ∈
/ L) defines how much a SD loses to the ML detector.
This is of course intuitively obvious. To define Pr(x ∈
/ L) one has to define the
probabilities for all the possible events in which the correct path is discarded in
the tree search. This is left for future work.

4.3

List re-calculation in iterative detection and decoding

The conventional way of using the a priori information from the decoder in the
soft MIMO detector is to re-calculate the LLRs. However, if the soft MIMO
detector is based on a list detector, the performance can potentially be improved
by re-calculating also the candidate list and using a priori information in the list
re-calculation. This is natural, because using the decoder output as a priori
information, the quality of the candidate list is likely to be improved. In other
words, the list detection uses the decoder output in addition to the conventional
Euclidean distance metric in the detection process. The cost of a candidate is
expressed as

Λ(b, l A1 |y , H ) = −

1 T
1
2
2 ky − H x k + 2 b l A1 ,
2σw

(13)

when a priori information is used in the list re-calculation. Notice that now l A1
includes also the qth bit and

P
b ∈Lq,+1 exp(Λ(b, l A1 |y , H ))
L̂D1 (bq |y ) = ln P
.
b ∈Lq,−1 exp(Λ(b, l A1 |y , H ))

(14)

The extrinsic information is formed by LE1 (bq |y ) ≈ L̂D1 (bq |y ) − LA1 (bq ). If the
list is re-calculated, also a new initial guess of the symbol vectors for the list
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PIC detector can be calculated from the LLRs produced by the decoder as [141]
X
E(xmt ) =
x0mt Pr(xmt = x0mt )
(15)
x0mt ∈Ω

=

X
1
x0mt
( )Mc
2
0
xmt ∈Ω

×

Mc
Y

(1 + bmc tanh(LD2 (bmc )/2)),

mc =1

where Mc is the number of bits per constellation point and Ω is the set of
constellation points.

4.4

Numerical examples

Monte Carlo computer simulations were conducted to study the performance of
the proposed algorithms. The two different ways of using a priori information
in the list detector were studied. The list PIC detector was compared to
the APP algorithm, the K-best LSD, and the IR-LSD when operating as a
soft MIMO detector together with turbo coding at a rate of 1/2. The turbo
coding scheme was a parallel concatenated convolutional code (PCCC) with two
8-state encoders and an internal interleaver followed by puncturing, multiplexing,
and bit-level interleaving. The constituent codes (CCs) are rate 1/2 binary
recursive systematic convolutional codes [197]. The turbo decoder consists of
two component log-maximum a posteriori (MAP) decoders [138], and 8 decoder
iterations were performed. Coding was performed over the transmit antennas
and one code word consisted of QPSK, 16QAM, or 64QAM symbols transmitted
over one OFDM symbol.
A symbol duration of 66.7 µs and a cyclic prefix length of 16.68 µs were
assumed. The number of subcarriers was 512. The carrier frequency was 2.4
GHz. A mobile speed of 50 km/h was studied. Two MIMO configurations,
namely 2 × 2 and 4 × 4, were employed in the simulations. The simulations were
performed with the typical urban channel model [198]. The key parameters of
the stochastic MIMO radio channel model are summarized in Table 1 and its
power delay profile (PDP) in Table 2. The SNR is defined as ES /N0 , where ES
is the symbol energy received by a receive antenna and N0 I is the covariance
matrix of the noise.
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Table 1. Key channel model parameters; RX stands for receiver side, TX for transmitter side, AoA and AoD for angle of arrival and departure, respectively, PAS for
power azimuth spread.
Channel parameter

Value

Number of paths

6

Doppler spectrum

classical

Speed [km/h]

50

RX
Topology

λ/2-spacing
35o

PAS

67, 5o

Average AoA
TX
Topology

Uniform linear array 4λ-spacing

PAS

2o

Average AoD

50o

Table 2. Power delay profile of Typical urban channel.
TAP index

Relative delays [ns]

Average power [dB]

1

0

-3.0

2

200

0

3

500

-2.0

4

1600

-6.0

5

2300

-8.0

6

5000

-10.0

4.4.1

Results with 2 × 2 antenna configuration

The frame error rate (FER) performance results with 2 × 2 antenna configurations
are considered in this section. With frame error, we refer here to an erroneous
code word, i.e., an erroneous OFDM symbol with the defined coding arrangement.
The performance with global iterations from 1 to 5 is illustrated in Fig. 4 with
and without list re-calculation. The examples in the figure are with a list size of
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two and for QPSK modulation. Ideal channel state information (CSI) is assumed
at the receiver. One can note that global iterations after the fifth iteration
provide no substantial benefit in either case. Furthermore, if list re-calculation is
used, three global iterations result in better performance than 5 global iterations
without list re-calculation.
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2−List PIC 1 GI
2−List PIC 2 GI
2−List PIC 3 GI
2−List PIC 4 GI
2−List PIC 5 GI
2−List PIC 2 GI list re−calc.
2−List PIC 3 GI list re−calc.
2−List PIC 4 GI list re−calc.
2−List PIC 5 GI list re−calc.
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Fig. 4. FER performance in typical urban channel with Global iterations 1 to 5
(QPSK 2×2), ([1],published by permission of IEEE).

The FER performance of the detectors with ideal CSI at the receiver is
presented for QPSK, 16QAM, and 64QAM constellations in Figs. 5–7, respectively.
From Fig. 5, one can note that with a list size of four, the list PIC algorithm loses
insignificantly to the APP algorithm when QPSK is considered as a modulation
scheme. The K-best LSD and the IR-LSD offer exactly the same performance as
the list PIC detector with a list size of four (not shown in the figure). When a
list size of two is used, the list detectors are outperformed by the APP algorithm.
However, the performance degradation of the K-best LSD is more than that
of the list PIC detector, while the IR-LSD outperforms both of the other list
detectors.
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Fig. 5. FER performance in typical urban channel with 2×2 antenna configuration
with QPSK ([1],published by permission of IEEE).
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Fig. 6. FER performance in typical urban channel with 2×2 antenna configuration
with 16QAM ([1],published by permission of IEEE).
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Fig. 7. FER performance in typical urban channel with 2×2 antenna configuration
with 64QAM ([1],published by permission of IEEE).

A list size of 16 reaches optimal performance with the list PIC detector
when 16QAM is used, as can be seen in Fig. 6. Again, the K-best LSD and the
IR-LSD exhibit exactly the same performance as the list PIC detector with a list
size of 16 and have been excluded from the figure. The superiority of the list
PIC detector over the K-best LSD can be seen with a list size of 8. However,
the IR-LSD outperforms the list PIC detector, gaining about 0.5 dB.
The performance of the APP algorithm is not simulated for the 64QAM case
due to the time-consuming simulation length. Instead, the list PIC detector with
a list size of 256 is used as a reference in Fig. 7. The performance of the list PIC
detector deteriorates insignificantly when the list size is decreased to 32, while
the performance loss of the K-best LSD is more noticeable. The superiority
of the list PIC detector over the K-best LSD is further emphasized by a list
size of 16 in this case. The IR-LSD offers practically the same performance
with a list size of 16 as the list PIC detector with a list size of 32. Within the
presented examples, at least 1 dB of gain is achieved by exchanging the extrinsic
information between the detector and the decoder.
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4.4.2

Results with 4 × 4 antenna configuration

The FER performance results of the turbo coded OFDM system in a typical
urban channel with a 4 × 4 antenna configuration are considered in this section.
The performance with global iterations from 1 to 5 is illustrated in Fig. 8 with
and without list re-calculation, assuming QPSK modulation and a list size of
8. One can note that the global iterations after the fifth iteration provide no
substantial benefit, as was the case also with the 2 × 2 antenna configuration. If
list re-calculation is used, two global iterations result in the same performance as
five global iterations without list re-calculation.
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Fig. 8. FER performance in typical urban channel with Global iterations 1 to 5
(QPSK 4×4) ([1],published by permission of IEEE).

The performances using QPSK and 16QAM with ideal CSI are presented
in Figs. 9 and 10, respectively. One can see that in the case of QPSK with a
list size of 8, the list PIC detector offers some gain over the K-best LSD. The
IR-LSD with a list size of 8 offers better performance than the other two with
a list size of 16. Then, in the case of 16QAM, the list PIC detector starts to
lose to the K-best LSD. The reason for such behavior is that the initial guess
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provided by the LMMSE detector is not accurate enough in the case of the 4 × 4
antenna configuration with 16QAM and with correlated transmit and receive
antennas [101]. This is supported by the simulation result in which the known
transmitted symbols are given as an initial guess to the list PIC detector with
a list size of 256 and one global iteration is performed. One can see that this
results in better performance than with the K-best LSD with the same list size
and with 5 global iterations. The IR-LSD with a list size of 32 gives almost
the same performance as the K-best LSD with a list size of 64. The extrinsic
information exchange gives about 1 dB of gain in the presented examples.
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Fig. 9. FER performance in typical urban channel with 4×4 antenna configuration
with QPSK ([1],published by permission of IEEE).
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Fig. 10. FER performance in typical urban channel with 4×4 antenna configuration
with 16QAM ([1],published by permission of IEEE).

4.4.3

Complexity Comparisons

The complexity of the list PIC algorithm is compared to those of the K-best
LSD and the IR-LSD. The computational requirements of the LSD algorithms
are mainly caused by the metric computations for the symbol candidates.
Consequently, a rough comparison of the complexities of the LSD algorithms can
be made by comparing the number of visited nodes per symbol vector in the tree
search, since that equals the number of required metric computations [192]. The
number of visited nodes is dependent on the search strategy. For the IR-LSD, it
varies with channel realization and for the K-best LSD and the list PIC detector
it is always a fixed number.
The complexity of the pre-processing methods for the list PIC detector and
the K-best LSD algorithm (the LMMSE algorithm and QR decomposition,
respectively) are of the same order. Furthermore, given the fact that both
algorithms share the same tree search strategy, it is expected that the complexity
of the algorithms is roughly the same. More detailed complexity evaluations
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based on architecture design for the K-best LSD can be found from [147] and
[199]. The detailed architecture design for the list PIC detector is subject to
further research.
Simulated histograms of the number of visited nodes per symbol vector for
the list PIC detector, IR-LSD and K-best LSD algorithms using a list size of
8 with 16QAM and a list size of 16 with 64QAM are shown in Fig. 11. Two
transmit antennas are assumed. One can note that the IR-LSD algorithm is
likely to visit less nodes compared to the list PIC detector and the K-best LSD
algorithms. Consequently, the IR-LSD is the least complex in these cases. The
hardware resources have to be reserved according to the worst-case scenario.
Thus, in the 16QAM case, the difference is not that big. The list PIC detector
and the K-best LSD use the same search strategy. Consequently, with the same
list sizes, the number of visited nodes is the same, meaning that their complexity
is the same as well.
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Fig. 11. Histogram of the number of visited nodes per symbol vector for (a) 16QAM and (b) 64-QAM with a 2×2 antenna configuration ([1],published by permission of IEEE).
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Histograms of the simulated number of visited nodes per symbol vector
assuming four transmit antennas using list sizes of 8 and 16 with QPSK and list
sizes of 32 and 64 with 16QAM are shown in Fig. 12. If the hardware resources
are reserved according to the worst-case scenario, the IR-LSD algorithm is more
complex than the list PIC detector and the K-best LSD algorithm in both cases.
In conclusion, it can be said that the IR-LSD is the least complex in cases with
two transmit antennas, but in cases with four transmit antennas this is reversed.
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Fig. 12. Histogram of the number of visited nodes per symbol vector for (a) QPSK
and (b) 16-QAM with a 4×4 antenna configuration ([1],published by permission of
IEEE).

4.5

Summary and discussion

An iterative receiver composed of a list detector acting as a soft MIMO detector
and a turbo decoder was considered for MIMO-OFDM systems. It was shown that
the feedback from the decoder to the list detector improves the performance or
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enables the use of smaller list size values without compromising the performance.
A method called list re-calculation was proposed to give further gain by using a
priori information from the decoder to re-calculate the candidate list during
global iterations instead of only re-calculating the LLRs as is done conventionally.
An open question is whether the cheapest way in terms of the complexity of
achieving a certain performance target is to utilize conventional global iterations,
global iterations with list re-calculations, or a greater list size.
A novel list PIC detector was presented and compared to the optimal APP
algorithm, the K-best LSD, and the IR-LSD. The results showed that the
list PIC detector offers close to optimal performance with reduced complexity
and a performance gain over the K-best LSD with proper initialization. The
initialization plays an important role since the list PIC algorithm is based on
the SAGE algorithm and the SAGE algorithm is known to be sensitive to the
initial guess of the estimated parameters. The LMMSE proved out to be good
enough in the initialization for a 2 × 2 antenna configuration. However, for a
4 × 4 antenna configuration with higher order modulations it was inadequate.
The initialization might be improved by various techniques (such as lattice
reduction [107] or semidefinite relaxation based detection [128]), which could be
a fruitful research topic. The IR-LSD offers performance gain over the other
studied list detectors. However, in the case of a 2 × 2 antenna configuration, the
gain over the list PIC detector is not substantial. The complexity of the list PIC
detector is of the same order as that of the K-best LSD, and the metric-first
based IR search algorithm was found to be the less complex than the list PIC
detector in a 2 × 2 antenna configuration. However, taking into account that
2 × 2 antenna configuration and LMMSE detection will most likely be the first
step when employing MIMO processing; the list PIC detector might offer quite
an attractive second step due to its straightforward implementation.
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5

Channel estimation for MIMO-OFDM system

This chapter considers channel estimation for a MIMO-OFDM system. The
structure of the iterative receiver with a channel estimator is presented. The
LS channel estimation algorithm is reviewed and its intensive computational
requirements in DD mode are pointed out. The frequency domain (FD) SAGE
DD channel estimation algorithm is discussed as a solution to reduce the
computational complexity in the case of constant envelope constellations. The
time domain (TD) SAGE channel estimation algorithm is derived to solve the
complexity issue also with higher order constellations. MMSE channel estimation
is reviewed. The implementation aspects of the LS, FD-SAGE, and MMSE
channel estimators are considered by presenting possible architecture designs for
them. The performance of the channel estimation algorithms is studied in various
scenarios. The main original contributions of this chapter are pointing out the
problem of the FD-SAGE algorithm with non-constant envelope constellations,
the derivation of the TD-SAGE algorithm, architecture designs proposed for
the LS and FD-SAGE algorithms, and the MMSE filter approximation with
pre-calculated filters.
The rest of the chapter is organized as follows. The structure of the iterative
receiver is presented in Section 5.1. Section 5.2 presents the LS channel estimation
for a MIMO-OFDM system. The FD-SAGE channel estimation algorithm is
detailed in Section 5.3. The TD-SAGE channel estimation algorithm is derived
in Section 5.4 followed by the presentation of MMSE filtering in Section 5.5. The
implementation aspects of the channel estimation algorithms are discussed in
Section 5.7. After presenting the simulation studies in Section 5.8, the conclusions
are drawn in Section 5.9.

5.1

Iterative receiver with channel estimator

The receiver structure with a channel estimator is shown in Fig. 13. The feedback
from the decoder to the channel estimator is required only when DD or iterative
channel estimation is applied. At the core of the receiver, iterative detection and
decoding are performed by the soft MIMO detector and the turbo decoder as
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explained in Section 3.3. The iterations between the detector and the decoder
are referred to as global iterations (GI). Symbol estimates are calculated as
given in (15).
Symbol
estimates

Channel
estimator

LD1

OFDM
demod.

LE1
DeInterleaver

Soft
MIMO
detector
OFDM
demod.

LA1

LA2

Turbo
decoder

Interleaver

LE2

LD2

Decisions

Fig. 13. Receiver structure with channel estimation.

Let us assume that one block includes multiple OFDM symbols and the
channel coding is over one OFDM symbol. In each block, the preamble symbol
index set is SP = {1, Nsymb /2 + 1}, where Nsymb is the number of OFDM symbols
in the block. The cardinality of SP is denoted by NP . In preamble based LS
estimation, the estimate given by the first preamble is used in the detection of the
symbols with indices 2...Nsymb /2 and the estimate given by the second preamble
is used in the detection of the symbols with indices Nsymb /2 + 2...Nsymb . In
preamble based LS estimation with MMSE post-processing, the two LS estimates
given by the preambles are filtered and as the output a channel estimate for
each OFDM symbol is given. In DD SAGE channel estimation, the LS estimate
is used as an initial guess at the beginning of the frame, and after the second
OFDM symbol, the previous estimate is used to initialize the SAGE algorithms.
The channel is re-estimated after the global iterations in DD estimation. The
channel can be also re-estimated between the global iterations, which is referred
to as iterative channel estimation in this thesis. It is also possible to initialize
the SAGE algorithms by predicting the channel state by filtering the previous
channel estimates with the MMSE filter.
Let us consider coding over the whole block. The LS estimation with MMSE
post-processing is performed as explained above in the case of coding over one
OFDM symbol. However, DD SAGE estimation is now applied within the global
iterations. The initial channel estimate for the whole frame is given by LS
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estimation with MMSE post processing, and after a certain number of global
iterations, the channel is re-estimated by the SAGE algorithm which is followed
by a certain number of global iterations.

5.2

Least squares algorithm

The LS method is the best linear unbiased channel estimator in Gaussian noise
[83]. The LS channel estimate for (1) is expressed as

ĥ mr (n) =

F H X H (n)X (n)F
|
{z
}

−1

F H X H (n)y m (n).

(16)

r

CH C

Ignoring the leakage due to nonuniform channel tap spacing and assuming that
the noise is white and Gaussian, the LS estimator is also the ML estimator
and optimal in the sense that it attains the Cramer-Rao lower bound (CRLB).
One should also note that F in (16) is constructed from the truncated DFT
matrices resulting in zeroing the noise only components after the last channel
tap in the time domain channel estimates. When transformed back to the
frequency domain, the accuracy of the estimates is improved due to the noise
reduction. This belongs to the group of techniques referred to as transform
domain processing in the literature review part of the thesis.
The computation of the LS estimate requires an Mt L × Mt L matrix inversion
which is a computationally intensive task. It was shown in [77] that with an
orthogonal preamble sequence design, the matrix inversion can be avoided
while the estimator still achieves the minimum mean square error (MSE). The
orthogonal preamble sequence design reduces the matrix (C H C) to a diagonal
matrix P I Mt L and, thus, (16) can be rewritten as
ĥ mr (n) =

1 H H
F X (n)y m (n).
r
P

(17)

However, if high spectral efficiency is sought and the LS method is used in DD
mode, the inversion of a MT L × MT L matrix is inevitable.
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5.3

Frequency domain space-alternating generalized
expectation maximization algorithm

The frequency domain (FD) SAGE channel estimator [165] calculates the LS
solution iteratively as in (16), resulting in lower complexity with imperceptible
loss of performance. With iterative processing, the size of the required matrix
inversion is Mt times smaller per dimension in the case of non-constant envelope
modulation and with constant envelope modulation the matrix inversion can be
avoided.
In the FD-SAGE channel estimator, the received signal y m is viewed as the
r

“incomplete" data and the “complete" data is defined as z mt ,mr ∈ CP , which is
the component of the received signal at the mr th receive antenna transmitted by
the mt th transmit antenna. The FD-SAGE channel estimator is initialized by
(0)

ẑ (0)
mt ,mr (n) = X mt (n)F ĥ mt ,mr (n),

(18)

where mt = 1, 2, ..., Mt and mr = 1, 2, ..., Mr . The SAGE algorithms, as EM
based methods in general, require and are sensitive to an initial guess of the
parameters to be estimated. This is well addressed in the literature [151]. The
channel estimate of the previous OFDM symbol can be used as the initial time
(0)

domain channel estimate ĥ mt ,mr (n). At the beginning of the transmission, the
initial channel estimate can be obtained by using a preamble.
After the initialization, the estimates for the channel impulse responses
between the transmit antennas and the receive antenna mr are refined by the
following iterations (for notational simplicity, the time index n is omitted)


Mt
X
(i)
(i)

ẑ m0 ,mr 
ẑ (i)
(19)
mt ,mr = ẑ mt ,mr + y m −
r

m0t =1

(i+1)

t

(i)
−1 H
ĥ mt ,mr = (F H X H
F XH
mt X mt F )
mt ẑ mt ,mr
(i+1)

(i+1)
= X mt F ĥ mt ,mr
ẑ m
t ,mr
(i+1)
ẑ m00 ,mr
t

=

(i)
ẑ m00 ,mr ,
t

(20)
(21)
(22)

where mt = 1 + (i mod Mt ), (i = 0, 1, 2, ...), and in (22) 1 ≤ m00t ≤ Mt but
m00t 6= mt . With one iteration in the case of the FD-SAGE channel estimator, we
refer to the cycles during which every link is updated once. The above algorithm
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transforms the LS channel estimation problem of a system with multiple transmit
antennas as in (16) back to the multiple separate single transmit antenna LS
channel estimation problems performed serially. Consequently, the matrix
inversion needed is Mt times smaller per dimension than the one required with
DD-LS estimation. Furthermore, with constant envelope modulation, (20) can
be simplified to
(i+1)

(i)
ĥ mt ,mr = F H X −1
mt ẑ mt ,mr

(23)

leading to the trivial inversion of the diagonal matrix X mt . A more detailed
description of the algorithm can be found in [165], in which constant envelope
constellation is assumed and the drawback of the required inversion of a L × L
matrix with non-constant envelope constellations was not treated.

5.4

Time domain space-alternating generalized
expectation maximization algorithm

The time domain (TD) SAGE algorithm avoids the matrix inversion in the
FD-SAGE algorithm with non-constant envelope modulations by choosing the
“incomplete" and “complete" data spaces so that in the maximization step only
one tap of one link is refined at a time. Then, the “incomplete" data is viewed as
the time domain received signal ỹ mr and the “complete" data o mt ,mr ,l ∈ CP ,
which is the component of the time domain received signal at the mr th receive
antenna transmitted by the mt th transmit antenna and propagated through the
lth path, is defined by
o mt ,mr ,l = x̃ mt ,l hmt ,mr ,l + w̃ mr ,

(24)

where mt = 1, 2, ..., Mt , mr = 1, 2, ..., Mr , l = 0, ..., L − 1, the column vector
x̃ mt ,l = x̌ mt (LCP + 1 − l : P + LCP − l), x̌ mt = T CP F H
f diag(X mt ) is the
time domain signal from the mt th transmit antenna including the CP, T CP =
T T
[I T
LCP I P ] , I LCP contains the last LCP rows from I P , LCP is the length of
the cyclic prefix, diag(·) takes the diagonal of a matrix and makes it a vector,
and w̃ mr is the noise term of (1) in the time domain. The time domain SAGE
estimator is initialized by
(0)

(0)

ô mt ,mr ,l = x̃ mt ,l ĥmt ,mr ,l ,

(25)
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where mt = 1, 2, ..., Mt , mr = 1, 2, ..., Mr , and l = 0, ..., L − 1. The channel
estimate of the previous OFDM symbol is used as the initial channel estimate
similarly as with the FD-SAGE channel estimator. After the initialization, the
estimates of the channel impulse responses between the transmit antennas and
the receive antenna mr are refined tap by tap through the following iterations


Mt L−1
X
X
(i)
(i)
(i)
ô m0 ,mr ,l0 
(26)
ô mt ,mr ,l = ô mt ,mr ,l + ỹ mr −
m0t =1 l0 =0
(i+1)

ĥmt ,mr ,l (n) =

t

(i)
x̃ H
mt ,l ô mt ,mr (n)

x̃ H
mt ,l x̃ mt ,l
(i+1)

(i+1)

ô mt ,mr ,l (n) = x̃ mt ,l ĥmt ,mr ,l
(i+1)

(i)

ô m00 ,mr ,l00 (n) = ô m00 ,mr ,l00 ,
t

t

(27)
(28)
(29)

where mt = 1 + (i mod (Mt + L)), l = (i mod L), (i = 0, 1, 2, ...), and in (29)
1 ≤ m00t ≤ Mt but m00t 6= mt as well as 0 ≤ l00 ≤ L but l00 =
6 l. With one iteration
in the case of the TD-SAGE estimator, we refer to the cycles during which every
link is updated once.

5.5

Minimum mean square error algorithm

The LS and SAGE algorithms do not exploit the time domain correlation of the
channel in the estimation. The noise is totally neglected by them as well. Thus,
the estimation performance can be further improved by post-processing the LS
and SAGE channel estimates with a filter based on the MMSE criterion [91]. It
takes advantage of the temporal correlation of the channel impulse response
(CIR) taps between consecutive OFDM symbols as well as taking the noise level
into account. The autocorrelation of the CIR taps can be expressed as
Σhmt ,mr ,l (n),hmt ,mr ,l (n0 ) = ρmt ,mr (n − n0 )σh2 mt ,mr ,l ,

(30)

where ρmt ,mr (n − n0 ) denotes the temporal correlation between the channel taps
at time instances n and n0 , and σh2 m

t ,mr ,l

= E(h∗mt ,mr ,l hmt ,mr ,l ). The temporal

correlation depends on the Doppler spectrum and it is distributed according to
Jakes’ model. Thus, the temporal correlation can be written as

ρmt ,mr (n − n0 ) = J0 2πfd (n0 − n)TB ,
(31)
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where J0 (·) denotes the zeroth-order Bessel function of the first kind, fd is the
Doppler frequency, and TB is the duration of an OFDM symbol. In order to
obtain the MMSE estimates, we define an LS channel estimate vector as
h
iT
<LS>
<LS>
ĥmt ,mr ,l = ĥ<LS>
∈ CNP , n ∈ SP .
mt ,mr ,l (n1 ) . . . ĥmt ,mr ,l (nNP )

(32)

The MMSE CIR estimate for the link between the mt th transmit antenna and
the mr th receive antenna at time n can now be expressed as
<LS>

ĥ<MMSE>
mt ,mr ,l (n) = v mt ,mr ,l (n)ĥmt ,mr ,l ∈ C,

(33)

where the Wiener filtering vector v mt ,mr ,l (n) is defined as
v mt ,mr ,l (n) = Σh

<LS>
mt ,mr ,l (n),ĥmt ,mr ,l

The cross-covariance vector Σh

<LS>
mt ,mr ,l (n),ĥmt ,mr ,l

matrix Σĥ<LS>

mt ,mr ,l

Σh

mt ,mr ,l

ĥmt ,mr ,l

(34)

∈ CNP and the autocovariance

∈ CNP ×NP in (34) are defined as

<LS>
mt ,mr ,l (n),ĥmt ,mr ,l



Σĥ<LS>

Σ−1<LS> .

h
i
= ρ(n − n1 ) . . . ρ(n − nNP ) σh2 mt ,mr ,l

ρ(n1 − n1 ) . . .

..
..

=
.
.
ρ(nNP − n1 ) . . .


ρ(n1 − nNP )
 2
..
 σh
.
 mr ,mt ,l + Σw ,
ρ(nNP − nNP )

(35)

(36)

2
where the noise covariance matrix is Σw = σw
[C H C]u,s I NP , u = (mt − 1)Mt + l,

and s = (mt − 1)Mt + l.

5.6

Complexity comparison between LS, SAGE, and
MMSE channel estimators

The complexity of the TD-SAGE channel estimator is compared to those of the
FD-SAGE channel estimator, the LS algorithm in DD and preamble based mode
and MMSE filtering. For the FD-SAGE channel estimator, the complexity is
presented in both simplified form for constant envelope constellation and in
general form for non-constant envelope constellations. The required number of
complex multiplications and divisions for the algorithms is presented in symbolic
form in Tables 3 and 4, respectively. In Table 5, an example of the number of
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required operations is presented assuming MT = MR = 2, L = 10, P = 512,
NP = 2, and that the number of iterations, Ni , is set to 3. We consider x1 as
multiplication, when x belongs to a set with a finite alphabet, since these inverse
values can be precomputed and stored into memory. One can note that the
DD-LS method clearly requires a larger number of complex multiplications than
the other algorithms. The FD-SAGE channel estimator in the general form is
more complex than the FD-SAGE channel estimator in the simplified form due
to the matrix inversion. The TD-SAGE channel estimator can be stated to be
clearly less complex than the FD-SAGE channel estimator in the general form.
Preamble based channel estimation has clearly lower computation requirements
than DD estimation.

Table 3. The number of complex multiplications.
Algorithm

# complex multiplications

Preamble based LS
DD LS
MMSE

Mt Mr LP
Mr (Mt3 L3

+ Mt2 L2 (P + 1) + Mt P L)
3

2 + 2N + 5NP − 5NP M M L
2NP
t r
P
6
6
+

Mt2 P 2 L

FD-SAGE (simp.)

(Ni + 1)Mt Mr P (2L + 2) + Ni Mt Mr P

FD-SAGE (gen.)

Ni Mt Mr (L3 + P L2 + L2 + 3P L + P ) + Mt Mr (LP + P )

TD-SAGE

Ni Mt Mr L(4P + 1)

Table 4. The number of complex divisions.
Algorithm
Preamble based LS

# complex divisions
-

DD LS

Mr (Mt L)2

MMSE

2M M L
NP
t r

FD-SAGE (simp.)

-

FD-SAGE (gen.)

Ni Mt Mr L2

TD-SAGE

Ni Mt Mr L
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Table 5. Numerical example of the complexity.
Algorithm

# complex multiplications

Preamble based LS

# complex divisions

20480

-

DD LS

21418400

800

MMSE

814

160

FD-SAGE (simp.)

186368

-

FD-SAGE (gen.)

840592

1200

TD-SAGE

245880

120

5.7

Implementation aspects of LS, SAGE, and MMSE
channel estimators

This section considers the channel estimation algorithms from the implementation
point of view. Architecture designs are presented for the LS and FD-SAGE algorithms in Sections 5.7.1 and 5.7.2, respectively. For the FD-SAGE architecture,
constant envelope modulation is assumed. A practical way to implement the
MMSE estimator is discussed in Section 5.7.3.

5.7.1

LS estimator architecture

An architecture to compute LS channel estimation as in (17) is designed for
MIMO systems in this section. LS channel estimation with orthogonal preambles
requires the computation of a complex matrix-matrix multiplication followed
by scaling with a real value

1
P

as can be seen from (17). The top level block

diagram of the architecture for a 2 × 2 system is illustrated in Fig. 14, where
C mt = diag(x mt )F . The architecture consists of Mt Mr vector product units,
making it easily scalable for different MIMO configurations. Each of the vector
product units computes the CIR tap estimates for the corresponding MIMO link
as

1 H
[C] y ,
(37)
P u mr
where [C]u denotes the uth column of C and u = l+(mt −1)Mt . In one computing
ĥmt ,mr ,l =

cycle, each of the units can compute one channel tap estimate. Therefore, by
running Mt Mr vector product units in parallel, the computation of a single CIR
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vector ĥ mt ,mr takes L computing cycles in total. By further parallelization, only
one computing cycle would be required with Mt Mr L vector product units.

Fig. 14.

h11

h12

C1
y1

aHb

aHb

C1
y2

C2
y1

aH b

aHb

C2
y2

h21

h22

Top level structure of the LS estimator for a 2×2 MIMO system

([9],published by permission of EURASIP).

The vector product unit is shown in more detail in Fig. 15. The unit takes
four scalar inputs and gives two scalar outputs. The elements of the input vectors
are read from inputs 1 − 4, where 1 and 2 are for the real and imaginary parts of
[C]u and 3 and 4 are for the real and imaginary parts of y m , respectively. The
r

vector product is computed by multiplying the elements of the two complex
input vectors and then adding the product to the sum of the previous elements’
products. After all P products are summed, the final sum is multiplied by the
scaling factor

1
P

. The final result, i.e., the real and imaginary parts of ĥmt ,mr ,l

can then be read from outputs 5 and 6, respectively. The complex multiplication
of the vector elements is performed with three real multipliers to simplify the
implementation. For two complex numbers z1 = a + bi and z2 = c + di, where
√
a, b, c, d ∈ R and i = −1, the product z1∗ z2 can be expressed in terms of the real
and imaginary parts as Re{z1∗ z2 } = ac + bd and Im{z1∗ z2 } = ad − bc, requiring
four real multiplications. The same result can be calculated with only three real
multiplications by rearranging the equations as
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Re{z1∗ z2 }

=

Im{z1∗ z2 }

= ad − bc.

(a + b)(c + d) − ad − bc
(38)

In (38), one multiplication is replaced with three additions. This reduces the
overall complexity because a multiplication is computationally a much more
expensive operation than an addition.
Computing the LS channel estimate by using the precomputed matrix C
requires memory to store the Mt LP complex matrix elements. As matrix C
consists of the diagonal matrices diag(x mt ) multiplied by the DFT matrix F , it
is possible to reduce the memory needed for the precomputed data. By adding
one complex multiplication into the structure shown in Fig. 15, the LS estimate
can be computed as
1
(x mt [F ]l )H y m ,
(39)
r
P
where [F ]l is the lth column of the DFT matrix, mt = 1, . . . , Mt , mr = 1, . . . , Mr ,
ĥmt ,mr ,l =

l = 0, . . . , L − 1 and

denotes elementwise vector multiplication. With this

architecture, only the pilot sequences x mt and the DFT matrix F , i.e., P (L + Mt )
complex numbers in total need to be stored in memory. This is, however, done
at the expense of computational complexity because an additional complex
multiplication is required for each vector product unit. A block diagram of the
vector product unit using this alternative architecture is shown in Fig. 16. In
this case, inputs 7 and 8 are for the real and imaginary parts of x mt and 9 and
10 are for the real and imaginary parts of [F ]l , respectively. Further details on
the architectures with the word length study and complexity estimates based on
field-programmable gate array (FPGA) synthesis can be found in [9].
1

2

!

1
P

5

!

1
P

6

3

4

Fig. 15. Block diagram of the vector product unit ([9],published by permission of
EURASIP).
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Fig. 16. Block diagram of the alternative vector product unit ([9],published by
permission of EURASIP).

5.7.2

SAGE estimator architecture

An architecture design for the simplified FD-SAGE channel estimator for constant
envelope constellations is presented in this section. The top level architecture is
illustrated in Fig 17. Only one receive antenna is assumed, but the design can
be easily generalized for multiple receive antennas by using similar architectures
in parallel. The architecture is divided into three main calculation blocks
corresponding to (19), (21), and (23). The inputs of the estimator are y m , X mt ,
r

(0)

ĥ mt ,mr , and mt = 1...Mt whereas the output is ĥ mr .

76

Fig. 17. Top level structure of the FD-SAGE estimator.

The calculation unit corresponding to (21) in Fig. 17 is presented in more
detail in Fig. 18. At the first iteration (i = 0), ẑ mt ,mr is calculated for every
transmit antenna. During the rest of the iterations, only the ẑ mt ,mr corresponding
to the transmit antenna mt = 1 + (i mod Mt ) is calculated. The time domain
channel is transformed to the frequency domain using FFT, while the diagonal
symbol matrix is reformed as a vector. The element-wice multiplication is
performed for the frequency domain channel and the symbol vector. The ẑ mt ,mr
vectors are then buffered to create the full Ẑ mr = [ẑ 1,mr , ..., ẑ Mt ,mr ] ∈ CP ×Mt
matrix.
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Fig. 18. Block diagram of the calculation unit corresponding to (21).

In Fig. 19, the calculation unit corresponding to (19) is presented more
accurately. At first, Ẑ mr is buffered to get its column vectors one by one to the
summing block. The sum vector is formed out of the columns corresponding to
transmit antennas mt 6= 1 + (i mod Mt ) and then subtracted from y m . The
r

output is the “complete" data ẑ (i)
mr ,mr .

Fig. 19. Block diagram of the calculation unit corresponding to (19).

In Fig. 20, the calculation of (23) is presented. At first, the inversion of X mt
is calculated, starting with reforming the diagonal matrix to a vector. Then, the
vector is buffered to obtain the scalar elements one by one. The inversion of a
scalar element is calculated by conjugating the imaginary part and dividing it
by the sum of the squares of the real and imaginary parts. Then, the inverted
scalar elements are multiplied by the corresponding scalar elements of ẑ (i)
mr ,mr .
After buffering the products, IFFT is calculated to transform the frequency
domain channel estimate into the time domain.
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Fig. 20. Block diagram of the calculation unit corresponding to (23).

5.7.3

MMSE filter implementation

The MMSE estimator requires computation of an inversion of the covariance
matrix Σĥ<LS>

for each estimated channel tap. The dimensions of the covariance

mt ,mr ,l

matrix depend on the size of the filtering window. One should note, however,
that Σĥ<LS>

is a Toeplitz matrix for which there exist fast and numerically

mt ,mr ,l

accurate inversion algorithms, such as the Levison algorithm [200] and the
generalized Schur algorithm [201]. In this thesis, a simpler implementation
approach with a minor performance trade-off is followed.
From (34), it can be seen that the filtering vector only depends on the
Doppler frequency and the noise variance. Consequently, for each mobile velocity
and SNR value, a new filter vector must be computed. One way to approximate
MMSE filtering is to pre-calculate the filters for some mobile velocities and SNR
values beforehand. The filter closest to the prevailing circumstances is then used.
With this approach, MMSE filtering will then only require the multiplication of
the LS estimate vector with the filtering vector. This, naturally, only produces
an approximation of the MMSE estimate when the actual velocity and SNR
differ from the values used for computing the filtering vectors.
In Fig. 21, the analytical mean square error (AMSE) [91] performance of LS
estimation with time domain MMSE filtering is shown in a typical urban channel
and with a 2 × 2 MIMO system. The dashed lines are with fixed pre-calculated
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filters. Two pre-calculated filters are stored and the one closer to the prevailing
conditions is used. One filter assumes a mobile speed of 55 km/h and a SNR
value of 8.5 dB, and the other 85 km/h and a SNR value of 8.5 dB. The SNR is
defined as ES /N0 , where ES is the symbol energy received by a receive antenna
and N0 I is the covariance matrix of the noise. It can be noted that based on the
analytical results, the mobile speed range from 40 to 100 km/h can be handled
with two pre-calculated filters with only a minor loss in the performance. In
Fig. 22, the corresponding AMSE performance is shown in a 4 × 4 MIMO system.
Two pre-calculated filters are used in this case as well. The pre-calculated filters
assume the same mobile speeds as in the previous case and a SNR value of 12.5
dB. Two pre-calculated filters seem to be enough also in this case.

Fig. 21.

Analytical MSE after time domain MMSE filtering in 2×2 system

([8],published by permission of EURASIP).
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Fig. 22.

Analytical MSE after time domain MMSE filtering in 4×4 system

([8],published by permission of EURASIP).

5.8

Numerical examples

Monte Carlo computer simulations were conducted to study the performance of
the channel estimation algorithms. The comparison of the soft MIMO detection
algorithms presented in Chapter 4 was extended to the case where the estimated
channel state is used in detection. The entire channel was divided into 512
subcarriers. A symbol duration of 66.7 µs and a cyclic prefix length of 16.68
µs were assumed. The carrier frequency was 2.4 GHz. The simulations were
performed with the typical urban (TU) channel model [198] (see Table 2 in
Section 4.4). The key parameters of the stochastic MIMO radio channel model
are summarized in Table 1 in Section 4.4. The SNR is defined as ES /N0 , where
ES is the symbol energy received by a receive antenna and N0 I is the covariance
matrix of the noise. A turbo coding of rate 1/2 was assumed. The turbo
coding scheme is parallel concatenated convolutional code (PCCC) with two
8-state encoders and an internal interleaver followed by puncturing, multiplexing,
and bit-level interleaving. The constituent codes (CCs) are rate 1/2 binary
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recursive systematic convolutional codes [197]. The turbo decoder consists of
two component MAP decoders [138] and 8 decoder iterations were performed.

5.8.1

Comparison of channel estimation algorithms

The mean square error (MSE) performance of the TD-SAGE channel estimator
is compared to that of the FD-SAGE and LS channel estimators in 2 × 2 and
4 × 4 antenna configurations in Figs. 23 and 24, respectively. In addition, the
performance of the SAGE estimator in the simplified form as in (23) is given to
show the loss due to the simplification with non-constant envelope constellations.
For the SAGE estimators, the MSE is given after the first and third iterations. In
these cases, the known transmitted symbols are used in the estimation in order
to evaluate the channel estimation performance excluding error propagation,
and the previous channel estimate is used to initialize the SAGE algorithms.
64QAM and a mobile speed of 120 km/h are assumed. One can note that a
loss of about 5 dB is caused in MSE in the 2 × 2 antenna configuration if the
FD-SAGE channel estimator is used in simplified form. In the 4 × 4 antenna
configuration, the loss of the simplified FD-SAGE channel estimator is 6.5 dB.
The TD-SAGE channel estimator gives practically the same performance as the
FD-SAGE channel estimator in general form with lower complexity in both
antenna configurations. The results indicate that just one channel estimator
iteration is enough if the system operation point is below 20 dB in both antenna
configurations. One can note from Fig. 24 that three iterations for the TD-SAGE
and FD-SAGE channel estimators are not enough to achieve LS performance
beyond 30 dB in the 4 × 4 antenna configuration. However, this is not a practical
operation area in most of the cases.
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Fig. 23. MSE performance in TU channel with 64QAM (2×2) ([4],published by permission of IEEE).
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Fig. 24. MSE performance in TU channel with 64QAM (4×4) ([4],published by permission of IEEE).
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The FER performance results for the SAGE estimators with 16QAM and
64QAM are presented in Fig. 25. With frame error, we refer to an erroneous
code word. Here, the detected and decoded data symbols are used in the channel
estimation. Only one iteration is performed between the soft MIMO detector and
the turbo decoder. The IR-LSD [193] was operating as a soft MIMO detector.
Only every 25th OFDM symbol was a preamble symbol, meaning that for every
25th OFDM symbol all the sub-carriers from all the transmit antennas are used
for pilot transmission. The channel estimate for the previous OFDM symbol is
used to initialize the SAGE channel estimators. A mobile speed of 50 km/h was
assumed. It can be seen that the FD-SAGE channel estimator in the general
form and the TD-SAGE channel estimator exhibit approximately the same
performance. The FD-SAGE channel estimator in the simplified form loses
approximately 1 dB in 16QAM case and about 2 dB in 64QAM case to the
general FD-SAGE and TD-SAGE channel estimators. The TD-SAGE and
general form FD-SAGE channel estimators lose around 2 dB in the 16QAM and
close to 4 dB in the 64QAM when compared to the performance with ideal CSI
in the receiver. The preamble-based LS estimator with time domain MMSE
post-processing is presented as well. The preamble-based channel estimation
suffers from saturation in the performance due to the low preamble density.
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Fig. 25. FER performance in TU channel with 16QAM and 64QAM (2×2) (4×4)
([4],published by permission of IEEE).

Fig. 26 shows a performance comparison between the decision directed
channel estimation based on the SAGE algorithm and the preamble based LS
estimator with time domain MMSE post-processing. The preamble overhead is
4%. The list PIC detector is used as a soft MIMO detector with a list size of 4
in the case of QPSK modulation and a list size of 8 in the case of 16-QAM. The
superiority of the SAGE based channel estimator can be clearly seen from the
results. The preamble based channel estimation suffers from saturation in the
performance due to low preamble density. Both of the estimators are further
compared in Fig. 27, which shows the required pilot overhead versus the SNR to
achieve the FER target of 10−1 . Also the preamble based LS estimator without
time domain processing is included in the figure. The results show that a huge
improvement in spectral efficiency can be attained with DD channel estimation.
The preamble overhead can be decreased from 17% to 4%, losing only 0.2 dB
in performance and with a 0.5 dB loss in performance, overhead under 1% is
achievable.
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Fig. 26. FER performance comparison between decision directed and pilot based
channel estimation in typical urban channel (4×4) ([1],published by permission of
IEEE).
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channel estimation in typical urban channel with FER target of 10% (4×4)
([1],published by permission of IEEE).
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In Fig. 28, the FER performances of the channel estimators are presented
with preamble overheads of 33.3% and 16.7%. A 2 × 2 antenna configuration
is used. The data is coded over one OFDM symbol and 16QAM is used. The
number of global iterations is 4. The channel estimate of the previous OFDM
symbol is used as an initial guess for the SAGE estimator and the channel is
re-estmated after the global iterations. Due to error propagation, the SAGE
estimator loses roughly 1 dB to the preamble based LS estimator with time
domain MMSE post-processing when the preamble overhead is 33.3%. With a
preamble overhead of 16.7%, one can note that the LS estimation with time
domain post-processing starts to suffer from lower pilot density, showing a slope
degradation, while SAGE estimation gives almost the same performance as with
a preamble overhead of 33.3%. The LS estimator’s performance is insufficient
in both cases. The performance of SAGE channel estimation can be slightly
improved by using the MMSE filter to predict the initial guess. Five previous
OFDM symbols were used in the prediction.
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Fig. 28. FER performance with coding over one OFDM symbol ([8],published by
permission of EURASIP).
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In Fig. 29, the data is encoded over 12 OFDM symbols and a preamble
overhead of 16.7% is assumed. The studied antenna configuration is 2 × 2. The
number of global iterations is 4. The performance of LS estimation with time
domain MMSE post-processing is presented. In addition, the result in which
the SAGE estimator is used to re-estimate the channel state after 2 global
iterations is shown. One can note that using the SAGE estimator within the
global iterations degrades the performance slightly. When the channel coding is
over multiple OFDM symbols, the refined channel estimate does not improve the
symbol decisions on a symbol-by-symbol basis. Thus, the erroneous symbol
decisions deteriorate the SAGE channel estimates. To verify this, the results
in which known symbols are used in SAGE estimation are presented. From
the results, one can see that ideally SAGE estimation could provide slightly
improved performance. Also, if the number of global iterations, when the SAGE
channel estimator is activated, would be chosen in a more sophisticated manner
as discussed in Chapter 6, the results might be improved.
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Fig. 29. FER performance with coding over 12 OFDM symbols ([8],published by
permission of EURASIP).
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Figs. 30 and 31 show the FER performances after MMSE filtering in 2 × 2
and 4 × 4 antenna configurations and with QPSK and 16QAM, respectively. The
frame length is 6 OFDM symbols and the channel coding is over one frame. The
IR-LSD [193] was operating as the soft MIMO detector. The results with two
pre-caluculated filters (MMSE approximations) are compared to those given by
the filters calculated using the ideal channel parameters. A mobile speed of 85
km/h was assumed in the pre-calculated filter for true mobile speeds of 100
km/h and 80 km/h while a mobile speed assumption of 55 km/h was used in the
pre-calculated filter for true mobile speeds of 40 km/h and 60 km/h. The fixed
SNR values were 8.6 dB and 11.4 dB in the case of QPSK in 2 × 2 and 4 × 4
antenna configurations, respectively, while in the case of 16QAM, they were 17.4
dB and 21.7 dB. The results clearly show that in the presented cases, MMSE
filtering can be approximated with two pre-calculated filters with insignificant
loss, and in a 2 × 2 antenna configuration, even one pre-calculated filter might
be sufficient.
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Fig. 30. Performance of pre-calculated MMSE filters in 2×2 and 4×4 antenna configurations assuming QPSK ([8],published by permission of EURASIP).
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5.8.2

Comparison of soft MIMO detection algorithms with
estimated channel

The list PIC detector was compared to the APP algorithm, the K-best LSD,
and the IR-LSD when operating as the soft MIMO detector with estimated
channel state information. The FER performance of the detectors is presented
for QPSK, 16QAM, and 64QAM constellations and for 2 × 2 and 4 × 4 antenna
configurations. The SAGE algorithm is used in decision directed mode to
track the channel on a symbol-by-symbol basis after the preamble based LS
initialization and the coding is over one OFDM symbol.
From Fig. 32, one can note that with a list size of four, the list PIC algorithm
loses insignificantly to the APP algorithm when QPSK is considered as the
modulation scheme and Mt = Mr = 2. The K-best LSD and the IR-LSD
offer exactly the same performance as the list PIC detector with the list size
of four (not shown in the figure). When a list size of two is used, the list
detectors are outperformed by the APP algorithm. However, the performance
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degradation of the K-best LSD is more than that of the list PIC detector, while
the IR-LSD outperforms both of the other list detectors. With QPSK, the SAGE
channel estimator can be used in the simplified form and the loss due to the
channel estimation seems to be around 2 dB when these results are compared
to the corresponding results with ideal channel state information presented in
Chapter 4.
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Fig. 32. FER performance in typical urban channel with 2×2 antenna configuration
with QPSK ([1],published by permission of IEEE).

The simulation results assuming 16QAM and Mt = Mr = 2 are presented in
Fig. 33. A list size of 16 gives optimal performance with all the list detectors
and has been excluded from the figure. The superiority of the list PIC detector
over the K-best LSD can be seen with a list size of 8. However, the IR-LSD
outperforms the list PIC detector, gaining about 0.5 dB. The loss in performance
due to channel estimation is around 2 dB with the general SAGE estimator and
with the simplification approximately 2.5 dB.
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Fig. 33. FER performance in typical urban channel with 2×2 antenna configuration
with 16QAM ([1],published by permission of IEEE).

The performance of the APP algorithm is not simulated for the 64QAM case
in a 2 × 2 antenna configuration due to the computational complexity of such
a simulation. Instead, the list PIC detector with a list size of 256 is used as
a reference in Fig. 34. The performance of the list PIC detector deteriorates
insignificantly when the list size is decreased to 32, while the performance loss
with the K-best LSD is more noticeable. The superiority of the list PIC detector
over the K-best LSD is further emphasized with a list size of 16 in this case.
The IR-LSD offers practically the same performance with the list size of 16 as
the list PIC detector with a list size of 32. The channel estimation loss is around
3 dB with the SAGE estimator, whereas with simplification the loss is close to 6
dB. One should also note the slope degradation in FER with 1 GI in this case.
It is caused by error propagation. Within the presented examples, at least 1 dB
of gain is achieved by exchanging the extrinsic information between the detector
and the decoder. In the case of 64QAM, the gain is closer to 2 dB.
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Fig. 34. FER performance in typical urban channel with 2×2 antenna configuration
with 64QAM ([1],published by permission of IEEE).

The performances using QPSK and 16QAM with estimated channel are
presented in Figs. 35 and 36, respectively, in a 4 × 4 antenna configuration. The
SAGE algorithm is used to estimate the channel. One can see that, in the case
of QPSK with estimated channel state information with the list size of 8, the list
PIC detector offers roughly the same performance as the K-best LSD. However,
when ideal channel state information was considered in Chapter 4, the list PIC
algorithm offered some gain over the K-best LSD. The IR-LSD with a list size
of 8 offers better performance than the other two with a list size of 16. Then,
in the case of 16QAM, the list PIC detector starts to lose to the K-best LSD
as was also the case with ideal channel state information. The reason for such
a behavior is that the initial guess provided by the LMMSE detector is not
accurate enough in the case of a 4 × 4 antenna configuration with 16QAM and
with correlated transmit and receive antennas [101]. The extrinsic information
exchange gives about 1 dB of gain in the presented examples. The performance
loss due to channel estimation is 3 dB in the case of QPSK modulation. With
16QAM, the loss is around 3 dB when the general SAGE estimator is used and 5
dB with the simplification.
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Fig. 35. FER performance in typical urban channel with 4×4 antenna configuration
with QPSK ([1],published by permission of IEEE).
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Fig. 36. FER performance in typical urban channel with 4×4 antenna configuration
with 16QAM ([1],published by permission of IEEE).
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5.9

Summary and discussion

Decision directed (DD) and iterative channel estimation were compared to
preamble based channel estimation in an iterative receiver composed of a soft
MIMO detector, a channel estimator, and a turbo decoder in MIMO-OFDM
systems. The conventional LS estimator operating in DD mode requires inversion
of a matrix with the size per dimension dependent on the number of transmit
antennas and the length of the channel impulse response. The matrix inversion
can be avoided with the FD-SAGE channel estimator with constant envelope
modulation. However, the drawback with the FD-SAGE channel estimator
is the required inversion of a matrix of a size depending on the length of the
channel impulse response when non-constant envelope constellations are used.
The TD-SAGE estimator was derived to lower the complexity by avoiding the
matrix inversion without performance degradation.
The performance and complexity of the DD SAGE channel estimators were
compared to that of the preamble based LS channel estimator with and without
MMSE post-processing, using various preamble densities. According to the
results, the use of DD SAGE channel estimation is beneficial if the channel
coding is over one OFDM symbol and with preamble overheads less than 16.7%.
Despite the fast fading channel, it was possible to decrease the preamble overhead
from 17% to 4% losing only 0.2 dB in the performance, and with a 0.5 dB loss
in performance overhead under 1% was achievable with DD SAGE channel
estimation. The decrease in preamble overhead was achieved by increased
complexity in channel estimation. The SAGE estimator performance was further
improved by using the MMSE filter and the previous channel estimates to
predict the initial guess. The re-estimation of the channel state within the
global iterations, i.e., iterative channel estimation, did not give any gain in
the studied cases. However, there was no tool to adapt the activation schedule
of the channel estimation for instantaneous channel state. Thus, one cannot
say that there is no gain to be achieved by using iterative channel estimation.
Instead, this is taken into closer consideration in Chapter 6. The architecture
examples were presented for the preamble based LS estimator and the FD-SAGE
estimator assuming constant envelope constellation. It was also shown that the
time correlation of the channel can be exploited by MMSE filtering to improve

95

the channel estimation performance with only a small increase in complexity by
using few pre-calculated filters.
The list detector study provided in Chapter 4 was extended for the case of
an estimated channel. The results were well aligned with those obtained with
the ideal channel state information in the receiver in Chapter 4. The list PIC
detector offers close to optimal performance with reduced complexity and a
performance gain over the K-best LSD with proper initialization. The LMMSE
proved to be good enough in the initialization in a 2 × 2 antenna configuration,
but in a 4 × 4 antenna configuration with higher order modulations, it was
inadequate. The IR-LSD offered performance gain over the other studied list
detectors. However, in the case of a 2 × 2 antenna configuration, the gain over
the list PIC detector was not substantial.
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6

Scheduling of activations in iterative
detection, decoding, and channel estimation
for MIMO-OFDM

The purpose of this chapter is to present a framework for the activation scheduling
of a soft MIMO detector, a channel decoder, and a channel estimator. In an
iterative receiver with two SfISfO blocks, the two blocks are activated in turns.
With more than two SfISfO blocks, the schedule of activations is no longer
obvious. EXIT charts together with a trellis search algorithm are used here
as a tool to find out the optimal activation schedule for the SfISfO blocks.
Conventionally, EXIT analysis has been used to study the convergence properties
of iterative receivers in such a way that the equalizer and channel estimator
are considered as a single SfISfO block [185][186][187]. However, this provides
no information regerding the individual performance of the estimator and the
equalizer. Our concept is inspired by [188] and assumes the separation of the
detector and channel estimator activations.
EXIT charts have been used to organize efficient activation scheduling for
concatenated codes [181][182], multiuser detectors and turbo decoder iterations
[183]. More specifically, the authors in [183] optimize the number of turbo
decoder iterations for different users in CDMA uplink in an AWGN channel.
In this chapter, the activation schedule for a soft MIMO detector, a channel
decoder, and a channel estimator in a multipath channel is optimized. The
channel estimator brings the third dimension into the activation scheduling
problem, complicating the problem a bit. The main contributions of the chapter
are as follows. A semi-analytical method to generate the EXIT function for
the least-squares channel estimator in MIMO-OFDM systems is derived. The
derivation is based on the assumption that the multipath channel between each
antenna pair is considered as a set of parallel channels with colored Gaussian
noise. An algorithm is proposed to generate the EXIT function for the soft
MIMO detector as a function of the mutual information between the channel
estimate and the true channel state. We show that the analytical expressions for
the EXIT function of the soft MIMO detector and the decoder can be found by
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fitting the measured functions to the third order surface and curve, respectively.
Inspired by [182], we propose trellis search based algorithms which use the
EXIT functions to find the activation order which minimizes the complexity and
guarantees convergence, if there is an opening between the EXIT functions.
The rest of the chapter is organized as follows. Section 6.1 introduces the
definition of mutual information (MI) and EXIT charts as tools to analyze the
convergence behavior of iterative receivers. Section 6.2 formulates the activation
scheduling problem more specifically. In Section 6.3, the generation of the
EXIT functions is discussed. Trellis search based algorithms which use the
EXIT functions to find the activation order are presented in Section 6.4. Some
performance examples with the proposed activation scheduling framework are
presented in Section 6.5. Finally, conclusions are drawn in Section 6.6.

6.1

Mutual information and extrinsic information charts

An EXIT chart describes the convergence of the iterative algorithm by investigating the exchange of mutual information (MI) [38] between the SfISfO components.
The MI of two random variables is a quantity that measures the mutual dependence of the two variables. Intuitively, MI tells how much information one
variable carries about the other variable, i.e., how much knowledge about one of
the variables reduces uncertainty about the other.
Let us consider iterative processing between a soft MIMO detector and a
channel decoder, illustrated in Fig. 1 in Section 3.3, as an example. The mutual
information between the extrinsic LLRs and the transmitted bits at the output
of the detector MEdet and the decoder MEdec is defined as [174]
ME =
1 X
2

b=−1,+1

Z

+∞


p(LE |B = b) log2

−∞

2p(LE |B = b)
p(LE |B = −1) + p(LE |B = +1)


dLE ,
(40)

where B is the transmitted data, and p(LE |B = b) is the probability density
function (PDF) of the output extrinsic LLRs conditioned on the transmitted
code bit b. The range of MEdet and MEdec is [0, 1], where MEdet = 0 or MEdet = 1
correspond, respectively, to no or perfect knowledge about b given the LLRs. If
the symmetry constraint p(LE |B = b) = p(−LE |B = −b) holds, (40) simplifies
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to
Z

+∞


p(LE |B = 1) log2

ME =
−∞

2p(LE |B = 1)
p(LE |B = 1) + p(−LE |B = 1)


dLE . (41)

The integrals in (40) and (41) can be numerically calculated from the conditional
PDFs, which are estimated by histogram measurements.
An EXIT function describes the transformation of the input a priori mutual
information into the output extrinsic mutual information. For the soft MIMO
detector and the decoder, the EXIT functions are defined as
T det

det
det
2
: MA,dec
→ T det (MA,dec
|σw
, h mr ), mr = 1, ..., Mr

(42)

T dec

dec
dec
: MA,det
→ T dec (MA,det
),

(43)

det
dec
respectively, where MA,dec
= MEdec and MA,det
= MEdet . The EXIT functions are

valid definitions of the input-output characteristics for the case of infinite block
length, but with finite block lengths, the input-output characteristic acquires a
random variation around the asymptote [180]. In general, the EXIT functions
are assumed to be monotonically increasing, i.e., increasing a priori information
increases output mutual information. The case of a flat EXIT function indicates
independence between the a priori information and the value being estimated.
The EXIT function of the decoder is relatively straightforward to evaluate as it
is fixed. Analytical computation of the decoder EXIT function is currently not
known for the channel codes over Gaussian channels. In addition, in this thesis,
the EXIT functions of channel decoders are generated through simulations.
The decoder EXIT function is specific to the decoding algorithm, code rate,
interleavers, and code polynomials. The EXIT function of the detector depends
on the channel state, SNR value, and the detection algorithm.
The EXIT chart is a plot including the MI transfer functions of all the
receiver components. The purpose of the EXIT chart is to predict the trajectory
from the mutual information transfer functions of SfISfO blocks. The evolution
of MEdet and MEdec over the iterations in a receiver is referred to the trajectory of
the iterative algorithm. The trajectory reveals the convergence properties of the
iterative algorithm. At the ith iteration, the soft MIMO detector output mutual
information is given by the recursion
MEdet (i) = T det (T dec (MEdet (i − 1))).

(44)
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After combining the soft MIMO detector function and the decoder function into
one EXIT chart, the convergence of the algorithm can be tracked by invoking the
iteration (44). The functions are arranged such that the output of one component
shares an axis with the corresponding input of the component to which it is
connected. The process in our example is illustrated with hypothetical detector
and decoder EXIT functions in Fig. 37. The process begins with no a priori
(det)

information at (ME

(det)

= 0, ME

= 0), followed by alternating activations of

the soft MIMO detector and the decoder performing the convergence steps until
the point where the exit functions of the detector and decoder cross, or the
(det)

point of error-free decoding (ME

(det)

= 1, ME

= 1) is reached. A vertical line

represents detector activation, and a horizontal line is for decoder activation. To
let the iterations to continue and errors be minimized, there must be an opening
in the EXIT chart between the detector and decoder functions. More precisely,
the constraint
T det (MEdec ) − T det

−1

(MEdec ) > 0, ∀MEdec ∈ [0, 1]

(45)

must be fulfilled. As seen in Fig. 37, the detector EXIT function fulfills the
constraint and the convergence point {1, 1} is reached, which means that
error-free decoding is achieved.
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Fig. 37. Hypothetical example of EXIT chart.

The main motivation for the use of an EXIT chart is that it enables us to
study each SfISfO block separately instead of simulating the complete iterative
receiver to find out the convergence behavior. When each SfISfO block is studied
separately, a model is required for the a priori input LLRs. For the detector, the
a priori information is the extrinsic information from the decoder, and for the
decoder, vice versa. Consequently, a model for the extrinsic information of both
is required. Now, assuming that for the conditional PDF in (41), the consistency
condition
p(LE |B = 1) = p(−LE |B = 1)eLE

(46)

holds, (41) simplifies to [202]
Z

+∞

ME = 1 −


p(LE |B = 1) log2 1 + e−LE dLE .

(47)

−∞

With the further assumption of the conditional PDF to be Gaussian distributed,
it can be shown using (46) that the appropriate model for the a priori input
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LLRs is expressed as
LA = µA b + nA ,

(48)

where b is the transmitted bit, nA is a Gaussian random variable with zero
2
σA
2 .

2
mean and variance σA
and µA =

This means that the conditional PDF is a

function of the variance of the input LLRs and the mutual information itself is a
function of variance and given by
Z

+∞

exp



MA (σA ) = J(σA ) = 1 −

2
−(LA −σA
/2)2
2
2σA



p
2
2πσA

−∞

log2 (1 + e−LA )dLA .

(49)

Consequently, (49) gives the mapping between the a priori mutual information
MA and σA and is called the J-function. With the J-function, one can get
the variance to generate the a priori LLRs corresponding to certain mutual
information. There is no closed form expression for the J-function or its
inverse under the Gaussian assumption, but accurate approximations have been
developed. One approximation is [182]
2S2

MA = J(σA ) ≈ (1 − 2−S1 σA )S3

(50)

and its inverse
σA = J −1 (MA ) ≈


−

 2S1
3
1
1
log2 (1 − MA S3 )
,
S1

(51)

where S1 = 0.3073, S2 = 0.8935, and S3 = 1.1064.
Beside being useful in EXIT chart derivation, the J-function also provides an
easy means for estimating the bit error rate (BER). The a posteriori output of
the decoder can be written as LD = LA + LE . Under the assumption that both
LA and LE are Gaussian distributed, the a posteriori output is also Gaussian.
Since hard decisions are made on the a posteriori output, the BER can be
estimated as [174]
P̂b ≈ Q(

σD
),
2

(52)

where Q(·) is the integral of the tail of a zero-mean Gaussian PDF with variance
2
one and σD
is the variance of LD . Assuming LA and LE to be independent, the

variance of LD is given by
2
2
2
σD
= σA
+ σE
.
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(53)

Finally, using (51), (52), and (53), the estimate for the BER is
q
P̂b ≈ Q 

6.2

dec )2 + J −1 (M dec )2
J −1 (MA,det
E

2


.

(54)

Activation scheduling problem

The activation scheduling problem can be formed as a trellis search problem. The
possible activation schedules for the first three activations are presented in the
trellis diagram in Fig. 38, where C1 , C2 , and C3 correspond to the detector, the
channel estimator, and the decoder, respectively, and k refers to the activation
index. There are branches from the detector to the channel estimator and to the
decoder as well as branches from the decoder to the detector and the channel
estimator. There is a branch only to the detector from the channel estimator
because the activation of the decoder would neglect the new channel estimate.
No gain is achieved by repeating the same activation.
k=1

k=2

k=3

Detector

C1

C1

C1

Channel
estimator

C2

C2

C2

Decoder

C3

C3

C3

Fig. 38. Trellis diagram of possible activations.

In order to make the ranking of the candidate paths possible, a measure is
required to indicate the quality of a path. The MI between the estimate and the
estimated parameter is a natural choice for such a measure. For paths entering
state C1 , the measure is the MI between the transmitted encoded interleaved
bits and the extrinsic LLRs at the output of the detector denoted as MEdet . The
MI between the transmitted bits and the extrinsic LLRs at the output of the
decoder, denoted as MEdec , is the measure for the paths entering state C3 . Finally,
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the paths entering state C2 are ranked using the MI between the actual channel
state and the channel estimate denoted as Mh . Each activated component uses
the information provided the other two components. Consequently, mapping
from the MI provided by the other two components to the MI at the output
of the activated component is needed. This mapping is given by the EXIT
functions.
The particular activation order determines the cost of convergence. The
term “cost” can, for example, refer to computational complexity, latency, or
power consumption. Evidently, it is of interest to reach the convergence target
with the lowest possible cost. Let us here define optimal activation scheduling
to be scheduling which reaches the convergence target with the lowest total
computational complexity c. In other words, based on the EXIT functions, no
other activation order can reach the convergence target with lower complexity.
Yet, one should note that this thesis does not even try to define the exact
cost values of SfISfO blocks, but rather a framework for activation scheduling
embracing the computational cost is presented and its impact is examined. In
the following, we first present the methods to generate the EXIT functions for
the SfISfO components and then discuss the trellis search algorithms to find the
optimal activation schedule.

6.3

EXIT chart analysis

This section provides EXIT chart analysis for the LS channel estimator, the APP
algorithm, and the RA decoder. For all these cases, the a priori information
is assumed to be Gaussian distributed satisfying the consistency requirement
[174] and is modeled as in (48). The mapping between the a priori mutual
information MA and σA is given by the approximated J-function in (50).

6.3.1

EXIT function for LS channel estimator

The DD LS channel estimate can be presented as

ĥ mr = (G H G)−1 G H X F h mr + (G H G)−1 G H w mr ,
|
{z
}
|
{z
}
A
B
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(55)

where G = X̂ F . Then, by adding and subtracting h mr , the LS estimate becomes


ĥ mr = h mr + (G H G)−1 G H X F − I h mr + (G H G)−1 G H w mr .
(56)
{z
}
|
D
|
{z
}
w̌ mr
Thus, the LS estimate is the actual channel state plus some noise w̌ mr (the last
two terms in (56)). In fact, according to computer simulations, the noise term for
each path closely follows Gaussian distribution. However, we cannot assume the
noise term to be uncorrelated over different paths. With these characteristics and
conditioned on the true channel, the mutual information between the channel
estimate and the actual channel state is [38, Chapt. 9]
Mh =

|C ˆ |
h mr
1
log2
,
2
|C w̃ mr |

(57)

where
H

= E
ˆ (ĥ mr ĥ mr )
w mr ,X ,X

Cˆ
h mr

(58)

H
H
H
2
= E
ˆ (Ah mr h mr A + σw m BB )
X ,X
r

H
H
H
H
H
H
(F H X̂ X̂ F )−1 F H X̂ X F h mr h H
= E
ˆ
mr F X X̂ F (F X̂
X ,X


H
H
H
H
H
−1
2
−1 H
−1
×X̂ F ) + σw m (F X̂ X̂ F ) F X̂ X̂ F (F X̂ X̂ F )
,
r

C w̃ mr

H
= E
ˆ (w̃ mr w̃ mr )
w mr ,X ,X

(59)

H
H
2
(Dh mr h H
mr D + σw mr BB )



H
H
H
H
H
H
−1 H
(F
h
= E
X̂
F
)
F
X
F
−
I
h
X̂
X̂
ˆ
mr mr F X X̂ F
X ,X


H
H
H
2
×(F H X̂ X̂ F )−1 − I + σw
(F H X̂ X̂ F )−1 F H X̂ X̂ F
mr

H
H
−1
×(F X̂ X̂ F )
.

= E

ˆ
X ,X

In (58) and (59), we end up calculating the expectations E
E
ˆ
X ,X

H

ˆ (X̂ X̂ ) and
X ,X
H
(X̂ X ) which are algebraically involved. The EXIT chart analysis

105

assumes that the interleaver block lengths are large and we also assumed
that modulation is memoryless. Therefore, the symbols and the tentative
decisions made become approximately independent. Numerical evaluations of
E

H

ˆ (X̂ X̂ ) verify the assumption and the covariance matrix can be assumed
X ,X
to be diagonal. In Figs. 39 and 40, one can see the examples with low and high a

priori mutual information values, respectively. Furthermore, in the case of hard
symbol estimates, the diagonal contains the expected power of the constellation,
which was 2 in the examples. Consequently, the following approximation
H

H
E
ˆ (X̂ X̂ ) ≈ EX (X X ) = Ec I ,
X ,X

(60)

where Ec is the expected power of the used constellation, can be done. Evidently,
the cross covariance matrix of the symbol and symbol estimate matrices is diagonal
as well due to the independency assumption. However, if there are decision
errors, the diagonal does not contain the expected power of the constellation,
but something less. This can be seen also in the numerical evaluations of
E

H

ˆ (X̂ X ) in Figs. 41 and 42 with low and high a priori mutual information
X ,X
values. For constant envelope constellation, the following approximation
H

H

E
ˆ (X̂ X ) ≈ diag(X̂ X )
X ,X

(61)

provides a good result. Its validity was confirmed by computer simulations which
showed a relatively good match between the semi-analytical and the measured
results (See Fig. 43 in Section 6.5).
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Fig. 39. Values of the elements of the estimated symbol decision auto-covariance
h
h
matrix (MA,det
= MA,dec
= 0.1).

Fig. 40. Values of the elements of the estimated symbol decision auto-covariance
h
h
matrix (MA,det
= MA,dec
= 0.9).
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Fig. 41. Values of the elements of the estimated cross-covariance matrix between
h
h
= 0.1).
= MA,dec
the actual symbols and the symbol estimates (MA,det

Fig. 42. Values of the elements of the estimated cross-covariance matrix between
h
h
the actual symbols and the symbol estimates (MA,det
= MA,dec
= 0.9).

108

The algorithm to semi-analytically generate Mh , i.e., the EXIT function of
h
the DD LS channel estimator, is summarized in Algorithm 2, where MA,det
is
the mutual information between the a priori LLRs from the detector and the
h
transmitted bits, MA,dec
is the mutual information between the a priori LLRs

from the decoder and the transmitted bits, and δA,dec and δA,det are positive
constants chosen to be small enough to give the desired resolution for the EXIT
function.
h
h
Algorithm 2 Mh = T h (MA,det
, MA,dec
|h mr ), mr = 1, ..., Mr

1:

h
h
Set MA,det
= 0, MA,dec
= 0.

2:

Generate the channel vectors h mr , mr = 1, ..., Mr .

3:

h
while MA,det
< 1 do
h
while MA,dec
< 1 do

4:
5:

Generate the transmitted symbol matrix X .

6:

Model the a priori information given by the detector and the decoder
as in (48).

7:

Calculate the symbol decision matrix X̂ using (15) in Section 4.3.

8:

Calculate Mh using (57)-(61).

9:

h
h
Increment MA,dec
= MA,dec
+ δA,dec .

10:

end while

11:

h
h
Increment MA,det
= MA,det
+ δA,det .

12:

end while

13:

h
h
Output EXIT function Mh = T h (MA,det
, MA,dec
|h mr ), mr = 1, ..., Mr .

6.3.2

EXIT function for the APP algorithm

The EXIT function of the APP algorithm is obtained through a Monte Carlo
computer simulation. As can be seen from (57), there is no unique mapping
between the mutual information of the channel estimate and the covariance
of the noise term in the channel estimate. Thus, to find the EXIT function
for the APP algorithm with certain channel mutual information, we have to
consider the channel estimator and the APP algorithm together. This means
that we generate the channel estimates for the APP algorithm using different a
det
posteriori information values Mapost
and calculate the corresponding channel
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det
mutual information value. Note that the decoder a priori information MA,dec
is
det
independently generated from Mapost .

After generating the histograms to estimate the conditional PDF of the
extrinsic LLRs LE , Pr(LE |b = ±1) with different a priori values from the
decoder and with different channel estimate mutual information values, the
mutual information between the LLRs and the transmitted bits is calculated as
in (40). The algorithm to simulate the EXIT function of the APP algorithm
parametrized with the decoder a priori information and the channel estimate
mutual information is summarized in Algorithm 3.

det
2
Algorithm 3 MEdet = T det (Mh , MA,dec
|σw
, h mr ) mr = 1, ..., Mr

1:

det
det
Set Mapost
= 0, MA,dec
= 0.

2:

Generate the channel vectors h mr , mr = 1, ..., Mr .

3:

det
< 1 do
while Mapost
det
while MA,dec
< 1 do

4:
5:

Generate the transmitted symbol matrix X .

6:

Generate the received signal vectors y mr , mr = 1, ..., Mr .

7:

det
Generate the symbol decisions corresponding to Mapost
.

8:

Estimate the channel using (16) and measure C ˆ and C w̃ and calculate
h
Mh by (57).

9:

Model the a priori input to the detector as in (48).

10:

Activate the APP algorithm.

11:

Generate the histograms to estimate the conditional PDF of LE ,
Pr(LE |b = ±1) and use (40) to calculate the MI.
det
det
Increment MA,dec
= MA,dec
+ δA,dec .

12:

end while

13:

det
det
= Mapost
+ δapost .
Increment Mapost
15: end while

14:

det
2
Output EXIT function MEdet = T det (Mh , MA,dec
|σw
, h mr ) mr = 1, ..., Mr .

16:

A closed form expression for the EXIT function of the APP algorithm is
required for scheduling the activations. An approximated analytical expression
for the EXIT function can be found, for example, by fitting the surface to the
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3rd order surface equation expressed as
MEdet

2

det
det
= a30 Mh3 + a21 Mh2 MA,dec
+ a20 Mh + a12 Mh MA,dec
det
+a11 Mh MA,dec
+ a10 Mh +

det3
a03 MA,dec

+

det2
a02 MA,dec

(62)
det
+ a01 MA,dec
+ a00 .

The 3rd order surface was chosen as the lowest possible order to keep the
computational complexity of the surface fitting as simple as possible.

6.3.3

EXIT function for the RA decoder

The EXIT function of the RA decoder is obtained through a Monte Carlo
computer simulation. The mutual information between the LLRs and the
transmitted bits is given by (40) after generating the histogram estimates for the
conditional PDFs. The algorithm to simulate the EXIT function of the decoder
parametrized with the detector a priori information is given in Algorithm 4.
dec
Algorithm 4 MEdec = T dec (MA,det
)

1:

dec
Set MA,det
= 0.

2:

dec
while MA,det
< 1 do

3:

Model the a priori input to the decoder as in (48).

4:

Activate the decoder.

5:

Generate the histograms to estimate the conditional PDF of LE , Pr(LE |b =
±1) and use (40) to calculate the MI.

6:

dec
dec
Increment MA,det
= MA,det
+ δA,det .

7:

end while

8:

dec
Output EXIT function MEdec = T dec (MA,det
).

The decoder EXIT function is independent of the channel state. Thus, an
approximated analytical expression for it can be found by fitting the curve to
the 3rd order polynomial given by
3

2

dec
dec
dec
MEdec = a3 MA,det
+ a2 MA,det
+ a1 MA,det
+ a0 .

(63)

The decoder EXIT function could also be calculated off-line and tabulated for
activation scheduling. The curve fitting is used here due to its straightforward
implementation.
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6.4

Trellis search for optimal activation order

The activation problem was formed as a trellis search problem in Section 6.2.
This section provides two trellis search algorithms to find the optimal activation
schedule under the monotonicity assumption of the EXIT functions. We define
ak as a state at activation k, and ak = n corresponds to using Cn at the kth
activation. A path entering the state ak = n and corresponding to a specific
activation schedule is defined as p k = (p1 , p2 , .., pk ), where pj ∈ {1, 2, 3} for
1 ≤ j ≤ k − 1 and pk = n. Let v̌ = (MD , c, MEdet , Mh , MEdec ) be the metric vector
associated with the path, where MD is the convergence target, and c is the total
complexity resulting from activations along the path p k . The metric update
functions for the detector, the channel estimator and the decoder activations are
given as
det
f1 (v̌ ) = (v̌1 , v̌2 + c1 , T det (σw , Mh , MA,dec
), v̌4 , v̌5 )

f2 (v̌ ) = (v̌1 , v̌2 + c2 , v̌3 , T

h

h
h
(MA,dec
, MA,det
), v̌5 )

f3 (v̌ ) = (v̌1 , v̌2 + c3 , v̌3 , v̌4 , T

dec

dec
(MA,det
)),

(64)
(65)
(66)

respectively, where v̌n refers to nth element in v̌ and cn is the complexity cost of
activating Cn .
Let Pk ∈ IN and Vk ∈ IR+ be the sets of surviving paths and metrics after
k activations, respectively, and let Pk,n ⊆ Pk and Vk,n ⊆ Vk be the sets of
paths and metrics entering state n after k activations. Similarly as in [182] for
concatenated channel codes, the exhaustive search for our purposes is described
in Algorithm 5.
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Algorithm 5 Brute-Force Exhaustive Search
1:

Define p ∗ and v̌ ∗ be a candidate path and metric with initial complexity
v̌2 = ∞ and let k = 1.

2:

Initialize Pk = {1}, and Vk = {f1 (v̌ 0 )} (detector has to be activated at first),
where v̌ 0 = (MD , 0, 0, Mh , 0). (We have some initial guess of the channel
state in the beginning.)

3:

while |Vk | =
6 0 do

4:

Increment k by one.

5:

For each state n0 , extend every path p 0k−1 ∈ Pk−1,n0 with metric v̌ 0 , along
the possible state transitions n0 → n.
Add the new paths p k = (p 0k−1 , n) to Pk,n and the corresponding updated

6:

metrics v̌ = fn (v̌ 0 ) to Vk,n .
Reduce the set Vk to include metrics v̌ ∈ Vk if v̌2 < v̌2∗ and reduce Pk

7:

accordingly.
8:

Define a new set of metrics V ∗ containing v̌ ∈ Vk for which v̌3 ≥ MD or

9:

If |V ∗ | =
6 0, find v̌ ∗ = arg minv̌ ∈V ∗ v̌2 , and replace p ∗ by the path

v̌5 ≥ MD .
corresponding to v̌ ∗ .
10:

end while

11:

Output p ∗ as the optimal path and corresponding metric vector v̌ ∗ .

The number of paths grows exponentially with k until the first candidate
path is found when the brute-force algorithm is used. Consequently, if the EXIT
surfaces are close to each other, the brute-force algorithm may be computationally
too intensive. The complexity can be reduced by modifying the Viterbi algorithm
in [182] for our purposes by deleting the paths entering the same state and
having no impact on the final outcome. For that, we need the following definition
[182].
Definition 1 (Domination): Define a partial ordering on Vk,n as follows. For
v̌ , v̌ 0 ∈ Vk,n , v̌  v̌ 0 if and only if v̌j ≥ v̌j0 , j ∈ {3, 4, 5} and v̌2 ≤ v20 .
Let us define the function dom (operating on a set of metrics) to be a function
0
which discards the dominated metrics. Thus, Vk,n = domVk,n
discards all
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0
0
for which there is another metric v̌  v̌ 0 and v̌ ∈ Vk,n
. The Viterbi-like
v̌ 0 ∈ Vk,n

search is listed in Algorithm 6.
Algorithm 6 Viterbi-like Search
Define p ∗ and v̌ ∗ to be a candidate path and metric with initial complexity

1:

v̌2 = ∞ and let k = 1.
Initialize Pk = {1}, and Vk = {f1 (v̌ 0 )} (detector has to be activated at first),

2:

where v̌ 0 = (MD , 0, 0, Mh , 0). (We have some initial guess of the channel
state in the beginning.)
while |Vk | =
6 0 do

3:
4:

Increment k by one.

5:

For each state n0 , extend every path p 0k−1 ∈ Pk−1,n0 with metric v̌ 0 , along
the possible state transitions n0 → n.
Add the new path p k = (p 0k−1 , n) to Pk,n and the corresponding updated

6:

metric v̌ = fn (v̌ 0 ) to Vk,n .
Delete the dominated metrics, let Vk,n = domVk,n for all 1 ≤ n ≤ 3 and

7:

remove the corresponding paths from Pk,n .
Reduce the set Vk to include metrics v̌ ∈ Vk if v̌2 < v̌2∗ and reduce Pk

8:

accordingly.
9:

Define a new set of metrics V ∗ containing v̌ ∈ Vk for which v̌3 ≥ MD or

10:

v̌5 ≥ MD .
If |V ∗ | =
6 0, find v̌ ∗ = arg minv̌ ∈V ∗ v̌2 , and replace p ∗ by the path
corresponding to v̌ ∗ .

11:

end while

12:

Output p ∗ as the optimal path and corresponding metric vector v̌ ∗ .
To fix the complexity of the search algorithms discussed here in case there

is no opening between the EXIT surfaces or the opening is narrow, one can,
for example, restrict the number of activations. Then, if the activation limit is
reached and none of the paths have attained the convergence target, the one
with the best mutual information is chosen.
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6.5

Numerical examples

The numerical examples presented in this section assume QPSK and Mt = Mr = 4.
The number of subcarriers is 10000. Such a large number is chosen to avoid
inaccuracies in the EXIT charts due to short block lengths. A systematic RA
code with a code rate of 1/3 is assumed. The typical urban (TU) channel profile
[198] is adopted. The signal-to-noise ratio (SNR) is defined as ES /N0 , where ES
is the symbol energy received by a receive antenna and N0 I is the covariance
matrix of the noise.
The measured and semi-analytical EXIT surfaces of the DD LS channel
estimator are presented in Fig. 43 at a SNR of 6 dB. One can note that despite
the approximations made in the semi-analytical expression of the EXIT function,
the deviation from the measured result is negligible. In Fig. 44, the EXIT
surfaces of the APP algorithm, the LS channel estimator, and the RA decoder
are presented at a SNR of 6 dB. Two trajectory simulations are appended to the
figure as well. In trajectory simulations, the SfISfO blocks are activated using a
particular schedule and they show the true evolution of the mutual information
during the iterative process. As can be seen, the trajectory simulations follow
closely the EXIT surfaces, indicating that the assumptions made in the a priori
information modeling are valid. This is further confirmed by comparing the bit
error rate (BER) estimate from the EXIT chart given by (54) and the BER
obtained from a trajectory simulation in Table 6. One can note that the BER
can be predicted from the EXIT chart down to 10−3 , as was found in [174].
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Theoretical and measured EXIT surfaces for the channel estimator

([3],published by permission of IEEE).
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Fig. 44. EXIT surfaces and simulated trajectory ([3],published by permission of
IEEE).
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Table 6. Comparison of simulated and estimated BER.

Decoder pass

Simulated BER

Estimated BER

1

0.1363

0.1326

2

0.06187

0.06100

3

0.001121

0.001000

4

1.950e-06

3.877e-07

An example of different activation schedules is presented in Table 7 at a SNR
of 4 dB. Let us assume that the relative complexity of the APP algorithm is
2 when activated after channel estimation (due to metric computation) and 1
when only the LLRs are updated (activation after the decoder). The relative
complexities of the LS channel estimator and the RA decoder equal to 1. One
should be reminded that the goal here is not to define the actual complexities of
SfISfO blocks, but rather to examine the framework which enables optimizing
the activation schedule also with respect to computational complexity. The
convergence target was set to be MD = 0.99 in this example. The coefficients for
the approximated analytical expressions for the detector and the decoder are
listed in Table 8 and Table 9, respectively. There are three different activation
scheduling schemes presented in Table 7. The optimal order is found by the
Viterbi algorithm. Scheme A iterates between the APP algorithm and the
decoder until the convergence target is achieved or the process gets stuck
and then refines the channel estimate to be used for the next OFDM symbol.
Scheme B performs the channel estimation within every global iteration. The
corresponding EXIT surfaces and trajectories for the schemes are presented in
Fig. 45. The trajectories follow the EXIT surfaces exactly which indicates that
the approximate analytical expressions obtained by surface and curve fitting for
the detector and the decoder are accurate. Scheme A gets stuck and does not
achieve the convergence target, while Scheme B is clearly more complex than the
optimal one. The example shows that by optimizing the activation scheduling,
some complexity savings can be achieved.
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Table 7. Example of different activation orders ([3],published by permission of
IEEE).

Scheme

Schedule

Complexity

Optimal

131321313213

15

A

1 3 1 3 1 3 1 3 1 3 1 3 ...

–

B

132132132132132

20

Table 8. Coefficients for detector.

a30

a21

0.0026 -0.0107

a20

a12

a11

a10

a03

a02

a01

a00

-0.0296

0.0039

0.1041

0.0931

-0.0216

0.1137

0.0427

0.2102

Table 9. Coefficients for decoder.

a3
-12.3957
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a2

a1

a0

12.7838

-1.6198

0.0563

Scheme B

1

Optimal
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ME=MA,h

0

0

0.2

0.6

0.4
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1
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E
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Fig. 45. EXIT surfaces and different activation orders ([3],published by permission
of IEEE).

We compared the activation scheduling methods in 20 independent channel
realizations at a SNR of 4 dB. We chose the BER target to be 0.01. Using
(52) and (54), the BER target was mapped to the mutual information target
of MD ≥ 0.93. The results are presented in Table 10. The complexities of the
activation scheduling schemes for all 20 independent channel realizations are
shown, as well as the average complexity. The average complexity of the optimal
activation schedule is clearly lower than the one obtained when Scheme B is
used. Scheme A gets stuck before the convergence target is achieved. The ninth
channel realization causes the most narrow opening between the EXIT surfaces
and one can note that the tighter the opening is the more beneficial is the use of
sophisticated activation scheduling. In general, with high SNR values when the
opening between the surfaces is wide, the gain achieved by activation scheduling
is insignificant. The benefits of activation scheduling become obvious when
the SNR is pushed to the minimum leading to the situation where the opening
between the EXIT surfaces is narrow.
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Table 10. Complexity of activation ordering methods in different channel realizations.

Channel

Optimal

A

B

1

13

–

15

2

15

–

19

3

11

–

15

4

15

–

19

5

15

–

19

6

15

–

19

7

19

–

23

8

16

–

19

9

35

–

47

10

17

–

23

11

15

–

19

12

17

–

19

13

11

–

15

14

15

–

19

15

15

–

19

16

15

–

19

17

13

–

19

18

17

–

19

19

15

–

19

20

17

–

23

16.05

–

20.40

Average
complexity

6.6

Summary and discussion

The problem of finding the optimal activation schedule for the detector, the
channel estimator and the decoder in an iterative receiver was considered.
The proposed concept was based on EXIT chart analysis and monotonicity
of the EXIT functions. A semi-analytical expression was derived for the LS
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channel estimator and it was shown to closely follow the measured results. The
EXIT functions for the APP algorithm and the RA decoder were obtained by
simulations and approximate analytical expressions were found by using surface
and curve fitting, respectively. Two trellis based algorithms, the brute-force and
Viterbi algorithms, were shown to find the optimal activation schedule using
the EXIT functions. The algorithms are optimal in the sense that they find
the activation schedule which achieves the convergence target with minimal
complexity. The Viterbi algorithm itself is less complex than the brute-force
algorithm. The Viterbi algorithm was compared to some conventional activation
scheduling methods and the results showed that some gain in complexity and
performance can be achieved by the proposed concept in general. In particular, if
the SNR is pushed to the minimum and the opening between the EXIT surfaces
is narrow, remarkable gain is achieved.
When considering the practicality of the proposed concept, there are two issues
which are left for future work. The major issue is the well known applicability
limitation of EXIT analysis for only relatively long code or symbol block lengths.
However, some light is shed on that issue in [180] and [179]. The other issue is
the lack of an analytical solution for the optimal detector EXIT function. This
causes difficulties in finding activation schedules in time varying channels. One
possible solution could be the use of a look-up table from which the appropriate
EXIT surface (the coefficients for the 3rd order surface) would be chosen based
on the channel characteristics, e.g., instantaneous SNR and instantaneous root
mean square delay spread.
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7

Conclusions and future work

The aim of this thesis in a broad sense was to study receiver algorithms which
enable efficient use of radio spectrum. This was motivated by the increasing needs
for wireless data and the demand for lower energy consumption. In particular,
the focus was in detection, decoding, and channel estimation. To reach maximal
efficiency in spectral use from the algorithm perspective, the use of optimal
algorithms would be the most favorable way. Apparently, the optimal algorithms
from a complexity point of view would lead to intractable computational
complexities and, thus, approximations of the optimal ones were studied in this
thesis. Chapter 2 contained a literature review of previous and parallel work
related to channel estimation, detection, and iterative detection, decoding, and
channel estimation in MIMO-OFDM systems. Chapter 3 introduced the signal
and channel models for the MIMO-OFDM system. The concept of iterative
detection and decoding was also presented in more detail.
Chapter 4 focused on the MIMO detection part of the iterative receiver.
Perfect channel information was assumed to be at the receiver. An iterative
receiver composed of a list detection based soft MIMO detector and a turbo
decoder was considered. It was shown that the feedback from the decoder to
the list detector improves the performance or enables using smaller list size
values. Further gain was achieved by using a priori information from the
decoder to re-calculate the candidate list during global iterations instead of
only re-calculating the LLRs. What remains as an open question is whether
the best way from the complexity point of view to reach a certain performance
target is to invest in list size, in conventional global iterations, or in global
iterations with list re-calculation. The novel list PIC detector was derived and
compared to the optimal APP algorithm, the K-best LSD, and the IR-LSD. The
results showed that the list PIC detector offers close to optimal performance with
reduced complexity and a performance gain over the K-best LSD with proper
initialization. The LMMSE proved out to be good enough in the initialization
in a 2 × 2 antenna configuration, however, with a 4 × 4 antenna configuration
with higher order modulations it was inadequate. The initialization might
be improved by various techniques (like lattice reduction [107] or semidefinite
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relaxation based detection [128]), which could be a fruitful research topic. The
IR-LSD offers performance gain over the other studied list detectors. However,
in the case of a 2 × 2 antenna configuration, the gain over the list PIC detector
is not substantial. The complexity of the list PIC detector is of the same order
as with the K-best LSD and the metric-first search based IR-LSD algorithm
was found to be the least complex in a 2 × 2 antenna configuration. However,
taking into account that a 2 × 2 antenna configuration and LMMSE detection
will most likely be the first step when employing MIMO processing, the list PIC
detector might offer quite an attractive second step due to the straightforward
implementation.
Chapter 5 considered channel estimation for a MIMO-OFDM system. Decision
directed (DD) and iterative channel estimation were compared to preamble
based channel estimation in an iterative receiver composed of a soft MIMO
detector, a channel estimator, and the turbo decoder. The conventional LS
estimator operating in DD mode requires the inversion of a matrix with the size
per dimension dependent on the number of transmit antennas and the length
of the channel impulse response. The matrix inversion can be avoided with
the FD-SAGE channel estimator with constant envelope modulation. However,
the drawback with the FD-SAGE channel estimator is the required inversion
of a matrix of a size depending on the length of the channel impulse response
when non-constant envelope constellations are used. The TD-SAGE estimator
was derived to lower the complexity by avoiding the matrix inversion without
performance degradation.
The performances of the DD SAGE channel estimators were compared to
that of the preamble based LS channel estimator with and without MMSE
post-processing using various preamble densities. According to the results, the
use of DD SAGE channel estimation is beneficial if the channel coding is over
one OFDM symbol and with preamble overheads less than 16.7%. Despite the
fast fading channel, it was possible to decrease the preamble overhead from 17%
to 4% losing only 0.2 dB in performance and, with a 0.5 dB loss in performance,
overhead under 1% was achievable with DD SAGE channel estimation. The
SAGE estimator performance was further improved by using the MMSE filter
and the previous channel estimates to predict the initial guess. The re-estimation
of the channel state within the global iterations, i.e., iterative channel estimation,
did not give any gain in the studied cases. However, the activation schedule of the
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channel estimation was not adapted for the instantaneous channel state. Thus,
one cannot state that there is no gain to be achieved by using iterative channel
estimation with a dynamic activation schedule. The architecture examples were
presented for the preamble based LS estimator and the FD-SAGE estimator
assuming constant envelope constellation. It was also shown that the time
correlation of the channel can be exploited by MMSE filtering to improve channel
estimation performance with only a small increase in complexity by using few
pre-calculated filters.
The list detector study provided in Chapter 4 was extended for the case of
an estimated channel in Chapter 5. The results were well aligned with those
obtained with ideal channel state information in the receiver. The list PIC
detector offers close to optimal performance with reduced complexity and a
performance gain over the K-best LSD with proper initialization. The LMMSE
was shown to be good enough for initialization in the most practical MIMO
configuration, i.e., a 2 × 2 antenna configuration, however, with a t4 × 4 antenna
configuration with higher order modulations it was inadequate. The IR-LSD
offered performance gain over the other studied list detectors. However, in the
case of a 2 × 2 antenna configuration the gain over the list PIC detector was not
substantial.
Chapter 6 presented a framework for the activation scheduling of a soft MIMO
detector, a channel decoder, and a channel estimator. The proposed concept was
based on EXIT chart analysis. A semi-analytical method was derived for the LS
channel estimator and it was shown to closely follow the simulated results. The
EXIT functions for the APP algorithm and the RA decoder were obtained by
simulations and approximate analytical expressions were found by using surface
and curve fitting, respectively. Two trellis based algorithms, the brute-force and
Viterbi algorithms, were shown to find the optimal activation schedule using
the EXIT functions. The algorithms are optimal in the sense that they find
the activation schedule which achieves the convergence target with minimal
complexity. The Viterbi algorithm itself is less complex than the brute-force
algorithm. The Viterbi algorithm was compared to some conventional activation
scheduling methods and the results showed that some gain in complexity and
performance can be achieved by the proposed concept in general. In particular, if
the SNR is pushed to the minimum and the opening between the EXIT surfaces
is narrow, remarkable gain is achieved.
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When considering the practicality of the proposed concept, there are two issues
which are left for future work. The major issue is the well known applicability
limitation of EXIT analysis for only relatively long code or symbol block lengths.
However, some light is shed on that issue in [180] and [179]. The other issue
is the lack of an analytical solution of the optimal detector EXIT chart. This
causes difficulties in finding activation schedules in time varying channels. One
possible solution could be the use of a look-up table from which the appropriate
EXIT surface (the coefficients for the 3rd order surface) would be chosen based
on the channel characteristics, e.g., instantaneous SNR and instantaneous root
mean square delay spread. Another future topic could be to use, for instance,
the TD-SAGE channel estimator instead of the LS estimator and to further
optimize the channel estimator iterations. The decoder iterations could also be
optimized with the framework to prevent running unnecessary iterations.
Based on the results presented in this thesis, following design recommendations
are drawn. If the conventional preamble/pilot density is used (e.g., as in LTE and
WiMAX), the DD channel estimation algorithms presented in the thesis do not
bring any benefit. Instead, the preamble based LS with MMSE post-processing
should be used. However, if the reference signal density is significantly decreased,
the TD-SAGE channel estimator is recommended out of the studied ones, since
it allows for the use of non-constant envelope constellation without an increase in
complexity. If detection algorithms with fixed complexity are preferred, the list
PIC algorithm should be chosen for detection in a 2 × 2 antenna configuration
and the K-best LSD in a 4 × 4 antenna configuration. If the complexity can vary
from one channel realization to another, the IR-LSD would be the recommended
one. Depending on the latency limitations, the global iterations should be
used, as they provide performance gain. The activation scheduling framework
presented in the thesis requires some further study before it can be applied to
practical systems. However, the results indicate that the iteration activations
should be carefully determined.
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