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Orthogonal frequency-division multiplexing (OFDM) is an up and coming mod-

ulation technique for communications. Herein, we consider various system design

and signal processing issues for OFDM- and packet-based SISO (single-input/single-

output) and MIMO (multiple-input/multiple-output) wireless communication sys-

tems over time-invariant and timing-varying frequency-selective fading channels. In

particular, we consider—and make contributions in—the following related parts.

P1. SISO systems over time-invariant channels. We devise or select signal pro-

cessing algorithms that can provide benefit to the overall system performance and

can be efficiently implemented in real-time. Specifically, first, we provide a sequen-

tial method for the estimation of carrier frequency offset (CFO), symbol timing, and

channel response by exploiting the structure of the packet preamble. Second, we

account for various errors: the residue CFO induced phase error, the sampling clock

induced time delay error, and the channel estimation error.

P2. MIMO systems over time-invariant channels. We design packet structures

and devise signal processing algorithms based on these designs for MIMO systems

including the STBC (space-time block coding) system and the BLAST (Bell-labs’

xv



layered space-time) system. Specifically, first, we propose a MIMO preamble design

which is backward compatible with its SISO counterpart and is the same for the

two kinds of MIMO systems. Second, we propose OFDM data symbol designs for

the STBC and BLAST systems, respectively. Third, we propose three BLAST soft-

detectors with different performance/complexity trade-offs. The first one is a very

simple LS-based soft-detector. The second one is a hybrid soft-detector that combines

the merits of the LS- and list sphere decoder (LSD)-based soft-detectors and has a

good performance/complexity trade-off. The third one is an iterative soft-detector

which has the best ever known performance.

P3. SISO systems over time-varying channels. We design packet structure and

devise signal processing algorithms to address the problem of high-rate transmission

over time-varying channels. For the packet design, we segment an entire packet into

multiple subpackets to track the channel variation over time. Each subpacket contains

a zero tail sequence to reset the channel encoder so that the detection/decoding result

of each subpacket can be used to update the channel response for this subpacket. At

the receiver, we use weighted polynomial fitting to improve the channel updating

accuracy and the channel prediction effectiveness to improve the tracking accuracy

for the channel response for each subpacket.

P4. MIMO systems over time-varying channels. We design packet structures and

devise signal processing algorithms based on these designs to address the problem of

high-robustness/high-rate MIMO transmission over the time-varying channels. These

designs and signal processing algorithms are based on our packet design and signal

processing algorithms of P1, P2, and P3.
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CHAPTER 1
INTRODUCTION

Orthogonal frequency-division multiplexing (OFDM) is an up and coming mod-

ulation technique for communications. It is especially useful for high-speed wire-

less communications which use wide bandwidth, where the channels can experience

frequency-selective fading. Its usefulness is mainly due to its superior ability of mit-

igating or eliminating the impacts of frequency-selective fading channels caused by

multipath. This usefulness can be seen from the employment of OFDM in a good

spectrum of applications. First, OFDM has been used in implementing digital audio

broadcasting (DAB) systems [24] and digital video broadcasting (DVB) systems [99].

Second, OFDM has been selected as the basis for the air interface for several new

high-speed wireless local area network (WLAN)—also known as Wi-Fi—standards

[119] including IEEE 802.11a [49], IEEE 802.11g [50], and HIPERLAN/2 [30]. Third,

OFDM has been selected as the basis for the air interface for the new broadband wire-

less access (WiMax) standard IEEE 802.16 [51]. Fourth, OFDM has been selected as

the basis for the air interface for the dedicated short range communication (DSRC)

standard E2213-02 [4]. Fifth, OFDM is a strong candidate for a number of future

standards, such as the mobile broadband wireless access (MBWA) standard [56].

This dissertation mainly concerns the OFDM-based wireless communication sys-

tems that address the current and future applications, including the aforementioned

WLAN, MiMax, DSRC, and MBWA. We consider various system design and signal

processing issues for these systems, which are single-input/single-output (SISO) sys-

tems, as well as their multiple antenna counterparts, i.e., the multiple-input/multiple-

output (MIMO) systems. Specifically, for the OFDM-based WLAN and MiMax ap-

plications, where the channels are considered frequency-selective (i.e., multipath)

1



2

fading and time-invariant, we focus on the following issues: (a) signal processing

approaches which can improve the performance of the conventional SISO—including

the single-input/multiple-output (SIMO)—systems and (b) system designs and sig-

nal processing approaches for their MIMO counterparts, including the space-time

block coding (STBC) systems that aim at improving transmission robustness and the

Bell-labs’ layered space-time (BLAST) systems that aim at increasing transmission

data rate. For OFDM-based DSRC and MBWA applications, where the channels

are frequency-selective fading and time-varying, we focus on the following issues: (a)

system design and corresponding signal processing approaches that can complement

the current SISO (DSRC) standard to achieve improved performance for time-varying

channels and (b) system designs and signal processing approaches for their MIMO

counterparts.

Before moving on to introduce the scope of the work of this dissertation, let us

give a brief introduction of OFDM.

1.1 OFDM

Consider a SISO communication system for convenience. It is well known that

the capacity of a wireless channel is proportional to the bandwidth of the chan-

nel given a certain signal-to-noise ratio (SNR) [106, 23]. As a result, high-speed

transmissions usually exploit wide bandwidths, where the channels can experience

frequency-selective fading. Frequency-selective fading channels can result in inter-

symbol interference (ISI) due to the existence of multipaths. Two of the effective

approaches that can be used to combat ISI are (a) utilizing equalization schemes (see

[20] and the references therein) and (b) segmenting the wide-band channel into multi-

ple narrow-band subchannels where each subchannel can be seen as flat fading. With

the increase of the bandwidth, approach (a) can become more and more complicated,

and therefore approach (b) is preferred. Approach (b) can be efficiently implemented

via using OFDM.
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IFFTS/P P/S

Figure 1–1: Basic components of the transmitter of an OFDM-based system.

For an OFDM-based SISO communication system, the single data stream is de-

multiplexed, by serial to parallel (S/P) conversion, into multiple substreams of data,

each of which is transmitted on a subchannel centered at a subcarrier. To avoid the

intercarrier interference (ICI), these subchannels should be orthogonal to each other,

hence, the term OFDM—orthogonal frequency-division multiplexing. OFDM can be

efficiently implemented by using the fast Fourier transform (FFT) [22, 94] and the

inverse FFT (IFFT). The orthogonality and efficiency can be simultaneously guar-

anteed by utilizing IFFT (at the transmitter) and FFT (at the receiver). Figure 1–1

shows the basic components of the transmitter of an OFDM-based system. Figures

1–2(a), (b), and (c) show a subchannel, multiple subchannels of a flat fading channel,

and multiple subchannels of a frequency-selective fading channel, respectively. It can

be seen that even if the entire channel experiences frequency-selective fading, the

subchannels can still be seen as experiencing flat fading.

By using OFDM, a single data symbol, which occupies the whole bandwidth and

thus is short in duration, is replaced by multiple parallel transmitted data symbols,

which have longer duration. This increased duration is effective in mitigating the

ISI effect of multipath channel since the interval of ISI, which could be considerable

compared to the symbol duration for the single carrier case, can be only a small

fraction of the symbol duration for OFDM. By adding a cyclic prefix (CP), as will

be detailed in the following section, the effect of ISI can be completely removed,

provided that the CP is longer than the spread time-delay of the multipath channel

and a correct symbol timing is available.

The main advantages of OFDM are as follows.
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(a)

(b)

(c)

Figure 1–2: Illustration of subchannels of an OFDM-based system: (a) one subchan-
nel; (b) multiple subchannels of a flat fading channel; (c) multiple subchannels of a
frequency-selective fading channel.

• OFDM is an effective way of combating ISI caused by multipath transmission.

Compared to a conventional single carrier system, which needs to use compli-

cated equalization schemes, channel equalization for OFDM is very simple—

only a simple one-tap equalization method [11] is needed.

• Symbol timing for an OFDM-based system is easy to obtain—without consid-

ering the chip-level synchronization like a DS-CDMA (direct-sequence code-

division multiple-access) system.

• With proper channel coding and interleaving, frequency diversity can be easily

exploited in an OFDM-based system to improve the transmission performance

(increasing transmission robustness).

Yet, OFDM has the following disadvantages.

• OFDM is sensitive to carrier frequency offset (CFO)—adequate CFO estimation

and correction are needed to prevent the orthogonality among the subcarriers

from being destroyed.

• OFDM has a large peak-to-average power ratio, which increases the require-

ments of the power amplifier—very good linearity for the power amplifier is

needed.
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• OFDM can be sensitive to strong interferences because an interference can

usually affect lots of subcarriers due to the leakage problem of FFT.

In the next section, we give a more detailed description of an OFMD-based sys-

tem. Note that IEEE 802.11g, HIPERLAN/2, and IEEE 802.16 are very similar

to IEEE 802.11a in terms of OFDM data symbol generation and data bits detec-

tion/decoding. Note also that E2213-02 is designed based on IEEE 802.11a. Hence,

we use IEEE 802.11a to exemplify our presentation.

1.2 An OFDM-Based SISO System

We introduce an IEEE 802.11a conformable OFDM-based SISO WLAN system

by describing its symbol generation and detection, following the specifications of the

standard given below.

1.2.1 Overview of the IEEE 802.11a Standard

IEEE 802.11a [49] uses packet-based transmission. Figure 1–3 shows the packet

structure as specified by the IEEE 802.11a standard. The nominal bandwidth of the

OFDM signal is 20 MHz, and the in-phase/quadrature (I/Q) sampling interval tS is

50 ns. The OFDM packet preamble consists of 10 identical short OFDM training

symbols ti, i = 1, 2, . . . , 10, each of which contains NC = 16 samples, and 2 identical

long OFDM training symbols Ti, i = 1, 2, each of which contains NS = 64 samples.

Between the short and long OFDM training symbols there is a long guard interval

(GI2) consisting of 2NC = 32 data samples. GI2 is the cyclic prefix (CP) for the long

OFDM training symbol T1; i.e., it is the exact replica of the last 2NC samples of T1.

The packet preamble can be used to determine the channel parameters, including

the carrier frequency offset (CFO), symbol timing, as well as the channel response

between the transmitter and the receiver. These parameters are needed for the detec-

tion/decoding of the data bits contained in the SIGNAL field and the OFDM DATA

field.
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Figure 1–3: The packet structure described by the IEEE 802.11a standard.

The information carrying data are encoded in the OFDM DATA field. The en-

coding process, as demonstrated in the upper part of Figure 1–4, is as follows. A

block of source data bits is first scrambled and then convolutionally encoded by an

industrial standard constraint length K = 7, rate 1/2 encoder, which has generation

polynomials g0 = (133)8 and g1 = (171)8. The encoded output is then punctured ac-

cording to the transmission data rate (see Table 1–1) and is segmented into subblocks

of data bits of length NCBPS (the number of coded bits per OFDM data symbol, which

is determined by the transmission data rate), each of which corresponds to an OFDM

data symbol. The data in each subblock are first interleaved among the subcarriers

and then mapped (in groups of NBPSC bits) into A-QAM (quadrature amplitude

modulation, NBPSC = log2 A) or PSK (phase-shift keying) symbols, which are used

to modulate the different data carrying subcarriers. Each OFDM data symbol in the

OFDM DATA field employs NS = 64 subcarriers, 48 of which are used for data sym-

bols and 4 for pilot tones. There are also 12 null subcarriers with one in the center

and the other 11 on the two ends of the frequency band. The OFDM data symbols,

each of which consists of NS = 64 samples, are obtained via taking IFFT of the data

symbols, pilot tones, and nulls on these NS subcarriers. To eliminate the intersymbol

interference (ISI), each OFDM data symbol is preceded by a CP or guard interval

(GI), which contains the last NC samples of the OFDM data symbol.

The SIGNAL field contains the information including the transmission data rate

and data length of the packet. The information is encoded in 16 data bits. There is

also a reserved bit (for future use) and a parity check bit. These 18 bits, padded with

6 zeros, are then convolutionally encoded (by the same encoder as for the OFDM
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Figure 1–4: Diagram of the transmitter (upper part) and receiver (lower part) of an
IEEE 802.11a conformable SISO system.

DATA field) to obtain a 48 bit encoded sequence. The encoded sequence is then

interleaved and used to modulate the 48 data carrying subcarriers via BPSK (binary

phase-shift keying). The SIGNAL field consists of 64 samples and is obtained via

taking IFFT of these 48 BPSK symbols, 4 pilot tones, and 12 nulls. Also, there is a

CP of length NC to separate the preamble from the SIGNAL field.

1.2.2 OFDM Data Symbol Generation

Consider the generation of the kth OFDM data symbol in the OFDM DATA

field shown in Figure 1–3. Let

xk =




xk,1

xk,2

...

xk,NS




, k = 1, 2, . . . , K, (1.1)

be a vector of NS symbols, where xk,nS
, nS = 1, 2, . . . , NS, is the symbol modu-

lating the nSth subcarrier, which is equal to 0 for the null subcarriers, 1 or −1
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Table 1–1: Rate-dependent parameters specified by the IEEE 802.11a standard.

Data rate (Mbps) Constellation Coding rate NBPSC NCBPS NDBPS

6 BPSK 1/2 1 48 24

9 BPSK 3/4 1 48 26

12 QPSK 1/2 2 96 48

18 QPSK 3/4 2 96 72

24 16-QAM 1/2 4 192 96

36 16-QAM 3/4 4 192 144

48 64-QAM 2/3 6 288 192

54 64-QAM 3/4 6 288 216

NBPSC: the number of coded bits per subcarrier

NCBPS: the number of coded bits per OFDM data symbol

NDBPS: the number of (uncoded) data bits per OFDM data symbol

for the pilot tones, or a member in a constellation C for data carrying subcarri-

ers. Here K is the number of OFDM data symbols in a packet and C is a finite

constellation, such as BPSK, QPSK (quadrature phase-shift keying), 16-QAM, or

64-QAM. Let WNS
∈ CNS×NS be the FFT matrix; i.e., its (k, l)th element is equal to

exp {−j2π(k − 1)(l − 1)/NS}. Then the kth OFDM data symbol sk corresponding

to xk is obtained by taking IFFT of xk. That is,

sk = WH
NS

xk/NS, (1.2)

where (·)H denotes the conjugate transpose. To eliminate ISI, sk is preceded by a CP

or guard interval (GI) sk,C formed using the last NC elements of sk.

The short and long OFDM training symbols in the packet preamble and the

OFDM symbol in the SIGNAL filed can be generated similarly.

By stacking the packet preamble and the OFDM symbols (together with their

corresponding CPs) in the SIGNAL and OFDM DATA fields, we obtain the entire

packet s ∈ C(5+K)(NS+NC)×1, as shown in Figure 1–3.
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1.2.3 Detection of the Data Symbols

Consider the detection (demodulation) of the data symbols contained in (1.1)

at the receiver as shown in the lower part of Figure 1–4. For convenience, consider

a frequency-selective fading channel by modeling the channel impulse response as a

finite impulse response (FIR) filter with length LF (the subscript “F” stands for filter)

[124], denoted as hLF
= [h0 h1 · · · hLF−1]

T , where (·)T stands for the transpose. (A

more realistic channel model will be given in the next chapter.) We assume that

LF ≤ NC and the channel is fixed during each packet transmission and the sampling

interval is tS = 50 ns. The received signal due to the transmission of [sT
C sT ]T

is the convolution of hLF
with [sT

C sT ]T (the subscript k is dropped for notational

convenience). By discarding the first NC samples at the receiver (assuming a correct

symbol timing), which correspond to the CP, the noise-free and CFO-free received

signal vector zne ∈ CNS×1 is the circular convolution of hLF
and s. That is,

zne =
1

NS

HCWH
NS

x, (1.3)

where

HC =




h0 hNS−1 · · · h2 h1

h1 h0 · · · h3 h2

...
...

. . .
...

...

hNS−2 hNS−3 · · · h0 hNS−1

hNS−1 hNS−2 · · · h1 h0




(1.4)

is the NS × NS circulant matrix formed from hLF
. (Note that for notational conve-

nience, we have augmented hLF
by letting hl = 0 for l = LF , LF + 1, · · · , NS − 1 in

(1.4) to get hNS
.) Then the received signal vector z can be written as

z = zne + w, (1.5)
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where w ∼ N (0, (σ2/NS)INS
) is the additive zero-mean white circularly symmetric

complex Gaussian noise with variance σ2. The FFT output of the received data

vector z can be written as

y = WNS
z

=
1

NS

WNS
HCWH

NS
x + WNS

w

= H̆x + e, (1.6)

where e = WNS
w and H̆ = diag{h̆} with h̆ = WNS

hNS
= [h̆0 h̆1 · · · h̆NS−1]

T being

the FFT, with zero-padding to length NS, of the channel impulse response hLF
.

With known H̆ (can be estimated by using the two long training symbols), the

detected data symbols can be expressed in the vector form as

x̂ = H̆−1r. (1.7)

To facilitate the above detection, we need to obtain CFO, symbol timing, as well

as the channel response. This channel parameter estimation task is one of the issues

consisting of the scope of this dissertation.

1.3 Scope of the Work

The scope of the work of this dissertation can be divided into four related parts,

as summarized below.

1.3.1 SISO Systems over Time-Invariant Channels

We consider various signal processing issues including parameter estimation and

error reduction for the OFDM-based SISO wireless communication systems over time-

invariant channels, exemplifying using the IEEE 802.11a conformable WLAN system

[77]. We devise or select algorithms that can provide benefit to the overall sys-

tem performance and can be efficiently implemented in real-time. In particular, we

consider—and make contributions in—the following issues.
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First, we consider the channel modeling for the OFDM signaling. The time-

invariant frequency-selective fading channels for the OFDM signaling is often modeled

as an FIR (finite impulse response) filter [16, 124]. We clarify the fact, which was first

revealed in [118] but largely overlooked ever since, that the FIR channel model is only

an approximate model for the OFDM signaling. We consider a channel model useful

for characterizing the realistic channels for the OFDM signaling. This channel model

is especially useful for assessing the performance of the channel parameter estimation

methods devised for OFDM-based wireless communication systems.

Second, we consider the channel parameter estimation problem. We give herein

a sequential parameter estimation method that can be used to estimate all of the

aforementioned channel parameters for the realistic channels. The sequential method

fully exploits the structure of the packet preamble as specified by the IEEE 802.11a

standard.

Finally, we consider the error reduction problem. First, we give a maximum-

likelihood (ML) phase tracking approach using pilot tones to estimate (and correct)

the residue CFO induced phase error (CPE) for each received OFDM data symbol.

Second, we supply a least-squares (LS) phase fitting approach using the estimated

CPEs from each of the OFDM data symbols to improve the accuracy of the phase error

estimates. Third, we provide a sampling clock synchronization approach to mitigate

the unsynchronized sampling clock induced time delay error. This synchronization

approach is especially useful for the packet-based transmissions and can eliminate the

need of using the AFC (automatic frequency control) clock recovery circuit. Fourth,

we present a semi-blind method, which is a modified version of the one in [59], to

improve the channel response estimation accuracy using the detected/decoded data

bits iteratively.
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1.3.2 MIMO Systems over Time-Invariant Channels

We consider various system design and signal processing issues for two kinds of

MIMO—STBC and BLAST—systems over time-invariant channels. Note that our

design is targeting at a STBC system with two transmit antennas and one receive

antenna as well as a BLAST system with two transmit antennas and two receive

antennas. While some of the signal processing algorithms are confined to the MIMO

systems with two transmit antennas, others can be used in more general cases. We

exemplify our presentation of the OFDM-based MIMO systems with the WLAN

applications.

As a common part for both of the OFDM-based BLAST and STBC systems,

we propose a MIMO preamble design for the MIMO systems. This MIMO preamble

is backward compatible with its SISO counterpart as specified by the IEEE 802.11a

standard. Based on this preamble design, we can use the sequential parameter esti-

mation method proposed for the SISO systems to estimate CFO and symbol timing

for the MIMO systems. We can also estimate the MIMO channel responses.

For the OFDM-based STBC system, we propose an OFDM DATA field design

which includes the pairing of the OFDM data symbols as well as the pilot tones. We

provide a simple OFDM data symbol generation scheme for the STBC transmitter.

The STBC transmitter based on this scheme has a complexity approximately the

same as its SISO counterpart. We also provide error reduction algorithms which

are similar to those for the SISO systems. Furthermore, we present a simple soft-

detector to obtain the soft-information used for the channel decoder, such as the

Viterbi algorithm.

For the OFDM-based BLAST system, we propose an OFDM DATA field design

which includes the pairing of the pilot tones used for error reduction. We also pro-

pose three BLAST soft-detectors, which can deliver soft-information to the channel

decoder, with different performance/complexity trade-offs to facilitate the real-time
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hardware implementation of the detector. The first one is a simple soft-detector

based on the unstructured LS approach. This LS-based soft-detector is very simple

since it decouples the multi-dimensional QAM symbol detection into multiple one-

dimensional QAM symbol—and further PAM symbol—detections. The second one

is a hybrid soft-detector that combines the merits of the LS-based soft-detector and

a list sphere decoder (LSD)-based soft-detector for data bit detection. This hybrid

soft-detector has a good performance/complexity trade-off. The third one is an itera-

tive soft-detector which uses constrained value of the a priori information to improve

the detection/decoding performance. This iterative soft-detector has the best ever

known performance.

1.3.3 SISO Systems over Time-Varying Channels

The major difference between a SISO WLAN or WiMax system and a SISO

DSRC or MBWA system, from the signal processing perspective, is the handling of

the channel. The former works over time-invariant channels, and the latter works

over time-varying channels. As a result, some of the schemes proposed for the former

are no longer applicable to the latter. For example, the E2213-02 conformable DSRC

systems can suffer from severe performance degradations for time-varying channels.

As IEEE 802.11a, E2213-02 uses coherent detection, and the lack of mechanism for

tracking the time-varying channels for coherent detection is the main cause for the

performance degradations.

We propose a new scheme for channel tracking that can significantly outper-

form all the existing approaches for high rate transmissions. Our new scheme com-

bines packet design with signal processing (at the receiver) to address the channel

tracking problem. For the packet design, we segment an entire packet into multi-

ple subpackets—with each subpacket having zero tail bits to reset the convolutional

channel encoder—so that the detection/decoding result of a subpacket can be used to

update the channel estimation for the subpacket. This way, we provide a mechanism



14

for tracking the channel variation via, for example, a decision feedback frequency-

domain channel response estimation (DFFE) method at the receiver [89]. In addition,

based on the DFFE results, we use weighted polynomial fitting (PF) to drastically

improve the channel estimation accuracy. We can also use a modified PF (MPF)

method to improve the accuracy of PF in the presence of symbol timing estimation

errors. Based on the PF or MPF results, we then use a prediction method to improve

the tracking accuracy for the subsequent channel responses.

1.3.4 MIMO Systems over Time-Varying Channels

We consider various system design and signal processing issues for the MIMO sys-

tems over time-varying channels. We combine the merits of the issues/contributions

of the above three subsections to design packet structures and devise signal processing

algorithms to deal with the time-varying channels. Specifically, we consider another

MIMO preamble design for the MIMO systems over the time-varying channels. The

MIMO preamble design we introduced above is suited for the time-invariant channels.

Yet, for the time-varying channels, it is too long to catch the time-varying channels.

We design a MIMO preamble which is shorter than the previous one, and provide

corresponding signal processing algorithm that can be used to estimate the MIMO

channel response with this preamble. We also extend the channel tracking scheme

proposed for the SISO systems to the MIMO systems.

1.4 Literature Survey with Work Description

In the following, we give a literature survey along with a detailed description of

the work. We start from a brief introduction of the history of OFDM.

1.4.1 History of OFDM

The idea of using parallel data transmission was proposed independently [15, 102]

in the mid 1960s. This idea, which can be referred to as the multi-carrier (MC) tech-

nique, is based on segmenting the entire channel to multiple subchannels, and can
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be implemented using banks of oscillators and filters—analog devices. Early applica-

tions of the MC technique were mainly in military communications, such as ANDEFT

[97], since, in addition to its capability of combating ISI caused by multipath, MC can

be effectively used to combat the impulsive noise and narrow band interferences—

depending on the frequency response of the filters.

The term OFDM was first used in a US patent issued in 1970 [117], and the

OFDM technique in the modern sense was proposed in 1971 [125], where the dis-

crete Fourier transform (DFT) was used in the modulation and demodulation of

the parallel transmitted data. OFDM is a special form of MC; OFDM emphasizes

the orthogonality among the subcarriers, i.e., the subchannels. The orthogonality of

the subchannels is automatically guaranteed by using DFT, and the intensive ana-

log hardware implementations can be replaced by digital hardware (plus software)

implementations, such as fast Fourier transform (FFT) [22] chips.

In the 1980s, OFDM was mainly studied for high-speed modems [43, 44], digital

mobile wireless communications [19], and digital audio broadcasting (DAB) [62].

In the 1990s and early 2000s, the research on OFDM gained significantly in-

creased attention [7], due to the convergence of the following factors: (a) high-speed

applications, such as DSL (digital subscriber lines) [17, 18], DAB and DVB, as

well as WLANs; (b) FFT hardware improvements [42, 88, 126]; and (c) theoret-

ically proven optimal performance of OFDM [53, 100]. In the meantime, OFDM

has been combined with many emerging techniques, such as the MIMO schemes

[8, 9, 47, 64, 70, 95, 103, 111], to improve the performance.

More detailed information about the early history of OFDM can be found in

[7, 120, 130].
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1.4.2 Signal Processing for SISO Systems over Time-Invariant Channels

The SISO systems over time-invariant channels considered herein include the

WLAN systems conforming to the IEEE 802.11a [49], IEEE 802.11g [50], and HIPER-

LAN/2 [30] standards, as well as the WiMax systems conforming the IEEE 802.16

[51] standard. Due to the similarity of the above systems, we will exemplify our

presentation using the IEEE 802.11a [49] conformable WLAN systems.

We consider the following signal processing issues for the OFDM-based SISO

systems: channel parameter estimation and error reduction. We also consider the

channel modeling issue which is especially important for assessing the channel pa-

rameter estimation methods devised for the OFDM-based systems. An literature

review and work description are given in the following three areas.

1.4.2.1 Channel model

Channel models for wireless communications have been intensively studied in the

past few decades; see [40] for a detailed review about channel models. FIR (finite

impulse response) filter [16, 124] is a widely used channel model for wireless commu-

nications over multipath channels, and it is very useful for the detection/decoding

performance simulation of the OFDM-based systems. However, devising channel esti-

mation methods parsimoniously based on this model is not appropriate due to a fact

first revealed in [118] but largely overlooked ever since that the FIR channel model

is only an approximate model for the OFDM signaling. We clarify this fact and con-

sider a channel model useful for characterizing the realistic channels for the OFDM

signaling. This channel model is especially useful for assessing the performance of

the channel parameter estimation methods devised for OFDM-based WLANs.
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1.4.2.2 Channel parameter estimation

Channel parameters needed for (coherent) detection for the OFDM-based sys-

tems include: carrier frequency offset (CFO), symbol timing, as well as channel re-

sponse. Many methods have been proposed to estimate one or two of the aforemen-

tioned channel parameters; see, for example, [55, 58, 65, 90, 91, 93, 105, 127, 128]

and the references therein. Among them, those discussed in [58, 65, 128] are par-

ticularly tailored to the preamble structure of the IEEE802.11a standard. However,

the methods given in [58] work well only for FIR channels but not for the realistic

channels, especially at high signal-to-noise ratios (SNRs). The symbol timing method

of [128] was proposed for Rician fading channels and can also encounter problems for

the realistic channels. We give a sequential parameter estimation method that can

be used to estimate all of the aforementioned channel parameters for the realistic

channels. The sequential method fully exploits the structure of the packet preamble

as specified by the IEEE 802.11a standard.

1.4.2.3 Error reduction

We reduce (first estimate and then correct) the following phase related errors

by using the pilot tones. First, based on the notion of [58], we give an ML phase

tracking approach using pilot tones to estimate the residue CFO induced phase error

(CPE) for each received OFDM data symbol. Second, we supply an LS phase fitting

approach using the estimated CPEs from a block of the OFDM data symbols to

improve the accuracy of the phase error estimates. Third, we provide a sampling clock

synchronization approach to mitigate the sampling clock induced time delay error.

This synchronization approach is especially useful for the packet-based transmission

and can eliminate the need of using the AFC (automatic frequency control) clock

recovery circuit suggested in [49, 127]. (In fact, this AFC circuit does not work for

the IEEE 802.11a system since the packet is usually too short to be used in locking

the circuit.)
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We also reduce the channel response estimation error. We present a semi-blind

method, which is a modified version of the one in [60], to improve the channel response

estimation accuracy using the detected/decoded data bits iteratively. This method is

more suitable than the commonly used decision feedback method [98], since, thanks

to the power of error correction due to decoding, the former can exploit the decoded

result which is much better than the detection result from a simple hard-decision of

the data symbols of the latter.

1.4.3 System Design and Signal Processing for MIMO Systems over Time-
Invariant Channels

The MIMO systems over time-invariant channels considered herein include the

MIMO systems targeting the applications of WLAN and WiMax, and we will exem-

plify our presentation using the MIMO systems resembling the IEEE 802.11a con-

formable SISO systems.

As we have mentioned earlier, we consider various system design and signal

processing issues for two kinds of OFDM-based MIMO systems: STBC and BLAST.

Note that our design is targeting at a STBC system with two transmit antennas and

one receive antenna as well as a BLAST system with two transmit antennas and two

receive antennas. While some of the signal processing algorithms are confined to the

MIMO systems with two transmit antennas, others can be used in more general cases,

as will be clear in the sequel. We exemplify our presentation of the OFDM-based

MIMO systems with the WLAN applications. Literature review and work description

about system design and signal processing issues for these two MIMO systems are

given below.

1.4.3.1 The STBC and BLAST schemes

STBC. The OFDM-based WLAN system, as specified by the IEEE 802.11a

standard, supports a data rate up to 54 Mbps. However, due to channel fading, a
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transmission at such a high data rate may not be robust and may require a very high

SNR to maintain a certain performance.

To improve the up-link transmission robustness (i.e., the transmission from the

mobile terminal [MT] to the access point [AP]) we can use maximal-ratio receiver

combining (MRRC) [52, 71] by installing multiple receive antennas at the AP. For

the down-link transmission (from the AP to the MT), we should keep the MT device

as simple as possible. A simple feasible way is to deploy multiple transmit antennas at

the AP and exploit the transmit diversity offered by space-time coding (STC) (see,

for example, [85] and the references therein) over the MIMO or MISO (multiple-

input/single-output) channels. The benefits of using STC are twofold. First, we can

increase the transmission robustness and reduce the request for retransmission. (For

the SISO case, if the fading channel is really poor, retransmission does not really

help unless the channel changes.) Second, less total transmission power is required.

Although reducing the total transmission power at the AP is not critical since it is

already very low compared to other systems such as base stations for cellular phones,

it can translate to another advantage: reduced SNR requirement which enables us to

install more APs in a certain area to accommodate more users.

Among the various popular STC schemes for the flat fading channels, the orthog-

onal space-time block coding (STBC) approach (see, for example, [2, 33, 35, 34, 113],

and the references therein) is particularly attractive since it can entail a simple re-

ceiver; a simple linear processing can decouple the MISO channel into a number

of independent SISO channels. In addition, when concatenated with convolutional

codes, soft-information needed for the Viterbi decoder can be obtained easily from

the STBC receiver. Many STBC methods have been proposed for the frequency-

selective fading channels (see, for example, [61, 63, 72, 84, 110, 122, 129] and the

references therein). We employ a simple STBC scheme herein that uses STBC on
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each subcarrier of the OFDM signaling, and our STBC system resembles the SISO

system as specified by the IEEE 802.11a standard.

Our focus herein is to increase the transmission robustness by using a STBC

WLAN system with two transmit antennas and one receive antenna.

BLAST. Transmission data rates higher than 54 Mbps are of particular im-

portance for future applications. Future WLAN standards, such as the IEEE 802.11n

[21], need to support transmission data rates higher than 54 Mbps. Deploying mul-

tiple antennas at both the transmitter and receiver is a promising way to achieve a

high transmission data rate for multipath-rich wireless channels without increasing

the total transmission power or bandwidth [92]. Among the various popular MIMO

wireless communication schemes, the BLAST approaches [37, 31, 83] are particularly

attractive. BLAST attempts to achieve the potentially large channel capacity offered

by the MIMO system [32, 114]. In BLAST systems, the data stream is demultiplexed

into independent substreams that are referred to as layers. These layers are transmit-

ted simultaneously, i.e., one layer per transmit antenna. At the receiver, the multiple

layers can be detected, for example, through successive detection via an interference

cancellation and nulling algorithm (ICNA) [37]. The detection can also be done via

a sphere decoding (SPD) algorithm [26]. SPD is an efficient algorithm to implement

the computationally expensive ML hard-detector.

Our focus herein is on doubling the data rate of the SISO system as specified by

the IEEE 802.11a standard by using a BLAST system with two transmit antennas

and two receive antennas.

STBC and BLAST comparison. The BLAST systems are designed to in-

crease the transmission data of the SISO systems, and the STBC systems are designed

to increase the transmission robustness compared to the SISO systems. Yet, improved

robustness of the STBC systems can sometimes be converted to improved data rate.

Although it is shown in [104] that STBC cannot be used to attain the capacity of the
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MIMO channel, it can be better than BLAST in terms of performance in doubling

the data rate for certain cases. For example, we demonstrate, using simulations ex-

amples, that for doubling the data rate at low data rates using a MIMO system with

two transmit antennas and two receive antennas, STBC can significantly outperform

BLAST. Yet, we show that BLAST can be used to double the transmission data rate

at any data rate.

1.4.3.2 System design issues for the MIMO systems

As one of the system design issues, we still use the packet-based transmission

pattern. As such, the remaining system design issues mainly consist of two tasks:

MIMO preamble design and OFDM DATA field design for the two kinds of MIMO

systems.

MIMO preamble design. As a common part for both of the OFDM-based

BLAST and STBC systems, we consider a MIMO preamble design for the MIMO

systems.

The same as for the SISO system, the MIMO preamble is used to estimate

channel parameters such as CFO, symbol timing, and (MIMO) channel response.

Earlier preamble designs (see, e.g., [57] and the references therein) are mainly based

on the FIR channel model, and are problematic for the realistic channels. We propose

a MIMO preamble design for the MIMO systems, which is backward compatible with

its SISO counterpart as specified by the IEEE 802.11a standard [78]. That is, a SISO

receiver can perform CFO, symbol timing, and channel response estimation based on

the proposed MIMO preamble design and detect up to the SIGNAL field. The SISO

receiver is then informed, by using, e.g., the reserved bit in the SIGNAL field, that

a transmission is a SISO or not. Our MIMO preamble design can be used with two

transmit and any number of receive antennas.

OFDM DATA field design for the STBC systems. For the STBC sys-

tems, we propose an OFDM DATA field design which includes the pairing of the
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OFDM data symbols as well as the pilot symbols. The pairing of the pilot symbols is

needed for tracking the residue CFO induced phase error. We provide a simple OFDM

data symbol generation scheme, using the notion of [122], for the STBC transmitter.

The STBC transmitter based on this scheme has a complexity approximately the

same as its SISO counterpart.

To stay as close to IEEE 802.11a as possible, we use the same scrambler, convo-

lutional encoder, puncturer, interleaver, symbol mapper, and CP as specified in the

IEEE 802.11a standard for our STBC system.

OFDM DATA field design for the BLAST systems. To stay as close

to the IEEE 802.11a standard as possible, we use the simple vertical-BLAST [37]

scheme—separated channel coding and BLAST transmission—for our BLAST sys-

tems. We generate the OFDM data symbols for each transmit antenna in the same

way as for the SISO case, and two OFDM data symbols, one from each transmit an-

tenna, are transmitted simultaneously. Note that the two simultaneously transmitted

OFDM data symbols have the same paired pilot symbols, as for the STBC systems,

to support the tracking of the residue CFO induced phase error, as for the SISO and

STBC systems. To improve the spatial diversity [31, 83], we use a simple interleaver

between the two transmit antennas.

1.4.3.3 Parameter estimation and error reduction

We use a sequential parameter estimation method to estimate the channel pa-

rameters for the MIMO systems based on the MIMO preamble. We follow the same

steps as for the SISO systems to estimate CFO and symbol timing for the MIMO

systems. The only difference between the MIMO and SISO systems, which needs

to be pointed out here, is that the transmitted signal for the MIMO systems is the

superposition of two signals from two transmit antennas. As for the MIMO channel

response estimation, it is only a simple extension from that of the SISO case.
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Parallel to the error reduction algorithms devised for the SISO system in the

previous chapter, we have the corresponding error reduction algorithms for the MIMO

systems. Note that the LS phase fitting and the sampling clock synchronization

methods devised for the SISO systems can be used in the MIMO systems directly.

Hence, we only need to address specifically the algorithms for ML phase tacking [78]

and semi-blind channel response estimation for the MIMO systems. These algorithms

are dependent on the transmitting schemes and will be presented separately in the

STBC and BLAST settings.

1.4.3.4 Detection for the MIMO systems

The same as for the SISO systems, we use convolutional channel coding in our

MIMO systems. As such, we consider soft-detection schemes for these systems since

soft-detection can greatly improve the detection/decoding performance compared to

hard-detection.

A soft-detector for the STBC systems. We provide simple STBC soft-

detector, which takes into account more error sources than the detectors of [33, 35,

34, 113] since we consider estimated channel response for our STBC systems.

Soft-detectors for the BLAST systems. The problem of real-time hard-

ware implementations of the soft-detectors is an important issue. Hence, it is ben-

eficial to devise soft-detectors with various performance/complexity trade-offs. This

is important due to the interactions of the following factors: (a) the OFDM-based

BLAST system has much wider bandwidth than the conventional single-carrier BLAST

systems, and hence is more computationally demanding—a complex algorithm that

can be implemented in real-time for the single-carrier BLAST system may be far

from being able to be implemented in real-time for the OFDM-based BLAST system

and (b) the hardware implementation technology is improving rapidly—a formidable

computing task for today may be very feasible very soon. As such, we provide three

soft-detectors, the first two of which are non-iterative and the third is iterative.
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A simple soft-detector based on unstructured LS fitting [76]. Both the

efficient ICNA [37] and SPD [26] algorithms deliver only hard-output. Soft-output

can be inferred with the ICNA-based algorithm for iterative detection/decoding [67].

However, this algorithm is computationally extremely heavy—exponential in terms

of the number of the transmit antennas as well as the constellation size. Although

reduced-complexity versions were alluded to in [67], it was unclear as to the cost

in performance degradation by doing so. We present herein a simple BLAST soft-

detector based on the unstructured LS fitting approach [76]. This LS-based soft-

detector is ideally suited for real-time implementations, since it decouples the multi-

dimensional QAM (quadrature amplitude modulation) symbol detection into multiple

one-dimensional QAM symbol detections. We show that the real and imaginary

parts of the noise of the decoupled detection output are independent of each other.

Hence, one QAM symbol detection can be further simplified into two PAM (pulse

amplitude modulation) symbol detections. The LS-based soft-detector can also be

seen as related to the zero-forcing or the linear decorrelating detectors [41]. The LS-

based soft-detector performs the same as a more complicated minimum mean-squared

error (MMSE)-based soft-detector [41].

A hybrid soft-detector with good performance/complexity trade-off [80].

The space-time bit-interleaved coded modulation (STBICM)-based soft-detector that

was proposed by two groups of researchers independently [12, 116] seems to be the

first soft-detector devised for the BLAST system [37, 31, 83]. STBICM can be seen

as an extension of the SISO bit-interleaved coded modulation (BICM) scheme [13]

to the BLAST case, and a non-iterative STBICM-based soft-detector can also be

seen as the soft-detection counterpart of the ML-based hard-detector for the BLAST

system. Due to the diversity offered by the MIMO channels, significant performance

improvement can be obtained by using the STBICM-based soft-detector. However,

STBICM can only be implemented via the extremely inefficient brute-forth search. It
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is impossible to be implemented in practical systems. Recently, a list sphere decoder

(LSD)-based soft-detector was proposed [46] to trade-off between performance and

complexity, with the focus of the performance/complexity trade-off being more on

the performance side. The LSD-based soft-detector searches in a small sphere, via

modifying the SPD algorithm [26]. Due to the search in a small sphere, LSD is compu-

tationally much more efficient than STBICM. However, the LSD-based soft-detector

still requires orders of magnitude more computations than its LS-based counterpart.

We combine the merits of the LS- and LSD-based soft-detectors to obtain a new

soft-detector, referred to as the hybrid soft-detector. The hybrid soft-detector has

a better performance than the LS-based soft-detector and a higher computational

efficiency than the LSD-based soft-detector. To further speed up the computational

efficiency, we provide a tight radius for the SPD algorithm based on the hard output

of the unstructured LS approach. The hybrid soft-detector is about 10 times faster

than the LSD-based soft-detector but is about 10 times slower than the LS-based

one. Yet the packet error rate due to using the hybrid soft-detector is quite close to

that of using the LSD-based one.

An iterative soft-detector [79]. The STBICM-based soft-detector [12, 116] is

derived based on the maximum a posteriori (MAP) criterion. The STBICM-based

soft-detector can be used to improve the detection/decoding performance iteratively

by taking the a priori information of the data bits into account, similarly to turbo

decoding [6]; the a priori information can be obtained from the output of the soft-

in soft-out channel decoders, such as the BCJR algorithm [5, 101]. The same as

for the non-iterative detection case, LSD can be used to reduce the computational

complexity of STBICM at the cost of some performance degradation. However, due to

the uncensored a priori information caused by the small candidate pool of LSD during

each iteration, the LSD-based soft-detector can perform worse with the increase in the

iteration number, especially within the practically important low to moderate SNR
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range. We mitigate this problem and thus improve the iterative detection/decoding

performance by constraining the a priori information. The corresponding algorithm

is referred to as the constrained LSD (CLSD)-based soft-detector.

The channel response of the MIMO system can be estimated via using the MIMO

preamble [78]. Due to the limited duration of the preamble, the detection/decoding

performance with the estimated channel response is about 2 dB from that with the

perfect channel knowledge. The detection/decoding performance can be improved if

more accurate channel estimate can be obtained. During iterative processing, we can

update/improve the channel response estimate by using the detected/decoded data

bits via the aforementioned semi-blind technique. The combination of the iterative

detection/decoding utilizing the CLSD-based soft-detector and the channel updating,

referred to as the turbo processing, can significantly improve the system performance.

1.4.4 System Design and Signal Processing for SISO Systems over Time-
Varying Channels

The SISO systems over time-varying channels considered herein include the

DSRC [3, 4] systems and the MBWA [56] systems. Due to the similarity of the above

systems, we will exemplify our presentation using the E2213-02 [4] conformable DSRC

systems.

Like the SISO WLAN systems, the E2213-02 conformable SISO DSRC systems

employ packet-based transmission. They use the packet preamble to obtain the chan-

nel parameters and use coherent detection to detect the data bits contained in the

payload. To control the packet error rate, convolutional channel coding/decoding

is used in the SISO DSRC systems. The packet-based transmission is well suited

for time-invariant channels but will suffer from severe performance degradations for

time-varying channels, which can occur, for example, due to user mobility. The lack

of mechanism for tracking the time-varying channels for coherent detection is the

main cause for the performance degradations. As a result, the SISO DSRC systems



27

conforming to this standard can only be used with low transmission data rates and

short packets, i.e., when the throughput is relatively low.

There are mainly two classes of approaches to deal with the time-varying channels

if we are not limited to conforming to the standard. The approaches in one class use

differential modulation/detection schemes which obviate the need of channel tracking

[27, 96, 107]. For high data rate transmissions, differential amplitude/phase shift-

keying (DAPSK) can be used to improve the performance [29, 74]. The approaches in

the other class use channel tracking schemes to track the channel variation to support

the coherent detection. The approaches in the latter class can be further divided into

two main groups. The approaches in one group, such as those in [69, 89], use decision

feedback to update the channel responses. The approaches in the other group, such as

those in [28, 93], use pilot tones to update the channel responses. Unfortunately, the

approaches in the former group work well only for PSK constellations, such as QPSK,

and will suffer from significant performance degradations for QAM constellations,

which are often used for high data rate transmissions. The problem with the QAM

symbols is that those with small amplitudes can cause large errors in channel response

updating. The approaches in the latter group assume and exploit the properties

of FIR channel models for the OFDM signaling. However, FIR models have been

shown to be only rough approximations of the realistic channels for OFDM signaling

[118, 77]. As a result, in practical applications, these approaches will perform much

worse than the differential approaches for high rate transmission.

We propose a new scheme for channel tracking that can significantly outperform

all the existing approaches including the differential ones for high rate transmission.

Our new scheme combines packet design with signal processing (at the receiver) to

address the channel tracking problem. For the packet design, we segment an entire

packet into multiple subpackets—with each subpacket having zero tail bits to reset the

convolutional channel encoder—so that the detection/decoding result of a subpacket
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can be used to update the channel estimation for the subpacket. This way, we provide

a mechanism for tracking the channel variation via, for example, a Decision Feedback

Frequency-domain channel response Estimation (DFFE) method at the receiver [89].

In addition, based on the DFFE results, we use weighted polynomial fitting (PF) to

drastically improve the channel estimation accuracy. We can also use a modified PF

(MPF) method to improve the accuracy of PF in the presence of symbol timing esti-

mation errors. Based on the PF or MPF results, we then use a prediction method to

improve the tracking accuracy for the subsequent channel responses. Simulation re-

sults show that our new scheme can significantly outperform the commonly suggested

differential modulation/detection schemes, especially for high mobility cases.

Our new scheme can be easily used to modify the E2213-02 standard so that

the DSRC systems conforming to the modified standard can be used for time-varying

channels. The same modification can be used in the WiMax standard as well as the

Wi-Fi standards including IEEE 802.11a, IEEE 802.11g, and HIPER/LAN2, which

are all packet- and OFDM-based, to accommodate mobility. Moreover, the new

scheme can be readily adopted into the MBWA standards which are under develop-

ment.

1.4.5 System Design and Signal Processing for MIMO Systems over Time-
Varying Channels

The MIMO systems over time-varying channels considered herein include the

MIMO systems targeting the applications of DSRC and BMWA, and we will exemplify

our presentation using the MIMO systems resembling the E2213-02 conformable SISO

DSRC systems.

As for the SISO systems, there are mainly two classes of approaches to deal

with the time-varying channel problem for the STBC systems—differential modula-

tion/detection or channel updating/tracking. For the BLAST systems, however, there

is only one class of approaches to deal with this problem—channel updating/tracking.
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(STBC can be seen as a kind of coordinated superposition of the transmitted sym-

bols, and BLAST is deemed to be a kind of non-coordinated superposition. Hence,

the BLAST systems can only use coherent detection.)

Let us consider the differential modulation/detection problem for the STBC sys-

tems first. For the time-varying channels, differential space-time modulation (DSTM)

schemes [45, 48, 82, 75, 112] were recently introduced as extensions of the traditional

differential phase shift keying (DPSK) schemes for the SISO systems. Like DPSK

schemes for the SISO systems, the DSTM schemes can obviate the need for channel

estimation at the receiver. In addition, DSTM can maintain the desired properties of

space-time coding techniques, such as the transmit diversity. More recently, STBC-

based differential space-time block code (DSTBC) modulation scheme was proposed

[36, 81]. DSTBC has the same diversity gain as—but offers higher coding gain than—

the DSTM schemes. This is not surprising in view of the fact that STBC is optimal

in terms of SNR [109]. Moreover, the decoding of the DSTBC modulation scheme is

more efficient than for the DSTM schemes, especially for large constellations, since

the former allows for a decoupled linear detection, with which it is to detect each

information symbol separately. However, both of the DSTM and DSTBC schemes

can only be used with the PSK symbols due to the need of keeping the same ampli-

tude in the process of differential modulation. This will lead to a problem—severe

performance degradations for high transmission data rate cases due to the problem

of small minimum constellation-distance with large PSK constellations. For example,

for the highest transmission data rate for DSRC, 64-PSK, which has a much smaller

minimum constellation-distance than 64-QAM, needs to be used. As a consequence,

neither DSTM nor DSTBC is applicable for the case of high transmission data rates.

Due to the above problems, we use channel updating/tracking for the MIMO

systems over the time-varying channels. We consider various system design and

signal processing issues for the MIMO systems. The MIMO preamble design we
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introduced above for the MIMO systems over the time-invariant channels is suited

for the time-invariant channels. Yet, for the time-varying channels, it is too long

to catch the time-varying channels. We design a MIMO preamble which is shorter

than the previous one, and provide corresponding signal processing algorithm that

can be used to estimate the MIMO channel response with this preamble. Similar

to the SISO systems over the time-varying channels, we use segmented subpackets

to provide a mechanism for channel tracking. The channel tracking and prediction

methods proposed for the SISO systems can be extended to the MIMO systems

readily, and the MIMO detectors for the time-invariant channel case can be used here

directly.

1.5 Organization of the Dissertation

The remainder of the dissertation is organized as follows. Chapter 2 presents

the new signal processing approaches for channel parameter estimation and error

reduction for the OFDM-based SISO systems over time-invariant channels. Chapter

3 describes various system design and signal processing issues for the OFDM-based

MIMO systems over time-invariant channels, which include: MIMO preamble and

OFDM DATA fields design, channel parameter estimation and error reduction, as

well as soft-detectors for the OFDM-based MIMO systems. Chapter 4 considers

various system design and signal processing issues for the OFDM-based SISO systems

over time-varying channels. Chapter 5 combines the merits of the previous chapters

to address of the system design and signal processing issues for the OFDM-based

MIMO systems over time-varying channels. Finally, Chapter 6 provides a summary

of considered issues and the contributions of this dissertation and recommends the

future work



CHAPTER 2
SISO SYSTEMS OVER TIME-INVARIANT CHANNELS

As we have mentioned earlier, the OFDM-based SISO wireless communication

systems considered in this chapter include the SISO WLAN systems and the SISO

WiMax systems which work over time-invariant frequency-selective fading channels.

Due to the similarity of these systems, we will exemplify our presentation of this

chapter using an IEEE 802.11a [49] conformable SISO WLAN system. The considered

SISO system uses packet-based transmission. Each packet, as shown in Figure 2–

1, consists of an OFDM packet preamble, a SIGNAL field, and an OFDM DATA

field. The packet preamble is used to determine the channel parameters, including

the carrier frequency offset (CFO), symbol timing, as well as the channel response

between the transmit antenna and the receive antenna. These parameters are needed

for the detection/decoding of the data bits contained in the SIGNAL field and the

OFDM DATA field.

In this chapter, we consider the following signal processing issues for the IEEE

802.11a conformable SISO WLAN system: channel parameter estimation and error

reduction at the receiver. We devise or select signal processing algorithms that can

help improve the overall system performance and can be efficiently implemented in

real-time. The important issues that we address are briefed as follows.

First, we consider the channel modeling for the OFDM signaling. The time-

invariant frequency-selective fading channels for the OFDM signaling is often modeled

as an FIR (finite impulse response) filter [16, 124]. We clarify the fact, which was first

revealed in [118] but largely overlooked ever since, that the FIR channel model is only

an approximate model for the OFDM signaling. We consider a channel model useful

for characterizing the realistic channels for the OFDM signaling. This channel model

31
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Figure 2–1: The packet structure specified by the IEEE 802.11a standard.

is especially useful for assessing the performance of the channel parameter estimation

methods devised for OFDM-based wireless communication systems.

Second, we consider the channel parameter estimation problem. We give herein

a sequential parameter estimation method that can be used to estimate all of the

aforementioned channel parameters for the realistic channels. The sequential method

fully exploits the structure of the packet preamble as specified by the IEEE 802.11a

standard.

Finally, we consider the error reduction problem. First, we give a maximum-

likelihood (ML) phase tracking approach using pilot tones to estimate (and correct)

the residue CFO induced phase error (CPE) for each received OFDM data symbol.

Second, we supply a least-squares (LS) phase fitting approach using the estimated

CPEs from each of the OFDM data symbols to improve the accuracy of the phase error

estimates. Third, we provide a sampling clock synchronization approach to mitigate

the unsynchronized sampling clock induced time delay error. This synchronization

approach is especially useful for the packet-based transmissions and can eliminate the

need of using the AFC (automatic frequency control) clock recovery circuit. Fourth,

we present a semi-blind method, which is a modified version of the one in [59], to

improve the channel response estimation accuracy using the detected/decoded data

bits iteratively.

Note that the above channel parameter estimation and error reduction algorithms

can also be used (with appropriate modification or extension) in the OFDM-based

MIMO wireless communication systems which will be considered in the later chap-

ters. To facilitate the application of these algorithms in the MIMO systems, we
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present these algorithms in a SIMO (single-input/multiple-output) setting. That is,

we consider multiple antennas at the receiver end.

The effectiveness of our algorithms and the overall system performance of using

our algorithms are demonstrated via numerical examples following the description of

the algorithms.

The remainder of this chapter is organized as follows. Section 2.1 gives a channel

model which can be used to characterize the realistic channels for the OFDM signaling

and describes the data model for the OFDM-based WLANs. Section 2.2 presents the

sequential parameter estimation method. The error reduction algorithms are provided

in Section 2.3. Finally, we conclude this chapter in Section 2.4.

2.1 Channel and Data Model

Before providing the channel model and data model, let us recall the generation

of the OFDM data symbols. Let

xk =




xk,1

xk,2

...

xk,NS




, k = 1, 2, . . . , K, (2.1)

be a vector of NS = 64 symbols, where xk,nS
, nS = 1, 2, . . . , NS, is the symbol

modulating the nSth subcarrier and is equal to 0 for the null subcarriers, 1 or −1 for

the pilot tones, or a member in a constellation C for data carrying subcarriers. Here

K is the number of OFDM data symbols in a packet and C is a finite constellation,

such as BPSK, QPSK, 16-QAM, or 64-QAM. Let WNS
∈ CNS×NS be the FFT matrix.

Then the kth OFDM data symbol sk corresponding to xk is obtained by taking IFFT

of xk. That is,

sk = WH
NS

xk/NS, (2.2)
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Figure 2–2: Illustrations of the analog waveforms for OFDM data symbols and the
output of a multipath channel.

where (·)H denotes the conjugate transpose. To eliminate ISI, sk is preceded by a

cyclic prefix (CP) or guard interval (GI) sk,C formed using the last NC = 16 elements

of sk.

By stacking the packet preamble and the OFDM symbols (together with their

corresponding CPs) in the SIGNAL and OFDM DATA field, we obtain the entire

packet s ∈ C(5+K)(NS+NC)×1. (Here 5 is due to the fact that the length of the packet

preamble is 4 OFDM data symbol long and that the length of the SIGNAL field is 1

OFDM data symbol long.) Passing s through a pair of D/A converters (for both the

real and imaginary parts of s) and the corresponding lower-pass filters, we obtain the

(complex) analog waveform s(t) which is shown in Figure 2–2.

2.1.1 Channel Model

Let

h(t) =

PM∑
p=0

αpδ(t− tp) (2.3)

denote the (baseband) time-domain analog channel impulse response of a time-invariant

frequency-selective (multipath) fading channel (called the realistic channel for short),
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where αp and tp = τptS (τ0 ≤ τ1 ≤ . . . ≤ τPM
, tS = 50 ns) are the complex gain and

time delay of the pth path, respectively. Then the (baseband) input to the receiver is

z(t) = h(t) ∗ s(t) (see Figure 2–2). To detect the data bits contained in each OFDM

data symbol, we need to sample z(t) (with sampling interval tS) and process the

sampled data in blocks of length NS.

Let

h(t) = [h
(t)
0 h

(t)
1 . . . h

(t)
NS−1]

T (2.4)

be the corresponding time-domain discrete channel response [referred to as the equiv-

alent discrete channel response of h(t)] for the sampled data blocks. Note that by

equivalence we mean the discrete frequency-domain response of (2.4) is the same as

that of (2.3) on the interested subcarriers; i.e., if

h = WNS
h(t) 4= [h1 h2 . . . hNS

]T (2.5)

is the frequency-domain channel response corresponding to the sampled signals, then

for an interested subcarrier nS, we have:

hnS
=

∑
p

αpe
−jτptSω

∣∣
ω=

2π[nS−1]NS
NStS

, (2.6)

where tS is the sampling interval and

[nS − 1]NS
=





nS − 1, nS ≤ NS/2,

nS − 1−NS, nS > NS/2.
(2.7)

We have two types of equivalent discrete channel responses depending on the choices

of the interested subcarriers, which are used to transmit data. If we were interested

in all of the NS = 64 subcarriers, then the lth, l = 0, 1, . . . , NS − 1, element of h(t),

which is referred to as the Type A equivalent discrete channel response, could be

written as

h
(t)
l =

∑
p

αpe
j

π(τp−l)

NS
sin (π(τp − l))

sin (π(τp − l)/NS)
. (2.8)
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Figure 2–3: Illustration of the amplitude of two types of equivalent discrete channel
response for a multipath channel described by h(t) = δ(t− 2.5tS)− j0.5δ(t− 4.8tS):
(a) Type A; (b) Type B.

On the other hand, if we are interested in only the NSC = 52 non-zero subcarriers

(with the 12 null-subcarriers being set to zero), then, the lth element of h(t), which

is referred to as the Type B equivalent discrete channel response, can be written as

h
(t)
l =

∑
p

αp

(
e

j
π(τp−l)

NS
sin (π(τp − l)NSC/NS)

sin (π(τp − l)/NS)
− 1

)
. (2.9)

See Appendix 2.5.1 for the derivation of (2.8) and (2.9).

We remark that both of the two equivalent discrete channels usually are of length

NS (this is true even when we have only one path but t0 is not a multiple of tS), as

shown in Figure 2–3. The reason is that, as shown in Figure 2–4, the transaction

from one period of h to another is not smooth due to fact that τp, p = 0, 1, is not an

integer.

Note that the length of the equivalent channels is much longer than NC , the

length of CP. However, this will not cause the ISI problem as long as τPM
−τ0 ≤ NC−1

and we have the correct symbol timing. The reason is that the (sampled) receiver

output due to the multipath channel is not obtained from the convolution of the

equivalent discrete channel response with s; rather, it is obtained from sampling
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Figure 2–4: Illustration of the discontinuities in the amplitude of the frequency-
domain channel response for a multipath channel described by h(t) = δ(t− 2.5tS)−
j0.5δ(t− 4.8tS).

z(t), the convolution of h(t) and s(t), as shown in Figure 2–2, with the portion

contaminated by ISI discarded.

The equivalent discrete channel response h(t) is often approximated by an expo-

nentially decaying FIR filter with length LF [124], denoted as

he(t) =

LF−1∑

lF =0

h
(t)
lF

δ(t− lF tS), (2.10)

where

h
(t)
lF
∼ N (

0,
(
1− e−1/tn

)
e−lF /tn

)
, (2.11)

with
{

h
(t)
lF

}LF−1

lF =0
being independent of each other, tn = tr/tS, tr being the root-mean-

square (rms) delay spread of the frequency-selective fading channel, LF = d10tne +

1, and dxe denoting the smallest integer not less than x. This channel model is

sometimes referred to as the exponential channel model [16].

The exponential channel model is efficient for numerical simulations for system

performance; however, we should not devise parameter estimation methods based on

its limited length property, since, as was shown in (2.8) or (2.9), the FIR filter is only

an approximation of the realistic channel for the OFDM signaling.
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The direct simulation of (2.3) is difficult due to a potentially large PM and the

distributions of αp. Instead, we modify (2.10) slightly to better characterize the

realistic channels as follows:

hm(t) =

LF−1∑

lF =0

h
(t)
lF

δ(t− lF tS − tlF ), (2.12)

where h
(t)
lF

is as in (2.11) and tlF , lF = 0, 1, . . . , LF − 1, is uniformly distributed over

[0, tS]. We also assume that
{

h
(t)
lF

}LF−1

lF =0
and {tlF }LF−1

lF =0 are independent of each other.

This new channel model, referred to as the modified exponential channel model, is

more realistic than the one in (2.10) due to the time delays {tlF }LF−1
lF =0 introduced in

(2.12).

2.1.2 Data Model

Consider now the data model for the OFDM-based WLANs. Let zne
k ∈ CNS×1

be the noise-free and CFO-free received signal vector, obtained from sampling the

baseband signal zk(t) due to receiving sk(t), as shown in Figure 2–2, with a correct

symbol timing. (Note that NC samples, which include the ISI, have been discarded

when forming zne
k .)

Let

h = [h1 h2 . . . hNS
]T (2.13)

be the frequency-domain channel response (on the NS subcarriers) corresponding to

the employed symbol timing. The received data vector is denoted as

zk = zne
k + wk, (2.14)

where wk ∼ N (0, (σ2/NS)INS
) is the additive zero-mean white circularly symmetric

complex Gaussian noise with variance σ2/NS. The FFT output of zk can be written

as [124]

yk = WNS
zk
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= diag{h}xk + WNS
wk

4
= diag{h}xk + ek ∈ CNS×1, (2.15)

where diag{h} denotes the diagonal matrix formed from h and ek ∼ N (0, σ2INS
).

The data model in (2.15) can also represent the OFDM symbols in the SIGNAL field

and the packet preamble.

Equation (2.15) can also be written as

yk = diag{xk}h + ek. (2.16)

Note that (2.15) is useful for the data symbol (or data bit) detection whereas (2.16)

can be used for the channel response estimation (with xk being the known training

data symbol vector, denoted as xB in the sequel, for the case of channel response

estimation).

2.2 Sequential Channel Parameter Estimation

We now present the sequential CFO, symbol timing, and channel response esti-

mation method which exploits the packet preamble structure for the OFDM-based

WLAN system. The CFO can be estimated from the samples of two consecutive data

blocks due to periodic inputs. Because of the fact that the CFO can be outside of

the unambiguous range measurable by the long OFDM training symbols, we have

to estimate the CFO in two steps: a coarse CFO estimation using the short OFDM

training symbols and then a fine CFO estimation, which determines the residue of

the coarse CFO correction, using the long OFDM training symbols. After estimating

and accounting for the CFO, we can obtain the symbol timing. We estimate the sym-

bol timing also in two steps: the coarse symbol timing and fine symbol timing. The

former is obtained by using the later portion of the short OFDM training symbols,

which is suggested by the IEEE 802.11a standard for the symbol timing estimation,

and hence the coarse symbol timing can also be considered as the standard symbol
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timing. The fine symbol timing is obtained using the long OFDM training sym-

bols. Finally, we obtain the channel response estimate. The parameter estimates are

obtained in the order of the presentation given below.

As we have mentioned earlier, we present the sequential channel parameter es-

timation algorithm in the SIMO context, where we assume that we have N receive

antennas.

2.2.1 Coarse CFO Estimation

Let zn(l) = zne
n (l) + en(l), n = 1, · · · , N , denote the lth time sample of the signal

received from the nth receive antenna, starting from the moment that the receiver

AGC has become stationary (the receiver AGC is assumed to become stationary at

least before receiving the last two short OFDM training symbols and remain station-

ary while receiving the remainder of the packet). In the presence of CFO, we have

[105]:

zne
n (l + NC) = zne

n (l)ej2NCπε, n = 1, · · · , N, (2.17)

where ε is the normalized CFO (with respect to the sampling frequency), which we still

refer to it as CFO for convenience. (The absolute CFO, i.e., the difference between the

oscillators of the receiver and transmitter, is ε/tS, where tS is the sampling period.)

For each receive antenna output, consider the correlation between two consecutive

noise-free received data blocks, each of which is of length NC . Then the sum of the

correlations for all receive antennas can be written as

N∑
n=1

v+NC−1∑

l=v

zne
n (l)(zne

n (l + NC))∗ = e−j2NCπε

N∑
n=1

NC−1∑

l=0

|zne
n (l)|2

4
= Pe−j2NCπε, (2.18)

where (·)∗ denotes the complex conjugate and v is any non-negative integer such that

zne
n (v + 2NC − 1) is a sample of the nth receive antenna output due to the input

(transmit antenna output) being a sample of the short OFDM training symbols of
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the packet preamble. Let

PS =
N∑

n=1

NC−1∑

l=0

zn(l)z∗n(l + NC)

= Pe−j2NCπε + eP , (2.19)

where eP is due to the presence of the noise. We calculate the coarse CFO as [65]

ε̂C = − 1

2NCπ
∠PS, (2.20)

where ∠x denotes taking the argument of x.

We next correct the CFO using ε̂C to get the data samples z
(C)
n (l), n = 1, 2, · · · , N ,

as follows:

z(C)
n (l) = zn(l)e−j2lπε̂C . (2.21)

Correspondingly, we have

P
(C)
S = PSej2NCπε̂C . (2.22)

In the sequel, we only consider the CFO corrected data given above. For notational

convenience, we drop the superscript of z
(C)
n (l), n = 1, 2, · · · , N .

2.2.2 Coarse Symbol Timing Estimation

The symbol timing is referred to as the starting time sample due to the input

being the long OFDM training symbol T1. Once the starting time sample due to the

long OFDM training symbol T1 is determined, we can determine the starting time

sample due to every OFDM symbol thereafter. According to the specification of the

IEEE 802.11a standard and the sampling rate of 20 MHz, the true symbol timing T0

is 193 (in terms of samples), which comes from adding up the lengths of the 10 short

OFDM training symbols and the GI2, as shown in Figure 2–5.

Now we can use a correlation method, modified based on the approach presented

in [105], to estimate the coarse symbol timing.
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Figure 2–5: Illustration of definition of various symbol timings and the determination
of these symbol timings.

From (2.19) and (2.22), we note that the correlation (after the CFO correction)

is approximately the real-valued scalar P plus a complex-valued noise. Hence we

propose to use the following real-valued correlation sequence for coarse symbol timing

determination. We calculate the correlation sequence in an iterative form similar to

the complex-valued approach in [105] as follows:

PR(v + 1) = PR(v) + Re

{
N∑

n=1

[zn(v + NC)z∗n(v + 2NC)− zn(v)z∗n(v + NC)]

}

= PR(v) +
N∑

n=1

{z̄n(v + NC)[z̄n(v + 2NC)− z̄n(v)]

+ z̃n(v + NC)[z̃n(v + 2NC)− z̃n(v)]} , (2.23)

where both Re (·) and (̄·) denote the real part of a complex entity and (̃·) stands for

the imaginary part. We start the iteration by using PR(0) = Re (PS). Note that

the real-valued correlation approach given in (2.23) is superior to the complex- and

absolute-valued one given in [105] since the former (a) uses fewer computations, (b)

lowers the noise level in the correlation sequence (noise variance reduced in half), and

(c) drops closer to zero as the sliding data blocks starting to slide out of the region

due to the input being the short OFDM training symbols in the preamble. The

advantages of (a) and (b) can be seen readily in (2.19) and (2.23) and the advantage
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with the absolute-valued calculation algorithm for a time-invariant channel with tr =
50 ns for a SISO system.

of (c) can be observed from a simulation example shown in Figure 2–6, where PA(v)

denotes the absolute-valued (complex-valued) correlation sequence of [105].

When some of the data samples of the sliding data blocks are taken from the

received data due to the input being GI2 or the long OFDM training symbols following

the short OFDM training symbols, the value of PR(v) will drop since (2.17) no longer

holds. This property can be used to obtain the coarse symbol timing estimate. Let

TP , as shown in Figure 2–5, denote the first time sample when PR(v) drops to below

half of its peak value. Then, we can have the coarse symbol timing estimate as:

TC = TP +
3

2
NC + NC . (2.24)

Note that the second term at the right hand side of the above equation is due to the

fact that the value of PR(v) will drop to approximately one half of its maximum when

the data samples of the second half of the second of the two sliding blocks are due to

the GI2 in the preamble; the third term is due to one half of the length of GI2—2NC .

When τPM
− τ0 ≤ NC − 1, only the first half of GI2 can suffer from ISI. Hence our

goal of coarse timing determination is to place the coarse timing estimate between
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the true timing T0 = 193 and T0 −NC = 177 to make accurate fine CFO estimation

possible. This explains why we use NC instead of 2NC for the third term in (2.24).

We have noticed that the coarse or standard symbol timing is not sufficiently

accurate, especially for frequency-selective fading channels with large tr, as will be

shown via simulation examples. Hence a fine symbol timing estimate is needed.

Before we present our fine timing estimation method, let us consider the fine CFO

estimation first, since a better corrected CFO can lead to a better fine symbol timing

estimation.

2.2.3 Fine CFO Estimation

Similar to the coarse CFO estimation case, we calculate the correlation between

the received signals due to the two long OFDM training symbols as follows:

PL =
N∑

n=1

NS−1∑

l=0

zn(l + TC)z∗n(l + TC + NS). (2.25)

(Note that the data samples used here start from TC .) Then the fine CFO estimate

can be computed as

ε̂F = − 1

2NSπ
∠PL. (2.26)

We can use ε̂F in the same way as ε̂C to correct the residue of the CFO. We assume

that the data we use below have ε̂F corrected already.

2.2.4 Fine Symbol Timing Estimation

We now move on to obtain the fine symbol timing by using the long OFDM

training symbols. The idea for obtaining the fine symbol timing estimate is based on

the notion of the equivalent discrete channel response mentioned earlier—we use a

sudden jump of the equivalent channel as the fine symbol timing estimate.

The fine symbol timing is estimated by using a data block of length NS, starting

from the time sample TC +3NC . With this choice, due to the fact that T1 is identical

to T2, the data block is most likely due to the input being the second half of T1 and

the first half of T2, even when the coarse symbol timing has a large error.
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Let yn denote the output of the NS-point FFT of the data block from the nth re-

ceive antenna and h
(t)
n be the equivalent discrete channel response in the time-domain

between the transmit antenna and the nth receive antenna. Then, by neglecting the

existence of the residue CFO, yn can be written as [cf. (2.16)]

yn = XBWNS
h(t)

n + en, (2.27)

where XB is a diagonal matrix formed from xB, which is the training data symbol

vector consisting of the 52 known BPSK symbols and 12 zeros, used to form the

T1 in Figure 2–1. (here the subscript “B” denote the BPSK symbols). Since the

Moore-Penrose pseudo-inverse of XB is XB itself and WNS
/N

1/2
S is unitary, we get

an estimate of h
(t)
n as

ĥ(t)
n =

1

NS

WH
NS

XByn, (2.28)

which is actually the noise contaminated Type B equivalent discrete channel response

[cf. Figure 2–3(b)].

Let TI , as shown in Figure 2–5, denote the first index of the elements of

N∑
n=1

|ĥ(t)
n | (2.29)

that are above 1/3 of the maximum value of the elements of |ĥ(t)|. (Our empirical

experience suggests that selecting the threshold to be 1/3 gives very robust result.)

Then the fine symbol timing TF is obtained as

TF = TC −NC + TI − 3. (2.30)

The second term above is used to compensate for the aforementioned 3NC shift due

to the fact that NS − 3NC = NC and the last term above is chosen to be 3 to ensure

that TF > T0 with negligible probability.

Note that we could have devised methods more sophisticated than (2.30) to

determine the fine symbol timing based on the element values given in (2.29). Yet, the



46

fine symbol timing estimate given by (2.30) is good enough—no appreciable difference

can be noticed in terms of the overall system performance when using the fine symbol

timing and the perfect symbol timing, as shown by simulation results (not provided).

This means that more sophisticated methods will not lead to better overall system

performance and thus will not be considered here. Note also that (2.28) is equivalent

to the matched filter method of [120], as shown in Appendix 2.5.2. Yet, the former

is about 7.5 time more efficient than the later in terms of computation flops. More

importantly, the former can be calculated using FFT, which is especially suited for

the real-time implementations.

2.2.5 Channel Response Estimation

After we obtain TF , we can now estimate the channel response. Let yn,L denote

the output of the NS-point FFT of the average of the two consecutive received data

blocks, zn,T1 and zn,T2 , each of which is of length NS, due to the input being the

two long OFDM training symbols, from the nth receive antenna. Let hn denote

the channel response from the transmit antenna to the nth receive antenna for the

nSth subcarrier, nS = 1, 2, . . . , NS (we drop the dependence on nS for notational

convenience). Then, for the nSth subcarrier, we have

yn,L = xBhn + en,L, (2.31)

where xB denotes the nSth diagonal element of XB, yn,L denotes the nSth element

of yn,L, and en,L ∼ N (0, σ2/2). (Here the variance σ2/2 is due to averaging the two

consecutive data blocks.) We can readily have, from (2.31), that:

ĥn = xByn,L. (2.32)

We can readily see that the variance of the estimation error for hn is σ2/2.

Moreover, σ̂2, the estimate of σ2, can be easily obtained from the difference zn,∆
4
=

zn,T1 − zn,T2 , n = 1, 2, . . . , N . Let yn,∆ denote the FFT of zn,∆. Then yn,∆ ∼
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Figure 2–7: Probability distribution (or histogram) of coarse and fine symbol timing
estimates when SNR = 10 dB for time-invariant channels generated according to two
channel models with various tr’s for a SISO system: (a) the modified exponential
channel model; (b) the exponential channel model.

N (0, 2σ2INS
). Let ỹn,∆ be a sub-vector of yn,∆ containing the elements on the

NSC = 52 non-zero subcarriers. We compute σ̂2 as

σ̂2 =
1

2NSCN

N∑
n=1

‖ỹn,∆‖2, (2.33)

where ‖ · ‖ denotes the Euclidean norm. This σ̂2 is needed later by the soft-detector.

2.2.6 Numerical Examples for Symbol Timing Estimation

We provide several numerical examples to demonstrate the performance of sym-

bol timing estimation (with CFO estimation and correction included). As for the

performance of channel response estimation, it will be demonstrated in the next sec-

tion along with other algorithms. Due to the fact that NSC out of NS subcarriers

are used in the OFDM-based WLAN system, the SNR used herein is defined as

NSC/(NSσ2) for the constellations whose average energies are normalized to 1. All

simulation results are obtained with 104 Monte-Carlo trials.

Example 1. Probability distribution (or histogram) of the coarse and fine sym-

bol timing estimates for various tr’s. The probability of the symbol timing estimation
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Figure 2–8: Probability distribution of coarse and fine symbol timing estimates for
time-invariant channels with tr = 100 ns for a SISO system at various SNRs: (a)
coarse symbol timing; (b) fine symbol timing.

frequency-selective fading channels generated according to the modified exponential

model and the exponential model are shown in Figures 2–7(a) and 2–7(b), respec-

tively. The two dashed curves in the figures show the probability distribution of the

coarse symbol timing estimates for channels with tr = 50 and 150 ns at a low SNR =

10 dB. The two solid curves in the figures show the probability distribution of the fine

symbol timing estimates. We can see that the simple fine symbol timing approach

gives highly accurate timing estimates, compared to the coarse one, even at the low

SNR of 10 dB. We can also see that the fine symbol timing estimation method, like

the coarse symbol timing one, works equally well for the channels generated according

to both of the channel models.

Example 2. Probability distribution of the coarse and fine symbol timing es-

timation for various SNRs. Figure 2–8(a) shows the probability distribution of the

coarse symbol timing estimates for channels generated according to the modified ex-

ponential model with tr = 100 ns when SNR = 5 and 10 dB, respectively. Figure

2–8(b) shows the probability distribution of the fine symbol timing estimates. (The

probabilities at the two ends of the horizontal axes are actually the sum of all of the
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probabilities of the symbol timing estimates being equal to or beyond the ends.) We

observe that:

• the accuracy of the coarse symbol timing estimates does not increase signifi-

cantly with the increase of the SNR;

• sufficient fine symbol timing accuracy can be achieved even when the SNR is

as low as 5 dB;

• the fine symbol timing approach can tolerate a large coarse symbol timing error.

2.3 Error Reduction

With the CFO estimated and accounted for as well as the symbol timing and

channel response determined, we can proceed to detect the data bits contained in the

OFDM DATA field. (See Appendix 2.5.3 for a simple SISO soft-detector.) To improve

the detection performance (which can lead to improved decoding performance) we

consider several error reduction issues. We first reduce three kinds of phase-related

errors by using the pilot tones and then reduce the channel response estimation error.

2.3.1 ML Phase Tracking

The pilot tones in the OFDM data symbols can be used to track the CPE (residue

CFO induced phase error), which will always exist since the CFO estimation can

never be perfect. This should be performed before data bit detection. For the kth

received data block from the nth receive antenna, zn,k [cf. (2.15)], n = 1, 2, . . . , N ,

k = 1, 2, . . . , K, let φk be the CPE, pk denote the 4 × 1 vector containing the 4

BPSK pilot symbols in xk, and y
(p)
n,k denote the 4 × 1 data vector corresponding

to the pilot tones in yn,k, received from the nth receive antenna. Let ĥ
(p)
n be the

4×1 estimated channel response vector from the transmit antenna to the nth receive

antenna corresponding to the pilot tones. Then

y
(p)
n,k = ejφkPkĥ

(p)
n + e

(p)
n,k, (2.34)

where Pk = diag{pk} and e
(p)
n,k denotes the corresponding zero-mean white circularly

symmetric complex Gaussian noise vector. The ML estimate of φk is then computed
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as

φ̂k = arg min
φk

N∑
n=1

∥∥∥y
(p)
n,k − ejφkPkĥ

(p)
n

∥∥∥
2

= ∠
N∑

n=1

{(
ĥ(p)

n

)H

PH
k y

(p)
n,k

}
. (2.35)

With the computed φ̂k, we can compensate out φ̂k either in the time domain via

zn,ke
−jφ̂k or in the frequency domain via yn,ke

−jφ̂k , n = 1, 2, . . . , N .

2.3.2 LS Phase Fitting

After receiving the entire OFDM DATA field, we can improve the phase estima-

tion accuracy by using the LS approach to fit a linear model to the phase estimates

since φk is caused by the residue CFO and hence is a linear function of k in the

absence of the oscillator phase noise. This LS approach still works well even in the

presence of small to moderate oscillator phase noise, which is often the case in prac-

tice. However, the LS approach should be avoided when the oscillator phase noise is

large due to the large error in the linear model.

First, we consider the case where all K OFDM data symbols in the OFDM

DATA field are used for fitting the phase errors into a line. The phase error due to

the residue CFO can be modeled as

φk = ψ1 + kψ2, k = 0, 1, . . . , K, (2.36)

where k = 0 corresponds to the OFDM symbol in the SIGNAL field. We could

have used an ML approach to obtain ψ1 and ψ2. However, the ML approach is

computationally expensive and does not provide appreciable detection improvement

over the following simple LS phase error fitting approach, which we prefer over the

former. (To be self-contained, we provide the derivation of the ML phase fitting
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method in Appendix 2.5.5.) Let

φ̂
4
=




φ̂0

φ̂1

...

φ̂K



≈




1 0

1 1

...
...

1 K







ψ1

ψ2


 4

= Dψ, (2.37)

where {φ̂k}K
k=0 are first obtained with the ML phase tracking approach in (2.35) and

then phase un-wrapped before used in (2.37). The LS estimate of ψ is then given by:

ψ̂ = (DTD)−1DT φ̂. (2.38)

Once we obtain ψ̂, we remove the linear phase error φ̂F = Dψ̂ from the data sequence

in the OFDM DATA field.

Second, we consider the case where the kth OFDM data symbol and KS < K

OFDM data symbols ahead of it are used to form φ̂ to obtain an improved estimate

of the CPE for the kth OFDM data symbol. Here we still estimate ψ̂ as shown in

(2.38) (but with D ∈ R(KS+1)×2); however, we only use

φ̂F = [1 KS]ψ̂ (2.39)

as the estimate of the CPE for the kth OFDM data symbol now. We can pre-compute

(DTD)−1DT to save computations. When k < KS, we can pad zeros at the beginning

of φ̂ so as to use the same CPE estimation formula of (2.39).

While the first case can give better accuracy, the second case is more suitable

for real-time implementations, and is referred to as the real-time LS phase fitting

approach.

2.3.3 Sampling Clock Synchronization

We have so far assumed that the receiver sampling clock is synchronized with the

transmitter symbol clock. This assumption is valid if the AFC (automatic frequency



52

control) clock recovery circuit suggested in the IEEE 802.11a standard can work well.

Unfortunately, this circuit, which usually uses the delay-lock loop (DLL) [127], does

not work well for packet-based transmission since the data sequences is usually too

short to make a good synchronization. We will address this problem by using a signal

processing algorithm instead.

The sampling clock synchronization is different from the symbol timing in that

the latter is concerned with determining the correct position to discard the GI while

the former focuses on aligning the receiver sampling clock to the transmitter symbol

clock. The sampling clock synchronization is important since the WLAN performance

will degrade severely without it.

The IEEE 802.11a standard suggests that at the transmitter, both of the transmit

center frequency and the symbol clock frequency be derived from the same reference

oscillator. We suggest the same at the receiver, i.e., the sampling clock frequency

and the receive center frequency be derived from the same reference oscillator. Then

each sample of the received signal will suffer from a delay of

fS

fR

ε, (2.40)

where ε is the normalized CFO addressed earlier, fS = 1/tS is the sampling frequency,

and fR is the receive center frequency or radio frequency (RF). Both fS and fR are

known to the receiver. Although this delay is too small to cause the intercarrier

interference (ICI), it will accumulate over time.

Let NT = NS + NC = 80. The accumulated time delays for the samples of the

kth OFDM data symbol are different but are approximately equal to

Tk = kNT
fS

fR

ε. (2.41)

The time delays suffered by the samples of an OFDM data symbol will result in

an approximately linear phase change across the subcarriers, which can drastically
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decrease the detection/decoding performance if not corrected, as we will demonstrate

using the numerical examples in the next section.

To address the above problem, we consider the following strategy. Let T̂k denote

the estimate of Tk. (To initialize, we set T̂0 = 0.) For the kth OFDM data symbol,

we first compensate out the time delay using T̂k−1 to achieve sampling clock synchro-

nization. This approach should work well since Tk−1 and Tk should be quite close to

each other. Next, we compute T̂k as follows: first, calculate the phase error φ̂k using

the pilot tones using the method suggested in (2.35), second, un-wrap the phase error

φ̂k, third, obtain an updated CFO estimate as

ε̂I +
φ̂k

2πNT k
, (2.42)

where ε̂I denotes the initial CFO estimate (which includes both the coarse and fine

CFO estimates obtained from the packet preamble), and finally, replace the ε in (2.41)

using the updated CFO estimate to get

T̂k =
fS

fR

[
kNT ε̂I +

φ̂k

2π

]
. (2.43)

Note that when we use the semi-blind method, which will be presented in the

sequel, to improve the channel estimation accuracy, we must first account for the

phase change caused by Tk for the kth OFDM data symbol, k = 1, 2, . . . , K, before

doing the average in (2.49).

2.3.4 Semi-Blind Channel Estimation

After detecting/decoding the entire packet, we can use the detected/decoded

data bits to improve the accuracy of the channel response estimation in a semi-blind

way, which in turn can lead to a better detection/decoding performance. The semi-

blind channel estimation can be performed in the following three steps.

First, we reconstruct the data symbols by using the same procedures of scram-

bling, convolutional encoding, interleaving, and symbol mapping as for the original
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data bits at the transmitter, using the detected/decoded data bits (obtained via the

Viterbi algorithm).

Second, we determine whether or not the 48 reconstructed data symbols associ-

ated with sk, k = 1, 2, . . . , K, will be used for the semi-blind channel estimation; i.e.,

we do a selection on the OFDM data symbol level. We add this selection step on the

OFDM data symbol level for two reasons: (a) the decoding error for the convolutional

codes tends to occur in bursts and (b) the interleaving is performed within an OFDM

data symbol. Let xk, k = 1, 2, . . . , K, denote the data symbol on the nSth subcarrier,

which is used to form the OFDM data symbol sk in the OFDM DATA field. (For

notational convenience, we again drop the dependence of our notation on nS.) Let x̌k

denote the reconstructed data symbol corresponding to xk. We calculate the distance

dk =
N∑

n=1

|yn,k − ĥnx̌k|2 (2.44)

for the nSth subcarrier, where yn,k is the nSth element of yn,k [cf. (2.15)] from the

nth receive antenna and ĥn is the channel estimate from the transmit antenna to the

nth receive antenna on the nSth subcarrier. We add up such distances for all of the

48 data carrying subcarriers and compare the sum with a threshold, which we choose

to be 96Nσ̂2 (i.e., twice the noise variance, 48Nσ̂2) herein. If the sum is below the

threshold, we use the estimated data symbol x̌k associated with sk for the semi-blind

channel estimation; otherwise, we drop it from further considerations.

Finally, we estimate the channel response for each subcarrier in a semi-blind

way. Consider the nSth subcarrier. Let yn,R (here the subscribe R stands for ”recon-

struction”) be the column vector formed by stacking all the yn,k’s associated with the

sk’s that survive the aforementioned selection process. Let x̌R be the vector formed

from the corresponding x̌k’s similarly to yn,R. We can also form vectors yn,S and xS
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similarly to yn,R and x̌R for the long OFDM training symbols. Then

yn,SB
4
=




yn,S

yn,R


 ≈




xS

x̌R


 hn

4
= x̌SBhn, (2.45)

from which we can obtain the semi-blind estimate of hn via the LS approach:

ĥn,SB =
(
x̌H

SBx̌SB

)−1
x̌H

SByn,SB. (2.46)

(Here the subscripts SB stands for ”semi-blind.”) Due to the structure of the pream-

ble, it is easy to verify that

xH
S xS = 2. (2.47)

Let

βR
4
= x̌H

R x̌R. (2.48)

Then we have

ĥn,SB =
1

2 + βR

(
xH

S yn,S + x̌H
Byn,B

)

=
2

2 + βR

ĥn +
βR

2 + βR

x̌H
Byn,B, (2.49)

where ĥn is the one estimated in (2.32).

Since it is more complicated to determine the accuracy of ĥn,SB due to the

statistical dependence of x̌R and yn,R, we simply ignore the error in ĥn,SB when

using the SISO soft-detector [cf (2.61) of Appendix 2.5.3] and use σ̂2/
∑N

n=1 |ĥn|2

instead in the soft-detector. This approximation will not have noticeable effect on

the decoding performance since what is important for the soft-information is not the

absolute SNR, σ̂2/
∑N

n=1 |ĥn|2, on each subcarrier, but the relative SNR among the

subcarriers. We also remark that this semi-blind approach can be used iteratively.

However, our numerical examples indicate that the iteration is not needed due to

negligible performance improvement.
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Note that we did not use the SIGNAL field to improve the accuracy of the semi-

blind channel estimation since the improvement of using the SIGNAL field is negligible

for large K. However, if one does not wish to experience the latency caused by using

the OFDM DATA field, one can use the SIGNAL field instead. This is referred to

as the real-time semi-blind channel estimation method. For this approach, the data

selection step is not needed due to the high detection accuracy as a result of the

simple BPSK used in the SIGNAL field, as well as the high decoding accuracy due

to the un-punctured (low rate) channel coding.

2.3.5 Numerical Examples

We provide several numerical examples, numbered following those in the previous

section, to demonstrate the effectiveness of our algorithms and the overall system

performance of using our algorithms. In some of our simulation examples, we consider

three transmission data rates: 12 Mbps (where the QPSK constellation is used and

the channel coding rate is R = 1/2), 24 Mbps (where the 16-QAM constellation is

used and the channel coding rate is R = 1/2), and 54 Mbps (where the 64-QAM

constellation is used and the channel coding rate is R = 3/4, which comes from

puncturing the RC = 1/2 convolutionally encoded bit sequence with the puncturing

rate RP = 2/3). As stated earlier, the SNR used herein is defined as NSC/(NSσ2) for

the constellations whose average energies are normalized to 1. All simulation results

are obtained with 104 Monte-Carlo trials. Hereafter, if not specified, we will consider

the frequency-selective fading channels generated via the exponential channel model

to save computations.

Example 3. Packet error rate (PER) comparison for coarse symbol timing and

fine symbol timing for channels with various tr’s as a function of SNR with perfectly

synchronized sampling clock. In our simulations, one packet consists of 1000 bytes.

According to the IEEE 802.11a standard, even if only one error occurs in a packet,

the entire packet is considered to be wrong and is discarded. This simulation example
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Figure 2–9: PER versus SNR comparison for coarse symbol timing and fine symbol
timing for time-invariant channels with various tr’s for a SISO system at various data
rates: (a) data rate = 12 Mbps; (b) data rate = 24 Mbps; (c) data rate = 54 Mbps.

shows the advantage of the fine symbol timing over the coarse symbol timing. We

consider four cases here:

Case A: estimated channel parameters (CFO, symbol timing, and channel are all

estimated with the symbol timing being the shifted version of the coarse

symbol timing estimate which is obtained by TS = TC +NC/2 [cf. (2.24)])

together with ML phase tracking using pilot tones; tr = 50 ns;

Case B: estimated channel parameters (CFO, symbol timing, and channel are all

estimated with the symbol timing being the fine symbol timing) together

with ML phase tracking using pilot tones; tr = 50 ns;

Case C: the same as Case A except that tr = 100 ns;
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Figure 2–10: PER versus SNR for time-invariant channels with tr = 50 ns for a SISO
system at various data rates: (a) data rate = 12 Mbps; (b) data rate = 24 Mbps; (c)
data rate = 54 Mbps.

Case D: the same as Case B except that tr = 100 ns.

Figures 2–9(a), 2–9(b), and 2–9(c) show the PER curves for the above four

cases as a function of the SNR when the transmission data rates are 12, 24, and

54 Mbps, respectively. We can see that although the fine symbol timing does not

provide appreciable PER performance improvement over the coarse symbol timing

for channels with tr = 50 ns (which means that the shift to the coarse symbol timing

is reasonable), it does support much better PER performance than the latter for

channels with tr = 100 ns, especially in the high data rate cases.
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Example 4. Overall system performance as a function of SNR with perfectly

synchronized sampling clock. This simulation example shows the overall performance,

in terms of PER, of a few combinations of our algorithms. We consider the following

five cases:

Case 1: estimated channel parameters (CFO, symbol timing, and channel response

are all estimated with the symbol timing being the fine symbol timing)

together with ML phase tracking using pilot tones;

Case 2: estimated channel parameters (the same as Case 1) with LS phase fitting

using all OFDM data symbols in the OFDM DATA field;

Case 3: estimated channel parameters (the same as Case 1) with LS phase fitting

(the same as Case 2) plus one iteration of the semi-blind channel estimation

method;

Case 4: estimated channel parameters (the same as Case 1) with LS phase fit-

ting (the same as Case 2) plus two iterations of the semi-blind channel

estimation method;

Case 5: perfect channel knowledge (with CFO, symbol timing, and channel re-

sponse all assumed known). (See Appendix 2.5.6 for a note on the CFO

effect simulation for the perfect channel knowledge case.)

In Figures 2–10(a), 2–10(b), and 2–10(c), we show the PER performance as a

function of the SNR for channels with tr = 50 ns when the transmission data rates

are 12, 24, and 54 Mbps, respectively. We observe from the PER curves that:

• the sequential parameter estimation method is effective in that the PER curve

with estimated channel parameters is reasonably close to that with perfect

channel knowledge;

• LS phase fitting can offer additional gain over the ML phase tracking by as

much as 1 dB for low SNRs; the reason is that the ML phase tracking method

is not very accurate at low SNRs;

• semi-blind channel response estimation offers significant additional gain (around

1.5 dB) compared to the case of channel response estimation by using the pream-

ble only; however, more than one iteration is not needed.

Example 5. PER as a function of SNR with unsynchronized sampling clock.

The simulation conditions are as follows: (a) the same as for Example 4 except



60

7 8 9 10 11 12 13 14 15
10

−2

10
−1

10
0

SNR (dB)

P
E

R

Case i: w/ samp. clock err., std. processing   
Case ii: w/ samp. clock err., proposed method  
Case iii: w/o samp. clock err., std. processing

12 13 14 15 16 17 18 19 20
10

−2

10
−1

10
0

SNR (dB)

P
E

R

Case i: w/ samp. clock err., std. processing   
Case ii: w/ samp. clock err., proposed method  
Case iii: w/o samp. clock err., std. processing

(a) (b)

22 23 24 25 26 27 28 29 30
10

−2

10
−1

10
0

SNR (dB)

P
E

R

Case i: w/ samp. clock err., std. processing   
Case ii: w/ samp. clock err., proposed method  
Case iii: w/o samp. clock err., std. processing

(c)

Figure 2–11: PER versus SNR in the presence of sampling clock error for time-
invariant channels with tr = 50 ns for a SISO system at various data rates: (a) data
rate = 12 Mbps; (b) data rate = 24 Mbps; (c) data rate = 54 Mbps.

for the presence of the sampling clock error; (b) fR = 5.25 GHz; (c) offsets of the

reference oscillators at the transmitter and the receiver are identically, independently,

and uniformly distributed over [−20, 20] ppm (parts per million). (The maximum

reference oscillator tolerance suggested by the standard is ±20 ppm for both the

transmitter and the receiver.) We consider three cases here:

Case i: standard processing—the processing based on estimated channel parame-

ters and tracked CPE, as in Case 1 of Example 4;

Case ii: standard processing plus sampling clock synchronization;
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Case iii: without sampling clock error, i.e., the same as Case 1 of Example 4, in-

cluded as a reference.

Figures 2–11(a), 2–11(b), and 2–11(c) show the PER curves for the above three

cases as a function of the SNR for channels with tr = 50 ns when the transmission

data rates are 12, 24, and 54 Mbps, respectively. The following observations are

immediate:

• the sampling clock error degrades the PER performance severely;

• the sampling clock synchronization approach works effectively in that it im-

proves the PER significantly—it pushes the PER curve toward the performance

bound represented by the reference curve.

Example 6. PER as a function of SNR for the real-time LS phase fitting

approach and the real-time semi-blind channel estimation method. With the same

simulation conditions as Example 5, we demonstrate the overall system performance

using our algorithms without iterative processing. We consider four cases here:

Case a: the same as Case ii of Example 5;

Case b: processing of Case a plus real-time LS phase fitting with KS = 9;

Case c: processing of Case b plus real-time semi-blind channel response estimation;

Case d: the same as Case 5 of Example 4, included as a reference.

Figures 2–12(a), 2–12(b), and 2–12(c) show the PER curves for the above four

cases as a function of the SNR for channels with tr = 50 ns when the transmission

data rates are 12, 24, and 54 Mbps, respectively. Significant PER improvements can

be observed from these figures, especially for the cases of lower data rates. The larger

gaps between Case c and Case d in Figure 2–12 as compared to the gaps between

Case 3 and Case 5 in Figure 2–10 are due to the poorer performance of the real-time

semi-blind channel response estimation method, which uses the SIGNAL field only.

Example 7. Comparison of computational complexities. As a final example, we

compare the average MATLAB flops needed by an existing channel parameter estima-

tion method in [58] and our sequential parameter estimation method to demonstrate
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Figure 2–12: PER versus SNR for time-invariant channels with tr = 50 ns for real-
time processing in the presence of sampling clock error for a SISO system at various
data rates: (a) data rate = 12 Mbps; (b) data rate = 24 Mbps; (c) data rate = 54
Mbps.

the computational efficiency of our new method. Numerical results, as shown in Table

2–1, manifest that our new sequential method is about 70 times more efficient than

the existing one.

2.4 Concluding Remarks

We have devised or selected channel parameter estimation and error reduction

algorithms which can improve the overall system performance for the OFDM-based

wireless communication systems and which can be readily implemented in real-time.
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Table 2–1: Comparison of the average numbers of flops between an existing channel
parameter estimation method and the proposed method for a SISO system.

Existing method Proposed method

Coarse timing 4,247 1,171

Fine timing 712,694 5,783

Channel estimation 9,443 3,278

Overall 726,384 10,232

In particular, first, we have given a channel model which can be used to characterize

the realistic channels for the OFDM signaling. Second, by exploiting the structure

of the packet preamble specified by the IEEE 802.11a standard, we have provided a

sequential method for the estimation of CFO, symbol timing, and channel response.

Unlike some of the existing channel parameter estimation methods, our method works

well for the realistic channels and is about 70 times more efficient than an existing

method. Finally, we have considered the error reduction problem. To correct the

CPE using the pilot tones, we have considered ML phase tracking and LS phase

fitting approaches. The proper phase fitting can lead to a gain of up to 1.2 dB in

terms of PER. To improve the channel estimation accuracy, we have presented a semi-

blind channel response estimation method which can result in an additional gain of

up to 1.5 dB. To correct the sampling clock error, we have provided a sampling clock

synchronization approach that avoids the use of an AFC circuit. The algorithms

given herein have been extended to the case of multiple receive antennas.

2.5 Appendixes

2.5.1 Derivations of Equations (2.8) and (2.9)

First, we recall that the frequency-domain channel response corresponding to the

sampled signals is expressed as:

hnS
=

∑
p

αpe
−j

2πτp[nS−1]NS
NS , nS = 1, 2, . . . , NS, (2.50)
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where

[nS − 1]NS
=





nS − 1, nS ≤ NS/2,

nS − 1−NS, nS > NS/2.
(2.51)

second, with the above expression, we give the derivation of (2.8). The lth,

l = 0, 1, . . . , NS − 1, element of the Type A equivalent discrete channel response of

h(t) can be written, due to DFT, as:

h
(t)
l =

NS∑
nS=1

(∑
p

αpe
−j

2πτp[nS−1]NS
NS

)
e

j
2πl(nS−1)

NS (2.52)

=

NS/2−1∑

n=−NS/2

(∑
p

αpe
−j

2πτpn

NS

)
e

j 2πln
NS

=
∑

p

αp

NS/2−1∑

n=−NS/2

e
−j

2π(τp−l)n

NS

=
∑

p

αpe
jπ(τp−l)

NS−1∑
n=0

e
−j

2π(τp−l)n

NS

=
∑

p

αpe
jπ(τp−l) 1− e−j2π(τp−l)

1− e
−j

2π(τp−l)

NS

=
∑

p

αpe
j

π(τp−l)

NS
sin (π(τp − l))

sin (π(τp − l)/NS)
. (2.53)

Note that without adequately addressing the [·]NS
problem in (2.52), i.e., mis-

takenly using nS − 1 instead of [nS − 1]NS
, which put the discontinued points of the

periodic frequency-domain response at . . . ,−64, 0, 64, . . . rather than . . . ,−32, 32, . . .,

(cf. Figure 2–4, and ), [118] gives an incorrect result as:

h
(t)
l =

∑
p

αpe
−jπ(l+(NS−1)τp)/NS

sin(πτp)

sin(π(τp − l)/NS)
. (2.54)

Third, we give the derivation of (2.9). Using the same approach as before, the

lth element of the Type B equivalent discrete channel response of h(t) can be written
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as:

h
(t)
l =

∑
p

αp




NSC/2−1∑

n=−NSC/2

e
−j

2π(τp−l)n

NS − 1




=
∑

p

αp

(
e

j
π(τp−l)NSC

NS

NSC−1∑
n=0

e
−j

2π(τp−l)n

NS − 1

)

=
∑

p

αp


e

j
π(τp−l)NSC

NS
1− e

−j
2π(τp−l)NSC

NS

1− e
−j

2π(τp−l)

NS

− 1




=
∑

p

αp

(
e

j
π(τp−l)

NS
sin (π(τp − l)NSC/NS)

sin (π(τp − l)/NS)
− 1

)
. (2.55)

2.5.2 Equivalence of (2.28) with the Matched Filter Method of van Nee
and Prasad [120]

In this Appendix, we show the mathematical equivalence of (2.28) with the

matched filter method of [120]. First, let us formulate the method of [120] using our

notation. For convenience, we consider the noise-free case and drop the superscript

‘ne’ for the received data. Let sB(l), l = 0, 1, . . . , NS − 1 be the waveform of the long

OFDM training symbol; z(l), l = 0, 1, . . ., be the receiver output, starting from the

time sample TC + 3NC ; and r(t)(v), v = 0, 1, . . ., denote the output of the following

matched filter. Then

r(t)(v) =

NS−1∑

l=0

s∗B(l)z(l + v), v = 0, 1 . . . . (2.56)

Consider a block of r(t)(v) with length NS. Then the nSth subcarrier, nS = 1, 2, . . . , NS,

of its FFT can be written as:

r(nS) =

NS−1∑
v=0

r(t)(v)e−j2πv(nS−1)/NS

=

NS−1∑

l=0

s∗B(l)ej2πl(nS−1)/NS

NS−1∑
v=0

z(l + v)e−j2π(l+v)(nS−1)/NS

= x∗By, (2.57)
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where xB and y are, respectively, the nSth element of xB and yT introduced around

(2.27). (Here we drop the subscript n for convenience.) Taking the FFT of (2.28),

we obtain exactly (2.57) for the nSth subcarrier. This concludes the proof of the

equivalence.

Note that our fine symbol timing estimation method uses a received data block

of length NS, while the matched filter method uses a received data block of length

2NS. Hence, in the presence of noise, the equivalence only holds approximately due to

different noises. Nevertheless, there is no noticeable difference in the symbol timing

estimation performance between these two methods.

2.5.3 A Simple SISO Soft-Detector

Here we provide a simple SISO soft-detector which can be readily extended to the

SIMO case. Since we use the estimated channel for detection, a soft-detector should

take into account the channel estimation error. Consider the nSth subcarrier after

taking the FFT of the kth received OFDM data symbol. (For notational convenience,

we again drop the dependence on nS.) Then the received data on the nSth subcarrier

can be written as

yk = hxk + ek. (2.58)

Let

ĥ
4
= h− h∆. (2.59)

Since only the estimated channel response is available to the detector, we have

x̂k =
1

|ĥ|2 ĥ∗yk

= xk +
1

|ĥ|2 ĥ∗h∆xk +
1

|ĥ|2 ĥ∗ek

4
= xk + nk. (2.60)

Note that the error term nk includes both the error due to the estimated channel and

the perturbation due to the additive white Gaussian noise. By assuming statistical
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independence among xk, h∆, and ek and using the facts that E [xkx
∗
k] = 1, E [eke

∗
k] =

σ2, and E [h∆xkx
∗
kh
∗
∆] = σ2/2, we have

E [nkn
∗
k] =

1

|ĥ|4 ĥ∗E [h∆xkx
∗
kh
∗
∆]ĥ +

1

|ĥ|4 ĥ∗E [eke
∗
k]ĥ

=
σ2

2|ĥ|4 ĥ∗ĥ +
σ2

|ĥ|4 ĥ∗ĥ

=
3σ2

2|ĥ|2 . (2.61)

Keeping the values of x̂k and using it together with 3σ̂2/(2|ĥ|2) (see (2.33) on

obtaining σ̂2) can provide the soft-detection output for the data symbol xk. This

output can be converted to the soft-information for each data bit in xk, using the

method shown in the next Appendix, which parallels the method in [13]. This soft-

information is needed by the Viterbi algorithm.

2.5.4 Bit Metric Calculation for the QAM Symbol

To be self-contained, we describe in this appendix briefly our bit metric calcula-

tion method for the QAM symbol. Note that the real and imaginary parts of a QAM

symbol plus the additive circularly symmetric complex Gaussian noise are indepen-

dent of each other. Hence the soft-decision statistic corresponding to a transmitted

QAM symbol can be easily divided into the real and imaginary parts, which corre-

spond to the soft-decision statistic of two real valued PAM symbols. The variance of

the noise additive to the PAM symbols is halved as compared to the QAM symbols.

In view of this, we only present the method for calculating the bit metric for each

symbol in the PAM constellation R.

Let Di,j = {s : s ∈ R} denote the set of all the possible PAM symbols with the

ith bit bi = j, i = 1, 2, · · · , B/2, j = −1, 1. The formation of Di,j depends on the way

that the PAM symbols are labeled. For example, for the Gray indexed 8-ary PAM

constellation shown in Figure 2–13, we have

D1,−1 = {−7,−5,−3,−1}, (2.62)
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where the first bit is the left most one shown in Figure 2–13 (0 in the figure corresponds

to −1 in the context). Then, for a given soft-information (x, σ) of the PAM symbol,

the bit metric for bi is given by

li = log
pσ(bi = 1|x)

pσ(bi = −1|x)
, (2.63)

where

pσ(bi = j|x) = pσ(Di,j|x) (2.64)

=
∑

s∈Di,j

pσ(s|x)

=
∑

s∈Di,j

fσ(x|s)p(s)

p(x)
,

with

fσ(x|s) =
1√
2πσ

e−
(x−s)2

2σ2 (2.65)

being the probability density function (pdf) given the symbol s and the variance σ2,

as shown in Figure 2–13. The occurrence of each symbol in R is often assumed to be

equally-likely, i.e., p(s) = (1/2)B/2,∀s ∈ R. In this case, we have

pσ(bi = j|x) =
1

2B/2p(x)

∑
s∈Di,j

fσ(x|s), (2.66)

which leads to

li = log





∑
s∈Di,1

e−
(x−s)2

2σ2



− log





∑
s∈Di,−1

e−
(x−s)2

2σ2



 . (2.67)

To speed up the bit metric calculation in practical applications, we can make a

grid for x and σ to pre-calculate a look-up table for the v̂i’s. The bit metric calculation

in our simulations for PER is based on such a table.

2.5.5 ML Phase Fitting

Here, we derive a algorithm for the ML phase fitting. For notational convenience,

we drop the dependence on the receive antenna. Let us reformulate the data model
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Figure 2–13: Illustration of 8-ary PAM symbols with Gray labeling and their pdf
curves.

given in (2.34) as

y
(p)
k = ej(ψ1+kψ2)bkPh(p) + e

(p)
k , k = 0, 1, . . . , K, (2.68)

where P is a known 4 × 4 diagonal matrix, bk is a known BPSK symbol, and h(p)

is the true but unknown channel response on the pilot tones. (Note that we model

the channel response as unknown rather than using its estimate ĥ(p) here since the

former way can result in better estimate of h(p) as well as ψ1 and ψ2 using the exact

ML criteria.) The log-likelihood function is

f =
K∑

k=0

∥∥∥y
(p)
k − ej(ψ1+kψ2)bkPh(p)

∥∥∥
2

, (2.69)

which, by letting

Y =
[
y

(p)
0 y

(p)
1 . . . y

(p)
K

]
, (2.70)

u =
[
boe

jψ1 b1e
j(ψ1+ψ2) . . . bKej(ψ1+Kψ2)

]T
, (2.71)

and

h(p) = Ph(p), (2.72)

can be rewritten as

f = tr
[(

Y − h(p)u
T
) (

Y − h(p)u
T
)H

]

= tr
[
YYH −Yu∗hH

(p) − h(p)u
TYH + h(p)u

Tu∗hH
(p)

]

= tr
[(

h(p) −Yu∗(uTu∗)−1
) (

uTu∗
) (

h(p) −Yu∗(uTu∗)−1
)H

+YYH −Yu∗(uTu∗)−1uTY
]
. (2.73)
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By letting

ĥ(p) = Yu(uTu∗)−1 (2.74)

and considering the fact that

(uTu∗)−1 = 1/(K + 1), (2.75)

we have

[ψ̂1, ψ̂2] = arg[ψ1,ψ2] min tr

[
YYH − 1

K + 1
Yu∗uTY

]

= arg[ψ1,ψ2] maxuTYHYu∗, (2.76)

which can be implemented by a two-dimensional search. To speed up the search, we

can use the LS fitting result as an initial value.

2.5.6 A Note on the CFO Effect Simulation

The CFO is the difference between the oscillators at the transmitter and receiver

ends. It seems that this difference can be added at either the transmitted signal, s(t),

or the received signal, z(t). (For notational convenience, We use the analog signals

to make our points.) This can be true for the case of estimated channel parameters.

Yet, for the case of perfect channel knowledge, special attention should be paid for

the simulation of CFO. If the CFO is added on the received signal, everything is fine.

If, on the other hand, the CFO is added on the transmitted signal, a compensation

should be made to the channel response. This can be seen from the following:

h(t) ∗ (
s(t)ej2πfSεt

)
=

∫
s(t− τ)ej2πfSε(t−τ)h(τ)dτ

= ej2πfSεt

∫
s(t− τ)h(τ)e−j2πfSετdτ

= ej2πfSεt
[
z(t) ∗ (

h(t)e−j2πfSεt
)]

, (2.77)

where h(t)e−j2πfSεt is the actual channel response for this case.



CHAPTER 3
MIMO SYSTEMS OVER TIME-INVARIANT CHANNELS

The OFDM-based MIMO wireless communication systems considered in this

chapter include: (A) the STBC (space-time block coding) system that focuses on

increasing the transmission robustness and (B) the BLAST (Bell-labs’ layered space-

time) system that focuses on increasing the transmission data rate. A generic MIMO

system is shown in Figure 3–1, where M and N denote the number of transmit and

receive antennas, respectively.

We consider various system design and signal processing issues for the afore-

mentioned two kinds of MIMO systems. Note that our design is targeting at a STBC

system with two transmit antennas and one receive antenna as well as a BLAST

system with two transmit antennas and two receive antennas. While some of the

signal processing algorithms are confined to the MIMO systems with two transmit

antennas, others can be used in more general cases, as will be clear in the sequel.

We exemplify our presentation of the OFDM-based MIMO systems with the WLAN

applications.

As a common part for both of the OFDM-based BLAST and STBC systems,

we propose a MIMO preamble design for the MIMO systems. This MIMO preamble

is backward compatible with its SISO counterpart as specified by the IEEE 802.11a

standard. Based on this preamble design, we can use the sequential parameter estima-

tion method presented in the previous chapter to estimate CFO and symbol timing.

We can also estimate the MIMO channel responses.

For the OFDM-based STBC system, we propose an OFDM DATA field design

which includes the pairing of the OFDM data symbols as well as the pilot tones. We

provide a simple OFDM data symbol generation scheme for the STBC transmitter.

71
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Transmitter Receiver

Figure 3–1: Diagram of a MIMO system.

The STBC transmitter based on this scheme has a complexity approximately the

same as its SISO counterpart. We also provide error reduction algorithms which are

similar to those for the SISO systems provided in the previous chapter. Furthermore,

we present a simple soft-detector to obtain the soft-information used for the channel

decoder, such as the Viterbi algorithm.

For the OFDM-based BLAST system, we propose an OFDM DATA field design

which includes the pairing of the pilot tones used for error reduction. We also pro-

pose three BLAST soft-detectors, which can deliver soft-information to the channel

decoder, with different performance/complexity trade-offs to facilitate the real-time

hardware implementation of the detector. The first one is a simple soft-detector

based on the unstructured LS approach. This LS-based soft-detector is very simple

since it decouples the multi-dimensional QAM symbol detection into multiple one-

dimensional QAM symbol—and further PAM symbol—detections. The second one

is a hybrid soft-detector that combines the merits of the LS-based soft-detector and

a list sphere decoder (LSD)-based soft-detector for data bit detection. This hybrid

soft-detector has a good performance/complexity trade-off. The third one is an itera-

tive soft-detector which uses constrained value of the a priori information to improve

the detection/decoding performance. This iterative soft-detector has the best ever

known performance.
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In this chapter, we provide several simulation examples to show the overall system

performance of the MIMO systems that use our system design and various signal

processing algorithms.

The remainder of this chapter is organized as follows. Section 3.1 gives an

overview of STBC. Section 3.2 introduces the channel coding and data model for

a generic BLAST system which are useful for developing soft-detectors. Section 3.3

describes the design of the MIMO systems, which includes the new MIMO preamble

design and the OFDM DATA field design for the two kinds of MIMO systems. Sec-

tion 3.4 presents our sequential method for CFO, symbol timing, and MIMO channel

response estimation. Section 3.5 provides error reduction approaches for the MIMO

systems. Section 3.6 describes the simple soft-detector for the STBC system. Sec-

tions 3.7–3.9 deliver the three soft-detectors for the BLAST system: the LS-based

soft-detector in Section 3.7, the hybrid soft-detector in Section 3.8, and the iterative

soft-detector in Section 3.9. Section 3.10 consider the problem of correlated channels

and the impact on the design and performance for the BLAST systems. Finally, we

end this chapter with comments and conclusions in Section 3.11.

3.1 Overview of STBC

To facilitate the presentation of the STBC scheme, let us first consider a single-

carrier STBC system with two transmit antennas and one receive antenna, working

over flat-fading channels. Let h denote the MISO (multiple-input/single-input) chan-

nel vector (which is horizontal):

h = [ h1 h2 ] ∈ C1×2, (3.1)

where hm, m = 1, 2, denotes the channel gain from the mth transmit antenna (Tx)

to the receive antenna.

Let x1, x2 ∈ C be the two data symbols to be transmitted in two consecutive

time intervals. For the Alamouti code [2] (a special case of STBC [33, 35, 34, 113]
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when M = 2), x1/
√

2 and x2/
√

2 are transmitted simultaneously via Tx 1 and Tx

2, respectively, at time 1. Then, −x∗2/
√

2 and x∗1/
√

2 are transmitted simultaneously

via Tx 1 and Tx 2, respectively, at time 2. Here (·)∗ denotes the complex conjugate

and 1/
√

2 is used to maintain the same total transmission power as the SISO system.

Let y1 and y2 denote the corresponding two received data samples. Then, we have:

[y1 y2] =
1√
2
h




x1 −x∗2

x2 x∗1


 + [e1 e2] ∈ C1×2, (3.2)

where e1, e2 ∼ N (0, σ2) are the additive zero-mean white circularly symmetric com-

plex Gaussian noises with variance σ2. Note that we will absorb the coefficient 1/
√

2

of (3.2) into the data symbol in the sequel for notational convenience.

For the OFDM-based STBC system, the above STBC coding scheme and data

model are valid for each data-carrying subcarrier, and hence the above y1, y2, h, x1,

x2, e1, and e2 are all subcarrier dependent. Let x1 and x2 be the two vectors of NS

data symbols intended to be transmitted on the NS subcarriers, and s1 = WH
NS

x1/NS

and s2 = WH
NS

x2/NS be the two SISO OFDM data symbols corresponding to x1 and

x2, respectively. Then, the two transmit antennas of the OFDM-based STBC system

simultaneously transmit

s1,1 = s1, (3.3)

s2,1 = s2 (3.4)

at time 1, and then

s1,2 =−WH
NS

x∗2/NS, (3.5)

s2,2 = WH
NS

x∗1/NS (3.6)

at time 2. (Of course, CPs are attached.) Hence, the transmission of the OFDM data

symbols are paired for 2 consecutive time intervals.
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A direct calculation of the above two equations indicates that [122]

s1,2 =−Js∗2, (3.7)

s2,2 = Js∗1, (3.8)

where

J =




1 0 0 · · · 0

0 0 0 · · · 1

...
...

... . . .
...

0 0 1 · · · 0

0 1 0 · · · 0




(3.9)

is a permutation matrix which performs the operation of time-invert (with one-shift).

Equations (3.7) and (3.8) will lead to a simple OFDM data symbol generation scheme,

as detailed later.

3.2 Channel Coding and Data Model for a Generic BLAST System

Our BLAST soft-detectors that will be provided later can be used to generic

BLAST systems, for which the channel coding and data model are usually described

in time-domain. We follow this convention herein. Note that a time-domain time-

varying flat-fading channel for single-carrier signaling is equivalent to a frequency-

selective fading channel for OFDM signaling since the channel for the latter is flat-

fading for each subcarrier and changes from one subcarrier to another.

3.2.1 Channel Coding

Consider a BLAST system with M transmit and N (N ≥ M) receive antennas,

as shown in Figure 3–1. Figures 3–2 and 3–3, respectively, show the diagrams of the

BLAST transmitter and receiver (without iterative processing). At the transmitter,

a convolutional channel encoder is employed. An interleaver is used to break the

memory of bad channels and scatter the data bits around at the transmitter; this can
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lead to significant improvement in decoding performance. At the receiver, a deinter-

leaver is used before a convolutional (channel) decoder, e.g., the Viterbi algorithm,

to recover the order of the coded bit sequence. A 1:M DEMUX and M :1 MUX pair

is used at the transmitter and receiver, respectively, to accommodate the BLAST

scheme.

At the transmitter, as shown in Figure 3–2, the convolutional channel encoder

takes a block of data bits d = {d1, d2, . . . , dK} ∈ {−1, +1}1×K as its input and gives

a larger block of data bits u = C(d) = {u1, u2, . . . , uK̆} ∈ {−1, +1}1×K̆ as its output,

where −1 and +1 denote the logic 0 and 1, respectively. The coding rate is then de-

fined as RC = K/K̆. In some cases we puncture the encoder output block u to obtain

a smaller block of data bits v = {v1, v2, . . . , vK̃} ∈ {−1, +1}1×K̃ (K̃ < K̆) to increase

the transmission data rate. The puncturing rate is RP = K̃/K̆. Hence the coding

rate of the punctured encoder is R = RC/RP . The output v of (punctured) encoder

is then fed to the interleaver whose output is denoted as v̌ = {v(1), v(2), . . . , v(K̃)} ∈
{−1, +1}1×K̃ . Let K ′ = K̃/M be an integer. Then the outputs of the 1 : M DEMUX

are M independent layers, denoted as v̌m = {v(1)
m , v

(2)
m , . . . , v

(K′)
m } ∈ {−1, +1}1×K′

,

m = 1, 2, . . . , M . The modulator maps the data bits in each layer into modulated

data symbols through the mapping f : {−1, +1}1×B → C, where C denotes the sym-

bol constellation and B = |C| is the number of data bits a symbol represents. Let

K̄ = K ′/B be an integer, which is the number of symbols in each layer. Then the out-

puts of the modulators can be denoted as x̌m = {x(1)
m , x

(2)
m , . . . , x

(K̄)
m }, m = 1, 2, . . . , M .

Finally, the M × 1 symbol vector x(k̄) = [ x
(k̄)
1 x

(k̄)
2 . . . x

(k̄)
M

]T , where (·)T denotes

the transpose, is transmitted through the M transmit antennas at the same time,

with k̄ denoting the time index, k̄ = 1, 2, . . . , K̄. The (interleaved) data bits corre-

sponding to x(k̄) are denoted as a BM × 1 vector b(k̄) = [b
(k̄)
1 b

(k̄)
2 . . . b

(k̄)
BM ]T , with

b
(k̄)
i ∈ {−1, +1}, i = 1, 2, . . . , BM . Note that x(k̄) is a one to one map of b(k̄), and if

needed it can be written as x(k̄) = x(b(k̄)) to stress its dependence on b(k̄).
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Figure 3–2: Diagram of a BLAST transmitter employing convolutional channel cod-
ing.
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Figure 3–3: Diagram of a BLAST receiver employing Viterbi algorithm for convolu-
tional channel coding.

At the receiver, as shown in Figure 3–3, the soft-detector first generates the

bit metrics l(k̄) = [l
(k̄)
1 l

(k̄)
2 . . . l

(k̄)
BM ]T , with l

(k̄)
i being the bit metric correspond-

ing to b
(k̄)
i , i = 1, 2, . . . , BM , at time k̄ = 1, 2, . . . , K̄. The soft-detector then

rearranges the bit metrics to obtain {v̂([k̄−1]B+1)
m , v̂

([k̄−1]B+2)
m , . . . , v̂

(k̄B)
m } for the data

bits {v([k̄−1]B+1)
m , v

([k̄−1]B+2)
m , . . . , v

(k̄B)
m }, which were mapped to the symbol x

(k̄)
m . Let

ˆ̌vm = {v̂(1)
m , v̂

(2)
m , . . . , v̂

(K′)
m }, m = 1, 2, . . . , M , denote the bit metric sequence corre-

sponding to the mth transmitted layer. The M bit metric sequences are combined

into one longer bit metric sequence ˆ̌v = {v̂(1), v̂(2), . . . , v̂(K̃)} by the M : 1 MUX.

Passing the above bit metric sequence ˆ̌v through the deinterleaver, we obtain the

deinterleaved bit metric sequence v̂ = {v̂1, v̂2, . . . , v̂K̃}. For the punctured bit se-

quence, we need the bit metric for each punctured bit as well before using the Viterbi

algorithm. This can be done easily by using zero as the bit metric for each punc-

tured bit. Once we get the bit metric sequence û = {û1, û2, . . . , ûK̆} corresponding

to the encoder output u, we can use the Viterbi algorithm to obtain the estimate

d̂ = {d̂1, d̂2, . . . , d̂K} of the source binary bit sequence d.
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Herein, we focus on the calculation of the bit metrics for the data bits in the

QAM symbol, due to our WLAN application.

3.2.2 Data Model

The channel matrix of a MIMO time-varying flat-fading channel at time k̄ can

be written as

H(k̄) =




h
(k̄)
1,1 h

(k̄)
1,2 . . . h

(k̄)
1,M

h
(k̄)
2,1 h

(k̄)
2,2 . . . h

(k̄)
2,M

...
...

. . .
...

h
(k̄)
N,1 h

(k̄)
N,2 . . . h

(k̄)
N,M



∈ CN×M , (3.10)

where h
(k̄)
n,m is the (complex) channel gain from the mth transmit antenna to the nth

receive antenna at time k̄, which is assumed to be known. With x(k̄) = [x
(k̄)
1 x

(k̄)
2 . . .

x
(k̄)
M ]T denoting the M × 1 QAM symbol vector being sent at time k̄, the received

signal can be written as

y(k̄) = H(k̄)x(k̄) + e(k̄) ∈ CN×1, k̄ = 1, 2, . . . , K̄, (3.11)

where e(k̄) ∼ N (0, σ2
k̄
IN) is the additive zero-mean white circularly symmetric com-

plex Gaussian noise.

With an appropriate pair of interleaver and deinterleaver, the MIMO channel

can be assumed to be block flat-fading [38, 86], i.e., H(k̄) is constant at time k̄ for

the transmission of x(k̄) but changes independently from one time index to another.

In the later sections, we focus on obtaining the soft-information given that we know

the channel matrix H(k̄), the noise variance σ2
k̄
, and the received data vector y(k̄). For

notational convenience, we will drop the superscript k̄ in Equation (3.11) to get the

data model

y = Hx + e ∈ CN×1, (3.12)

or

y = Hx(b) + e, (3.13)
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if the dependence on b needs to be stressed.

3.3 System Design

The same as for the OFDM-based SISO system considered in the previous chap-

ter, both of the OFDM-based STBC and BLAST systems considered in this chapter

employ the packet-based transmission. The system design for the MIMO systems is

mainly about the packet design that largely consists of two parts: (a) MIMO pream-

ble and (b) OFDM DATA field [78]. Since the MIMO preamble is used for parameter

estimation, it can be the same for both of the BLAST and STBC systems. As for

the OFDM DATA field design, it depends on the specific MIMO scheme considered.

Hence we will describe the OFDM DATA field design for the STBC and BLAST

systems separately, after addressing the MIMO preamble design problem.

3.3.1 Preamble Design for the MIMO Systems

For the IEEE 802.11a conformable SISO system, the short OFDM training sym-

bols can be used to sense the arrival of the packet, allow the AGC (automatic gain

control) to stabilize, compute a coarse CFO estimate, and obtain a coarse symbol tim-

ing; the long training symbols can be used to calculate a fine CFO estimate, refine

the symbol timing, and estimate the SISO channel response.

The MIMO systems considered herein have two transmit and one or two receive

antennas. Two packets are transmitted simultaneously from the two transmit an-

tennas. We design two preambles (collectively called the MIMO preamble), one for

each transmit antenna. We assume that the receive antenna outputs suffer from the

same CFO and have the same symbol timing. To be backward compatible with the

SISO preamble that is shown in Figure 3–4(a), we use the same short OFDM training

symbols as in the SISO preamble for both of the two transmit antennas, as shown

in Figure 3–4(b). Hence, the MIMO preamble design is mainly about the design of

the long OFDM training symbols, which are used for the MIMO channel response

estimation.
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Channel response estimation for the MIMO systems has attracted much research

interest lately. Orthogonal training sequences tend to give the best performance

(see, for example, [57] and the references therein). We adopt this idea of orthogonal

training sequences in our preamble design. In the interest of backward compatibility,

we use the same T1 and T2 (as well as GI2) as for the SISO system for both of

the two transmit antennas before the SIGNAL field, as shown in Figure 3–4. After

the SIGNAL field, we use T1 and T2 (and GI2) for one transmit antenna and −T1

and −T2 (and −GI2) for the other. This way, when the simultaneously transmitted

packets are received by a SISO receiver, the SISO receiver can successfully detect up

to the SIGNAL field, which is designed to be the same for both transmit antennas.

The reserved bit in the SIGNAL field can tell the SISO receiver to stop its operation

whenever a MIMO transmission follows or otherwise to continue its operation. The

long OFDM training symbols before and after the SIGNAL field are used in the

MIMO receivers for channel response estimation. Although the employment of an

additional pair of long training symbols will increase the overhead, the corresponding

loss of efficiency is not significant for larger packets. The reserved bit in the SIGNAL

field can also inform the MIMO receivers that a transmission is a SISO one. When

this occurs, the MIMO receivers can modify their channel estimation and data bit

detection steps slightly.

Other MIMO preamble design options with backward compatibility are possible.

For example, by exploiting the transmit/receive diversities via using subcarrier level

orthogonality of the short OFDM training symbols, we may get improved symbol tim-

ing and/or CFO correction. However, these improvements do not necessarily result in

improved packet error rate (PER) performance. Hence we prefer the straightforward

MIMO preamble design shown in Figure 3–4(b).
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Figure 3–4: Packet preambles for the WLAN systems: (a) the standardized SISO
preamble; (b) the (proposed) MIMO preamble.

In the case of MIMO transmissions, an additional bit is needed to differentiate the

STBC transmission from the BLAST one. This bit, along with other bits conveying

other information, can be sent in an additional SIGNAL field.

3.3.2 OFDM DATA Field Design for the STBC System

Figures 3–5(a) and 3–5(b) show the OFDM DATA fields for the SISO system

and the STBC system based on the STBC scheme introduced in a previous section,

respectively. For k = 1, 2, · · · , K, we pair the OFDM data symbols in the following

way: −Js∗2k always follows s2k−1 for Tx 1 and Js∗2k−1 always follows s2k for Tx 2.

Here s1, · · · , s2K , the OFDM data symbols, are the same as for the SISO system. To

keep the same total transmission power, the transmission power from each transmit

antenna is reduced by half.

To stay as close to IEEE 802.11a as possible, we use the same scrambler, convo-

lutional encoder, puncturer, interleaver, symbol mapper, and CP as specified in the

IEEE 802.11a standard for our STBC system. (However, zeros may be padded to

the end of the data bit sequence to make the number of OFDM data symbols even.)

To facilitate tracking the residue CFO induced phase error using the pilot tones, we

also pair the pilot symbols, i.e., we use the same pilot symbols for s2k−1 and s2k,

k = 1, 2, · · · , K, for the STBC system; this is different from the SISO system.
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Figure 3–5: OFDM DATA fields for the SISO and STBC systems: (a) SISO; (b)
STBC.

Based on the STBC OFDM DATA field shown in Figure 3–5(b), a simple trans-

mitter with a simple OFDM data symbol generation scheme is shown in Figure 3–6,

where FIFO (first-in first-out) and Stack (first-in last-out) 1 and Stack 2 have the

same width (for example, 12 bits) for both the real and imaginary parts of the (com-

plex) data samples. The components within the dashed frame are identical to those

for an IEEE 802.11a conformable SISO WLAN transmitter.

This STBC transmitter works in the following way to generate the OFDM data

symbols in the OFDM DATA field. At time 2k− 2 (the time associated with OFDM

data symbol s2k−2 for the SISO packet [cf. Figure 3–5(a)] with k = 1 standing for the

last long training symbol), s2k is generated and the waveform is put into the FIFO

(used as a delay device) and Stack 1 (used as a time-reverse and shift device to realize

the operation of J). At time 2k − 1, s2k−1 is generated and put into the FIFO and

Stack 1; the switches are connected to the upper switch poles and s2k−1 and s2k (s2k

is obtained by using the FIFO) are transmitted simultaneously from Tx 1 and Tx 2,

respectively; the output of the FIFO is also stored into Stack 2. At time 2k, s2(k+1)

is generated and put into the FIFO and Stack 1 (these are the preparation for the

next OFDM data symbol, in the same way as for s2k at time 2k−2); the switches are

connected to the lower switch poles and time-reversed waveforms −Js∗2k and Js∗2k−1
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Figure 3–6: Diagram of an OFDM-based STBC transmitter based on a simple OFDM
data symbol generating scheme.

(obtained by using the Stack 2 and 1, respectively) are transmitted simultaneously

from Tx 1 and Tx 2, respectively.

3.3.3 OFDM DATA Field Design for the MIMO BLAST System

Similarly to the above STBC system, to stay as close to IEEE 802.11a as possible,

we use in our BLAST system the same scrambler, convolutional encoder, puncturer,

interleaver [referred to as the frequency-domain (FD) interleaver], symbol mapper,

pilot sequence, and CP as specified in the IEEE 802.11a standard. To improve diver-

sity, we add a simple spatial interleaver to scatter every two consecutive bits across

the two transmit antennas. This spatial interleaving is performed before the FD

interleaving.

Figures 3–7(a) and 3–7(b) show the OFDM DATA fields for the SISO system and

the BLAST system, respectively. Similar to the SISO and STBC systems, we need to

use the pilot tones to track the residue CFO induced phase error. To facilitate this

tracking, the two OFDM data symbols that are sent from the two transmit antennas

simultaneously are paired to have identical pilot symbols, as for the STBC pilot tones.
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Figure 3–7: OFDM DATA fields for the SISO and BLAST systems: (a) SISO; (b)
BLAST.

Note that without considering the spatial interleaver, the OFDM DATA field

for the BLAST system can be seen as obtained from that of the STBC system by

discarding the OFDM data symbols at the even time intervals, i.e., the OFDM data

symbols generated by using the operation of J.

3.4 Channel Parameter Estimation

We follow the same steps as for the SISO (or SIMO) systems to estimate CFO and

symbol timing for the MIMO systems. The only difference between the MIMO and

SISO (or SIMO) systems, which needs to be pointed out here, is that the transmitted

signal for the MIMO systems is the superposition of two signals from two transmit

antennas.

As for the MIMO channel response estimation, it is only a simple extension from

that of the SISO case.

3.4.1 A Note on CFO and Symbol Timing Estimation

We note that the simple fine CFO estimation approach devised for the SISO

systems is not optimal for the MIMO systems. The CFO estimation accuracy could

be improved by using the long OFDM training symbols after the SIGNAL field as

well. However, our simple fine CFO estimation approach introduced in the previous

chapter is sufficiently accurate in that the overall system performance can no longer
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be improved with a more accurate CFO estimate when pilot tones are exploited.

No matter how accurate the CFO estimate is, it can never be perfect due to the

presence of noise. Pilot tones are used to track the CFO residual phase before data

bit detection, as detailed in the next section.

Similarly, the fine symbol timing estimation could also be improved by using

the long OFDM training symbols after the SIGNAL field. Yet, due to the sufficient

accuracy of the fine symbol timing, as demonstrated in the previous chapter, we do

not further consider the improved method.

3.4.2 MIMO Channel Response Estimation

After estimating and accounting for the CFO and obtaining TF , we can now

proceed to estimate the MIMO channel response, a procedure that we do for each

receive antenna. Let yn,1 denote the output of the NS-point FFT of the average of

the two consecutive blocks, each of which is of length NS, associated with the two

long OFDM training symbols before the SIGNAL field, from the nth receive antenna.

Let yn,2 denote the counterpart of yn,1 after the SIGNAL field. Then, for the nSth

subcarrier, we have

yn,1 = xB (hn,1 + hn,2) + en,1, (3.14)

yn,2 = xB (hn,1 − hn,2) + en,2, (3.15)

where xB denotes the nSth element of xB (the vector of the training symbols), yn,i

denotes the nSth element of yn,i, i = 1, 2 [cf. (2.15)], and en,i ∼ N (0, σ2/2), i = 1, 2,

where the variance σ2/2 is due to averaging the two consecutive blocks. (Herein, we

have dropped the dependence on nS for notational simplicity.) Solving (3.14) and

(3.15) yields

ĥn,1 = (yn,1 + yn,2)/(2xB), (3.16)

ĥn,2 = (yn,1 − yn,2)/(2xB). (3.17)
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From the above equations, we see that the variance of the estimation error for ĥn,m,

m = 1, 2, is σ2/2, the same as for the SISO case, since E {|xB|2} = 1/2 for the MIMO

systems.

When the reserved bit in the SIGNAL field indicates a SISO transmission, we

only need to estimate hn,1, n = 1, 2, · · · , N , in a way similar to (3.16).

3.5 Error Reduction

Parallel to the error reduction algorithms devised for the SISO system in the

previous chapter, we have the corresponding error reduction algorithms for the MIMO

systems. Note that the LS phase fitting and the sampling clock synchronization

methods devised for the SISO systems can be used in the MIMO systems directly.

Hence, we only present the algorithms for ML phase tacking and semi-blind channel

response estimation for the MIMO systems. These algorithms are dependent on the

transmitting schemes and will be presented separately in the STBC and BLAST

settings.

3.5.1 ML Phase Tracking for the STBC System

For the STBC system, the BPSK pilot symbols of s2k−1 and s2k, k = 1, 2, · · · , K,

are paired to be the same for each of the 4 pilot tones. Let pk denote the 4×1 vector

containing the BPSK pilot symbols for the OFDM data symbol sk in the OFDM

DATA field, k = 1, 2, · · · , 2K. Due to the structure of the OFDM DATA field for the

STBC system which is shown in Figure 3–5(b), we have

p2k−1 = p2k, k = 1, 2, · · · , K. (3.18)

Let ĥ
(p)
n,m be the 4 × 1 estimated channel response vector corresponding to the 4

pilot tones from the mth transmit antenna to the nth receive antenna, m = 1, 2,

n = 1, 2, . . . , N . For k = 1, 2, · · · , K, let

gn,2k−1 = ĥ
(p)
n,1 + ĥ

(p)
n,2 (3.19)



87

and

gn,2k = −ĥ
(p)
n,1 + ĥ

(p)
n,2. (3.20)

Let y
(p)
n,k, k = 1, 2, · · · , 2K, denote the 4×1 data vector corresponding to the pilot tones

in yn,k obtained by performing the FFT on the kth received data vector, from the

nth receive antenna, due to the input being the simultaneously transmitted OFDM

data symbols at time k in the OFDM DATA field. Then, for k = 1, 2, . . . , 2K, we

have, similar to (2.34) of the previous chapter:

y
(p)
n,k = ejφkPkgn,k + e

(p)
n,k, (3.21)

where φk is the residue CFO induced phase error, Pk = diag{pk}, and e
(p)
n,k denotes the

corresponding zero-mean white circularly symmetric complex Gaussian noise vector.

The ML estimate of φk is then computed as

φ̂k = arg min
φk

N∑
n=1

∥∥∥y
(p)
n,k − ejφkPkgn,k

∥∥∥
2

= ∠
{

N∑
n=1

gH
n,kP

H
k y

(p)
n,k

}
. (3.22)

3.5.2 ML Phase Tracking for the BLAST System

As we have mentioned earlier, the OFDM DATA field for the BLAST system

can be seen as obtained from that of the STBC system by discarding the OFDM

data symbols for the even time intervals. As a result, we can drop the ‘subtraction’

channels of (3.20) and only consider the ‘summation’ channels of (3.19) to obtain the

ML estimate of φk as:

φ̂k = ∠
{

N∑
n=1

[
2∑

m=1

(
ĥ(p)

n,m

)H
]
PH

k y
(p)
n,k

}
. (3.23)
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3.5.3 Semi-Blind Channel Response Estimation for the STBC System

The same as for the SISO system, after detecting/decoding the entire packet,

we can use the detected/decoded data bits to improve the accuracy of the MIMO

channel response estimation in a semi-blind way, which in turn can lead to a better

detection/decoding performance. This can also be performed in three steps:

First, we reconstruct the data symbols using the detected/decoded data bits via

following the same procedures of scrambling, convolutional encoding, interleaving,

and symbol mapping as for the original data bits at the STBC transmitter.

Second, we select the reconstructed data symbols which can be used in the semi-

blind channel estimation. Here we do the selection in the level of OFDM data symbol

pairs; i.e., we determine if the 2 × 48 = 96 restructured data symbols associated

with s2k−1 and s2k will be used for the semi-blind channel estimation. Let xk, k =

1, 2, · · · , 2K, denote the data symbol on the nSth subcarrier, which is used to form

the OFDM data symbol sk in the OFDM DATA field. (For notational convenience,

we again drop the dependence on nS below.) Let x̌k denote the reconstructed data

symbol corresponding to xk. Then, for k = 1, 2, · · · , K, we form the reconstructed

data matrix as:

X̌k
4
=




x̌2k−1 −x̌∗2k

x̌2k x̌∗2k−1


 , (3.24)

and let

Yk =




y1,2k−1 y1,2k

y2,2k−1 y2,2k

...
...

yN,2k−1 yN,2k




(3.25)
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be the received data matrix, where yn,2k−1 and yn,2k are the received data on the nSth

subcarrier at times (2k − 1) and 2k, respectively, from the nth receive antenna. Let

Ĥ =




ĥ1,1 ĥ1,2

ĥ2,1 ĥ2,2

...
...

ĥN,1 ĥN,2




(3.26)

be the channel matrix, where ĥn,m is the estimated channel response on the nSth

subcarrier from the mth transmit antenna to the nth receive antenna. Then, we

calculate the distance

dk =
∥∥∥Yk − ĤX̌k

∥∥∥
2

(3.27)

for the nSth subcarrier. We then add up such distances for all 48 data carrying

subcarriers and compare the sum with a threshold, which we choose to be 144Nσ̂2

herein, i.e., 3N times the noise variance, 48σ̂2, for dk’s on all of the 48 data carrying

subcarriers. If the sum is below the threshold, we use the estimated data symbols

associated with s2k−1 and s2k for the semi-blind channel estimation; otherwise, we

drop them from further considerations.

Finally, we estimate the MIMO channel response for each subcarrier in a semi-

blind way. Consider the nSth subcarrier. Let YR be the N -row matrix formed by

concatenating all the Yk’s [cf. (3.25)] associated with the s2k−1 and s2k’s that survive

the aforementioned selection for the semi-blind channel estimation. Let X̌R be the

matrix formed from the corresponding X̌k’s [cf. (3.24)] similarly to YR. We can

also form a vector YS and a matrix XS similarly to YR and X̌R for the long OFDM

training symbols before and after the SIGNAL field. Then

YSB
4
=

[
YS YR

]
≈ H

[
XS X̌R

]
4
= HX̌SB, (3.28)
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from which we can obtain the semi-blind estimate of H via the LS approach:

ĤSB = YSBX̌H
SB

(
X̌SBX̌H

SB

)−1
. (3.29)

Due to the orthogonal structure of our preamble design as well as X̌k, it is easy to

verify that

XSX
H
S = 2I2 (3.30)

and

X̌RX̌H
R = βRI2, (3.31)

where βR is the sum of the squares of all the estimated data symbols {x̌2k−1, x̌2k}
used to form X̌R. Hence, we have

ĤSB =
1

2 + βR

(
YSX

H
S + YRX̌H

R

)

=
2

2 + βR

Ĥ +
βR

2 + βR

YRX̌H
R , (3.32)

where the elements of Ĥ are those estimated in (3.16) or (3.17).

3.5.4 Semi-Blind Channel Response Estimation for the BLAST System

Semi-blind channel response estimation for the BLAST system can also be done

in three steps, similarly to the procedure for the above STBC system.

The first step is the still the reconstruction of the data symbols from the de-

tected/decoded data bits, as for the SISO and STBC systems.

The second step performs the selection of OFDM data symbols based on one

time interval only since, as we have mentioned earlier, the OFDM DATA field for the

BLAST system can be seen as obtained from that of the STBC system by discarding

the OFDM data symbols for the even time intervals. For k = 1, 2, · · · , K, we form

the reconstructed data vector at time k as:

x̌k
4
=




x̌2k−1

x̌2k


 , (3.33)
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where x2k−1 and x2k, k = 1, 2, . . . , K, denote the data symbol on the nSth subcarrier,

which are used to form the OFDM data symbols s2k−1 and s2k in the OFDM DATA

field, and let

yk =




y1,k

y2,k

...

yN,k




(3.34)

be the received data matrix at time k, where yn,k is the received data on the nSth

subcarrier, from the nth receive antenna. Let H be as (3.26). We calculate the

distance

dk =
∥∥∥yk − Ĥx̌k

∥∥∥
2

(3.35)

for the nSth subcarrier. We add up such distances for all of the 48 data carrying

subcarriers and compare the sum with a threshold, which we choose to be 96Nσ̂2

herein, i.e., twice the noise variance, 2 × 48Nσ̂2. If the sum is below the threshold,

we use the estimated data symbol x̌k associated with s2k−1 and s2k for the semi-blind

channel response estimation; otherwise, we drop it from further considerations.

The third step, like that for the SISO and STBC systems, estimates the MIMO

channel response for each subcarrier in a semi-blind way. Consider the nSth subcar-

rier. Let YR be the N row matrix formed by collecting all the yk’s associated with

the pair of s2k−1 and s2k’s that survive the aforementioned selection process. Let X̌R

be the matrix formed from the corresponding x̌k’s similarly to YR. We can also form

matrices YS and XS similarly to YR and X̌R for the long OFDM training symbols

before and after the SIGNAL field. Then

YSB
4
= [YS YR] ≈ H

[
XS X̌R

] 4
= HX̌SB, (3.36)

from which we can obtain the semi-blind estimate of H via the LS approach:

ĤSB = YSBXH
SB

(
X̌SBX̌H

SB

)−1
. (3.37)
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3.6 Detection for the STBC System

In this section, we first introduce a simple STBC soft-detector [33, 35, 34, 113]

and then demonstrate the overall system performance of the STBC system that uses

our system design as well as our signal processing algorithms.

3.6.1 A Simple STBC Soft-Detector

During the introduction of the simple STBC soft-detector, we take into account

more error sources than those of [33, 35, 34, 113] since we use the estimated channel

response herein.

Consider the nSth subcarrier after taking the FFTs of two received data blocks at

times (2k− 1) and (2k). (For notational convenience, we again drop the dependence

on nS.) The received data matrix on the nSth subcarrier can be written as




y1,2k−1 y1,2k

y2,2k−1 y2,2k

...
...

yN,2k−1 yN,2k




=




h1,1 h1,2

h2,1 h2,2

...
...

hN,1 hN,2







x2k−1 −x∗2k

x2k x∗2k−1


 +




e1,2k−1 e1,2k

e2,2k−1 e2,2k

...
...

eN,2k−1 eN,2k




.

(3.38)

The above equation can be rearranged as




y1,2k−1

...

yN,2k−1

y∗1,2k

...

y∗N,2k




︸ ︷︷ ︸
y

k

=




h1,1 h1,2

...
...

hN,1 hN,2

h∗1,2 −h∗1,1

...
...

h∗N,2 −h∗N,1




︸ ︷︷ ︸
H




x2k−1

x2k




︸ ︷︷ ︸
x̃k

+




e1,2k−1

...

eN,2k−1

e∗1,2k

...

e∗N,2k




︸ ︷︷ ︸
ek

. (3.39)
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Let

Ĥ
4
=




ĥ1,1 ĥ1,2

...
...

ĥN,1 ĥN,2

ĥ∗1,2 −ĥ∗1,1

...
...

ĥ∗N,2 −ĥ∗N,1




=




h1,1 h1,2

...
...

hN,1 hN,2

h∗1,2 −h∗1,1

...
...

h∗N,2 −h∗N,1




−




∆h1,1 ∆h1,2

...
...

∆hN,1 ∆hN,2

∆h∗1,2 −∆h∗1,1

...
...

∆h∗N,2 −∆h∗N,1




4
= H−H∆. (3.40)

It is easy to verify that

Ĥ
H
Ĥ = ρ2I2, (3.41)

where

ρ2 =
N∑

n=1

(
|ĥn,1|2 + |ĥn,2|2

)
(3.42)

and I2 is the identity matrix of dimension 2. Since only the estimated channel re-

sponses are available to the detector, we have

ˆ̃xk
4
=




x̂2k−1

x̂2k


 =

1

ρ2
Ĥ

H
y

k

= x̃k +
1

ρ2
Ĥ

H
H∆x̃k +

1

ρ2
Ĥ

H
ek

4
= x̃k + ñk. (3.43)

Note that the error term ñk includes both the errors due to the estimated channel

and the perturbation due to the additive white Gaussian noise. By assuming the

statistical independence among x̃k, H∆, and ek and using the facts that E [x̃kx̃
H
k ] =

1
2
I2, E [eke

H
k ] = σ2I2, and E [H∆x̃kx̃

H
k HH

∆ ] = σ2

2
I2N (since E [H∆HH

∆ ] = σ2I2N), we

have

E [ñkñ
H
k ] =

1

ρ4
Ĥ

H
E [H∆x̃kx̃

H
k HH

∆ ]Ĥ +
1

ρ4
Ĥ

H
E [ẽkẽ

H
k ]Ĥ
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=
σ2

2ρ4
Ĥ

H
Ĥ +

σ2

ρ4
Ĥ

H
Ĥ

=
σ2

2ρ2
I2 +

σ2

ρ2
I2

=
3σ2

2ρ2
I2. (3.44)

Rounding x̂2k−1 and x̂2k, k = 1, 2, · · · , K, to the nearest symbol in C will render

a STBC hard-detector. Keeping the values of x̂2k−1 and x̂2k, k = 1, 2, · · · , K, and

using them together with the noise variance will lead to the STBC soft-detector. See

Appendix 2.5.4 of the previous chapter for the bit metric (soft-information) calcula-

tion.

For the case of semi-blind channel response estimation, since it is more compli-

cated to determine the accuracy of ĤSB due to the statistical dependence of X̌R and

yR, we simply ignore the error in ĤSB when using the soft-detector [cf (3.44)] and

use σ̂2/ρ2 instead in the soft-detector for data bit detection.

3.6.2 Numerical Examples

Now, we provide simulation examples to show the overall system performance,

in terms of PER, of the STBC systems that use our preamble design and signal

precessing algorithms. (Still, one packet consists of 1000 bytes, and even if only one

error occurs in a packet, the entire packet is considered wrong. We are interested in

PER being 10% or lower.)

Similar to the SISO systems, we consider three transmission data rates for the

STBC systems in some of our simulation examples: 12 Mbps, 24 Mbps, and 54 Mbps.

As stated earlier, for the SISO systems, the SNR is defined as NSC/(NSσ2) for the

constellations whose average energies are normalized to 1. For the MIMO systems,

including both the STBC and BLAST systems, the SNR is defined as NSC/(NSσ2)

for constellations whose average energies are normalized to 1/2 (i.e., we use the same

total transmission power for the MIMO systems as for their SISO counterpart). All

simulation results are obtained with 104 Monte-Carlo trials. The MN time-invariant
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Figure 3–8: PER versus SNR for a STBC system with two transmit antennas and
one receive antenna for time-invariant channels with tr = 50 ns at various data rates:
(a) data rate = 12 Mbps; (b) data rate = 24 Mbps; (c) data rate = 54 Mbps.

frequency-selective fading channels between the M = 2 transmit antennas and the

N receive antennas are generated independently via the exponential channel model

presented in the previous chapter, changing from one trial to another.

Example 1. Overall system performance of a STBC system with one receive

antenna as a function of SNR. Similar to Example 4 for the SISO system, we consider

the following four cases for this STBC system:

Case 1: estimated channel parameters (CFO, symbol timing, and MIMO channel

response are all estimated with the symbol timing being the fine symbol

timing) together with ML phase tracking using the pilot tones;
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Case 2: estimated channel parameters (the same as Case 1) with LS phase fitting

using all OFDM data symbols in the OFDM DATA field;

Case 3: estimated channel parameters with LS phase fitting (the same as Case 2)

plus one iteration of the semi-blind MIMO channel response estimation

method;

Case 4: perfect channel knowledge (with CFO, symbol timing, and MIMO channel

response all assumed known).

In Figures 3–8(a), 3–8(b), and 3–8(c), we show the PER performance of a STBC

system with one receive antenna as a function of the SNR for channels with tr = 50

ns when the transmission data rates are 12, 24, and 54 Mbps, respectively. As a

reference, we also give in each figure a PER curve for the SISO system with perfect

channel knowledge and at the same data rate. We observe from the PER curves that:

• both the preamble design and the sequential channel parameter estimation al-

gorithm are effective in that only a reasonable gap exists between the PER

curves corresponding to the perfect channel knowledge case and the estimated

channel parameter case;

• the higher the data rate, the more effective the STBC system compared to its

SISO counterpart;

• the STBC system can outperform its SISO counterpart by about 3.5 dB at the

desired 10% PER and even more for lower PERs for the 54 Mbps data rate;

• LS phase fitting method can outperform the ML phase tracking method by 1

to 2 dB, depending on the data rate;

• Semi-blind channel estimation offers significant additional gain (more than 1.5

dB) compared to the case of channel estimation by using the preamble only.

(However, more than one iteration is not needed—there is not a good room for

improvement.)

Note that the gap between the LS phase fitting method and the ML phase

tracking method for the STBC system is larger than that for the SISO system. The

reason is that for the STBC detection, the channel response for time 2k − 1 and 2k,

k = 1, 2, . . . , K, should be the same. Yet, due to the usage of ML phase tracking,

the channel response for these times are not the same anymore. For the real-timing
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Figure 3–9: PER versus SNR for a STBC system with two transmit antennas and
two receive antennas for time-invariant channels with tr = 50 ns at the 24 Mbps data
rate.

processing case, we can use the real-time LS phase fitting approach, which is presented

in the previous chapter, to improve the performance.

Example 2. Overall system performance of a STBC system with two receive

antennas as a function of SNR. The STBC systems are designed to increase the

transmission robustness compared to the SISO system. Yet, improved robustness can

sometimes result in improved data rate. Here we use this example to demonstrate

that a STBC system with two receive antennas can be used to double the data rate

of the SISO system at low data rates. Figure 3–9 shows the PER performance of the

STBC system as a function of SNR for channels with tr = 50 ns at a data rate of

24 Mbps. As a reference, we also give a PER curve for a SISO system with perfect

channel knowledge and at a data rate of 12 Mbps. We observe from the figure that

we can double the data rate and save about 2 dB total transmission power at the

10% PER and even more at lower PERs by using this STBC system.

3.7 An LS-Based Simple Soft-Detector for the BLAST System

From now on, we consider the detection problem for the BLAST system. With

the CFO, symbol timing, and MIMO channel response determined and accounted
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for, we can proceed to detect the data bits contained in each BLAST layer and each

subcarrier of the OFDM data symbols in the OFDM DATA field.

Consider the data bit detection for a generic BLAST system with a data model

given by (3.13), which is reproduced here for convenience:

y = Hx(b) + e. (3.45)

The purpose of data bit detection is to determine the bit metric for each data bit

contained in b. The bit metric (also known as the L-value) for the ith bit, i =

1, 2, . . . , BM , is defined as

l(i) = log
P (bi = +1|y,H)

P (bi = −1|y,H)
. (3.46)

The soft-detectors that calculate the above bit metric can be divided into two

classes, depending on whether the a priori information of the data bits is employed

or not. The soft-detectors in Class one do not use the a priori information, and these

detectors can be non-iterative as well as iterative. The soft-detectors in Class two

make use of the a priori information, and these detectors are iterative in nature.

For the Class one soft-detectors, under the assumption of equal probability for

each data bits and with the usage of the Bayes’ theorem, the bit metric can be written

as

l(i) = log

∑
b∈Bi,+1

P (y|b,H)∑
b∈Bi,−1

P (y|b,H)
, (3.47)

where Bi,+1 and Bi,−1 are the sets of 2BM−1 bit vectors b with bi being +1 and −1,

respectively.

Under the assumption of additive zero-mean white circularly symmetric complex

Gaussian noise for the received data, the above equation can be written as

l(i) = log

∑
b∈Bi,+1

e−
1

σ2 ‖y−Hx(b)‖2

∑
b∈Bi,−1

e−
1

σ2 ‖y−Hx(b)‖2 , (3.48)
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which, by using the max-log approximation [39], can be written as (see Appendix

3.12.2 for a derivation):

li ≈ max
b∈Bi,+1

{
− 1

σ2
‖y −Hx(b)‖2

}
− max

b∈Bi,−1

{
− 1

σ2
‖y −Hx(b)‖2

}

=
1

σ2

[
min

b∈Bi,+1

‖y −Hx(b)‖2 − min
b∈Bi,−1

‖y −Hx(b)‖2

]
. (3.49)

This is in fact the optimal but extremely inefficient non-iterative STBICM-based

soft-detector.

In this section and the next, we consider two Class one non-iterative soft-detectors:

(a) the simple LS-based soft-detector and (b) the hybrid soft-detector. In the re-

mainder of this section, we present the simple LS-based soft-detector for the BLAST

system. The hybrid soft-detector will be presented in the next section.

3.7.1 The Soft-Detector

Consider first the maximum-likelihood (ML) hard detector of the BLAST system.

For the data model of (3.12) or (3.45), the ML hard detector is given by:

x̂ = arg min
x∈CM×1

‖y −Hx‖2, (3.50)

where ‖ · ‖ denotes the Euclidean norm. The cost function in (3.50) can be written

as

‖y −Hx‖2 = yHy + xHHHHx− yHHx− xHHHy

=
(
xH − yH(H†)H

)
HHH

(
x−H†y

)

+yHy − yH(H†)HHHHH†y, (3.51)

where H† = (HHH)−1HH . We note, from the above equation, that by ignoring the

constellation constraint on x we can obtain an unstructured LS estimate x(LS) of x,

which is given by

x(LS) = H†y = x + H†e
4
= x + c. (3.52)
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Note that x(LS) is the soft-decision statistic that we are interested in. We refer to this

simple scheme of obtaining the soft-decision statistic as the LS-based soft-detector.

Note that a necessary condition for HHH to be nonsingular is N ≥ M . Also note

that c is still Gaussian with zero-mean and covariance matrix

E [ccH ] = σ2H†(H†)H = σ2(HHH)−1. (3.53)

Due to the use of the interleaver and deinterleaver, the data bits contained in x

are independent of each other. By ignoring the dependence among the elements of c,

we can consider only the marginal probability density function (pdf) for the elements

x
(LS)
m , m = 1, 2, · · · ,M , of x(LS). (Note that an approximation is made here, which

can lead to performance degradation. However, the computation is greatly simplified

by the approximation.) Let

H† 4=




h̆T
1

h̆T
2

...

h̆T
M



∈ CM×N . (3.54)

Then the mth element of c, m = 1, 2, · · · ,M , can be written as

cm = h̆T
me. (3.55)

Obviously, cm is still Gaussian with zero-mean and variance

σ2
m = E [|cm|2] = ‖h̆m‖2σ2. (3.56)

The estimate of the above noise variance σ2 can be easily obtained via the difference

of the two consecutive blocks of the nth receive antenna, from which we got yn,1

[cf. (3.14)]; see (2.33). Note that σ2
m along with x

(LS)
m can be used to calculate

the bit metrics for the data bits contained in the mth, m = 1, 2, · · · ,M , symbol

in x(LS), which are needed by the VA. Note also that the noises corresponding to
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different layers have different variances which means that the symbols corresponding

to different layers have different quality. This unbalanced layer quality is the reason

why we have used a spatial interleaver before the FD interleaver.

The LS-based soft-detector is implemented in the following two steps:

Step LS1: ignore the constraint of constellation for x to obtain an unstructured

LS symbol estimate x(LS) of x as

x(LS) = (HHH)−1HHy; (3.57)

Step LS2: for j = 1, 2, . . . , B and m = 1, 2, . . . ,M , obtain the bit metric for each

bit using the BICM scheme [13] (similar to (3.49), but for the SISO

case)

l(LS)
m (j) =

1

σ2
m

[
min

bm∈Bm,j,+1

|x(LS)
m − x(bm)|2 − min

bm∈Bm,j,−1

|x(LS)
m − x(bm)|2

]
,

(3.58)

where Bm,j,+1 and Bm,j,−1 are the sets of 2B−1 bit vectors bm ∈
{−1, +1}B×1 with the jth bit being +1 and −1, respectively.

We remark that for the SISO systems we usually consider an ordinary QAM

symbol as two PAM symbols (e.g., a 64-QAM symbol can be considered as two 8-ary

PAM symbols) due to the orthogonality between the real and imaginary parts of a

QAM symbol as well as the independence between the real and imaginary parts of

the additive circularly symmetric Gaussian error. In Appendix 3.12.1, we show that

the real and imaginary parts of cm are independent of each other. Hence we can

significantly simplify the bit metric computations in Step LS2 by exploiting these

independencies; see Appendix 2.5.4 of the previous chapter.

By rounding x
(LS)
m , m = 1, 2, . . . , M , to the closest point in the constellation C,

we obtain the hard-detection output x̂
(LS)
m of x

(LS)
m . Further, we obtain the output of

the LS-based hard-detector:

x̂(LS) = [x̂
(LS)
1 x̂

(LS)
2 . . . x̂

(LS)
M ]T , (3.59)

which will be used later.
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Note that the minimum mean-squared error (MMSE)-based soft-detector is of-

ten deemed to be better than the LS-based one [41]. Although this can be true for

the constant-modulus constellations, such as PSK, it is not necessarily true for QAM

symbols, as suggested by our simulation results (not provided here) due to the dif-

ferent power levels of the QAM symbols. Hence the LS-based soft-detector is more

preferable than the MMSE-based one since the former is slightly more computation-

ally efficient than the latter.

3.7.2 Numerical Examples

Now, we provide simulation examples to show the overall system performance,

in terms of PER, of a BLAST system that uses our preamble design and signal

precessing algorithms. (Again, one packet consists of 1000 bytes, and even if only

one error occurs in a packet, the entire packet is considered wrong.)

We consider doubling the transmission data using a BLAST system with M = 2

transmit antennas and N = 2 receive antennas. In some of our simulation examples,

we consider doubling the transmission data at three data rates: 12 Mbps, 24 Mbps,

and 54 Mbps. All simulation results are obtained with 104 Monte-Carlo trials. The

MN = 4 frequency-selective fading channels between the transmit and the receive

antennas are generated independently via the exponential channel model presented

in the previous chapter, changing from one trial to another.

Example 3. Overall system performance of the BLAST system employing the

LS-based soft-detector as a function of SNR. We consider four cases for the BLAST

system, referred to as Cases a, b, c, and d, which correspond to Cases 1, 2, 3, and 4

of Example 1 for the STBC system with one receive antenna, respectively. In Figures

3–10(a), 3–10(b), and 3–10(c), we show the PER performance of the BLAST system

as a function of the SNR for channels with tr = 50 ns when the transmission data

rates are 24, 48, and 108 Mbps, respectively. As a reference, we also give in each
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Figure 3–10: PER versus SNR for a BLAST system with two transmit antennas and
two receive antennas using the LS-based soft-detector for time-invariant channels with
tr = 50 ns at various data rates: (a) data rate = 24 Mbps; (b) data rate = 48 Mbps;
(c) data rate = 108 Mbps.

figure a PER curve for the SISO system with perfect channel knowledge and at one

half of the corresponding BLAST data rate. We observe from the PER curves that:

• as for the STBC systems, both the MIMO preamble design and the sequential

channel parameter estimation algorithm are effective for the BLAST system

in that the gap between the PER curves corresponding to the perfect channel

knowledge case and the estimated channel parameter case is reasonable (no

more than that of the SISO system);
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• the LS-based soft-detector is effective for the BLAST system in that the BLAST

system needs only 2 to 3 dB extra total transmission power to keep the same

PER as its SISO counterpart, but with the data rate doubled;

• The semi-blind MIMO channel response estimation method is more effective for

lower data rates since the packets for these cases are longer than those for the

higher data rate cases;

• LS phase fitting is not necessary since two receive antennas are used to obtain

a good ML phase tracking result.

Comparing Figure 3–10(b) and Figure 3–9 we have the following remark: (A) for

doubling the data rate at low data rates, such as from 12 Mbps to 24 Mbps, a BLAST

system with two transmit antennas and two receive antennas may not be as good as

a STBC system with the same number of antennas; (B) for doubling the data rate

at high data rates, such as from 54 Mbps to 108 Mbps, the aforementioned BLAST

system certainly outperforms it STBC counterpart—in fact, doubling the data rate

from 54 Mbps to 108 Mbps using a STBC system needs to use 4096-QAM, which is

hardly possible in practical applications. As such, we concentrate on doubling the

data rate at high data rates, say, from 54 Mbps to 108 Mbps, using the BLAST

system.

Example 4. PER performance comparison of the LS-based soft-detector with

other detectors as a function of SNR for the BLAST system at the 108 Mbps data rate.

Figure 3–11 shows the PER performance comparisons of the LS-based soft-detector

with the SPD-based hard-detector [26], as well as the LSD-based soft-detector [46],

an approximation of STBICM, the best non-iterative soft-detector for the BLAST

system for channels with tr = 50 ns. The simulation conditions are the same as those

in Case a of the previous example, i.e., we consider the case of estimated channel

parameters. We observe from the figure that the LS-based soft-detector is much

better than the SPD-based hard-detector but is outperformed by the LSD-based

soft-detector in terms of PER; yet, the LS-based soft-detector is much more efficient
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Figure 3–11: PER comparison of the LS-based soft-detector with two other detectors
for a BLAST system with two transmit antennas and 2 receive antennas as a function
of SNR for the time-invariant channels with tr = 50 ns at the 108 Mbps data rate
(with estimated channel parameters).

than the LSD-based one. In fact, these are the reason that we propose the hybrid

soft-detector, which will be detailed in the next section.

3.8 A Hybrid Soft-Detector for the BLAST System

The new hybrid soft-detector is based on the combination of the LSD- and LS-

based soft-detectors. As a result, before presenting the new soft-detector, we sum-

marize the LSD-based soft-detector and comment on the merits of the LSD- and

LS-based soft-detectors, which are different approximations of (3.49) with different

focuses on the performance/complexity trade-off.

3.8.1 Comments on the LSD- and LS-based Soft-Detectors

The LSD-based soft-detector focuses mainly on the performance side of the per-

formance/complexity trade-off. It maintains the frame-work of the STBICM-based

soft-detector and improves the efficiency of (3.49) by searching in much smaller sub-

sets B̃i,+1 ⊂ Bi,+1 and B̃i,−1 ⊂ Bi,−1 with |B̃i,+1| << 2BM−1 and |B̃i,−1| << 2BM−1.

The LSD-based soft-detector is implemented in the following three steps.
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Step SD1: obtain a set B̃ of bit vectors b ∈ {−1, +1}BM×1, referred to as the

candidate pool, which satisfies




‖y −Hx(b)‖2 ≤ dl, ∀b ∈ B̃,

‖y −Hx(b)‖2 > dl, ∀b /∈ B̃,

(3.60)

by using the modified SPD algorithm that has a fixed sphere radius

dl, determined by the number of antenna as well as the noise variance

[46];

Step SD2: for each i = 1, 2, . . . , BM , calculate the sets:

B̃i,+1 = Bi,+1 ∩ B̃ and B̃i,−1 = Bi,−1 ∩ B̃; (3.61)

Step SD3: for each i = 1, 2, . . . , BM , obtain the bit metric by

l(SD)(i) =
1

σ2

[
min

b∈B̃i,−1

‖y −Hx(b)‖2 − min
b∈B̃i,+1

‖y −Hx(b)‖2

]
. (3.62)

At the cost of some performance degradation, the LSD-based soft-detector im-

proves the computational efficiency of the STBICM-based soft-detector significantly

due to limiting the search over the much smaller sets. (We do not know the exact

degradation for our WLAN application since the STBICM-based soft-detector is too

slow to make a reasonable comparison.) However, the LSD-based soft-detector is not

as efficient as the SPD-based hard-detector due to the following reasons: (a) LSD

in Step SD1 uses fixed sphere radius whereas SPD uses changing sphere radius that

shrinks with the finding of a new point in the sphere with a shorter distance and (b)

the bit metric calculation in Step SD2 needs additional computations.

The LS-based soft-detector, on the other hand, focuses mainly on the computa-

tional complexity side of the performance/complexity trade-off. While the LSD-based

soft-detector improves the efficiency of (3.49) by limiting the search on smaller sets,
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the LS-based soft-detector decreases the computation of (3.49) by decoupling the dis-

tance ‖y −Hx‖2 into M separate distances, i.e., it decouples a MIMO channel into

multiple SISO channels that are processed independently of each other.

The LS-based soft-detector is orders of magnitude more efficient than the LSD-

based soft-detector due to the decoupling, as will be analyzed later. However, the

performance of the former is worse than the latter (more than 2 dB for the M = N = 2

case for our WLAN application, as shown in Figure 3–11).

3.8.2 The Hybrid Soft-Detector

The above two soft-detectors provide different performance/complexity trade-

offs for data bit detection, with the LSD-based one focusing on the performance side

and the LS-based one on the computational efficiency side. In practice, it is desirable

to have a soft-detector that is better than the LS-based one in performance and faster

than the LSD-based one in computational complexity. We show that this can be done

by combining these two soft-detectors, and the corresponding new detector is referred

to as the hybrid soft-detector.

Now, let us examine what hinders the performance of the LS-based soft-detector.

We can readily see that when HHH is close to a scaled identity matrix, the bit metrics

from the LS-based soft-detector will not be worse than those from the LSD-based one.

However, when HHH becomes ill-conditioned, the bit metrics from the former will

be much worse than those from the latter, because of the following reasons: (a) some

elements of the noise vector c in (3.52) are magnified drastically due to the poor

channels and (b) useful information is lost due to the decoupling. Hence, these (bad)

bit metrics corresponding to the ill-conditioned channels can be seen as the bottle-

neck for the performance of the LS-based soft-detector. If we can identify these bad

bit metrics and replace them by those from the LSD-based soft-detector, we can

improve the detection performance significantly.
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We identify the bad bit metrics by comparing the LS-based hard-detector output

x̂(LS) and the SPD-based hard-detector output x̂(SPD). If they are not the same, x̂(LS)

is more likely to have error(s) since x̂(SPD) is an ML estimate, which is better than

the former theoretically. In this case, the corresponding bit metrics from the LS-

based soft-detector are considered bad; otherwise, these bit metrics can be considered

reliable.

In view of the above, we have the following steps for the hybrid soft-detector:

Step HY1: obtain the unstructured LS symbol estimate x(LS) by using (3.57) of

Step LS1;

Step HY2: determine the LS hard-detection result x̂(LS);

Step HY3: calculate the SPD hard-detection result x̂(SPD);

Step HY4: check the hard-detection results—if x̂(LS) = x̂(SPD), then go to Step

HY5; otherwise, go to Step HY6;

Step HY5: obtain bit metrics by (3.58) of Step LS2 based on x(LS) from Step HY1

and then stop;

Step HY6: obtain bit metrics by performing Steps SD1, SD2 and SD3 and then

stop.

The computational complexity of the hybrid soft-detector is dominated by SPD

and the LSD-based soft-detector, i.e., Steps HY3 and HY6. To speed up the calcula-

tion of SPD in Step HY3, we need to consider the determination of its initial radius,

which is a crucial issue for SPD. If the initial radius is too small, there will be no

point (x) in the sphere—SPD cannot find the ML solution. On the other hand, if the

initial radius is too large, SPD will be very slow due to the unnecessary additional

searches. The number of the additional searches can be reduced by using a modified

searching approach given in [14]. However, it complicates the algorithms itself. Here,

we give a tight sphere radius, based on the LS-based hard-detector output x̂(LS), by

using

dr = ‖y −Hx̂(LS)‖+ εd, (3.63)
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where εd > 0 is a very small value. Note that the sphere with this radius will contain

at least one point—the output of the LS-based hard-detector. Note also that, for most

cases (98 out of 100 for the SNRs of interest in our WLAN application, as will be

shown by the simulation results in next section), the sphere with this radius contains

only one point. By using this tight radius, our preliminary simulation results show

that SPD can be as efficient as the interference cancellation and nulling algorithm

[37] and uses only 5 times as many flops as the LS-based soft-detector.

The computational complexity, in terms of flops, for each step of the LSD-based

soft-detector can be estimated as follows. (We assume M = N for convenience.)

Step HY1: O(M3) for matrix multiplications and inversion. For example, a cal-

culation using Matlab indicates that the number of flops is 444 for the

M = 2 case.

Step HY2: Negligible.

Step HY3: O(M3) to O(M6) for SPD, depending on the SNR and B, the num-

ber of data bits contained in a QAM symbol [25, 26]. For example,

preliminary calculations using Matlab show that, by using the tight

radius, SPD uses only 5 times as many flops as LS in Step HY1 for

64-QAM, M = 2, and the SNRs of interest.

Step HY4: Negligible.

Step HY5: Negligible by table-checking for the PAM symbols; see Appendix 2.5.4

of the previous chapter.

Step HY6: (a) O(M3) to O(M6) for LSD (Step SD1), which, as shown by simula-

tion results, uses typically 2 to 10 times as many flops as SPD in Step

HY3, i.e., 10 to 50 times as many flops as LS in Step HY1. (We use

the average 25 in the sequel.) (b) O(N2
CBM) for bit metric calculation

(Step SD3), where NC is the number of candidates in the list for LSD

and the operation of finding the minimum is performed by using the

conventional bubbling algorithm; for example, for M = 2, B = 6, and

NC = 120 (which is typical for a good performance), this amounts to

about 43200 flops (assuming |Bi,+1| = |Bi,−1| = 60, i = 1, 2, . . . , 12,

for convenience), which is about 95 times as many flops as LS in Step

HY1.
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As will be seen from the simulation results in the next section, less than 2% cases

have different SPD and LS hard-detection results. Hence, we can see that the hybrid

soft-detector is about

1︸︷︷︸
LS

+ 5︸︷︷︸
SPD

+0.02× ( 25︸︷︷︸
LSD

+95) = 8.4

times as slow as the LS-based soft-detector, which indicates that the hybrid soft-

detector is about 10 times slower than the LS-based soft-detector. We can also see

that the LSD-based soft-detector needs 120 times as many flops as the LS-based one,

which means that the hybrid soft-detector is about 10 times faster than the LSD-

based one. Note that the new hybrid soft-detector is more efficient for high SNRs

than for low SNRs since at high SNRs the probabilities of x̂(LS) = x̂(SPD) are high and

the chances of using the computationally expensive LSD-based soft-detector are low.

Note also that the above analysis of the complexity is only intended to give a feeling

about the efficiency of the hybrid soft-detector and is by no means very accurate.

More accurate analysis of the complexities, including those for SPD and LSD, is still

an open topic.

We remark that the bad bit metrics can also be identified by using the con-

dition number (CN) of HHH, and the resulting soft-detector can be referred to as

the CN-hybrid soft-detector. However, the CN-hybrid soft-detector is inferior to its

hybrid counterpart due to the following reasons. First, it is hard to determine a

threshold for the CN. If the threshold is too high, many bad bit metrics from the

LS-based soft-detector will be used in the hybrid soft-detector, which will lead to

degraded performance. On the other hand, if the threshold is too low, the computa-

tionally expensive LSD-based soft-detector will be used too often, which will result

in increased computational complexity. Second, a large CN does not necessarily re-

sult in detection differences between the SPD- and LS-based hard-detectors. Neither
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does a small condition number guarantee the same detection result for the two hard-

detectors. As will be demonstrated using the simulation results in the next section,

for a practical choice of CN, say 100, the CN-hybrid soft-detector has a compara-

ble (0.06 × (25 + 95) = 7.2 times as many flops as LS) complexity to the hybrid

soft-detector; yet, the performance of the former is inferior to the latter.

3.8.3 Simulation Results

We give two simulation examples to demonstrate the performance and compu-

tational complexity of our hybrid soft-detector. As before, we consider the case of

doubling the maximum 54 Mbps transmission data rate by using a BLAST system

with two transmit antennas and two receive antennas. The simulation conditions are

the same as these for Case d of Example 3 above, i.e., we consider the case of perfect

channel knowledge.

Example 5. PER performance comparison of the hybrid soft-detector with

other detectors as a function of SNR for the BLAST system at the 108 Mbps data

rate. In Figure 3–12, we show the PER comparison for the LS-based soft-detector,

the CN-hybrid soft-detector (with CN being 100), the hybrid soft-detector, and the

LSD-based soft-detector. We also give the PER curve of using the soft-detector for

the SISO system at the 54 Mbps data rate as a reference. We can see from the

simulation results that:

• the PER performance of the hybrid soft-detector is close to that of the LSD-

based soft-detector; moreover, the PER curve of the hybrid soft-detector has

nearly the same slope as the LSD-based one, which means that at high SNRs,

the hybrid soft-detector can offer much better performance than the LS-based

one;

• the hybrid soft-detector outperforms its CN-hybrid counterpart;

• by comparing the solid line with the dashed line, we can see that if we use the

hybrid soft-detector at the receiver, we need about 1.5 dB more SNR to keep

the same 10% PER to double the data rate with M = N = 2.
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Figure 3–12: PER comparison of the hybrid soft-detector with other soft-detectors
for a BLAST system with two transmit antennas and 2 receive antennas as a function
of SNR for the time-invariant channels with tr = 50 ns at the 108 Mbps data rate
(with perfect channel knowledge).

Note that even with the need of this 1.5 dB extra SNR, i.e., 1.5 dB more to-

tal transmission power, the PER performance of the OFDM-based BLAST system

with the hybrid soft-detector is still impressive since even if we wish to double the

transmission data rate using two separate SISO systems over two different physical

channels by doubling the bandwidth, we still need 3 dB extra SNR or total trans-

mission power. If we consider the case of 1% PER, we can double the data rate with

about 0.5 dB less total transmission power.

Example 6. Complexities of the hybrid and CN-hybrid soft-detectors. To sup-

port the analysis of the complexity of the hybrid and CN-hybrid (with CN being 100)

soft-detectors, we provide a simulation example to demonstrate the probability of us-

ing the LSD-based soft-detector in these soft-detectors. We can see from Figure 3–13

that for the SNRs of interest the probability of using the LSD-based soft-detector in

the CN-hybrid soft-detector is about 6% and less than 2% in the hybrid soft-detector.
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Figure 3–13: Probabilities of using LSD in the hybrid and CN-hybrid soft-detectors
for a BLAST system with two transmit antennas and two receive antennas as a
function of SNR for time-variant channels with tr = 50 ns at the 108 Mbps data rate.

3.9 An Iterative Soft-Detector for the BLAST System

The above LS-based soft-detector and the hybrid soft-detector can be imple-

mented in real-time for the BLAST system considered herein using the current com-

puting power. In the future, with the increase of the computing power, more so-

phisticated detectors, such as the iterative detectors, can also be used in the BLAST

system. We provide an iterative soft-consider for the BLAST system in this section.

It has been shown in [46] that iterative detection/decoding with an iterative

LSD-based soft-detector can be used to achieve near-capacity. Yet, we find that

due to using the uncensored a priori information, which is caused by the limited

LSD candidate pool during each iteration, the LSD-based soft-detector can perform

worse with increased iteration number. We mitigate this problem by constraining

the value of the a priori information to improve the detection/decoding performance

of the system. The resulting method is referred to as the iterative constrained LSD

(CLSD)-based soft-detector. We also improve the detection/decoding performance

by incorporating the updated channel response obtained using the aforementioned

semi-blind MIMO channel response estimation method for the BLAST system. The
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combination of the iterative detection/decoding with the CLSD-based soft-detector

and channel updating, referred to as the turbo processing, can significantly improve

the system performance.

In the sequel, we first present the iterative CLSD-based soft-detector and then

give the turbo processing algorithm.

3.9.1 The CLSD-Based Soft-Detector

We consider the general case of BLAST soft-detection where H in (3.45) is N×M .

Let β = BM and b = [b1 b2 . . . bβ]T , with bi ∈ {−1, +1}, i = 1, 2, . . . , β be the bit

vector that maps to x. Then x can be expressed as x(b) to stress its dependence on

b.

With the application of the a priori information, the bit metric for the ith bit,

i = 1, 2, . . . , β of (3.46) can be written, by using the Bayes’ theorem, as

lD(i)
4
= ln

P (bi = +1|y,H)

P (bi = −1|y,H)

= ln
P (bi = +1)

P (bi = −1)
+ ln

P (y|bi = +1,H)

P (y|bi = −1,H)
4
= lA(i) + lE(i). (3.64)

Here, lA(i) and lE(i) are referred to as the a priori and extrinsic information, re-

spectively. The a priori information can be obtained from the soft-output of the

BCJR decoder [5], and the extrinsic information can be calculated by the iterative

STBICM-based soft-detector [12, 46, 116]:

lE(i)≈
1

2
max

b∈Bi,+1

{
− 1

σ2
‖y −Hx(b)‖2 + bT lA − lA(i)

}

−1

2
max

b∈Bi,−1

{
− 1

σ2
‖y −Hx(b)‖2 + bT lA + lA(i)

}
, (3.65)

where Bi,+1 and Bi,−1 are the set of 2β−1 bit vectors with bi being +1 and −1, re-

spectively, and lA = [lA(1) lA(2) . . . lA(β)]T . (See Appendix 3.12.2 for a derivation

of (3.65).)
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Figure 3–14: Diagram of the receiver with iterative detection/decoding for an OFDM-
based BLAST system.

In the iterative detection/decoding process, as shown in Figure 3–14, the a priori

information lA(i) for the BLAST detectors, which can be seen as the inner decoder(s),

is obtained from the soft-output of the BCJR decoder, which can be seen as the outer

decoder. Specifically, it is from the incremental soft-information (denoted as LE in the

figure) due to the BCJR decoder. Similarly, the input for the BCJR decoder (denoted

as LA in the figure) is the deinterleaved extrinsic information, lE, the incremental

soft-information from the BLAST detectors. The iterative decoding starts from the

BLAST detection with the a priori information being zero.

The iterative STBICM-based soft-detector of (3.65) is optimal; in fact, it is the

maximum a posteriori (MAP) BLAST soft-detector. However, it is extremely ineffi-

cient. The iterative STBICM-based soft-detector can also be simplified by using LSD

[46], similar to the non-iterative case. As for the non-iterative case, the iterative LSD-

based soft-detector keeps the STBICM frame-work while improving the efficiency of

(3.65) by searching in much smaller subsets B̃i,+1 ⊂ Bi,+1 and B̃i,−1 ⊂ Bi,−1 with

|B̃i,+1| << 2β−1 and |B̃i,−1| << 2β−1. As such, the iterative LSD-based soft-detector

is implemented similarly to the non-iterative LSD-based soft-detectors—Steps SD1
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and SD2 are the same as before, but the calculation of Step SD3 is replaced by:

lE(i) =
1

2
max

b∈B̃i,+1

{
− 1

σ2
‖y −Hx(b)‖2 + bT lA − lA(i)

}

−1

2
max

b∈B̃i,−1

{
− 1

σ2
‖y −Hx(b)‖2 + bT lA + lA(i)

}
, (3.66)

which is done iteratively.

The iterative LSD-based soft-detector is orders of magnitude more efficient com-

putationally than the iterative STBICM-based soft-detector. However, this efficiency

is obtained at the cost of some performance degradation due to the limited candidate

pool used by LSD.

Due to the limited candidate pool, the a priori information from the outer de-

coder can be quite poor. When the poor a priori information is used blindly without

being censored, the performance of the iterative processing can degrade with the in-

crease in iteration number. Fortunately, this problem can be mitigated by using a

simple approach to censor the a priori information from the outer decoder.

Before presenting the mitigation method, let us first examine the reason that

leads to the poor a priori information. As we mentioned earlier, the a priori infor-

mation for the iterative BLAST soft-detectors is obtained from the BCJR decoder.

Hence it can be seen as the output of a feedback system. When using the iterative

STBICM-based soft-detector, the system can be stable. The reason is that for any

i ∈ {1, 2, . . . , β} and b1 ∈ Bi,+1, there must be a b2 ∈ Bi,−1 such that

bT
1 lA − lA(i) = bT

2 lA + lA(i). (3.67)

Therefore no matter how large the a priori information is, the output of the iterative

STBICM-based soft-detector is bounded by

1

2σ2

[
max

{‖y −Hx(b)‖2
}−min

{‖y −Hx(b)‖2
}]

. (3.68)
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Moreover, this bounded detector output leads to bounded a priori information, re-

sulting in convergence. When using the iterative LSD-based soft-detector, on the

other hand, the corresponding system can be unstable. The reason is that for some

i ∈ {1, 2, . . . , β} and b1 ∈ B̃i,+1, there may not exist b2 ∈ B̃i,−1 such that (3.67) holds.

Hence, if the a priori information is large, bT
1 lA − lA(i) may be the dominant factor

in determining the soft-output in (3.66), which is not bounded by (3.68). Specifi-

cally, the limited candidate pool can cause the following two problems for iterative

decoding:

Problem (a): The output of the iterative LSD-based soft-detector of (3.66) can be

very large and go to infinity quickly during iterative detection/decoding

as a result of the uncensored a priori information from the BCJR de-

coder.

Problem (b): The output of the iterative LSD-based soft-detector of (3.66) can be

unreliable, which can lead to degraded decoding performance.

Problem (a) was addressed in [46] by simply clipping the soft-output to ±8.

However, due to Problem (b), the detection/decoding performance can still be worse

with the increase in iteration number, especially at low to moderate SNRs (see, for

example, Example 7 below).

We believe that Problem (b) is the main reason of the performance degradation

with the increase in iteration number. Hence we propose to improve the detec-

tion/decoding performance of the iterative LSD-based soft-detector by adequately

addressing Problem (b), i.e., by constraining the a priori information from the outer

decoder. We follow the following simple rules to constrain the a priori information:

R1: The larger the sphere radius, the larger the maximum allowable a priori

information, denoted as lmax.

R2: The larger the β, the smaller the maximum allowable a priori information

lmax.

R3: The higher the SNR, the larger the maximum allowable a priori informa-

tion lmax.
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We choose R1 because for a given SNR and a given number of candidates in

a sphere, the larger the radius, the better the channel condition. We give more

freedom or larger maximum allowable a priori information lmax to a better channel

condition. The reason of choosing R2 is that the more complicated the constellation

and the larger the number of transmitted symbols, the larger the bT lA. We put more

constraint on the maximum allowable value of lA to prevent the value of bT lA from

growing too large. Finally, we follow R3 because the higher the SNR or the smaller

the noise variance σ2, the more trust we can put on the larger a priori information

from the outer decoder.

Based on the aforementioned rules, we constrain the value of the a priori infor-

mation for a BLAST system with two transmit antennas and two receive antennas

as follows:

lmax =
d

min{1, kCσ2} , (3.69)

where d is the radius of the sphere and kC is a constant related to β or the constellation

size and the number of transmit antennas. For example, for 64-QAM, we choose

kC = 4 × 42 for the above BLAST system, where 42 is the average power of the

64-QAM constellation. We choose d so that the sphere contains 5 candidates.

Once we have determined the maximum allowable a priori information lmax, we

can constrain the a priori information from the outer decoder as follows:

l
(C)
A =





lA, max{lA} ≤ lmax,

lmax

max{lA} lA, max{lA} > lmax.
(3.70)

The constraining scheme in (3.70) is by no means the best; however, it is very simple

and can lead to excellent results in our applications (see the simulation examples

below).
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Figure 3–15: Diagram of the receiver with turbo processing for an OFDM-based
BLAST system.

To be conservative in terms of the above Problem (a), we still clip the soft-

outputs of the CLSD-based soft-detector (by ±50, instead of the ±8 suggested in

[46]) in addition to constraining the a priori information.

3.9.2 Algorithm of the Turbo Processing

With the combination of the above iterative detection/decoding and channel

updating (i.e., semi-blind MIMO channel response estimation), the overall turbo pro-

cessing for the BLAST system, as shown in Figure 3–15, is performed in the following

steps.

Step TP1: Estimate the channel parameters by using the sequential method of

Section 3.4.

Step TP2: Detect all the data bits contained in the packet by the LSD-based soft-

detector and then decode the entire packet by the BCJR algorithm.

Step TP3: Update the channel gain estimates using the decoded data bits by the

semi-blind method of Section 3.5.4.

Step TP4: Detect all the data bits contained in the packet by the iterative CLSD-

based soft-detector and then decode the entire packet by the BCJR

algorithm.
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Step TP5: If the predetermined iteration number is reached, then stop; otherwise,

go to Step TP3.

3.9.3 Simulation Results

We provide several numerical examples to demonstrate the performance of it-

erative detection/decoding for the BLAST system with two transmit antennas and

two receive antennas when using our algorithms. As for the case of the Hybrid soft-

detector, we consider doubling the data rate from the maximum 54 Mbps to 108

Mbps. The simulation conditions are the same as these used for Examples 3 to 6.

Example 7. Performance of the BLAST system using the iterative LSD-based

soft-detector with various iterations as a function of SNR for channels with tr = 50

ns (with perfect channel knowledge). Figure 3–16 shows the PER curves for 0 to 4

iterations by using the iterative LSD-based soft-detector of [46]. We can see from the

figure that with one iteration, the performance improves significantly. However, with

additional iterations, the PERs for low to moderate SNRs drop, due to the aforemen-

tioned Problem (b). Note that for high SNRs, the LSD based soft-detector works

well. This is the reason for R3 of the previous section, i.e., the a priori information

constraining should change with the SNR.

Example 8. Performance of the BLAST system using the iterative CLSD-

based soft-detector with various iterations as a function of SNR for channels with

tr = 50 ns (with perfect channel knowledge). Figure 3–17 shows the PER curves for 0

to 4 iterations by using the new iterative CLSD-based soft-detector. We can see from

Figure 3–17 that, due to constraining the a priori information, the PERs improve

monotonicly with the increased iteration number. This is especially beneficial for the

low to moderate SNRs.

Figure 3–18 shows the comparison of the iterative CLSD- and LSD-based soft-

detectors with 4 iterations, along with a reference of the LSD based soft-detector
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Figure 3–16: PER versus SNR for a BLAST system with two transmit antennas
and two receive antennas using the iterative LSD-based soft-detector with various
iterations for time-invariant channels with tr = 50 ns at the 108 Mbps data rate
(with perfect channel knowledge).

without iteration. We observe that for low to moderate SNRs, the CLSD-based soft-

detector significantly outperforms the LSD-based one—with about 1.4 dB reduction

in SNR at the PER being 10−1. For high SNRs, our simulation results show that

CLSD is not worse than LSD.

Example 9. Overall system performance of the BLAST system using the non-

iterative LSD-based soft-detector with channel updating as a function of SNR for

channels with tr = 50 ns. Here, all the channel parameters are estimated, as for Case

a of Example 3. Figure 3–19 shows the PER curves for the non-iterative LSD-based

soft-detector with 0 to 2 iterations of channel updating. We also give a PER curve

with perfect channel parameter for reference. We can see from Figure 3–19 that

the channel updating is very effective in that with one iteration, it reduces the SNR

by about 1.5 dB at PER = 10−1. Moreover, it pushes the PER curves very close

to the lower bound determined by the case of the perfect channel knowledge. By

comparing the PER curves of Figure 3–19 and those of Figure 3–10(c), we can see

that the channel updating is more effective for the LSD-based soft-detector than for

the LS-based soft-detector.
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Figure 3–17: PER versus SNR for a BLAST system with two transmit antennas
and two receive antennas using the iterative CLSD-based soft-detector with various
iterations for time-invariant channels with tr = 50 ns at the 108 Mbps data rate (with
perfect channel knowledge).

Example 10. Overall system performance of the BLAST system using the

turbo processing with various iterations as a function of SNR for channels with tr =

50 ns. The simulation conditions of this example is the same as for the previous one.

We can see from Figure 3–20 that the turbo processing is quite powerful—with two

iterations of turbo processing, we can improve the performance or reduce the required

SNR by as much as 3 dB for PER being 10−1 and even larger for lower PERs.

Figure 3–21 shows the comparison of the BLAST system and the SISO system

using various processing algorithms and under various conditions for channels with

tr = 50 ns. We observe from the PER curves that:

• For the perfect channel knowledge case, the BLAST system with the iterative

CLSD-based soft-detector (with 4 iterations) can double the data rate and can

outperform its SISO counterpart by about 1.7 dB in terms of SNR requirement

at PER being 10−1 and 3.8 dB at PER being 10−2.

• The performance of the BLAST system with the turbo processing (with 2 iter-

ations), which uses estimated channel parameters, can even be better (about 1

dB in SNR reduction at PER being 10−1) than that of the BLAST system with

perfect channel knowledge and non-iterative processing. This can never be true
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Figure 3–18: PER comparison of the iterative CLSD- and LSD-based soft-detectors
with 4 iterations a BLAST system with two transmit antennas and two receive an-
tennas as a function of SNR for time-invariant channels with tr = 50 ns at the 108
Mbps data rate (with perfect channel knowledge).

for its SISO counterpart, since with the Gray coded QAM symbols, iterative

decoding does not help the SISO system [115].

• For the estimated channel parameter case, the BLAST system with the turbo

processing (with 2 iterations) can outperform its SISO counterpart (with 2

iterations of channel updating) about by 0.7 dB in SNR reduction at PER

being 10−1 and 3.0 dB at PER being 10−2.

3.10 Line-of-Sight Problem with the BLAST Systems

So far, we have assumed that the MN channels for the MIMO systems are in-

dependent of each other. This can be true in the case of Rayleigh fading channels

where no line-of-sight (LOS) exists. For some cases, there exist LOS path in addition

to multipaths, and the channels experience Rician fading. In these cases, the MN

channels are highly correlated, and the channel matrices H’s for some of the subcar-

riers can be singular. For the STBC systems, the singularity can lead to degraded

performance—degrading to the same diversity lever as the SISO systems. For the

BLAST systems, the problem is much more severe—the detection can completely

fail. To deal the channel singularity problem for the highly correlated channels, we

can separate the spacing of the transmit or receive antennas. Due to the limitation
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Figure 3–19: PER versus SNR for a BLAST system with two transmit antennas and
two receive antennas using the non-iterative LSD-based soft-detector with various
iterations of channel updating for time-invariant channels with tr = 50 ns at the 108
Mbps data rate.

of the size of the mobile terminals, it is not practical to enlarge the spacing for the

antennas at the mobile terminals. Yet, it is feasible to enlarge the spacing for the

antennas at the access points. At the access points we can install three antennas,

each at an apex of an equilateral triangle, or we can install four antennas, each at an

apex of a square. For the up-link transmission, all the three or four receive antennas

at the access points can be used to improve the performance. For the down-link

transmission, on the other hard, only 2 of the transmit antennas at the access points

which have the largest angular spacing with respect to the receive antennas will be

used for the transmission. Here we demonstrate using an simulation example that a

reasonable angular spacing can yield a good performance for the BLAST systems.

We consider down-link transmission. All the simulation conditions are the same

as before, except that the channels are Rician fading channels. The Rician fading

channels for the OFDM-based MIMO systems are simulated as the superposition of

the LOS channels and the multipaths channels, with the LOS channels being K dB

higher than the multipath channels (here K is referred to as the Rician factor). The

Rician fading channels are normalized to have the same average channel gain as the
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Figure 3–20: PER versus SNR for a BLAST system with two transmit antennas
and two receive antennas using the turbo processing with various iterations for time-
invariant channels with tr = 50 ns at the 108 Mbps data rate.

Rayleigh channels used before. For the LOS channels, we use the standard channel

model for antenna array (see, e.g., [66]) with the spacing of the receive antennas

being half the wavelength and the two transmit antennas are symmetrical to the

board direction of the receive antennas. For the multipath channels, we use the same

model as before.

Example 11. Overall system performance of non-iterative soft-detectors as a

function of angular spacing of the two transmit antennas for Rician fading channels

with tr = 50 ns and Rician factor K = 20. Here, all the channel parameters are

estimated, as for Case a of Example 3. Figure 3–22 shows the performance of the LS-

and LSD-based as well as the hybrid soft-detectors for SNR = 30 dB. We can see from

the simulation results that with the angular spacing of 12 deg, we can have pretty

good PER performance for the hybrid and LSD-based soft-detectors. Translating to

the physical spacing of the transmit antennas, 12 deg angular spacing corresponds

to about 2 meters if the distance from the center of the two transmit antennas to

the receive antennas is 10 meters; this physical spacing makes the deployment of the

transmit antenna feasible.
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Figure 3–21: PER versus SNR comparison of a BLAST system with two transmit an-
tennas and two receive antennas to a SISO system at respective maximum data rates
using various processing algorithms and under various conditions for time-invariant
channels with tr = 50 ns.

Note that for the LOS transmission cases, beamforming schemes, such as those

proposed for smart antennas [71], can also be used to improve the transmission robust-

ness or to increase the transmission data rate. The newly proposed robust adaptive

beamforming schemes (see, e.g, [66]) are especially applicable since the non-LOS re-

flections can be seen as the error of the steering vectors of the antenna array; the

steering vectors are due to the LOS transmissions. For example, as the BLAST

system, the robust Capon beamformer [66] can be used to receive two packets simul-

taneously transmitted from two transmit antennas to result in a doubled data rate by

exploiting the different packet LOS arrival angles. (The robust Capon beamformer

tries to suppress other signals while receiving the interested one. The two transmit-

ted packets are treated as the interested signal in turn.) Yet, we observe from our

simulation results (not provided here) that the robust Capon beamformer works well

only for low data rate cases where SNRs are low; for the high data rate cases where

SNRs are high, the robust Capon beamformer has much worse performance than the

BLAST systems due to limited capability of interference suppression in the presence

of steering vector errors.
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Figure 3–22: PER versus transmit antenna angular spacing for a BLAST system with
two transmit antennas and two receive antennas using the non-iterative soft-detectors
for time-invariant Rician fading channels with tr = 50 ns and K = 20 (with estimated
channel parameters) at the 30 dB SNR and the 108 Mbps data rate.

3.11 Concluding Remarks

We have considered various system design and signal processing issues for two

kinds of OFDM-based MIMO systems—STBC and BLAST. As a common part for

both of the OFDM-based MIMO systems, we have proposed a MIMO preamble de-

sign, which is backward compatible to its SISO counterpart as specified by the IEEE

802.11a standard. With this preamble, we can use a sequential parameter estimation

method to estimate CFO and symbol timing as well as the MIMO channel responses.

For the OFDM-based STBC system, we have proposed an OFDM DATA field design

which includes the pairing of the OFDM data symbols as well as the pilot tones. We

have provided a simple OFDM data symbol generation scheme for the STBC trans-

mitter. We have also provided error reduction algorithms which are similar to those

for the SISO systems. Furthermore, we have presented a simple STBC soft-detector.

For the OFDM-based BLAST system, we have also proposed an OFDM DATA field

design which includes the pairing of the pilot tones used for error reduction. We have

proposed three BLAST soft-detectors with different performance/complexity trade-

offs. The first one is a very simple LS-based soft-detector. The second one is a hybrid



128

soft-detector that combines the merits of the LS- and LSD-based soft-detectors and

has a good performance/complexity trade-off. The third one is an iterative soft-

detector which has the best ever known performance. We have provided several

simulation examples to show the overall system performance of the MIMO systems

that use our system design and various signal processing algorithms.

3.12 Appendixes

3.12.1 A Property of the cm in (3.55)

With x̄ and x̃ denoting the real and imaginary parts of x, respectively, we get

from (3.52):

c = (H̄† + jH̃†)(ē + jẽ)

= (H̄†ē− H̃†ẽ) + j(H̃†ē + H̄†ẽ). (3.71)

Then

c̄ = H̄†ē− H̃†ẽ, (3.72)

and

c̃ = H̃†ē + H̄†ẽ. (3.73)

Hence, we have

E
[
c̄c̃T

]
= E

[(
H̄†ē− H̃†ẽ

)(
ēT (H̃†)T + ẽT (H̄†)T

)]

= E
[
H̄†ēēT (H̃†)T − H̃†ẽẽT (H̄†)T

]

+E
[
H̄†ēẽT (H̄†)T − H̃†ẽēT (H̃†)T

]

=
1

2
σ2

[
H̄†(H̃†)T − H̃†(H̄†)T

]

=
1

2
σ2

[
H̄†(H̃†)T −

(
H̄†(H̃†)T

)T
]

, (3.74)

where we have used the fact that E [ēēT ] = E [ẽẽT ] = σ2

2
I and E [ēẽT ] = E [ẽēT ] = 0.

Equation (3.74) implies that the diagonal elements of E
[
c̄c̃T

]
are zero and hence

E [c̄mc̃m] = 0, m = 1, 2, · · · , M .
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3.12.2 Derivation of the STBICM-Based Soft-Detector

The derivation of the STBICM-based soft-detector cannot be found in the open

literature. Here we provide a derivation of this soft-detector.

We consider the general case of MIMO soft-detection where the dimensions of H

in (3.12) is N×M and x is M × 1 with each element of x corresponding to B data bits.

Let β = BM . Then x can be mapped to b = [b1 b2 . . . bβ]T , with bi ∈ {−1, +1},
i = 1, 2, . . . , β. (Note that x can be expressed as x(b) to stress its dependence on

b.) By using our notation, the MAP MIMO soft-detector of [12, 46, 116] can be

reformulated as follows.

The bit metric (also known as the L-value [39]) for the ith bit, i = 1, 2, . . . , β, is

defined as

lD(i) = ln
P (bi = +1|y,H)

P (bi = −1|y,H)
, (3.75)

which, by using the Bayes’ theorem, can be written as

lD(i) = ln
P (bi = +1,y|H)/P (y|H)

P (bi = −1,y|H)/P (y|H)

= ln
P (bi = +1,y|H)

P (bi = −1,y|H)

= ln
P (y|bi = +1,H)

P (y|bi = −1,H)︸ ︷︷ ︸
lE(i)

+ ln
P (bi = +1|H)

P (bi = −1|H)︸ ︷︷ ︸
lA(i)=ln

P (bi=+1)

P (bi=−1)

. (3.76)

Here, lA(i) and lE(i) are referred to as the a priori and extrinsic information, re-

spectively. Note that we have exploited the fact that the transmitted data bit bi is

independent of the channel H. This fact will also be used in the sequel.

The numerator of lE(i) can be written as:

P (y|bi = +1,H) =
∑

P (y, {bj = b̄j}j 6=i|bi = +1,H)

=
∑

b̄∈Bi,+1

P (y|b̄,H)P (b = b̄|bi = +1), (3.77)
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where Bi,+1 is the set of 2β−1 bit vectors with b̄i being +1. Due to the employment of

the interleaver(s), the data bits in b can be seen as independent of each other, and

the above equation can be expressed as:

P (y|bi = +1,H) =
∑

b̄∈Bi,+1

P (y|b̄,H)
∏

j 6=i

P (bj = b̄j). (3.78)

We can write the denominator of lE(i) in a similar way. Hence, we have

lE(i) = ln

∑
b̄∈Bi,+1

p(y|b̄,H)
∏

j 6=i P (bj = b̄j)∑
b̄∈Bi,−1

p(y|b̄,H)
∏

j 6=i P (bj = b̄j)
. (3.79)

With both the numerator and the denominator in (3.79) divided by

∏

j 6=i

√
P (bj = +1)P (bj = −1) (3.80)

and by exploiting the fact that

P (bj = b̄j)√
P (bj = +1)P (bj = −1)

=





√
P (bj=+1)

P (bj=−1)
, b̄j = +1

√
P (bj=−1)

P (bj=+1)
, b̄j = −1

= exp{b̄jlA(j)/2}, (3.81)

we have

lE(i) = ln

∑
b̄∈Bi,+1

p(y|b̄,H) exp
{

1
2
b̄T lA − 1

2
lA(i)

}
∑

b̄∈Bi,−1
p(y|b̄,H) exp

{
1
2
b̄T lA + 1

2
lA(i)

} , (3.82)

where lA = [lA(1) lA(2) . . . lA(β)]T . With the assumption of the additive zero-mean

white circularly symmetric complex Gaussian noise for the received data, the above

extrinsic information can be written as (by dropping the bar over b for convenience),

lE(i) = ln

∑
b∈Bi,+1

exp
{− 1

σ2‖y −Hx(b)‖2 + 1
2
bT lA − 1

2
lA(i)

}
∑

b∈Bi,−1
exp

{− 1
σ2‖y −Hx(b)‖2 + 1

2
bT lA + 1

2
lA(i)

}

= ln
∑

b∈Bi,+1

exp

{
− 1

σ2
‖y −Hx(b)‖2 +

1

2
bT lA − 1

2
lA(i)

}

− ln
∑

b∈Bi,−1

exp

{
− 1

σ2
‖y −Hx(b)‖2 +

1

2
bT lA +

1

2
lA(i)

}
. (3.83)
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By using the the max-log approximation [39], the above extrinsic information can be

written as:

lE(i)≈
1

2
max

b∈Bi,+1

{
− 1

σ2
‖y −Hx(b)‖2 + bT lA − lA(i)

}

−1

2
max

b∈Bi,−1

{
− 1

σ2
‖y −Hx(b)‖2 + bT lA + lA(i)

}
. (3.84)

For the case of non-iterative detection where the a priori information is neglected,

the soft-information can be written as:

lE(i)≈
1

2
max

b∈Bi,+1

{
− 1

σ2
‖y −Hx(b)‖2

}
− 1

2
max

b∈Bi,−1

{
− 1

σ2
‖y −Hx(b)‖2

}
.(3.85)



CHAPTER 4
SISO SYSTEMS OVER TIME-VARYING CHANNELS

The SISO systems over time-varying channels considered herein include the

DSRC [4] systems and the MBWA [56] systems, two typical kinds of mobile broad-

band wireless communication (MBWC) systems. Due to the similarity of the above

systems, we will exemplify our presentation using the E2213-02 [4] conformable SISO

DSRC systems.

As we mentioned earlier, E2213-02 is very similar to IEEE 802.11a. Like IEEE

802.11a, E2213-2 employs packet-based transmission which uses a preamble to obtain

channel parameters and uses coherent detection to detect the data bits contained in

the payload. To control the packet error rate, convolutional channel coding/decoding

is used in the DSRC systems. The packet-based transmission is well suited for time-

invariant channels but will suffer from severe performance degradations for time-

varying channels, which can occur, for example, due to user mobility. The lack

of mechanism for tracking the time-varying channels for coherent detection is the

main cause for the performance degradation. As a result, the SISO DSRC systems

conforming to this standard can only be used with low transmission data rates and

short packets, i.e., when the throughput is relatively low.

In this chapter, we consider system design and signal processing issues that ad-

dress the performance degradation problem for the high transmission data rate cases

for the SISO systems over the time-varying channels. We propose a new scheme

for channel updating/tracking that can significantly outperform all the existing ap-

proaches including the differential ones for high rate transmission. Our new scheme

combines packet design with signal processing (at the receiver) to address the channel

tracking problem. For the packet design, we segment an entire packet into multiple

132
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subpackets—with each subpacket having zero tail bits to reset the convolutional chan-

nel encoder—so that the detection/decoding result of a subpacket can be used to up-

date the channel estimation for the subpacket. This way, we provide a mechanism for

tracking the channel variation via, for example, a decision feedback frequency-domain

channel response estimation (DFFE) method at the receiver [89]. In addition, based

on the DFFE results, we use weighted polynomial fitting (PF) to drastically improve

the channel estimation accuracy. We can also use a modified PF (MPF) method to

improve the accuracy of PF in the presence of symbol timing estimation errors. Based

on the PF or MPF results, we then use a prediction method to improve the track-

ing accuracy for the subsequent channel responses. Simulation results show that our

new scheme can significantly outperform the commonly suggested differential modu-

lation/detection schemes, especially for high mobility cases.

Our new scheme can be easily used to modify the E2213-02 standard so that

the DSRC systems conforming to the modified standard can be used for time-varying

channels. The same modification can be used in the WiMax standard as well as the

Wi-Fi standards including IEEE 802.11a, IEEE 802.11g, and HIPER/LAN2, which

are all packet- and OFDM-based, to accommodate mobility. Moreover, the new

scheme can be readily adopted into the MBWA standards which are under develop-

ment.

The remainder of this chapter is organized as follows. Section 4.1 describes the

packet design and data model for the OFDM-based DSRCs. Section 4.2 presents the

signal processing algorithms for channel tracking. Numerical examples are provided

in Section 4.3. Finally, we conclude in Section 4.4.

4.1 Packet Design and Data Model

In this section, we first give a brief overview of the E2213-02 standard. Second,

we present our packet design. Third, we provide a channel model for characterizing
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Figure 4–1: The packet structure for a SISO system as specified by the E2213-02
standard.

the true channels for the OFDM signaling for time-varying channels. Finally, we

establish the data model for the OFDM-based DSRCs.

4.1.1 E2213-02 Standard

Figure 4–1 shows the packet structure for a SISO system as specified by the

E2213-02 standard. The nominal bandwidth of the OFDM signal is 10 MHz, and the

in-phase/quadrature (I/Q) sampling interval tS is 100 ns. Otherwise, it is the same

as IEEE 802.11a in terms of signal generation and detection/decoding. (See Chapter

1 for details of IEEE 802.11a.)

4.1.2 Packet Design

A DFFE method has been proposed in [89] for OFDM-based MBWC systems.

Compared to the single carrier decision feedback channel response updating methods,

such as those considered in [54, 73], the DFFE method exploits the error correction

power of channel coding/decoding and can have much better performance [89].

We use a similar idea as in [89] to track the channel for the OFDM-based DSRC

systems. That is, we first detect/decode the data bits contained in the kth OFDM

data symbol and then use the decoded data bits as known training bits to update the

channel response estimate for the kth OFDM data symbol. Here k = 1, 2, . . . , K − 1

with K being the number of OFDM data symbols in a packet. This method requires

a good detection/decoding result for each OFDM data symbol. For the current

standard, the entire data block is convolutionally encoded as a whole (six zeros are

attached at the end of the data block to reset the encoder), and the performance

of decoding only one OFDM data symbol using the Viterbi algorithm (VA) will be
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Figure 4–2: Subpacket structure of the OFDM DATA field designed for the SISO
systems over timing-varying channels.

poor due to eliminating the future inputs into the VA. To improve the decoding

performance, we can simply terminate the coding of each OFDM data symbol by

attaching six zeros to the sub-block of data bits corresponding to an OFDM data

symbol to reset the convolutional channel encoder, as suggested in [89] and shown in

Figure 4–2. In this way, we can refer to each OFDM data symbol as a subpacket and

the corresponding transmission as subpacket-based transmission. There is actually

no error propagation problem at all in our system. If a subpacket is wrong, it makes

no sense to continue the detecting/decoding process of the next subpackets since we

will discard the entire packet and ask for a retransmission.

We could use multiple OFDM data symbols in a subpacket. The advantage

is that we can reduce the total number of zero bits used to reset the convolutional

channel encoder. However, this usage will reduce the frequency the channel is updated

since one must wait until all the data bits within a subpacket are detected/decoded.

We do not consider this option hereafter.

4.1.3 Channel Model

To study the problem of channel response updating for MBWC, we need to

consider the channel model for the time-varying frequency-selective channels.

For convenience, we consider herein a channel model for quasi-static time-varying

frequency-selective channels. During the time interval corresponding to a subpacket,

i.e., an OFDM data symbol (with CP), the channel is assumed time-invariant and
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frequency-selective. From one subpacket to another, the channel changes within

certain constraints.

First, we consider a channel model for a time-invariant and frequency-selective

channel within one subpacket. For notational convenience, we drop the dependence

on the subpacket index. A (baseband) time-domain (TD) analog channel impulse

response of a time-invariant and frequency-selective (multipath) fading channel can

be written as

h(t) =

PM∑
p=0

αpδ(t− tp), (4.1)

where PM ≥ 1 is an integer, δ(t) is the Dirac Delta, and αp and tp = τptS (τ0 ≤
τ1 ≤ . . . ≤ τPM

, tS = 100 ns) are the complex gain and time delay of the pth path,

respectively. This channel is often approximated, i.e., modeled, by an exponentially

decaying FIR filter with length LF < NC [124], denoted as

he(t) =

LF−1∑

lF =0

h
(t)
lF

δ(t− lF tS), (4.2)

where

h
(t)
lF
∼ N (

0,
(
1− e−1/tn

)
e−lF /tn

)
, (4.3)

with
{

h
(t)
lF

}LF−1

lF =0
being independent of each other, tn = tr/tS, tr being the root-mean-

square (rms) delay spread of the frequency-selective fading channel, LF = d10tne +

1, and dxe denoting the smallest integer not less than x. This channel model is

sometimes referred to as the exponential channel model [16].

Next, we consider the channel variation from one subpacket to another. Each of

the channel gain in (4.3) varies according to the Jakes’ model [52]. The variation is

determined by the Doppler frequency fD (determined by the radio frequency (RF)

and relative moving speed between the transmitter and receiver) and the OFDM data

symbol rate rD = 1/(tS(NS + NC)).



137

Note that while fD is large enough to cause channel variations, the variation of

fD is usually quite small compared to the frequency spacing between two adjacent

subcarriers of the OFDM signaling. Hence, the effect of inter-carrier interference

(ICI) caused by fD is negligible. For example, fD is 703.2 Hz for RF being 5.9 GHz

and the relative moving speed being 80 mph, and its variation (caused by the change

of the moving speed) can at most be 100 Hz if the packet is not too long. Comparing

to the frequency spacing between two adjacent subcarriers for DSRC, which is 156.2

kHz, the variation of fD is at least three orders of magnitude smaller and can be

neglected. (Of cause, fD itself can be taken care of by CFO correction.)

4.1.4 Data Model

Consider now the received data model for symbol detection or channel estimation.

Let zne
k ∈ CNS×1 be the noise-free and CFO-free received signal vector, obtained from

sampling the received baseband signal corresponding to the kth OFDM data symbol

sk, with a correct symbol timing (see, for example, Chapter 2 for a symbol timing

determination scheme). (Note that NC samples, which include the ISI, have been

discarded when forming zne
k .) Let

hk = [hk,1 hk,2 . . . hk,NS
]T (4.4)

be the corresponding frequency-domain (FD) channel response vector (on the NS

subcarriers) of he(t) given in (4.2). The received data vector is denoted as zk =

zne
k + wk, where wk ∼ N (0, (σ2/NS)INS

) is the additive zero-mean white circularly

symmetric complex Gaussian noise with variance σ2/NS. The FFT output of zk can

be written as [124]

yk = WNS
zk = diag{hk}xk + WNS

wk

4
= diag{hk}xk + ek ∈ CNS×1, (4.5)
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where diag{hk} denotes the diagonal matrix formed from hk and ek ∼ N (0, σ2INS
).

The data model in (4.5) can also represent the OFDM symbols in the SIGNAL field

and the packet preamble.

Equation (4.5) can also be written as

yk = diag{xk}hk + ek. (4.6)

Note that (4.5) is useful for the data symbol (or data bit) detection, whereas (4.6)

can be used for the FD channel response estimation.

4.2 Signal Processing Algorithms for Channel Tracking at the Receiver

For a conventional packet- and OFDM-based communication system, the signal

processing needed at the receiver includes: (SP1) channel parameter (including CFO,

symbol timing, and channel response) estimation using the packet preamble, (SP2)

error (including residue CFO induced phase error and unsynchronized sampling clock

induced time delay error) reduction using pilots, and (SP3) detection and decoding;

see, for example, [77] for details. For the subpacket scheme we investigate herein,

SP1 and the detection part of SP3 can be the same as in [77]. The decoding part of

SP3 changes slightly (decoding one subpacket at a time rather than the entire packet

at the same time). SP2 is completely replaced by the channel tracking algorithms,

which will be detailed in this section. Note that the pilots are not necessary for the

new packet design since the error reduction is replaced by channel tracking. As such,

the subcarriers reserved for pilots can be used instead for transmitting data symbols,

and this replacement can increase the data rate more than the loss caused by the

attachment of six zeros at the end of each subpacket.

The channel response tracking can be done in the following three steps: (T1)

updating the FD channel response for the kth subpacket by using detected/decoded

data bits from the kth OFDM data symbol via the DFFE method, (T2) improving the

channel estimate obtained by a DFFE method via using weighted polynomial fitting
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Figure 4–3: Real-time channel response updating by using the detected/decoded data
bits in a subpacket.

method, and (T3) predicting the FD channel response for the (k + 1)st subpacket,

corresponding to the (k + 1)st OFDM data symbol, as shown in Figure 4–3. We will

detail all three steps below.

4.2.1 Decision Feedback FD Channel Response Estimation

After detecting/decoding the data bits contained in the kth OFDM data symbol

sk, we can now update the channel response for the kth subpacket. To differentiate the

channel updating schemes presented here and in the early chapters, we can refer to the

channel updating scheme here as real-time channel updating. Let x̌k be the decision

feedback, i.e., the vector of data symbols reconstructed from the detected/decoded

data bits contained in sk by utilizing the same encoding, interleaving, and mapping

procedures as in the transmitter. Then, (4.6) can be written as

yk = X̌khk + ek, (4.7)

where X̌k = diag{x̌k}.
For the nSth subcarrier, nS = 1, 2, . . . , NS, we have:

yk,nS
= x̌k,nS

hk,nS
+ ek,nS

, (4.8)

where yk,nS
, x̌k,nS

, and hk,nS
denote the nSth element of yk, x̌k, and hk, respectively,

and ek,nS
is the additive noise. From (4.8), the channel response for the non-zero
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subcarriers (i.e., in FD) can be updated as:

ĥ
(DFFE)
k,nS

=
yk,nS

x̌k,nS

. (4.9)

By using the subpacket-based transmission and detection/decoding scheme for

time-varying channels, the error in x̌k,nS
can be greatly reduced due to the termination

of the convolutional coding. Also, we may determine if the detection/decoding is

correct or not for an OFDM data symbol by checking the following distance:

‖yk − X̌kĥ
(DFFE)
k ‖2, (4.10)

the Euclidean norm of the residue vector for the kth OFDM data symbol after channel

response updating.

Yet, compared to the FD channel response estimate obtained using the training

symbols in the packet preamble, the accuracy of the updated FD channel response

can be poor. This can be seen in the following. Under the assumption that x̌k,nS
is

error-free, the additive noise in (4.8) can be written as ek,nS
∼ N (0, σ2), which leads

to

E
{

ĥ
(DFFE)
k,nS

}
= hk,nS

, (4.11)

var
{

ĥ
(DFFE)
k,nS

}
= σ2/|x̌k,nS

|2. (4.12)

For the training using the preamble, the variance of the FD channel response es-

timate is σ2/2 since two long OFDM training symbols are used together and for

each subcarrier the training symbol is BPSK, which has unit energy [77]. For the

updated FD channel response using 64-QAM symbols, the variance can be as large

as 42σ2/2 for subcarriers with symbols having the minimum energy. (Consider a

64-QAM constellation with unit energy. Then the symbols can be expressed as

{(2kr − 1)/
√

42 + j(2ki − 1)/
√

42}, where kr, ki = −3,−3, . . . , 4. The following

symbols {±1/
√

42 ± j/
√

42} have the minimum energy 2/42.) The large channel
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updating errors on these subcarriers can significantly degrade the detecting/decoding

performance of the subsequent OFDM data symbol.

In the following, we provide a method to improve the accuracy of the updated

FD channel estimate.

4.2.2 Weighted Polynomial Fitting

Model-based methods can be used to improve the accuracy of the updated FD

channel estimate. As we have mentioned earlier, FIR models are only rough approxi-

mations for the true channels for OFDM signaling [118, 77]. When the OFDM symbol

timing is accurate, the FD channel response can be approximated using polynomials

[123].

Piecewise polynomial fitting has been used in [123] to improve the FD channel

response estimation accuracy based on the FD channel response estimate obtained

by training, where the variance of the estimates on all the subcarriers is assumed to

be the same. Here we use piecewise weighted polynomial fitting to improve the FD

channel response estimation performance since, as manifested in (4.12), the variance

of the updated channel estimate by DFFE on each subcarrier depends on the data

symbol transmitted on the subcarrier.

For the piecewise weighted polynomial fitting (PF), we divide the non-zero sub-

carriers into the following four groups, each with 13 subcarriers: {1, 2, . . . , 13}, {14, 15,

. . . , 26}, {38, 39, . . . , 50}, and {51, 52, . . . , 63}. We fit a polynomial of order P to each

of these groups. The dependence on the group index is dropped below for notational

convenience. Let v = [−6,−5, . . . , 6]T and V = [v0,v1, . . . ,vP ]T , where (·)p denotes

the element-wise power to the order p. Let h̃
(DFFE)
k be the updated FD channel es-

timate by DFFE for one of the above groups [a subvector of ĥ
(DFFE)
k in (4.10)], βk

be the vector of polynomial coefficients, and ẽk be the noise vector which contains

estimation error due to additive noise [cf. (4.7)] and polynomial model error. With



142

the above definitions, we have

h̃
(DFFE)
k = Vβk + ẽk. (4.13)

Note that the model error part of the noise ẽk can be ignored if P is sufficiently large,

and hence we have

E (ẽkẽ
H
k ) = σ2(X̃H

k X̃k)
−1, (4.14)

where X̃k is the diagonal matrix formed by the reconstructed data symbols corre-

sponding to h̃
(DFFE)
k [i.e., X̃k is a submatrix of X̌k in (4.7)].

Based on (4.13) and (4.14), the Markov estimate of βk is [108]:

β̂k =
(
VT X̃H

k X̃kV
)−1

VT X̃H
k X̃kh̃

(DFFE)
k

=
(
VT X̃H

k X̃kV
)−1

VT X̃H
k ỹk, (4.15)

where ỹk is formed from yk [cf. (4.7)] in the same way as h̃
(DFFE)
k formed from ĥ

(DFFE)
k .

Then the updated FD channel estimate based on PF can be written as

h̃
(PF)
k = V

(
VT X̃H

k X̃kV
)−1

VT X̃H
k ỹk. (4.16)

Note that a large P can have a small model error and a large coefficient estimation

error, and vice versa for a small P . A balanced choice of P can lead to a good channel

estimation performance, as will be shown using the simulation results in the following

section.

The model error for a certain channel is affected by the symbol timing estimate,

and an appropriate symbol timing compensation can lead to improved FD channel

estimation performance, as detailed below.

4.2.3 Weighted Polynomial Fitting with Symbol Timing Compensation

As long as GI is larger than the FIR channel length, the OFDM symbol timing

estimate can be earlier than the true symbol timing. In fact, to be conservative, the

symbol timing determination approaches (see, for example, [77]) deliberately give an
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earlier symbol timing estimate, which has no effect on ISI mitigation but can lead to

larger error for the FD channel response polynomial fitting. This increased error is

because a time shift in the time domain causes linear phase in the frequency domain,

and part of the freedom of polynomial fitting is wasted in fitting this linear phase. To

mitigate the linear phase effect on PF, we first form ĥk, using the packet preamble or

the decision feedback, with the null subcarriers being zero-padded. We then perform

IFFT on ĥk. We use the peak location of the IFFT of ĥk to compensate out the

linear phase of ĥk before applying PF. After PF, we add the linear phase back to

the estimated channel response since we still would like to use the more conservative

symbol timing estimate for symbol detection.

As will be shown using the simulation results below, the above modified PF

(MPF) can greatly outperform PF, which in turn significantly outperform DFFE for

updating the channel response ĥk,nS
with x̌k,nS

. The purpose of channel updating for

the kth subpacket is to facilitate the detection/decoding of the data bits contained in

the subsequent OFDM data symbol, sk+1. By predicting the channel of the (k + 1)st

subpacket, we can improve the detection/decoding performance for sk+1.

4.2.4 Channel Response Prediction

We consider the channel response prediction for the nSth subcarrier here. Kalman

filter [1] and linear prediction [10] have been exploited for channel estimation and pre-

diction. However, we have found that neither of these approaches is suited for our

applications. The reason is that they are statistical model based and their perfor-

mance is very sensitive to the model assumption and model parameter estimation.

Herein, we use a polynomial fitting-based prediction approach. We use PL values

of channel response on the nSth subcarrier, before the (k + 1)st subpacket to predict

the channel response on the nSth subcarrier for the (k + 1)st subpacket. We again

drop the dependence on nS for notational convenience. Let

v̆ = [−PL + 1 − PL + 2 . . . 0]T (4.17)
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and

V̆ = [v̆0 v̆1 . . . v̆P̆ ] (4.18)

with P̆ being the order of prediction polynomial. Let h̆ be a vector of FD channel

response estimates on the nSth subcarrier from the PL subpackets ahead of the (k +

1)st one. Then the polynomial coefficient vector β̆ can be computed as:

ˆ̆
β = (V̆T V̆)−1V̆T h̆, (4.19)

and the prediction result for the FD channel response on the nSth subcarrier for the

(k +1)st subpacket is the sum of the elements of
ˆ̆
β. We refer to using this prediction

approach with MPF as MPF/P.

4.3 Numerical Examples

We provide six numerical examples to show the effectiveness of our combined

packet design and signal processing algorithms for FD channel response tracking as

well as to demonstrate the overall system performance of of a SISO DSRC system

using our new scheme. We consider the highest transmission data rate of 27 Mbps,

which corresponds to the 54 Mbps data rate for the WLAN systems. Here, the 64-

QAM constellation is used and the channel coding rate is R = 3/4, which comes from

puncturing the RC = 1/2 convolutionally encoded sequence with the puncturing rate

RP = 2/3. The SNR is defined the same as the SISO WLAN systems. All simulation

results are obtained with 104 Monte-Carlo trials, with channel changing from trial to

trial.

Example 1. Mean square errors (MSE) of channel estimation for a SISO

DSRC system using PF and MPF as functions of P for time-invariant channels with

tr = 100 ns at various SNRs. (Note that the channels with tr = 100 ns for DSRC is

equivalent to channels with tr = 50 ns for WLAN since the bandwidth of the former is

one half of that of the latter.) Before showing the effectiveness of our new scheme, we

first illustrate the model errors of PF and MPF and determine their proper order P
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Figure 4–4: MSEs of channel estimation for a SISO DSRC system using PF and MPF
as functions of P for time-invariant channels with tr = 100 ns at various SNRs at the
27 Mbps data rate.

for the polynomial models. Here the symbol timing is estimated using the sequential

parameter estimation method presented in Chapter 2. Figure 4–4 shows the MSE

curves, where the two dashed ones show the MSE for MPF with SNR being 25 and

35 dB, respectively, and the two dash-dotted ones show the MSE for PF. We see that

MPF outperforms PF uniformly for all P . We also note that for tr = 100 ns, P = 4

is a good choice for MPF, and P = 6 is a good choice for PF.

Example 2. MSE of channel estimation for a SISO DSRC system using DFFE,

PF, MPF, and MPF/P as functions of SNR for time-invariant channels with tr =

100. The simulation conditions are as follows:

(1) the symbol timing is estimated as in Example 1,

(2) P = 6 for PF and 4 for MPF,

(3) PL = 7 and P̃ = 1 for MPF/P.

We observe, from Figure 4–5, that MPF/P > MPF > PF > DFFE, in terms of

FD channel response updating or tracking performance. We also observe that at high

SNRs, MPF/P demonstrates larger improvement over MPF. Our new MPF/P FD
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Figure 4–5: MSEs of channel estimation for a SISO DSRC system using DFFE, PF,
MPF, and MPF/P as functions of SNR for time-invariant channels with tr = 100 ns
at the 27 Mbps data rate.

channel response tracking method significantly outperforms the conventional DFFE

updating method.

Example 3. MSE of channel estimation for a SISO DSRC system using MPF

and MPF/P as functions of moving speed for quasi-static time-varying channels with

tr = 100 ns at various SNRs. In addition to the simulation parameters used in

Example 2, an RF of 5.9 GHz is used herein. Figure 4–6 shows the MSE curves,

where the two solid lines show the MSEs for MPF/P with SNR being 25 and 35 dB,

respectively, and the two dashed lines show the MSE for MPF. Note that MPF/P

significantly outperforms MPF, especially for the cases of high moving speeds and

high SNRs.

So far, we have shown that our new scheme is very effective in that the MSE of

channel estimation can be greatly reduced. In what follows, we will demonstrate the

overall system performance, in terms of packet error rate (PER), of a SISO DSRC

system using our new scheme. In our simulations, one packet consists of 1000 bytes,

which is the same as the previous chapters. Coherent detection (CD) with soft-

information, i.e., the soft-detection scheme given in Appendix 2.5.4, is used in all
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Figure 4–6: MSEs of channel estimation for a SISO DSRC system using MPF and
MPF/P as functions of the moving speed for quasi-static time-varying channels with
tr = 100 ns at various SNRs at the 27 Mbps data rate.

of the following examples. Differential modulation/detection (DD) with 64-DAPSK

is also considered in some of the examples as a reference. For the DD case, we use

the same data carrying subcarriers as for the CD case and the soft-information is

obtained using a method similar to the one given in [87].

Example 4. PER versus SNR for a SISO DSRC system conforming to the

E2213-02 standard for time-invariant as well as time-varying channels with tr = 100

ns. We first demonstrate the performance degradation of a SISO DSRC system

conforming to the E2213-02 standard for time-varying channels. We consider the

following four cases:

Case 1: estimated channel parameters (CFO, symbol timing, and channel response

are all estimated using the preamble, as in [77]) and quasi-static time-

varying frequency-selective fading channels (tr = 100 ns, the moving speed

is 20 mph, and the RF is 5.9 GHz);

Case 2: the same as for Case 1 except that the moving speed is 5 mph;

Case 3: the same as for Case 1 except that the moving speed is 0 mph—the channels

are time-invariant;

Case 4: the same as for Case 3 except that the channel knowledge is perfectly

known (with CFO, symbol timing, and channel response all assumed known).
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Figure 4–7: PER versus SNR for a SISO DSRC system conforming to the E221302
standard for various moving speeds for quasi-static time-varying frequency-selective
fading channels with tr = 100 ns at the 27 Mbps data rate.

We observe from Figure 4–7 that even if the moving speed is as low as 5 mph,

the performance of an E2213-02 conformable system is greatly degraded, and for a

moving speed of 20 mph, the system basically fails.

Note that the PER curves for Cases 3 and 4 in this example provide the compari-

son benchmark for the overall system performance. Simulation results, which are not

given herein, also show that for the case of time-invariant channels, a SISO DSRC

system using the subpacket-based transmission has the same PER performance as

for Cases 3 and 4 in Figure 4–7, provided that the former does not use the channel

tracking algorithms but uses the same channel parameters estimated from the packet

preamble as the latter.

Example 5. PER versus SNR for a SISO DSRC system using our new packet

design and channel updating/tracking via DFFE, PF, MPF, and MPF/P as for time-

invariant channels with tr = 100 ns. Figure 4–8 shows the PER curves for coherent

detection with subpacket-based transmission and channel response updated or tracked

by DFFE, PF, MPF, and MPF/P as functions of SNR for time-invariant channels

with tr = 100 ns. For this example, the initial channel parameters are estimated
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Figure 4–8: PER versus SNR for a SISO DSRC system using the segmented packet
design and channel updating/tracking by DFFE, PF, MPF, and MPF/P for time-
invariant channels with tr = 100 ns at the 27 Mbps data rate.

by using the preamble, as in Case 3 of the previous example. We also give the

corresponding PER curve for DD DD with 64-DAPSK as a reference. Note from the

simulation results that our MPF channel updating approach significantly outperforms

the DFFE channel updating method and can have comparable performance as the DD

scheme. Moreover, our MPF/P channel tracking method significantly outperforms

the DD scheme and is about 7 dB better than the DFFE method.

Example 6. PER versus SNR for a SISO DSRC system using our new packet

design and channel updating/tracking via MPF/P for various quasi-static time-varying

channels with tr = 100 ns and various moving speeds. Figure 4–9 shows the PER

curves for CD with subpacket-based transmission and channel response tracked by

MPF/P as functions of SNR for quasi-static time-varying frequency-selective fading

channels with tr = 100 ns and various moving speeds. The simulation conditions are

the same as for the previous example except for an additional RF of 5.9 GHz needed

to calculate the Doppler frequency. The DD simulation results with the correspond-

ing channel conditions are provided again for comparison purposes. We can see from

the simulation results that a SISO DSRC system using our new packet design and
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Figure 4–9: PER versus SNR for a SISO DSRC system using the segmented packet de-
sign and channel updating/tracking by MPF/P for various quasi-static time-varying
channels with tr = 100 ns and various moving speeds at the 27 Mbps data rate.

channel updating/tracking by MPF/P can significantly outperform its counterpart

using DD, especially for the cases of high moving speeds and high SNRs.

4.4 Concluding Remarks

Systems conforming to a recently approved standard for packet-based MBWC

can suffer from severe performance degradations for time-varying channels. We have

combined packet design with signal processing to deal with this problem. For the

packet design, we segment an entire packet into multiple subpackets, with each sub-

packet having zero tail bits to reset the convolutional channel encoder, so that the

detection/decoding result of a subpacket can be used to update the channel response

for this subpacket. At the receiver, we use several signal processing algorithms to im-

prove the channel tracking accuracy. We have considered weighted polynomial fitting

to improve the updating accuracy and prediction to improve the tracking accuracy.

Simulation results have shown that our new scheme can significantly outperform the

commonly suggested differential modulation/detection scheme, especially for high

mobility cases.



CHAPTER 5
MIMO SYSTEMS OVER TIME-VARYING CHANNELS

The MIMO systems over time-varying channels considered herein include the

STBC and BLAST systems targeting at the applications of DSRC and BMWA. We

will exemplify our presentation using the MIMO systems resembling the E2213-02

conformable SISO DSRC systems.

Due to the problems with differential modulation/detection for the MIMO sys-

tems discussed in Chapter 1, we use channel updating/tracking to deal with the

time-varying channel problem for the MIMO systems. Hence, we consider herein

various system design and signal processing issues for the MIMO systems employing

channel updating/tracking.

Specifically, first, we consider the MIMO preamble design for these MIMO sys-

tems. The MIMO preamble design we introduced in Chapter 3 for the MIMO systems

is for the time-invariant channels. For the time-varying channels, however, the pream-

ble is too long. We design a MIMO preamble which is shorter than the one given

in Chapter 3 and provide corresponding signal processing algorithms to estimate the

MIMO channel responses.

Second, we consider the channel updating/tracking problem for the MIMO sys-

tems. As for the SISO systems over the time-varying channels, we use segmented

subpackets to provide a mechanism for channel updating/tracking. The channel up-

dating/tracking methods proposed for the SISO systems can be readily extended to

the MIMO systems, and the MIMO detectors devised for the time-invariant channel

case can be used here directly as well. We use the STBC systems to exemplify our

presentation.

151
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Simulation examples are provided to show the effectiveness of our system designs

and signal processing algorithms.

The remainder of this chapter is organized as follows. Section 5.1 describes

the MIMO preamble design and MIMO channel response estimation based on this

preamble design. Section 5.2 demonstrates the packet design and signal processing

algorithms for channel updating/tracking for the STBC systems. Finally, we conclude

in Section 5.3.

5.1 MIMO Preamble Design and Channel Estimation

Herein, we consider the training-based channel response estimation for the OFDM-

based MIMO systems over time-varying channels. A large number of training-based

channel response estimation approaches have been proposed for the systems like the

ones considered herein. The training symbols for a majority of these approaches can

be casted into two classes: Class I—subcarrier level orthogonal training symbols (see,

e.g., [57, 68]) and Class II—symbol level orthogonal training symbols (see, e.g., the

MIMO preambles provided in Chapter 3 or in [78, 121]).

For systems with Class I training symbols, one transmit antenna (e.g., Tx 1)

uses one half of all the subcarriers appropriated for training and the other (i.e., Tx

2) uses the remaining half, and the transmissions from the two transmit antennas do

not interfere with each other—the training symbols from the two transmit antennas

are orthogonal to each other at the subcarrier level. The Class I training symbols

were proposed based on the assumption that the channel for OFDM signaling can be

represented by an FIR filter, and an ML-based estimation method is used with these

symbols to estimate the FIR channel response in the time domain; see [57] for such an

existing channel estimation approach, which is referred to as the ML-FIR approach

herein. An advantage of ML-FIR is that the resulting Class I OFDM training symbols

can be of the same length as those for a SISO system. Yet, as pointed out in [118, 77],

the FIR channel model is only a poor approximation of the realistic OFDM channels.
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For the realistic OFDM channels, channel estimates obtained from approaches such

as ML-FIR can suffer from severe performance degradations.

For systems with Class II training symbols, each transmit antenna uses all the

subcarriers appropriated for training, and the transmissions from the two transmit

antennas are separated using on/off transmission (see, e.g., [121]) or plus/minus trans-

mission (see, e.g., the MIMO preamble presented in Chapter 3)—the training symbols

are orthogonal to each other at the symbol level. An advantage of using the Class

II training symbols is that the simple subcarrier training method, which is the same

as for the SISO case [77], can be used for channel response estimation in the fre-

quency domain (FD), which can obviate the necessity of the FIR model assumption.

Yet, the length of the resulting Class II OFDM training symbols is usually twice as

long as that for a SISO system, and can lead to performance degradations for the

time-varying channels.

Our focus herein is to improve the channel estimation performance for the MIMO

systems over the time-varying channels. We devise a new MIMO preamble which is

based on a modified version of the Class I training symbols. Based on this MIMO

preamble design, we propose a new channel estimation approach which exploits the

polynomial approximation of the FD channel response. This approach is referred to as

the polynomial fitting/interpolation (PF/I) approach. The PF/I approach estimates

the channel response in FD by first applying polynomial fitting to the subcarriers

containing the training symbols and then performing interpolation to cover the sub-

carriers without training symbols. As will be demonstrated by simulation results,

PF/I can significantly outperform ML-FIR for realistic OFDM channels. This sug-

gests that the polynomial model is superior to the FIR model for channel response

estimation for the OFDM signaling.
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5.1.1 MIMO Preamble with Modified Class I Training Symbols

The Class I OFDM training symbols, i.e., the long OFDM training symbols for

the MIMO systems, are obtained by first splitting orthogonally [57, 68] the original

E2213-02 FD training sequence (which is the same as the IEEE 802.11a FD training

sequence), denoted by x’s, to obtain two training sequences with zeros inserted at

appropriate places, as shown in Table 5–1, and then taking IFFTs of the two training

sequences. Note that we have modified the Class I training symbols by adding two

additional training bits, each at one end of the bandwidth, to improve the channel

estimation performance. Let the corresponding time-domain (TD) training symbols

for Tx 1 and Tx 2 be denoted as T̄1 and T̃1, respectively, and let T̄2 = T̄1 and

T̃2 = T̃1. Then we have the MIMO preamble design. as shown in Figure 5–1. The

MIMO preamble with the modified Class I training symbols is shorter than the one

given in Chapter 3, which was designed to be E2213-02 (IEEE 802.11a) backward

compatible, and hence the former can catch the time-varying channels better than

the latter. (We refer to the MIMO preamble presented in Chapter 3 as the long

MIMO preamble and the new one devised here as the short MIMO preamble.) We

remark that although the bandwidth of the new short MIMO preamble is slightly

wider than before, it will not have noticeable impact on the system operation, due

to the bandwidth protection tolerance allowed in the E2213-02 standard. Note that

the new short MIMO preamble design in Figure 5–1 is also backward compatible

with its SISO counterpart since exactly the same FD training sequence as E2213-02

is transmitted on the original 52 subcarriers and the two additional subcarriers can

be discarded automatically by the SISO system. As such, we can estimate CFO and

symbol timing using a sequential method similar to those provided in Chapters 2

and 3. However, due to the splitting of the FD training symbols, the period of the

long OFDM training symbols is not NS any more—it is NS/2 instead. Hence, the

fine symbol timing algorithm needs to be modified accordingly (the performance of
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Table 5–1: Frequency-domain training sequences for the modified Class I training
symbols for the MIMO systems over the time-varying channels.

[nS − 1]NS
−27 −26 −25 −24 ... −2 −1 0 1 2 ... 24 25 26 27

Tx 1 −1 0 x 0 ... 0 x 0 0 x ... x 0 x 0

Tx 2 0 x 0 x ... x 0 0 x 0 ... 0 x 0 −1

t1 t2 t3 t6 t7 t84t t5 t9 t10

t1 t2 t3 4t t5 t6 t7 t8 t10t9

T1

T1

T2

T2

µs µs

GI2

GI2 ~ ~

−−

10 x 1.6 = 16 3.2 + 2 x 6.4 = 16

E2213−02 compatible packet preamble

Figure 5–1: A short MIMO preamble with only one pair of long OFDM training
symbols for the OFDM-based MIMO DSRC systems.

fine symbol timing degrades slightly due to the reduced period). As for the channel

response estimation, it will be addressed in the following subsection.

Note that the OFDM symbol for the SIGNAL field is also generated using the

subcarrier level orthogonality, the same as for the long OFDM training symbols; this

is needed for maintaining the backward compatibility. Note also that, as mentioned

earlier, we need to add another SIGNAL field to differentiate the STBC transmission

from the BLAST transmission. This additional SIGNAL field can follow the existing

one, and the OFDM symbol for this new SIGNAL field is generated using the same

subcarrier level orthogonality. With this additional SIGNAL field, the channel can

be better tracked.

5.1.2 Channel Estimation

As mentioned before, the task of channel estimation for the MIMO systems

is to estimate the FD channel gain matrix for each of the 52 data/pilot carrying

subcarriers. To stress the dependence on the subcarrier, the channel matrix for the
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nSth subcarrier is denoted as:

HnS
=




h
(1,1)
nS h

(1,2)
nS

h
(2,1)
nS h

(2,2)
nS

...
...

h
(N,1)
nS h

(N,2)
nS



∈ CN×2, (5.1)

where h
(n,m)
nS denotes the channel gain from transmit antenna (Tx) m to receive an-

tenna (Rx) n on the nSth subcarrier.

To estimate the channel responses on those subcarriers without training symbols,

we must exploit the channel correlations among subcarriers. One simple way is to

resort to channel models to approximate the channels for the OFDM signaling. The

FIR model of [57, 68] is such an example and is widely used. An alternative model,

which we advocate here, is the piecewise polynomial model we have used in Chapter 4.

As seen in Chapter 4, the polynomial model can be successfully used to improve the

channel response estimation accuracy for SISO OFDM channels. It is preferred over

its FIR counterpart for realistic OFDM channels since: (a) the FD channel response

of an FIR filter must be periodic in NS whereas the FD channel response of a realistic

OFDM channel cannot be periodic unless tlF = 0 for all lF , which is clear from

(2.12) and Figure 2–4, and (b) the FD channel response described by a polynomial

can be flexible (without this periodicity constraint). An additional advantage of the

polynomial approximation is that it is not sensitive to the responses of the filters used

at the transmitter and receiver since the effects of these filters can be easily absorbed

into the polynomials.

Consider the estimation of the channels from Tx 1 and Tx 2 to Rx n, n =

1, 2, . . . , N . As in Chapter 4, we use piecewise polynomials to approximate the FD

channel responses. We group the subcarriers into 4 sets, with each set corresponding

to a polynomial. This grouping depends on the transmit antenna: for Tx 1, the 4 sets
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are S1,1 = {−27,−26, . . . ,−13}, S1,2 = {−15,−14, . . . ,−1}, S1,3 = {−1, 0, . . . , 14},
and S1,4 = {12, 13, . . . , 26}, and for Tx 2, the 4 sets are S2,1 = {−26,−25, . . . ,−12},
S2,2 = {−14,−12, . . . , 1}, S2,3 = {1, 2, . . . , 15}, and S2,4 = {13, 14, . . . , 27}. We re-

mark that the above sets are grouped in such a way that each set contains 8 subcarriers

with training symbols, as can be seen from Table 5–1.

A polynomial of order P can be used to approximate the FD channel response

on each of the above sets. For example, for channel h
(n,1)
nS on S1,1 (−27 ≤ [nS−1]NS

≤
−13), we have:

h(n,1)
nS

=
P∑

p=0

β(n,1,1)
p

(
[nS − 1]NS

− f (n,1,1)
)p

+ e
(n,1,1)
nS ,P , (5.2)

where β
(n,1,1)
p , p = 0, 1, . . . , P , is the pth (complex) polynomial coefficient, [nS − 1]NS

is equal to nS − 1 for nS ≤ NS/2 and nS − 1 − NS for nS > NS/2, f (n,1,1) = −20

is used to shift the initial location of the polynomial, and e
(n,1,1)
nS ,P is the model error

depending on P . (For the above three-letter-superscript indexing, the first two are

used to refer to the channel between Tx 1 and Rx n, and the last two—(1, 1)—the

subcarrier set.)

Now, let us consider the new PF/I method for the MIMO systems by considering

h
(n,1)
nS on S1,1 as an example. Let v1 = [−7 − 5 − 3 − 1 1 3 5 7]T and V1 be

the 8 × (P + 1) matrix with the ith column being v
(i−1)
1 (element-wise power). Let

ĥ
(n,1,1)
C ∈ C8×1 be the channel gain estimates on the subcarriers with training symbols,

i.e., subcarriers {−27,−25,−23,−21,−19,−17,−15,−13}, obtained via subcarrier

training in the same way as for the SISO system. Then the polynomial coefficients

obtained via polynomial fitting (PF) can be written as:

β̂
(n,1,1)

= [β̂
(n,1,1)
0 β̂

(n,1,1)
1 . . . β̂

(n,1,1)
P ]T

= (VT
1 V1)

−1VT
1 ĥ

(n,1,1)
C . (5.3)
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Let ĥ
(n,1,1)
F be the PF counterpart of ĥ

(n,1,1)
C . Then ĥ

(n,1,1)
F can be obtained using:

ĥ
(n,1,1)
F = V1β̂

(n,1,1)
. (5.4)

Let v = [−6 − 4 − 2 0 2 4 6]T and V be the matrix formed from v in the same

way as V1 from v1. Let ĥ
(n,1,1)
I be the channel response estimate on subcarriers

{−26,−24,−23,−20, −18,−16,−16} via polynomial interpolation. Then, we have:

ĥ
(n,1,1)
I = Vβ̂

(n,1,1)
. (5.5)

Combining ĥ
(n,1,1)
F and ĥ

(n,1,1)
I , we obtain the estimate of the channel response from

Tx 1 to Rx n on S1,1.

In exactly the same way, i.e., using the calculations given in (5.3) to (5.5), we

can estimate the channel responses from Tx 1 to Rx n on S1,2 and S1,4 as well as

those from Tx 2 to Rx n on S2,1, S2,3, and S2,4. For the channels from Tx 1 to Rx n

on S1,3 and from Tx 2 to Rx n on S2,2, the response can be obtained similarly. Let

v2 = [−8 − 5, −3 − 1 1 3 5 7]T and V2 be the matrix formed from v2 in the same

way as V1 from v1. Let β̂
(n,1,3)

, ĥ
(n,1,3)
C , ĥ

(n,1,3)
F , and ĥ

(n,1,3)
I be the counterparts of

β̂
(n,1,1)

, ĥ
(n,1,1)
C , ĥ

(n,1,1)
F , and ĥ

(n,1,1)
I . Then we have, corresponding to (5.3), (5.4), and

(5.5), respectively, β̂
(n,1,3)

= (VT
2 V2)

−1VT
2 ĥ

(n,1,3)
C , ĥ

(n,1,3)
F = V2β̂

(n,1,3)
, and ĥ

(n,1,3)
I =

Vβ̂
(n,1,3)

.

5.1.3 Numerical Examples

We provide two numerical examples to demonstrate the channel estimation per-

formance for the MIMO systems using the short MIMO preamble design and the new

channel estimation approach. All simulation results are obtained with 104 Monte-

Carlo trials, with channel changing from trial to trial.

Example 1. MSE of channel estimation for a MIMO DSRC system using

PF/I and ML-FIR as functions of P with the short MIMO preamble design for time-

invariant realistic OFDM channels with tr = 100 ns at various SNRs. (Note that:
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Figure 5–2: MSEs of channel estimation for a MIMO DSRC system using PF/I and
ML-FIR as functions of P with a short MIMO preamble design for time-invariant
realistic OFDM channels with tr = 100 ns at various SNRs (with perfect symbol
timing).

(a) the channels with tr = 100 ns for DSRC are equivalent to channels with tr = 50

ns for WLAN since the bandwidth of the former is one half of that of the latter;

(b) for ML-FIR, P is the length of FIR channel model; and (c) to jointly show the

two MSE curves corresponding to PF/I and ML-FIR, we use 4P and P to mark the

horizontal axis for PF/I and ML-FIR, respectively.) We assume the knowledge of

perfect symbol timing here. Figure 5–2 shows the MSE curves, where the two dashed

ones show the MSEs for ML-FIR with SNR being 25 and 35 dB, respectively, and

the two solid ones show the MSEs for PF/I. We see that PF/I outperforms ML-FIR

with reasonably selected P . We also note that for tr = 100 ns, P = 5 is a good choice

for PF/I.

Example 2. MSE of channel estimation for a MIMO DSRC system using PF/I

(with P = 5) and ML-FIR (with P = 19) as functions of SNR with the short MIMO

preamble design for time-invariant realistic OFDM channels with tr = 100 ns. Figure

5–3 shows the MSE comparison of PF/I and ML-FIR as functions of SNR under the

same simulation conditions as for Figure 5–2. We can see from the MSE curves

that our new PF/I approach significantly outperforms ML-FIR for realistic OFDM
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Figure 5–3: MSEs of channel estimation for a MIMO DSRC system using PF/I
(with P = 5) and ML-FIR (with P = 19) as functions of SNR with a short MIMO
preamble design for time-invariant realistic OFDM channels with tr = 100 ns (with
perfect symbol timing).

channels, especially at high SNRs that are desired for high data rate MIMO systems.

This also suggests that the polynomial model is superior to its FIR counterpart for

channel estimation for the OFDM signaling.

5.2 Channel Updating/Tracking for the MIMO Systems

Similar to the technique used for the SISO systems over the time-varying chan-

nels, we use segmented subpackets to provide a mechanism for channel tracking for

the MIMO systems over the time-varying channels. With the segmented subpackets,

the channel updating/tracking can be done in a similar way to the SISO systems.

Here, we use the STBC systems to exemplify our presentation.

5.2.1 Packet Design for the STBC Systems

As shown in Chapter 3, for the STBC systems, the OFDM data symbols in the

OFDM DATA field are paired up due to the requirement of STBC—coding in both

spatial and temporal domains. As a result, the length of the subpacket for the STBC

systems considered herein is twice as long as that for the SISO systems discussed in

Chapter 4. (For the sake of direct comparisons, we still keep the 4 pilot tones.)
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5.2.2 Channel Updating/Tracking for the STBC Systems

First, we consider the statistical properties of the decision feedback FD channel

response estimates (DFFE). These properties are needed when using the weighted

polynomial fitting method to update the MIMO channels for the STBC systems. For

nS = 1, 2, . . . , NS, let

X̌k,nS
=




x̌2k−1,nS
−x̌∗2k,nS

x̌2k,nS
x̌∗2k−1,nS


 (5.6)

be the reconstructed data matrix for the nSth subcarrier, and let

Yk,nS
=




y1,2k−1,nS
y1,2k,nS

y2,2k−1,nS
y2,2k,nS

...
...

yN,2k−1,nS
yN,2k,nS




(5.7)

be the received data matrix on the nSth subcarrier, where yn,2k−1,nS
and yn,2k,nS

are

the received data on the nSth subcarrier at times (2k− 1) and 2k, respectively, from

the nth receive antenna. Let

Hk,nS
=




h1,1,k,nS
h1,2,k,nS

h2,1,k,nS
h2,2,k,nS

...
...

hN,1,k,nS
hN,2,k,nS




(5.8)

be the channel matrix for the kth pair of OFDM data symbols, where ĥn,m,k,nS
is the

estimated channel response on the nSth subcarrier from the mth transmit antenna

to the nth receive antenna at time k. Then, parallel to (4.8) of Chapter 4, we have

Yk,nS
= Hk,nS

X̌k,nS
+ Ek,nS

, (5.9)
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where Ek,nS
is the noise matrix. Form the above equation, the channel response

matrix for the non-zero subcarriers can be updated as:

Ĥ
(DFFE)
k,nS

= Yk,nS
X̌H

k,nS
(X̌k,nS

X̌H
k,nS

)−1

= Yk,nS
X̌H

k,nS
/(|x̌2k−1,nS

|2 + |x̌2k,nS
|2). (5.10)

Then, the error matrix of the channel update can be written as

∆Ĥ
(DFFE)
k,nS

4
= Ek,nS

X̌H
k,nS

/(|x̌2k−1,nS
|2 + |x̌2k,nS

|2). (5.11)

Now, let us consider ∆ĥ
(DFFE)
n,k,nS

, the nth row of ∆Ĥ
(DFFE)
k,nS

. We have, when the recon-

structed data matrix is error-free,

E
{

∆ĥ
(DFFE)
n,k,nS

}
= 0, (5.12)

and

E

{(
∆ĥ

(DFFE)
n,k,nS

)H

∆ĥ
(DFFE)
n,k,nS

}
=

σ2

|x̌2k−1,nS
|2 + |x̌2k,nS

|2 I2. (5.13)

We can see from the above equation that the variance of each element of the channel

matrix is determined by the average energy of the two data symbols sent in the two

time intervals on the nSth subcarrier.

Then, based on the DFFE channel updates, we can refine the channel updates

using the modified weighted polynomial fitting (MPF) method. This is done for each

of the MN channels, in the same way as discussed in Chapter 4.

Next, we can predicate the channel using the MPF/P method presented in Chap-

ter 4. Note that due to the doubled length of each subpacket compared to the SISO

case, we choose PL = 4 and P̃ = 1 for the STBC systems.

5.2.3 Numerical Examples

We provide two numerical examples to demonstrate the overall system perfor-

mance of a STBC DSRC system with two transmit antennas and one receive antenna

using various combinations of our system designs and signal processing algorithms.
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We consider the highest transmission data rate of 27 Mbps for DSRC (which cor-

responds to the 54 Mbps data rate for WLAN). All simulation results are obtained

with 104 Monte-Carlo trials, with channel changing from trial to trial.

Example 3. PER versus SNR for the STBC DSRC system for time-invariant

channels with tr = 100 ns. We consider the following four cases:

Case 1: one whole packet as in Chapter 3, estimated channel parameters using the

short MIMO preamble, and ML phase tracking used as in Chapter 3;

Case 2: subpacket, estimated channel parameters using the short MIMO preamble,

and ML phase tracking;

Case 3: subpacket, estimated channel parameters using the short MIMO preamble,

and averaging the two ML phase tracking results within a pair of OFDM

data symbols;

Case 4: subpacket, estimated channel parameters using the short MIMO preamble,

and channel updating/tracking with MPF/P (the pair of SIGNAL fields

are used to facilitate the channel updating/tracking).

We observe from Figure 5–4, which also has a PER curve for the STBC WLAN

system (with the long MIMO preamble) for reference, that:

• for DSRC channels with tr = 100 ns, the combination of the short MIMO

preamble and the new MIMO channel response estimation method can out-

perform the combination of the long MIMO preamble and the simple MIMO

channel response estimation method by about 0.3 to 0.5 dB in terms of PER;

• the subpacket design can give the same PER performance as the whole packet

design if the channel parameters for both cases are the same;

• channel tracking for the STBC system works well in that the PER gap between

the estimated channel case and the channel tracking case is reasonably small.

We can also see, as we pointed out earlier in Chapter 3, that averaging the two

ML phase tracking results within a pair of OFDM data symbols can greatly improve

the detection performance for the STBC system.
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Figure 5–4: PER versus SNR for an STBC DSRC system with two transmit antennas
and one receive antenna using various combinations of our system designs and signal
processing algorithms for time-invariant channels with tr = 100 ns at the 27 Mbps
data rate.

Example 4. PER versus SNR for the STBC DSRC system using our new

subpacket design and channel updating/tracking method for various quasi-static time-

varying channels with tr = 100 ns and various moving speeds. The simulation condi-

tions are the same as Case 4 of the previous example except for an additional RF of

5.9 GHz needed to calculate the Doppler frequency. We can see from the simulation

results shown in Figure 5–5 that the STBC DSRC system using our new packet design

and channel updating/tracking method can perform very well for the time-varying

channels, especially for slow moving speeds. Yet, for high moving speeds, such as

80 mph, the performance degradation is more severe than that of the SISO systems

(cf. Figure 4–9) especially at high SNRs. The reason is that the subpacket for the

STBC systems is longer than that for the SISO systems. We remark that despite the

more severe performance degradation at high moving speed, the actual performance

degradation is no more than 1.6 dB for the 10 % PER, which is a result that has

never been achieved so far.
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Figure 5–5: PER versus SNR for an STBC DSRC system with two transmit anten-
nas and one receive antenna using a combination of our system designs and signal
processing algorithms for various quasi-static time-varying channels with tr = 100 ns
and various moving speeds at the 27 Mbps data rate.

5.3 Concluding Remarks

We have considered the system design and signal processing issues for the MIMO

systems over time-varying channels. We have chosen to use channel updating/tracking

to deal with the time-varying channel problem for the MIMO systems. In addition,

we have designed a new MIMO preamble referred to as the short MIMO preamble

since it uses only one pair of long OFDM training symbols and is shorter than the

MIMO preamble designed for the MIMO system for the time-invariant channels. We

have also provided a polynomial fitting/interpolation method that can be used to

estimate the MIMO channel response based on this short MIMO preamble design.

For the OFDM DATA field, we have used the same segmented subpacket as the SISO

systems. Yet, the length of the subpacket is longer than that for the SISO system.

The channel updating/tracking methods proposed for the SISO systems have been

extended to the MIMO systems to update/track the MIMO time-varying channels.

Simulation examples have been provided to show the effectiveness of our system de-

signs and signal processing algorithms.



CHAPTER 6
SUMMARY AND FUTURE WORK

In this chapter, we first provide a summary of considered issues and the contri-

butions of this dissertation and then recommend the future work.

6.1 Summary

We have considered—and made contribution in—various issues about system

design and signal processing for OFDM-based SISO and MIMO systems for time-

invariant channels (TIC) and time-varying channels (TVC), as summarized in Table

6.1 and specified below.

6.1.1 SISO Systems over Time-Invariant Channels

The SISO systems we have considered in this dissertation conform to the cur-

rent standards, and hence we do not need to consider the system design issues for

these system. As such, we have only considered the following signal processing is-

sues including parameter estimation and error reduction for the OFDM-based SISO

wireless communication systems over time-invariant channels, exemplified using the

IEEE 802.11a conformable WLAN system.

First, we have considered the channel modeling for the OFDM signaling. We have

clarified the fact, which was first revealed in [118] but largely overlooked ever since,

that the FIR channel model is only an approximate model for the OFDM signaling.

We have considered a channel model useful for characterizing the realistic channels

for the OFDM signaling. This channel model is especially useful for assessing the

performance of the channel parameter estimation methods devised for OFDM-based

wireless communication systems.

Second, we have considered the channel parameter estimation problem. We have

provided a sequential parameter estimation method that can be used to estimate all of

166
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Table 6–1: Summary of completed tasks

SISO STBC BLAST

TIC TVC TIC TVC TIC TVC

Preamble design S1 S P2 P P P

SIGNAL field design S S P P P P

OFDM data symbol S P P D3 P D
design

Pilot symbol design S N/A4 P N/A P N/A

CFO and symbol P D D D D D
timing estimation

Channel estimation P D P P P P

ML phase tracking P N/A P N/A P N/A

LS phase fitting P N/A D N/A D N/A

Sampling clock P N/A D N/A D N/A
synchronization

Semi-blind channel P N/A P N/A P N/A
estimation

Channel updating N/A P N/A P N/A D

Soft detection P D P D P35 D

S: conforming to the standard;
P: design or algorithm presented in the context;
D: design or algorithm done but not presented in the context

due to similarity to its presented counterpart;
N/A: not applicable;
P3: three different methods presented.

the channel parameters, including CFO, symbol timing, as well as channel response,

for the realistic channels. The sequential method fully exploits the structure of the

packet preamble as specified by the IEEE 802.11a standard.

Finally, we have considered the following error reduction problems. First, we

have given an ML phase tracking approach using pilot tones to estimate (and cor-

rect) the residue CFO induced phase error (CPE) for each received OFDM data

symbol. Second, we have supplied an LS phase fitting approach using the estimated
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CPEs from each of the OFDM data symbols to improve the accuracy of the phase

error estimates. Third, we have provided a sampling clock synchronization approach

to mitigate the unsynchronized sampling clock induced time delay error. This syn-

chronization approach is especially useful for the packet-based transmissions and can

eliminate the need of using the AFC (automatic frequency control) clock recovery cir-

cuit. Fourth, we have presented a semi-blind method to improve the channel response

estimation accuracy using the detected/decoded data bits iteratively.

6.1.2 MIMO Systems over Time-Invariant Channels

We have considered various system design and signal processing issues for two

kinds of MIMO—STBC and BLAST—systems over time-invariant channels. Our

design has been targeting at a STBC system with two transmit antennas and one

receive antenna as well as a BLAST system with two transmit antennas and two

receive antennas. While some of the signal processing algorithms are confined to the

MIMO systems with two transmit antennas, others can be used in more general cases.

We have exemplified our presentation of the OFDM-based MIMO systems with those

for the WLAN applications.

Common issues for both of the BLAST and STBC systems. As a com-

mon part for both of the OFDM-based BLAST and STBC systems, we have proposed

a MIMO preamble (including the SIGNAL field) design for the MIMO systems. This

MIMO preamble is backward compatible with its SISO counterpart as specified by

the IEEE 802.11a standard. Based on this preamble design, we can use the sequen-

tial parameter estimation method proposed for the SISO systems to estimate CFO

and symbol timing for the MIMO systems. The MIMO channel responses can be

estimated based on this preamble design.

Special issues for the STBC systems. For the OFDM-based STBC sys-

tems, we have proposed an OFDM DATA field design which includes the pairing of

the OFDM data symbols as well as the pilot tones. We have provided a simple OFDM
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data symbol generation scheme for the STBC transmitter. The STBC transmitter

based on this scheme has a complexity approximately the same as its SISO counter-

part. We have also provided error reduction algorithms which are similar to those for

the SISO systems. Furthermore, we have presented a simple soft-detector to obtain

the soft-information used for the channel decoder, such as the Viterbi algorithm.

Special issues for the BLAST systems. For the OFDM-based BLAST

systems, we have proposed an OFDM DATA field design which includes the pairing

of the pilot tones used for error reduction. We have also provided error reduction

algorithms which are similar to those for the SISO and STBC systems. In addition,

we have proposed three BLAST soft-detectors, which can deliver soft-information to

the channel decoder, with different performance/complexity trade-offs to facilitate

the real-time hardware implementation of the detector. The first one is a simple

soft-detector based on the unstructured LS approach. This LS-based soft-detector

is very simple since it decouples the multi-dimensional QAM symbol detection into

multiple one-dimensional QAM symbol—and further PAM symbol—detections. The

second one is a hybrid soft-detector that combines the merits of the LS-based soft-

detector and the LSD-based soft-detector for data bit detection. This hybrid soft-

detector has a good performance/complexity trade-off. The third one is an iterative

soft-detector which uses constrained value of the a priori information to improve the

detection/decoding performance. This iterative soft-detector has the best ever known

performance.

6.1.3 SISO Systems over Time-Varying Channels

SISO systems conformable to a standard—devised for DSRC, a class of SISO

systems, over time-varying channels—can have severe performance degradations for

time-varying channels. As such, we have considered both system design and signal

processing issues to address the performance degradation problem. In particular, we

have proposed a new scheme for channel tracking that can significantly outperform
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all the existing approaches for high rate transmissions. Our new scheme combines

packet design with signal processing to address the channel tracking problem. For

the packet design, we segment an entire packet into multiple subpackets—with each

subpacket having zero tail bits to reset the convolutional channel encoder—so that the

detection/decoding result of a subpacket can be used to update the channel estimation

for the subpacket. This way, we have provided a mechanism for tracking the channel

variation via, for example, a DFFE method at the receiver. In addition, based on

the DFFE results, we have used PF to drastically improve the channel estimation

accuracy. We have also used a modified PF (MPF) method to improve the accuracy

of PF in the presence of symbol timing estimation errors. Based on the PF or MPF

results, we have then used a prediction method to improve the tracking accuracy for

the subsequent channel responses.

6.1.4 MIMO Systems over Time-Varying Channels

We have considered various system design and signal processing issues for the

MIMO systems over time-varying channels. We combine the merits of the issues (or

contributions) of the above three subsections to design packet structures and devise

signal processing algorithms to deal with the time-varying channels. Specifically, we

have considered another MIMO preamble design for the MIMO systems over the

time-varying channels. The MIMO preamble design we introduced in Chapter 3 is

suited for the time-invariant channels. Yet, for the time-varying channels, it is too

long to catch the time-varying channels. We have proposed a new MIMO preamble

design which is shorter than the previous one, and have provided corresponding signal

processing algorithm that can be used to estimate the MIMO channel response with

this preamble. We have also extended the channel tracking scheme proposed for the

SISO systems to the MIMO systems.
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6.2 Future Work

The future work related to the issues of this dissertation is mainly about signal

processing for SISO as well as MIMO systems for time-varying channels, as detailed

below.

SISO systems over time-varying channels. We have provided a weighted

polynomial fitting method to improve the channel updating accuracy. Yet, the order

of the polynomial can be dependent on the time delay spread of the channel. In the

future, we will consider efficient methods that can determine the appropriate order

of the polynomial for a certain channel. We will also consider new channel models

(other than the FIR and polynomial models), such as the spline model, which can be

used to improved channel updating accuracy.

MIMO systems over time-varying channels. As we have mentioned ear-

lier, for high moving speeds, such as 80 mph, the performance degradation of the

MIMO systems, such as the STBC systems, is more severe than that of the SISO

systems. This is due to the fact that the subpacket for the STBC systems is longer

than that for the SISO systems. In the future, we will consider the possibility of

channel updating for each time interval, rather than a subpacket, so as to improve

the channel updating accuracy.
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