
ABSTRACT

JIA, TAO. Single and Multicarrier Adaptive Transmission Systems with Long-Range Predic-
tion Aided by Noise Reduction. (Under the direction of Professor Alexandra Duel-Hallen).

Adaptive transmission methods have evolved as one of the key enabling technolo-

gies to meet the increasing demand for high-speed wireless data access services. In this

dissertation, we address several adaptive transmission systems and techniques required for

their implementation.

First, we focus on multicarrier code-division multiple access (MC-CDMA) system

with adaptive frequency hopping (AFH). A suboptimal water-filling (WF) channel alloca-

tion algorithm was previously proposed for the reverse link of this system. To overcome

the limitations of the WF algorithm in the presence of fading-induced near-far problem, a

new allocation algorithm is proposed and demonstrated to improve performance when the

conventional matched filter (MF) receiver is employed. Moreover, the allocation methods

are extended to accommodate multiuser detectors (MUDs) at the receiver for MC-CDMA

system with AFH. It is demonstrated that the combination of the improved allocation

algorithm and the linear MUDs is very efficient in mitigating fading and multi-access in-

terference (MAI) for realistic mobile radio channels with correlated subcarriers, channel

state information (CSI) mismatch, and imperfect power control. Numerical results show

that the proposed adaptive transmission method has much greater system capacity than

conventional non-adaptive MC direct-sequence (DS)-CDMA system.

Second, the adaptive modulation (AM) system is investigated. To ensure high

spectral efficiency (SE) for AM systems, the CSI needs to be predicted to compensate for

the feedback and data processing delay and system constraints. The long-range prediction

(LRP) method achieves high prediction accuracy at practical predication ranges when the

signal-to-noise ratio (SNR) of the observations is sufficiently high. However, its accuracy

degrades severely at low and medium SNR. Hence, the noise reduction (NR) techniques are

required for the LRP to achieve the desired prediction accuracy. A novel data-aided noise

reduction (DANR) method is proposed. The DANR includes an adaptive pilot transmis-



sion mechanism, robust noise reduction, and decision-directed channel estimation. Due to

improved prediction accuracy and low pilot rates, the DANR results in higher SE than pre-

viously proposed NR techniques, which rely on oversampled pilots. While adaptive coded

modulation (ACM) is more sensitive to prediction errors than uncoded adaptive modu-

lation (UAM), this DANR method maintains the coding gain and outperforms previous

investigated prediction methods in terms of SE at practical prediction ranges. It is also

demonstrated that adaptive modulation aided by LRP has better performance for the real-

istic physical model than for the Jakes model in the practical SNR range.

Finally, we investigate the orthogonal frequency division-multiplex (OFDM) sys-

tem with adaptive bit-interleaved coded modulation (ABICM) aided by LRP. New ABICM

methods based on the expurgate bound are proposed. They achieve better bit-error rate

(BER) accuracy than the existing method. In particular, one of the proposed methods

generates the BER that is very close to the specified target BER. Compared with ACM and

UAM, the ABICM is much less sensitive to prediction errors. However, the LRP technique

still significantly improves the SE of ABICM over the outdated CSI method at practical

prediction ranges.

In summary, we address several important problems in the implementation of sin-

gle and multicarrier adaptive transceivers. In particular, we design an improved allocation

algorithm to efficiently exploit the predicted CSI in the MC-CDMA system with AFH.

Combined with MUDs, this system achieves higher system capacity than the non-adaptive

MC-CDMA systems. Next, a DANR technique is proposed for single-carrier adaptive mod-

ulation system. Due to improved prediction accuracy and low pilot rates, the DANR results

in higher SE than previously proposed NR techniques, which rely on oversampled pilots.

Finally, we investigate ABICM, which is less sensitive to the prediction errors than UAM

and adaptive trellis coded modulation (ATCM). New adaptation methods that achieve

improved BER accuracy are proposed for ABICM. It is demonstrated that with the aid of

LRP, the OFDM system with ABICM maintains high SE at long prediction ranges.
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Chapter 1

Introduction

1.1 Adaptive Transceivers

In the past decade, the wireless communication industry has experienced explosive

growth. Cellular phones have become ubiquitous in people’s daily life. The wireless local

area networks (WLAN) have replaced wired networks in many homes, universities, and

companies. The evolving forth generation (4G) cellular networks and wireless metropolitan

networks (WMAN) will further change the way we access the internet today.

The demand for high-quality mobile internet services has increased significantly

lately. Both the 4G cellular networks and wireless metropolitan networks (WMAN) are

intended to provide broadband services to the mobile terminals. Since these systems are

designed to support mobile multimedia services, the amount of information that needs to be

transmitted over the wireless links is enormous. However, the bandwidth available to those

services is usually limited, considering the large number of potential users. Hence, efficient

utilization of limited bandwidth has been an active area for the wireless communication

research.

In addition to the bandwidth efficiency, another technical challenge that must be

addressed to enable mobile radio application is to maintain the quality of the wireless link.

As the signal propagates through a mobile radio channel, it experiences random fluctuations
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in both time and frequency domain due to changing reflections and attenuation as the

transmitter or receiver moves. Hence, transceivers with fixed parameters are not expected

to achieve high bandwidth efficiency while maintaining the quality of service. On the other

hand, the “smart” transceivers that can adapt themselves to the varying channel conditions

have attracted significant attention. While the original idea of adaptive transceivers can be

dated back to as early as 1968 [1], this is still an active area of research in the twenty-first

century [2, 3].

In adaptive transceivers, the reaction to the changes in channel quality is usually

divided into the following steps [2]:

1. Prediction: To select the appropriate transmission parameters, the channel state

information (CSI) has to be estimated. Since there is always a time difference be-

tween the time that the channel is measured and the time that the corresponding

transmission is made, prediction is required to maintain the reliability of CSI.

2. Adaptation: Based on the estimated channel condition, the transmitter selects the

appropriate modulation and transmission parameters for the following transmission.

3. Signaling of employed parameters or CSI feedback: When the adaptation decision is

performed at the receiver/transmitter, the transmitter/receiver needs to be informed

about the selected transmission parameters.

In this dissertation, we focus on the the first two steps: prediction and adaptation.

1.2 Long-Range Prediction

To enable adaptive transceivers, accurate CSI is required for the adaptation. In

some mobile radio systems, the CSI is estimated at the receiver and fed back to the trans-

mitter. In other systems, the adaptation decisions are made at the receiver and only the

decisions are fed back to the transmitter. In either case, unless the mobile speed is very

low, the estimated CSI quickly becomes outdated due to the fast varying channel condi-
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tion. Hence, the estimated CSI cannot be used directly to select the parameters of adaptive

transceiver. To enable adaptive transceiver for mobile radio systems, prediction of future

fading channel coefficient is required.

In adaptive transceivers, the feedback delay can vary from a fraction of a mil-

lisecond to several milliseconds [4], which is much longer than the symbol duration. As a

result, the prediction ranges of predictor are typically much larger than in channel estima-

tion methods. Hence, the prediction techniques designed to enable adaptive transceiver are

termed as “long-range prediction (LRP)” in literature [5, 4].

The LRP algorithms can be classified into three categories according to the their

channel model: autoregressive (AR), sum-of-sinusoidal (SOS), and band-limited process

model based algorithms. Different channel model leads to different LRP algorithms.

For AR model based algorithms, the AR coefficients are estimated from noisy

channel observations. Previously, modified covariance, Burg, least mean square (LMS),

recursive least square (RLS), QR-decomposition-based RLS, affine projection were proposed

[6]. In [6], it was shown that the modified covariance methods achieves the best performance

among all these methods. However, Baddour and Beaulieu showed that the Burg predictor

slightly outperforms the modified covariance predictor in their channel model [7].

The frequently used SOS model based algorithms are ROOT MUSIC and ESPRIT

[8, 9]. Recently, a low-complexity ESPRIT algorithm was proposed in [10]. It uses the

subspace tracking method to track the frequency changes of sinusoidals.

Band-limited process model-based prediction algorithms were proposed in [11, 12,

13]. In those algorithms, some time-concentrated and band-limited sequences are selected

as the base functions. Then the observed fading process is decomposed using these basis

functions. Finally, the channel prediction is obtained by extrapolating these basis functions.

The performance of AR model-based and SOS-based algorithms was compared in

[6]. When fixed parameter SOS models, e.g., the Jakes model, are employed, the SOS-

based methods outperform the AR model-based algorithms. However, when more complex,

non-stationary channel model is applied, the AR model-based algorithms perform better.
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The band-limited process model-based prediction algorithms have not been investigated

for non-stationary models [4]. Since non-stationary channels are usually encountered in

practice, we will focus on the AR model-based algorithms in this dissertation. In addition

to the Jakes model, we employ our realistic physical model [4, 5, 14] to test the proposed

prediction methods.

In the originally proposed AR model-based predictor, the channel is sampled at

a low sampling rate, which is slightly higher than the Nyquist sampling rate. The channel

observations can be obtained by transmitting pilot symbols. For example, a sampling rate of

five times of the maximum Doppler frequency is frequently used [5, 15]. This low sampling

rate enables us to exploit the large sidelobes of the autocorrelation function of the fading

channel when the order of predictor is limited. For high signal-to-noise ratio (SNR), the

predictor achieves very small mean square error (MSE). For example, the MSE at prediction

range of 0.2 wavelengths is as low as 10−3 when the SNR is higher than 60 dB [5]. However,

the MSE strongly depends on the SNR of channel observations. When the SNR is lower

than 20 dB, the prediction MSE is higher than 0.1 at the same prediction range [16]. To

maintain the reliability of CSI, highly oversampled pilots can be transmitted to enable

noise reduction (NR) prior to prediction [7, 15]. These NR techniques significantly improve

the prediction accuracy at practical SNR levels. However, the transmitted high-rate pilots

usually consume a large portion of the available bandwidth.

In this dissertation, we focused on how to improve the prediction accuracy with-

out sacrificing the spectral efficiency (SE) of the adaptive systems. A novel data-aided

noise reduction (DANR) method is proposed for the LRP-aided adaptive modulation (AM)

system [16, 17]. This method comprises an adaptive pilot transmission mechanism that

compensates for outages, robust NR and decision-directed channel estimation. Due to the

exploitation of data decisions, the noise power in the channel observations is significantly

reduced, while the pilot symbols only occupy a small portion of the bandwidth. This DANR

method achieves higher SE in AM systems than the traditional pilot-based methods.
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1.3 Adaptive Modulation and Coding

At the inception of adaptive modulation, Hayes proposed the adaptation of trans-

mission power when the channel quality varies [1]. The drawback of this approach is that

it increases the peak power of transmission as well as the instantaneous power of interfer-

ence to other users. As a consequence, high-linearity power amplifier, which has low power

efficiency, is required for such system [2]. To overcome this problem, the adaptive multi-

ple quadrature amplitude modulation (MQAM) schemes that change the constellation sizes

according to the channel quality were proposed in [18, 19] using star shaped MQAM con-

stellations. Later, the square-shaped MQAM constellations were applied in [20]. Goldsmith

and Chua showed that the variable-power variable-rate MQAM scheme has 5-10 dB power

gain over variable-power fixed-rate modulation [21]. Moreover, it was shown that the SE

of constant-power variable-rate scheme is very close to that of variable-power variable-rate

modulation [21].

To further improve the system capacity, the trellis or lattice codes are imposed on

the adaptive MQAM [22, 23, 24, 25]. The resulting method is usually termed as adaptive

coded modulation (ACM) or adaptive trellis coded modulation (ATCM). By adopting the

set partition of well known trellis coded modulation (TCM), the trellis codes designed for

the additive white Gaussian noise (AWGN) channel is applied in those papers. This scheme

achieves coding gain in the fading channel when the CSI is accurate. However, it was also

shown that this coding gain diminishes as the reliability of CSI degrades [23, 17]. We in-

vestigated the performance of uncoded adaptive modulation (UAM) and ACM enabled by

the LRP that utilizes DANR for rapidly varying mobile radio channels. Due to improved

prediction accuracy and low pilot rate, the DANR-aided LRP outperforms previously pro-

posed prediction methods that rely on oversampled pilots to achieve NR. While ACM is

more sensitive to prediction errors than UAM, utilization of DANR substantially increases

its SE relative to previously proposed methods.

Interleaving was introduced to maintain the SE of ACM [26]. In this scheme, the
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coded bits are interleaved before mapping to the MQAM symbols. Due to the time-diversity

caused by interleaving, it performs better than the original ATCM scheme when the CSI

is unreliable. However, since there are still uncoded bits, the improvement is limited.

Ormeci et. al. proposed adaptive bit-interleaved coded modulation (ABICM), in which

all information bits are encoded and interleaved [27]. Although this scheme has reduced

Euclidean distance compared with the ATCM, it significantly outperforms the latter under

unreliable CSI.

In this dissertation, we also investigate ABICM. In [27], the Bhattacharyya bound

of single-bit-error probability is considered to determine the constellation size while main-

taining the target bit-error rate (BER). Due to the fact that this method produces only

coarse estimate of to the BER, the simulated BER deviates from the target BER signifi-

cantly in some scenarios. We propose to use more accurate expurgated bounds to calculate

the BER. When this method is applied to determine the constellation size and symbol

energy required to maintain the target BER, the simulated BER is very close to the target

BER. Moreover, the performance of this ABICM method in the LRP-aided orthogonal

frequency division-multiplex (OFDM) system is evaluated. For practical prediction range

and SNR levels, the ABICM outperforms both UAM and ATCM. The ATCM only achieves

higher SE when the prediction range is less than 0.1 wavelength. Although ABICM is

less sensitive to the quality of CSI than ATCM and UAM, we demonstrate that the LRP

technique is still needed to maintain its SE.

1.4 Multicarrier CDMA with Adaptive Frequency Hopping

In addition to AM, we investigate another adaptive transmission system - multicar-

rier code-division multiplex-access (MC-CDMA) with adaptive frequency hopping (AFH).

MC-CDMA is a multiple access method that combines code-division multiplex

access (CDMA) and OFDM techniques. The multicarrier CDMA has three popular imple-

mentation schemes: MC-CDMA, multicarrier DS-CDMA, and multitone CDMA [28]. For
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all these schemes, each user is allowed to transmit on all or some of the subcarriers, thus

achieving frequency diversity. One or more signature codes are assigned to each user so

that it is possible to differentiate the signal transmitted by multiple users at the receiver.

As in OFDM, both transmitter and receiver in MC-CDMA system employ the fast Fourier

transform (FFT) device to reduce complexity.

During the past decade, several MC-CDMA systems with adaptive frequency hop-

ping (AFH) were proposed for cellular communication systems in [29, 30, 31] and have

attracted significant attention due to their excellent spectral efficiency. In these systems,

the data of each user is multiplexed over one or several substreams, and multiple subcarri-

ers are employed to transmit the substreams of all users. Direct sequence spread spectrum

(DS/SS) codes are assigned to all substreams in the system. Each substream is trans-

mitted on one subcarrier. The subcarriers are allocated using the knowledge of the CSI.

MC-CDMA with AFH exploits both frequency and multiuser diversity and was shown to

improve on non-adaptive MC direct-sequence (DS)-CDMA system in [32].

For the reverse link, a MC-CDMA system with AFH was investigated in [29].

In this system, multiple substreams are employed for each user, and random signature

sequences are assigned for all substreams, resulting in enhanced MAI and intra-user in-

terference. A sub-optimal water-filling (WF) allocation algorithm was proposed, and it

was demonstrated this system has better performance than direct-sequence code-division

multiplex-access (DS-CDMA) system with RAKE receiver and the non-adaptive multicar-

rier direct-sequence code-division multiple-access (MC DS-CDMA) system [29]. However,

the WF algorithm offers limited protection to weaker users. Thus, it suffers from the near-

far problem caused by short-term fading and imperfect power control. As a result, the bit

error rate (BER) of the WF method is degraded in moderate-to-high signal-to-noise ratio

(SNR) region.

In this dissertation and [33, 34], we investigated an improved MC-CDMA system

with AFH for the reverse link. This system exploits realistic quasi-synchronous reverse

link model [35] and utilizes orthogonal spreading sequences for all substreams of the same
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user, thus eliminating intra-user interference. Moreover, we proposed a new allocation

algorithm to overcome the limitations of the WF algorithm in [29], and demonstrate the

resulting BER improvement. In addition to the traditional matched filter (MF) receivers,

we also employed the MUDs jointly with the proposed allocation algorithm by utilizing

the signal to interference and noise ratio (SINR) analysis [33]. Performance gains achieved

using the multiuser detection (MUD) combined with the proposed allocation method are

demonstrated.

1.5 Dissertation Outline

This dissertation focuses on the single and multicarrier adaptive tranmission sys-

tems aided by long-range prediction.

In Chapter 2, we investigate the MC-CDMA system with AFH. First, the existing

systems and adaptive allocation algorithms are briefly reviewed in Section 2.1. Then the

reverse link model of this system is described in section 2.2. Section 2.3 analyzes the limita-

tions of the existing water-filling allocation method, and describes the proposed allocation

algorithm. Numerical results and conclusion are contained in section 2.4 and section 2.5,

respectively.

In Chapter 3, we consider the data-aided noise reduction (DANR) technique for

the LRP-aided AM systems. The existing prediction methods for AM system are reviewed

in section 3.1. Then we describe coded and uncoded AM systems in section 3.2. The DANR

technique is presented in Section 3.3. Both the standard Jakes model and a realistic physical

model are employed to test the performance of this DANR technique in section 3.4. Finally,

conclusions are provided in section 3.5.

In Chapter 4, the improved ABICM method for OFDM system is presented. We

summarize the existing ACM schemes in section 4.1. Then we describe the model of OFDM

system aided by LRP in section 4.2. Section 4.3 discusses the original and new ABICM

methods. Simulation results and conclusions are contained in section 4.4 and 4.5, respec-
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tively.

Finally, the conclusions of this dissertation are provided in Chapter 5.
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Chapter 2

Multicarrier CDMA with Adaptive

Frequency Hopping

2.1 Introduction

MC-CDMA methods have been extensively investigated and proposed for future

mobile radio systems due to their high spectral efficiency, the interference suppression ca-

pability, the exploitation of frequency diversity, and the ability to adapt to time-varying

channel conditions [28, 36, 37, 38]. During the past decade, several MC-CDMA systems

with AFH were proposed for cellular communication systems in [29, 30, 31] and have at-

tracted significant attention due to their excellent spectral efficiency. In these systems, the

data of each user is multiplexed over one or several substreams, and multiple subcarriers

are employed to transmit the substreams of all users. Direct sequence spread spectrum

(DS/SS) codes are assigned to all substreams in the system. Each substream is transmitted

on one subcarrier. The subcarriers are allocated using the knowledge of the channel state

information (CSI). MC-CDMA with AFH exploits both frequency and multiuser diversity

and was shown to improve on non-adaptive MC direct-sequence (DS)-CDMA system in [32].

In [30], a MC-CDMA system with AFH was proposed for the forward link. In

this system, one substream/user is employed, and each user selects the subcarrier with the
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largest fading amplitude for transmission. This allocation algorithm provides significant

performance improvement over other diversity techniques such as non-adaptive MC DS-

CDMA with the maximum ratio combining (MRC) [32]. However, this simple allocation

algorithm does not take into account the multiple-access interference (MAI) present in real-

istic wireless systems. A near-optimal allocation algorithm was utilized in [39] to maximize

the total signal to interference and noise ratio (SINR) and was shown to improve on the

performance of the simple allocation policy in [30].

For the reverse link, a MC-CDMA system with AFH was investigated in [29].

In this system, multiple substreams are employed for each user, and random signature

sequences are assigned for all substreams, resulting in enhanced MAI and intra-user inter-

ference. A sub-optimal water-filling (WF) allocation algorithm was proposed, and it was

demonstrated this system has better performance than DS-CDMA system with RAKE re-

ceiver and the non-adaptive MC DS-CDMA system [29]. However, the WF algorithm offers

limited protection to weaker users. Thus, it suffers from the near-far problem caused by

short-term fading and imperfect power control. As a result, the bit error rate (BER) of the

WF method is degraded in moderate-to-high SNR region.

In this dissertation and [33, 34], we investigate an improved MC-CDMA system

with AFH for the reverse link. This system exploits realistic quasi-synchronous reverse link

model [35] and utilizes orthogonal spreading sequences for all substreams of the same user,

thus eliminating intra-user interference. Moreover, we propose a new allocation algorithm

to overcome the limitations of the WF algorithm in [29], and demonstrate the resulting

BER improvement.

MAI severely limits performance of spread spectrum systems. While it has been

demonstrated that MUD can greatly improve spectral efficiency of DS-CDMA [40] and

non-adaptive MC-CDMA [28, 41], to the best of our knowledge, it has not been utilized in

MC-CDMA with AFH. In this dissertation, we employ the MUDs jointly with the proposed

allocation algorithm by utilizing the SINR analysis [33]. Performance gains achieved using

the MUD combined with the proposed allocation method are demonstrated. To reduce the
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complexity of the allocation algorithm combined with linear MUDs, recursive update of the

matrix inverse is utilized.

In previous research on MC-CDMA with AFH [29, 30], perfect knowledge of the

CSI at the transmitter and independent fading for all subcarriers were assumed in the

performance evaluation. These assumptions are too optimistic for realistic wireless channels.

The impact of noisy CSI measurements was considered in [30, 31]. However, imperfect CSI is

mainly caused by the feedback delay associated with sending channel allocation instructions

from the base station to mobile users in a rapidly varying fading channel. While the impact

of imperfect CSI has been studied extensively for other adaptive transmission systems [5,

15, 4, 16], this investigation has not been carried out for the MC-CDMA system with AFH.

In addition, it is well known that correlated subcarriers reduce the frequency diversity of

MC systems [42], and the assumption of independent subcarriers tends to overestimate the

system performance [34]. In this dissertation, both imperfect CSI and correlated subcarriers

are considered in the evaluation of system performance.

2.2 System Model

2.2.1 Transmitted Signal

System diagram of MC-CDMA with AFH is illustrated in Figure 2.1. In the system

with K users, the total bandwidth W is divided into M subcarriers with equal bandwidths

Δf = W/M . The data stream of each user is multiplexed over N substreams, and all

substreams are spread by spreading codes in time domain. The low-pass equivalent signal

at time t for the nth substream of the kth user is (see Table 2.1)

xk,n(t)=
√

2Eb

∞∑
l=−∞

PG−1∑
i=0

bk,n(l)ck,n(i)h(t − lTb − iTc) (2.1)

where bk,n(l)∈{−1,+1} are the binary phase shifted keying (BPSK) modulated information

symbols. The spreading code vector for this substream is defined as

ck,n =
[
ck,n(0) ck,n(1) . . . ck,n(PG − 1)

]T

(2.2)
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with ||ck,n|| = 1, where || ∗ || is the Euclidean norm, and PG is the processing gain. The

chip waveform h(t) satisfies
∫∞
−∞ h2(t) = 1.

After spreading, the substream (k, n) is assigned to the qk,nth subcarrier, where

qk,n ∈ [1, . . . , M ]. The subcarrier allocation is performed by a control unit at the base station

based on the CSI received from the mobiles, and the channel allocation instructions {qk,n}
are sent to each mobile via a forward control channel. As in [29], more than one substream of

the same user can hop onto the same subcarrier. The total number of substreams assigned to

the mth subcarrier is Pm. Note the bit energy Eb is the same for each substream independent

of its subcarrier allocation. Thus, power control that adapts to large-scale fading variation

is assumed. Better system performance can be achieved by combining subcarrier allocation

and per-subcarrier power control, i.e., the power control that compensates for small-scale

fading variations. However, the latter would increase the required feedback rate from the

base station to the mobile users. Moreover, joint allocation of subcarrier and power is very

complex. In contrast, our method exploits both frequency and multiuser diversity while

maintaining relatively low complexity.

While it is not practical to maintain orthogonality among substreams of different

users [29, 35], it is feasible to require it for each user k, i.e., cT
k,nck,n = 0 for n′ �= n. These

orthogonal codes are obtained by first assigning random spreading codes to all users and

then multiplying the substreams of user k by orthogonal Walsh codewords [33, 43].

The low-pass equivalent transmitted signal for the kth user is the sum of modu-

lated substream signals Sk(t) =
∑N

n=1 xk,n(t) exp(−j2πfqk,n
t), where fqk,n

is the subcarrier

frequency offset from the carrier frequency fc for the qk,nth subcarrier.

2.2.2 Channel Model and Imperfect CSI

We assume slowly varying flat Rayleigh fading for each subcarrier. The channel

coefficients γk,m(t) of all subcarriers are identically distributed with E[|γk,m(t)|2] = 1, and

are independent for different users. Denote the amplitude αk,m(t) = |γk,m(t)| and the phase

φk,m(t) = ∠γk,m(t).
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Table 2.1: Notation

K number of users

M number of subcarriers

N number of substreams/user

k, k′ user indices

m,m′ subcarrier indices

n, n′ substream indices for a user

p, p′ substream indices on a given subcarrier

(k, n) the nth substream of the kth user

Eb bit energy

N0 power spectral density of channel Gaussian noise

Tc chip duration

Tb bit duration

PG processing gain =Tb/Tc

Δf subcarrier bandwidth

σd rms delay spread

qk,n allocation variable for substream (k, n)

γk,m(t) fading coefficient on the mth subcarrier of user k

γ̂k,m(t) prediction of γk,m

αk,m(t),α̂k,m(t) amplitudes of γk,m(t), γ̂k,m(t)

φk,m(t) phase of γk,m(t)

η cross-correlation between γk,m(t) and γ̂k,m(t)

Um set of all substreams assigned to subcarrier m

Pm number of substreams in subcarrier m

λ(m, p) SINR for the pth substream on subcarrier m
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Figure 2.1: System diagram of MC-CDMA with AFH for reverse link

To assess realistic system performance, we employ correlated subcarriers. Assum-

ing the propagation delay is exponentially distributed with rms delay spread σd [44, p. 50],

the cross-correlation between γk,m(t) and γk,m′(t) with index difference Δm = m − m′ is

given by [45].

rf (ΔmΔf)�E
[
γk,m(t)γ∗

k,m′(t)
]
=

1 + 2jπΔmΔfσd

1 + (2πΔmΔfσd)
2 (2.3)

In the reverse link, the base station accurately estimates the current CSI of all

users at each subcarrier by employing pilot signals [46]. However, due to the delay caused by

the calculation of allocation variables and feeding the allocation assignments back to mobile

users, the CSI used for allocation is different from the actual channel conditions experienced

during the transmission. An efficient approach to reliable transmission in the presence of

CSI mismatch is to predict future CSI γk,m(t) based on outdated observations using the AR

model-based linear prediction (LP) γ̂k,m(t) [5, 4]. Since the random variables γ̂(k,m)(t) and

γk,m(t) are jointly Gaussian, the reliability of prediction is characterized by the subcarrier-
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independent cross-correlation η�E

[
γk,m(t)γ̂∗

k,m(t)
]
/
√

E [|γk,m(t)|2] E [|γ̂k,m(t)|2]. The nor-

malized prediction mean square error (NPMSE) is given by 1 − η2 [16]. For example,

η=0.925, 0.95, 0.975 and 1.0 correspond to the NPMSE=0.144, 0.098, 0.049, and 0, i.e.,

poor, degraded, reliable and perfect prediction, respectively [4, 16]. Implementation of

reliable practical prediction algorithm for MC-CDMA with AFH is outside the scope of

this dissertation. To evaluate performance for prediction accuracy specified by the reli-

ability parameter in simulations, we generate predicted channel coefficients as γ̂k,m(t) =

η2γk,m(t) + ω(t), where ω(t) is white Gaussian noise with variance η2(1 − η2) that is inde-

pendent of γk,m(t).

2.2.3 The Receiver

At the base station, the low-pass equivalent received signal is

r(t) =
K∑

k=1

N∑
n=1

αk,qk,n
exp{ϕk,n(t) − 2πfqk,n

t} + v(t) (2.4)

where v(t) is the complex additive white Gaussian noise with power spectral density N0, τk

is the timing offset of the kth user, and ϕk,n(t) = 2πfqk,n
τk +φk,qk,n

(t). In this dissertation,

we assume perfect knowledge of the timing and frequency offsets for all users, and perfect

CSI at the receiver. As discussed in [35], we adopt the quasi-synchronous assumption that

is suitable for the reverse link in practice, i.e., the timing of all users is aligned within a

small synchronization window of one to a few chips in length.

Without loss of generality, we focus on detection of the symbol bk,n(l) at the output

of the correlator at the receiver and drop the symbol index l. Denote γk,m � γk,m(t),

αk,m � αk,m(t), and ϕk,m � ϕk,m(t) for all k and m during this symbol period.

Define Um of size Pm as the index set of all substreams allocated to the mth sub-

carrier, i.e. Um = {(k, n)|qk,n = m}. Without loss of generality, we replace the substream

index pair (k, n) ∈ Um with a single index p, and assume the corresponding φk,m = 0,

τk = 0, and αp = αk,m. The output of the correlator for the pth substream is given by
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[29, 30, 32]

Zp = S̃p + Ĩp + Ñp, p ∈ [1, . . . , Pm] (2.5)

where S̃p =
√

Ebαpbp carriers the desired bit information, and Ĩp is the interference term

Ĩp =
√

Eb

1∑
p′∈Um&p′ �=p

αp′bp′ρp′,p (2.6)

where ρp′p is the cross-correlation between the waveforms of corresponding substreams [40]

ρ(k′,n′)(k,n) = ej(ϕk′,m−ϕk,m)

Tb∫
0

[
PG−1∑
i1=0

ck′,n′(i1)h(t − i1Tc − τk′)

]
·
[

PG−1∑
i2=0

ck,n(i2)h(t − i2Tc)

]
dt

(2.7)

In (2.6), the inter-user interference from adjacent symbols and other subcarriers is negligible

[29, 32, 33]. First, under the assumption of quasi-synchronization, the interference from

adjacent symbols is only a few chips in duration. For large processing gain, this interference

can be ignored. Second, the interference from adjacent subcarriers is suppressed by the

filtering in the frequency domain as well as the despreading operation. It can also be

omitted. Thus, the interference term in (2.6) is due primarily to the symbols of other users

transmitted on the mth subcarrier that start in the same synchronization window as the

desired symbol bp. Finally, the covariance between the zero-mean Gaussian noise terms Ñp

in (2.5) is E(ÑpÑ
∗
p′) = N0ρp′,p.

2.2.4 SINR analysis

The received signal (2.5) is detected and demultiplexed at the receiver to make

decisions (see Figure 2.1). The analytical SINR of the detector is utilized by the allocation

method. The SINR λ(m, p) for the pth substream of the mth subcarrier is given by the

ratio of the desired signal power to the total power of residual interference and noise at the

input to the decision device. The SINR of the MF detector is [29, 40]

λMF (m, p) ≈ Ebα
2
p

Eb
PG

Pm∑
p′=1

Δ(p′, p)α2
p′ + N0

(2.8)
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where

Δ(p′, p) � Δ
[
(k′, n′), (k, n)

]
�

⎧⎪⎪⎨
⎪⎪⎩

1, if k′ �= k,

0, otherwise
(2.9)

In (2.8), we assume perfect synchronization, since this assumption results in the

worst case system performance [33, 34, 43]. The reason is that the SINR of MF can be

computed as [43]:

λMF (m, p) ≈ Ebα
2
p

β Eb
PG

Pm∑
p′=1

Δ(p′, p)α2
p′ + N0

, (2.10)

where β ≤ 1. For asynchronous CDMA channel, we have β = 2/3 [43].

When the linear decorrelating detector (LDD) is utilized, multiple-access interference

(MAI) is completely eliminated in (2.6), so the SINR is given by the SNR [40, p.249]

λLDD(m, p) =
Ebα

2
p

N0

(
R−1

)
p,p

(2.11)

where the Pm × Pm cross-correlation matrix R has component Rp,p′ = ρp,p′ (see (2.7)).

The SINR of the linear minimum mean square error (MMSE) detector can be

computed for the pth substream as [40, p.293-298][47]

λMMSE(m, p) =
1[

I + EbARAH

N0

]−1

p,p

− 1 (2.12)

where A = diag{α1, α2, . . . , αPm}, and I is k × k identity matrix.

When the successive interference canceller (SIC) is applied to (2.5), we assume

without loss of generality that α1 ≥ α2 ≥ . . . ≥ αPm . In the pth stage, the remaining user

with the strongest received signal is demodulated as

b̂p = sgn

⎛
⎝Zp −

p−1∑
p′=1

√
Ebαp′ρp′,pb̂p′

⎞
⎠ (2.13)
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where sgn(·) is the sign function. The SINR of the pth substream on the mth subcarrier

can be approximated as [40, p.360]

λSIC(m, p) ≈ Ebα
2
p/

[
N0+

Eb

PG

Pm∑
p′=p+1

Δ(p′, p)α2
p′+

4Eb

PG

p−1∑
p′=1

Δ(p′, p)α2
p′Pe,SIC(m, p′)

]

(2.14)

where the BER of the p′th substream is

Pe,SIC(m, p′) ≈ Q
[√

2λSIC(m, p′)
]
, (2.15)

Q(x) =
∫ ∞

x
exp(−t2/2)dt/

√
2πm (2.16)

and Δ(p′, p) is defined in (2.9).

2.3 Allocation Algorithms

In this section, we discuss the limitations of previously proposed WF allocation

algorithm and describe a novel allocation method for the reverse link. As discussed in

section 2.2 (see Figure 2.1), these algorithms are implemented at the base station, and

the resulting allocation assignments are sent back to the mobile, where they are employed

to select the reverse link subcarriers for each substream. Thus, the computational load

associated with channel allocation is borne entirely by the base station, which can afford

much greater complexity than the mobiles. Moreover, the feedback load is low since only a

few allocation bits need to be fed back at a low rate on the order of the maximum Doppler

shift.

All allocation methods employ the SINR minimization criterion and utilize the

SINR expression λ(m, p) in (2.8), (2.11), (2.12), or (2.14) that depends on the type of the

receiver utilized at the base station. Otherwise, the allocation methods do not depend on

the receiver design and can be easily adapted to various receiver choices.

Subcarrier allocation methods were also addressed in [48, 49, 50, 51, 52]. However,

these papers focus on the orthogonal frequency-division multiple access (OFDMA) system,
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and the throughput and fairness among users are primary concerns, since the target ap-

plication is the internet protocol (IP)-based packet transmission system. In contrast, we

consider MC-CDMA with AFH that has fixed data rate for all users in the system, which

is suitable for such applications as voice and circuit-switched data transmission. Thus, it is

reasonable to use the minimum SINR as performance measure to guarantee the quality of

service for all users. Moreover, since the multi-access interference (MAI) is not significant in

OFDMA, design of the allocation algorithm is simpler for this system than for MC-CDMA.

2.3.1 The Waterfilling Algorithm

The WF algorithm was proposed in [29] for the MF receiver. Note that this method

is not the water-filling solution that achieves the information-theoretic capacity, although

its design was inspired by the latter. The WF algorithm is an iterative allocation algorithm,

i.e., one substream is allocated in each iteration. The sequence of KN iterations is divided

into N consecutive groups, with K iterations per group. In each group, one substream per

user is allocated. During each iteration of the nth group, all users whose substreams have

not yet been allocated in this group select the subcarrier with the highest SINR, and the user

that has the lowest selected SINR level is assigned to that subcarrier [29]. The protection

of weak users offered by the order of subcarrier allocation in the WF method is limited due

to two reasons. First, weak users already assigned to given subcarrier cannot contribute

large interference level that would prevent allocation of a much stronger user’s substream

to this subcarrier. Second, the WF algorithm does not take into account the MAI impact of

assigning a new substream on the substreams already allocated to certain subcarrier. As a

result, the BER of the WF allocation algorithm is very high for some realizations of channel

fading coefficients. This case is demonstrated in the following example.

Example: Consider a system with K = N = M = 2, PG = 16, Eb = 1, N0 = 0.01

and η = 1.0. Suppose fading amplitudes are represented by {α2
1,1 = 0.1, α2

1,2 = 0.09, α2
2,1 =

1, α2
2,2 = 0.1}.

The WF algorithm [29] performs the allocation in four iterations. The resulting
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allocation is {q1,1 = 1, q1,2 = 2, q2,1 = 1, q2,2 = 1}. Suppose that substream (k = 1, n =

1) corresponds to substream p = 1 of the first subcarrier. From (2.8), the BER of this

substream is approximated as Pe,MF (m = q1,1 = 1, p = 1) ≈ Q(
√

2×0.1
0.01+2/16) ≈ 0.11.

A better allocation solution is to assign the substreams of the first user to the first

subcarrier and the substreams of the second user to the second subcarrier, i. e., {q1,1 =

1, q1,2 = 1, q2,1 = 2, q2,2 = 2}. The resulting BERs are Pe,MF (m, p) ≈ Q(
√

2 × 0.1/0.01) ≈
3.8 × 10−6 for m, p ∈ {1, 2}.

This example illustrates that the WF algorithm has poor performance when the

instantaneous fading amplitude of one user (user 2 in this example) is much larger than

that of the other user. While such events are unlikely, they dominate the average BER in

moderate to high SNR region. Therefore, it is desirable to design an allocation algorithm

that overcomes the limitations of the WF method.

2.3.2 Proposed Allocation Algorithm

Our allocation method has the following optimization criterion. As in [29], we

focus on the performance of the substream with the lowest SINR since the error events

associated with this substream dominate the error rate. The optimization objective is to

maximize the SINR of the allocated substream with the lowest SINR, i.e., to find the set of

allocation variables that

Qo = arg max
Q

{
min

m∈[1,...,M ],p∈[1,...,Pm]
λ(m, p)

}
(2.17)

where Q = {qk,n|k ∈ [1, . . . , K], n ∈ [1, . . . , N ]} is the set of all possible allocation variables,

and λ(m, p) is the SINR calculated from (2.8), (2.11), (2.12), or (2.14), depending on the

type of the detector employed at the receiver. In (2.17), SINRs of all substreams are used

for allocation, so the weak user is protected well. Thus, better performance is expected

relative to the WF algorithm.

Theoretically, the search over the elements of Q produces the optimal solution for

(2.17). To find out the number of possible solutions, we first consider the number of ways
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in which N identical substreams may be distributed among M different subcarriers. This

is the same as the number of integer vectors of length M that satisfy the constraints

[n1, n2, . . . , nM ]T with 0 ≤ nm ≤ N and
M∑

m=1

nm = N (2.18)

where nm is the number of substreams assigned to the mth subcarrier for one user. The

number of ways is given by (N + M − 1)!/[(M − 1)!N !]. Since we have K users in the

system, there are {(N + M − 1)!/[(M − 1)!N !]}K possible ways to allocate N equivalent

substreams/user into M distinct subcarriers. Thus, the computational complexity of finding

the exact solution to (2.17) is very high, and a suboptimal method with moderate complexity

is desirable.

Inspired by the iterative algorithms in [29, 39, 48, 49], we design an iterative

allocation method to find a suboptimal solution for (2.17). In this algorithm, one substream

is assigned at each iteration, and all substreams are allocated after KN iterations. For

simplicity, the substreams are assigned consecutively, i.e. the substream (k, n) is allocated

at the [K(n − 1) + k]th iteration. The algorithm is based on the following idea. Suppose

the substream (k, n) is allocated to the subcarrier m. We observe that in this case only

the substream (k, n) and the substreams previously assigned to this subcarrier experience

the SINR degradation. Denote the set of such substreams U′
m. For each m ∈ [1, . . . , M ],

we determine the lowest SINR level in U′
m assuming that the substream (k, n) is allocated

to subcarrier m. Then find the subcarrier mo that produces the maximum value of this

lowest SINR among all M values and allocate the substream (k, n) to subcarrier mo. In our

allocation process, the substreams are allocated consecutively, and the interference from a

subset of all substreams is taken into account for each allocation. Therefore, it results in

a suboptimal solution to (2.17). However, it improves upon the WF method in [29] since

it protects previously allocated weaker users. The proposed improved allocation algorithm

consists of the steps in Table 2.2.

In Table 2.2, the substreams are assigned consecutively, i.e. the substream (k, n)

is allocated at the [K(n − 1) + k]th iteration. Here we consider a more sophisticated
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Table 2.2: Improved Allocation Algorithm
Initialize Pm = 0 and Um = {∅} for all m ∈ [1, . . . ,M ],.

for n = 1 to N

for k = 1 to K

S1) Augment U′
m = {Um, (k, n)} for m∈[1, . . . , M ]. Let λ(m, p) be the SINR of the

pth substream (p ∈ [1, . . . , Pm+1]) assuming that substream (k, n) is assigned to the

mth subcarrier.

S2) Find mo that satisfies

mo = arg max
m∈[1,...,M ]

{
min

p∈[1,...,Pm+1]
λ(m, p)

}

S3) Assign substream (k, n) to the moth subcarrier, i.e., set qk,n = mo. Then update

Pmo = Pmo + 1, and Umo = U′
mo .

Table 2.3: Allocation Algorithm with Ordering
Initialize Pm = 0 and Um = {∅} for all m ∈ [1, . . . ,M ],.

for n = 1 to N

S1) Initialize set K = {1, 2, . . . ,K}
S2) Augment U′

m = {Um, (k, n)} for m∈ [1, . . . , M ], and k ∈ K. Let λ(k, m, p) be

the SINR of the pth substream (p ∈ [1, . . . , Pm+1]) assuming that substream (k, n) is

assigned to the mth subcarrier.

S3) Find λo(k) and mo(k) that satisfies

λo(k) = max
m∈[1,...,M ]

{
min

p∈[1,...,Pm+1]
λ(k,m, p)

}
, k ∈ K (2.19)

mo(k) = arg max
m∈[1,...,M ]

{
min

p∈[1,...,Pm+1]
λ(k,m, p)

}
, k ∈ K

S4) Find ko ∈ K that ko = arg max
k′∈K

λo(k′)

S5) Assign substream (ko, n) to the mo(k)th subcarrier, i.e., set qko,n = mo(k). Then

update Pmo(k) = Pmo(k) + 1, and Umo(k) = U′
mo(k). Remove ko from K.

S6) Repeat steps S2)-S5) until K is empty.
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allocation method. In this algorithm, we find the minimum SINR among all subcarriers

if we allocate one substream from the kth user into each subcarrier. Then the user that

causes the maximum minimum SINR is permitted to assign one of its substreams into its

favorite subchannel as in WF algorithm. The resulting algorithm is shown as in Table 2.3,

To compare the performance of the proposed algorithm and the algorithm with

ordering in Table 2.3, we consider a system with K = 16 users, N = 8 substreams/uers

and PG = 64. The number of subcarriers M is 4 or 8, which corresponds to moderate

and heavy system loads, respectively. When LDD is used at the receiver, the simulated

BERs are shown in Figure 2.2. We observe that these two algorithms have similar average

BER performance at all SNR values. The simple proposed algorithm even outperforms the

algorithm with ordering at high SNR. The reason is that allocating the user with the worst

favorite channel first deteriorates the BERs of other users so the average BER over all users

is limited. In addition to this figure, we also simulated different system parameter sets with

moderate to heavy system load (not shown in this dissertation). Those simulation results

show that these two algorithms have similar BER performance.

2.3.3 Imperfect CSI

When perfect CSI is available at the base station, the SINR in step S1 in the

proposed allocation algorithm of the improved allocation algorithm is calculated using the

expression (2.8), (2.11), (2.12), or (2.14), depending on the type of the detector employed at

the receiver. As discussed earlier, this perfect knowledge of CSI assumed in the calculation

of λ(m, p) is usually unavailable. Instead, one can design an allocation algorithm based on

the average BER conditioned on the predicted CSI as

P̄e(m, p) =
∫ ∞

−∞

∫ ∞

−∞
Q[
√

λ(m, p)]p(α1, . . . , αPm |α̂1, . . . , α̂Pm)dα1 . . . αPm (2.20)

where α̂p = |γ̂p|, and p(α1, . . . , αPm |α̂1, . . . , α̂Pm) is the joint conditional probability den-

sity function of perfect CSI given predicted CSI. However, the evaluation of (2.20) is very

complex for a large number of substreams. For simplicity, we focus on a simpler approach
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Figure 2.2: BER of proposed allocation algorithm and the algorithm with ordering for
K = 16 users, M =4 or 8 subcarriers, N = 8 substreams/uers and PG = 64.

that employs the predicted fading amplitude α̂p instead of αp in the SINR λ(m, p) and ob-

tains the SINR estimate λ̂(m, p). Thus, the predicted CSI is treated as if it was perfect, and

λ̂(m, p) is used as performance measure in step S1 of our allocation method. The sensitivity

of allocation algorithm to the prediction errors is tested using simulations in section 2.4.

2.3.4 Complexity Reduction

In our allocation algorithm, the computational complexity is mainly determined

by the calculation of the SINR. For MF and SIC receivers, the calculation of the SINR given

by (2.8) and (2.14), respectively, involves only simple scalar operations. On the other hand,

the allocation algorithms for the LDD or MMSE detector are complex due to the matrix

inversion in (2.11) and (2.12), which has to be performed for every U′
m in step S1 of the

improved allocation algorithm. However, it is possible to reduce complexity by recursive

computation of this inverse as discussed below for the case of the LDD at the receiver.
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In this recursion, for each m in step S1, denote the Pm × Pm cross-correlation matrix of

the substreams previously assigned to subcarrier m as R(Pm). The inverse of this matrix

[R(Pm)]−1 has been computed during an earlier iteration. In the current iteration, we need

to evaluate the SNR λLDD(m, p), p ∈ [1, . . . , Pm + 1] when assignment of new (Pm + 1)st

substream is examined for subcarrier m in step S1. This computation requires the inversion

of an augmented correlation matrix

R(Pm + 1) =

⎡
⎣R(Pm) ρ

ρH 1

⎤
⎦ (2.21)

where ρ = [ρPm+1,1, ρPm+1,2, . . . , ρPm+1,Pm ]T is the vector of the cross-correlation coefficients

between the new substream and Pm existing substreams determined by (2.7). The inverse

of (2.21) can be computed by exploiting the existing [R(Pm)]−1 as follows [53, eq. (35)]:

[R(Pm + 1)]−1 =

⎡
⎣[R(Pm)]−1 + u [R(Pm)]−1 ρρH [R(Pm)]−1 −u [R(Pm)]−1 ρ

−uρH [R(Pm)]−1 u

⎤
⎦ (2.22)

where u =
[
1 − ρH [R(Pm)]−1ρ

]−1.

To calculate this recursion (2.22), first we need to perform [R(Pm)]−1 ρ, which

requires P 2
m multiplications. The vector multiplication [R(Pm)]−1 ρρH [R(Pm)]−1 would

normally consume P 2
m multiplications. However, since the resulting matrix is Hermitian,

we only need to calculate approximately half of the entries in the matrix. For all other

operations in (2.22), the order of complexity is less than Pm.

Therefore, this recursion requires about 1.5(Pm +1)2 complex multiplications and

divisions, which is significantly less than the (Pm + 1)log27 operations of efficient Strassen’s

method for direct matrix inversion [54].

The SINR calculation for MMSE detector (2.12) can be simplified similarly. Here,

we define

F (Pm) � I(Pm) +
Eb

N0
A(Pm)R(Pm)AH(Pm) (2.23)

where I(Pm) is the Pm × Pm identity matrix and A(Pm) = diag{α1, . . . , αPm}. Using this
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Table 2.4: Computational complexity of allocation algorithms (for KN � M case)

Allocation algorithm Order of complexity

WF with MF receiver O(K2N)

Proposed algorithm for MF receiver O(K2N2)

Proposed algorithm for LDD O(K3N3)

Proposed algorithm for SIC O(K3N3)

definition, the recursion can be written as

[F (Pm + 1)]−1 =

⎡
⎣[F (Pm)]−1 + u [F (Pm)]−1 ffH [F (Pm)]−1 −u [F (Pm)]−1 f

−uρH [F (Pm)]−1 u

⎤
⎦ (2.24)

where u =
[
1 − fH [R(Pm)]−1f

]−1
, and f = {F 1,1, . . . ,F Pm,1}T .

Using the recursion (2.22), we show the number of operations required to allocate

all KN substreams in Table 2.4 (see Appendix A). Our allocation algorithm outperforms

the WF algorithm at the price of increased complexity. The utilization of MUDs results

in the allocation algorithm complexity increase relative to the MF receiver. Note that

although SIC is much simpler than the LDD, their allocation algorithms have the same

order of complexity.

2.4 Numerical Results

First, we compare the average BER (over all users and fading realizations) of

the WF algorithm, the optimal allocation method (2.17) and the proposed algorithm for

the MF detector in Figure 2.3. As in [29], the assumptions of perfect CSI knowledge and

independent fading subcarriers are adopted in this simulation, as well as in Figure 2.4-

2.6. Due to very high complexity of the optimal allocation, small number of substreams

is employed in this comparison. We observe that the proposed algorithm incurs a small

penalty relative to the optimal allocation method for high SNR and outperforms the latter

for low SNR since the average BER is not the optimality criterion. As expected, the WF
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algorithm has the worst performance among the three allocation algorithms in moderate to

high SNR. Figure 2.3 also demonstrates that the AFH system with the proposed allocation

algorithm provides 2-3dB power gain over the non-adaptive MC DS-CDMA with MRC [32]

in this multiuser scenario.

Figure 2.4 compares the average BER of the WF method and the proposed alloca-

tion algorithm for the MF receiver and a larger number of users in the system. We observe

that the performance gain of the proposed algorithm over the WF method increases as the

SNR grows. The comparison in Figure 2.4 corroborates our discussion on the limitations of

the WF algorithm in section 2.3.

In principle, the WF algorithm can also be employed with LDD. The only change

made to the original WF algorithm is to replace the SINR analysis of MF (2.8) with that

of LDD (2.11). Figure 2.5 shows that the WF algorithm has significant performance loss

compared with the proposed algorithm when LDD is employed for both algorithms.

Figure 2.6 shows the average BER of the proposed allocation algorithm for moder-

ate system load (K comparable to M) combined with receivers discussed in section 2.2. To

illustrate the potential of combined subcarrier allocation and MUD, the single user bound

(SUB), i.e., the BER of the system with only one user, is included in the figure. The linear

methods (the MMSE detector and LDD) have much better performance than the SIC and

the MF detectors for moderate to high SNR. The linear detectors approach the SUB in

this system because the adaptive allocation algorithm separates the substreams with high

cross-correlations into different subcarriers. This adaptive allocation policy also reduces the

effect of noise enhancement that degrades LDD in conventional CDMA channels, so it is

only slightly outperformed by the MMSE detector in our system. We also note that when

the allocation method is employed with the SIC, it is impaired in the first few stages by the

inaccuracy of the SINR approximation (2.14) when the number of substreams is small [40].

We investigate the effect of imperfect CSI in Figure 2.7. Observe that while the

BER of the adaptive system with LDD increases as the reliability of CSI degrades, it is still

smaller than the SUB of non-adaptive MC DS-CDMA even for η = 0.95, which is easily
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Figure 2.3: BER performance of adaptive MC-CDMA with WF, optimal and proposed
allocation algorithms (N = 1 substream/user, PG = 64 and perfect CSI knowledge), and
non-adaptive MC DS-CDMA with MRC (time domain processing gain PG = 64). For both
systems, K = 6 users, M = 4 subcarriers, independent fading subcarriers (Δfσd = ∞),
and MF receiver are assumed.
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Figure 2.4: BER performance of adaptive MC-CDMA with MF receiver for K = 16, M = 8,
PG = 64, Δfσd = ∞, and η = 1.0
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Figure 2.5: BER performance of adaptive MC-CDMA with LDD receiver for K = 16,
M = 8,N = 4 substreams/user, PG = 64, Δfσd = ∞, and η = 1.0
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achievable in realistic scenarios [15, 4].

Figure 2.8 illustrates the impact of correlated subcarriers on the BER of the adap-

tive system when perfect knowledge of the CSI is assumed. As expected, the performance

degrades as Δfσd decreases. However, for Δfσd as small as 0.3, the performance is very

close to the case of independent fading subcarriers (Δfσd = ∞). Observe that the BER

gap between the LDD and SIC narrows as Δfσd decreases in Figure 2.8 since fading, not

MAI, becomes the dominant source of performance degradation as diversity reduces for

small Δfσd. Similarly, it is shown in [33] that performance gap between these two detec-

tors narrows when the predicted CSI is unreliable in the adaptive system. The complexity

comparison in [33] reveals that the allocation algorithms for SIC and linear detectors have

similar complexity. Therefore, the LDD or MMSE detectors provide the best complex-

ity/performance/robustness trade-off in this adaptive system.

In Figure 2.9 and 2.10, we investigate a practical system design with the avail-

able bandwidth set to 1.25MHz, the bandwidth of single carrier in IS-95 and CDMA2000

standard. The rms delay spread of the channel is assumed σd=1 us, which is typical for

the urban environment [43, p. 200]. Since the coherence bandwidth is approximately

1/5σd=200KHz [43, p. 202], we divide the available bandwidth into 12 subcarriers with

the subcarrier bandwidth of 102.4 KHz to assure flat fading for each subcarrier. Assuming

N = 8 substreams and PG = 64, the system supports a 12.8 Kbps data service to each

user. Moreover, for comparison, we have simulated a non-adaptive MC DS-CDMA system

with the same system bandwidth, number of subcarriers, and data rate as for the adaptive

system. To maintain the data rate, the time-domain processing gain of eight is required in

the latter system. While in the original MC DS-CDMA design, the same spreading code

was used for all subcarriers of one user [32], we employ different random spreading codes

for different subcarriers as proposed in [41] to reduce the variance of the cross-correlation

between the waveforms of different users.

Figure 2.9 shows the BER of the adaptive system for varying numbers of users. For

all detectors, the BER level is maintained provided the number of users K is sufficiently
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Figure 2.7: Comparison of SUB of non-adaptive MC DS-CDMA with the BER of MC-
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Figure 2.9: BER vs. number of users in the adaptive system with improved allocation
algorithm for SNR=10 dB, M = 12, N = 8, PG = 64, η = 0.95, and Δfσd = 0.1024
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Figure 2.10: BER vs. number of users in the system with LDD for SNR=10dB, M = 12,
N = 8, PG = 64, and Δfσd = 0.1024.
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small. This is due to the fact that the fading induced near-far problem can be easily

suppressed for a small number of users. While the BER of the MF receiver degrades for

K ≥ M , the MUDs maintain reliable performance unless the system load is very large, i.

e., when K � M . The MMSE detector has the best performance, but its gain over the

LDD is very small as discussed above.

In Figure 2.10, the BERs of the adaptive and non-adaptive systems with the

LDD are compared. For the non-adaptive system, this MUD is derived from the RAKE

LDD designed for the multipath fading channel in [55]. Even with poorly predicted CSI

(η = 0.925), the AFH system outperforms the non-adaptive system. For target BER of

10−3, the adaptive system can support from 12 to 63 users, depending on the quality of the

predicted CSI, while only two users are feasible for the non-adaptive system.
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Figure 2.11: BER vs. number of users in the adaptive system with imperfect power control
for M = 12, N = 8, PG = 64, η = 0.95, and Δfσd = 0.1024. The SNR is 10 dB for desired
user and 20 dB for other users.

In previous simulations, the power control that adapts perfectly to large-scale

fading is assumed, i.e., Eb is the same for all users. To investigate the effect of the near-
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far problem caused by imperfect power control on the proposed allocation algorithm, the

SNR of randomly chosen desired user is set to 10 dB, while K − 1 interfering users have

SNR=20 dB. Given the same system parameters as in Figure 2.9, the simulated BER of

the desired user is shown in Figure 2.11. Note that MUDs in this figure have lower BER

than for the perfect power control case in Figure 2.9, and the BERs of linear detectors are

very close to the system SUB even for heavily loaded near-far scenario. The reason is that

the weakest user’s substreams are assigned into their favorite subcarriers by our allocation

algorithm, while the interfering stronger users are competing for remaining subcarriers. In

previous figures, our allocation policy was shown to alleviate small-scale fading-induced

near-far problem. Figure 2.11 demonstrates that combined proposed allocation algorithm

and MUD are also very effective in compensating for large-scale fading and imperfect power

control.

2.5 Conclusions

A novel allocation algorithm that outperforms the WF algorithm for MC-CDMA

system with AFH for the reverse link was proposed. The proposed allocation algorithm

is combined with MUDs using the SINR analysis. It is demonstrated that combined im-

proved subcarrier allocation and MUD is very effective in mitigating MAI, resulting in much

larger system capacity than for the non-adaptive MC DS-CDMA system. This conclusion

is confirmed for realistic rapidly varying fading channels with correlated subcarriers, CSI

mismatch, and imperfect power control.
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Chapter 3

Data-Aided Noise Reduction for

Long-Range Fading Prediction in

Adaptive Modulation Systems

3.1 Introducton

Adaptive modulation (AM) has been investigated extensively due to its effective-

ness and simplicity [21]. The UAM schemes that employ MQAM were studied in [21, 56]. To

improve the SE, the ACM methods, also known as ATCM, were proposed [22, 24, 25, 23, 57].

The SE of AM schemes decreases as the accuracy of the CSI degrades at the transmitter

[56, 23, 58]. Moreover, the ACM achieves significant coding gain over the UAM for reli-

able CSI [22], but the coding gain diminishes when the CSI accuracy degrades, and UAM

outperforms ACM when CSI is unreliable [23, 57].

To ensure high SE for AM systems and to achieve the coding gain in realistic time-

varying fading channels, the CSI needs to be predicted to compensate for the feedback and

data processing delay and system constraints. Several fading prediction methods have been

proposed to enable mobile radio adaptive transmission methods [5, 4]. In this dissertation,

we focus on the AR model-based linear prediction (LP), referred to as the LRP method,
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which was shown to achieve superior performance for realistic channel models and measured

channels [5, 4, 14]. The LRP method has low MSE at spatial prediction ranges over one

carrier wavelength when the SNR of the observations is sufficiently high [5]. However, its

performance degrades severely at low and medium SNR. Utilization of highly oversampled

pilots in NR prior to LP was proposed in [7, 15]. These NR techniques, referred to as

the high-rate pilot methods, improve the prediction accuracy for practical SNR over the

low-rate raw pilot prediction algorithm, which relies only on the pilot symbols necessary for

noiseless fading coefficient prediction [11]. Fading prediction aided by the high-rate pilot

method was utilized in AM systems in [15, 24, 23, 56]. However, the resources consumed

by transmitting pilots were not considered in these investigations. In this dissertation, we

demonstrate that the high-rate pilot method consumes excessive system bandwidth due to

transmitting oversampled pilots, so the overall SE does not increase significantly despite

better prediction accuracy. Although the rate and power of raw pilots are optimized to

maximize the SE under given power constraint in [58], the pilots still consume a large

portion of the available bandwidth in that method.

We propose to exploit the data symbols in NR to achieve high accuracy of predic-

tion without significantly increasing the pilot rate and power, thereby improving the SE [16].

The data-aided methods have been widely used for channel equalization [59], estimation,

and tracking [60]. In [61], decision-directed short-range prediction of fading channels was

investigated, and in [5, 62], data-aided NR was employed in LRP to enable adaptive chan-

nel inversion. However, these decision-directed methods are not applicable to the adaptive

modulation systems directly.

In this dissertation and [16, 17], a novel DANR method is proposed for the LRP-

aided AM systems. This method comprises an adaptive pilot transmission mechanism that

compensates for outages, robust noise reduction and decision-directed channel estimation.

The prediction accuracy and SE of the proposed method are compared with those of the

high-rate pilot and raw pilot methods, and the advantages of the DANR approach are

demonstrated for practical SNR and prediction ranges. In addition to taking into account
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Figure 3.1: System Diagram

the resources consumed by pilots, we investigate practical UAM and ACM systems enabled

by DANR-aided LRP, which do not relay on unrealistic assumptions employed in previous

investigations, e. g., perfect knowledge of channel statistics [25, 57, 58, 63], or extremely

large filter order [24]. Moreover, we employ the standard Jakes and our physical fading

channel models in the simulations, and determine the set of SNR values where realistic

distribution of reflectors aids prediction performance.

The remainder of this chapter is organized as following. The UAM and the ACM

schemes enabled by LRP are reviewed in section 3.2. The proposed DANR method is

described in section 3.3. Finally, numerical results and conclusions are presented in sections

3.4 and 3.5, respectively.

3.2 AM AIDED BY PREDICTED CSI

The proposed system model is illustrated in Figure 3.1, and frequently used nota-

tion is summarized in Table I. We consider a single-carrier flat fading channel and assume
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the symbol rate fs. The equivalent lowpass received lth sample is

y(l) = x(l)h(l) + w(l) (3.1)

where x(l), h(l), and w(l) are the transmitted symbol, the complex fading channel coefficient

with E[|h(l)|2] = 1, and complex white Gaussian noise with variance N0, respectively. The

channel coefficient is modeled as complex zero-mean Gaussian process with unit variance.

We employ the widely used Jakes model, with the autocorrelation function of the channel

coefficient approximated by that of the Rayleigh fading, E[h(l)h∗(l−Δl)] = J0(2πfdmΔl/fs)

[44], where J0(∗) is the Bessel function of the first kind, and fdm is the maximum Doppler

frequency. The transmitted symbols can be either pilots or data symbols. Without loss of

generality, we assume that x(l) =
√

Ep when pilots are transmitted.

To enable adaptive modulation, the fading coefficient is predicted using a linear

predictor (LP) [5]. The actual fading coefficient h(l) and its prediction ĥ(l) are jointly

Gaussian distributed with the cross-correlation [63]

ρ � E[h(l)ĥ∗(l)]/
√

E [|h(l)|2] σ2
ĥ

(3.2)

where σ2
ĥ

= E

[
|ĥ(l)|2

]
. Without loss of generality, we omit the index l, and denote γ = |h|2

and γ̂ = |ĥ|2.
In our simulations, the cross-correlation ρ in (3.2) is measured from the observed

data set. For the fixed SNR and target BER, the adjustment of thresholds in the adaptive

modulation system is determined by ρ. For the linear MMSE predictor, the normalized

MSE NMSE � E

[
|h(l) − ĥ(l)|2

]
/E[|h(l)|2] is given by 1 − ρ2 [63], and for general LP,

NMSE ≥ 1 − ρ2. While the NMSE is often used to measure prediction performance, the

SE of AM is affected by the quality of prediction via the joint distribution of γ and γ̂

[23, 56, 58]. Since ρ in (3.2), not the NMSE, determines this joint distribution [26], the

NMSE is not an appropriate indicator of SE in AM aided by fading prediction. Hence, we

define the normalized prediction MSE as NPMSE � 1 − ρ2 and use it as a performance

measure of predictors in all our plots.
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Consider a coded or uncoded AM system that employs MQAM constellation sizes

{M1, M2, . . . , MN}, 0 < Mi1 < Mi2 for i1 < i2, and switching thresholds {γ0, γ1, . . . , γN+1},
where 0 ≤ γi ≤ γi+1, γ0 = 0, and γN+1 = ∞. When predicted CSI γ̂ falls in the interval

[γi, γi+1), the constellation size Mi is used in transmission. When 0 ≤ γ̂ < γ1, an outage

occurs. For ACM, we adopt the scheme in [22, Fig. 2] that employs a simple rate 1/2

convolutional encoder with four states [64]. It was shown in [3] that this ACM scheme

achieves approximately 3 dB power gain relative to the UAM when the CSI is perfect. In

this ideal scheme, pilots were not employed. However, in practice, pilot allocation affects

both power and bandwidth consumption.

We employ constant power allocation, i.e., the same average MQAM symbol energy

Ed is utilized for all Mi > 0, due to its excellent performance and low required feedback

rate [56, 58]. Given fixed average SNR=Es/N0, where Es is the average overall symbol

energy that includes energy of both data and pilot symbols, the calculation of average

MQAM data symbol energy Ed depends on the pilot transmission scheme. In all LRP

methods investigated in this dissertation, the pilot energy Ep is equal to the average symbol

energy, i.e., Ep = Es. Thus, Es = Ed

∫∞
γ1

p(γ̂)dγ̂ = Ed exp[−γ1/σ2
ĥ
] [16, 56], where p(x) is

the probability density function of a random variable x. When the SE loss caused by

transmitting pilots is not taken into account, the SE is evaluated as

Sd =
N∑

i=1

qi

∫ γi+1

γi

p(γ̂)dγ̂ (3.3)

where qi is the number of information bits associated with the modulation level Mi.

For imperfect CSI, we employ the UAM method described in [15, 56], and the ACM

design in [23]. Given the reliability of prediction ρ (3.2), these methods select thresholds to

maximize the SE (3.3) while maintaining the average BER below the target BER Pt [56, 23].

In this chapter, the set of constellation sizes {4, 16, 64, 256} and Pt = 10−4 are used for

simulations if not specified otherwise. Figure 3.2 shows the SE of these systems Sd for

several average SNR levels when the SE degradation due to pilots is not taken into account.

For the NPMSE on the order of 10−2 or smaller, prediction is sufficiently reliable to maintain
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near-optimal bit rate, and the SEs of both UAM and ACM are not sensitive to the variation

of the NPMSE. On the other hand, these SEs decrease rapidly as the NPMSE approaches

10−1. We refer to this phenomenon as “crossing the NPMSE threshold”. Moreover, the rate

of SE decrease is greater for ACM than for UAM. This observation confirms the conclusion

in [6, 7] that ACM is more sensitive to prediction errors than UAM. For NPMSE≈ 10−2,

ACM has about 0.5 bps/Hz coding gain over UAM, while UAM outperforms ACM when

the NPMSE approaches 10−1, which is often the case for realistic SNR values in practical

mobile radio scenario [5, 57]. Therefore, to achieve positive coding gain in practical systems,

the NPMSE should be decreased by employing NR.

Sensitivity of ACM to prediction errors was investigated in [56, 57], and can be

explained intuitively as follows. When prediction is unreliable, the BER of Mi-QAM for

the AWGN channel at low SNR dominates the calculation of thresholds [23, 56] and re-

sults in reduced SE. Since TCM has higher BER than uncoded MQAM given the same

bits/symbol in the AWGN channel with low SNR [21], UAM outperforms ACM as the

prediction accuracy decreases.

3.3 Long-Range Prediction with Data-Aided Noise Reduc-

tion

3.3.1 Frame Structure and Adaptive Pilot Transmission

The frame structure employed in this dissertation is illustrated in Figure 3.3. At

the transmitter of the proposed AM system, the transmitted symbols are grouped into

frames with L symbols in each frame. To reduce the feedback rate and the complexity of

NR, the constellation size is fixed in each frame. Thus, we assume that the fading coefficient

is constant during each frame and choose fs/L = 100fdm to justify this assumption [65].

We use vectors x(k) = [x(kL), x(kL − 1), . . . , x(kL − L + 1)]T and y(k) = [y(kL), y(kL −
1), . . . , y(kL−L+1)]T to represent the transmitted and received symbols of the kth frame,

respectively (see (3.1)). In addition, we denote h(k; L) ≈ h(kL − l), l ∈ [0, L − 1] as the
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Table 3.1: Notation

fdm Maximum Doppler frequency

fs Symbol rate

h(l) Channel coefficient of the lth symbol

h(k; L) Channel coefficient of the kth frame

h0(k; L) Initial channel estimate for the kth frame

h̄(k; L) Decision directed channel estimate for the kth frame

h̃(k; L) The noise-reduced channel estimate for the kth frame

ĥ(k; L) The predicted channel coefficient for the kth frame

h̃(n), ĥ(n) Down-sampled h̃(k;L) and ĥ(k;L) at rate fpred=
fs

LK

L Frame size

K Superframe size

Ep Pilot symbol energy

Ed Average energy of MQAM symbols

Ēd Average data (outage and MQAM) symbol energy

Ēs Average energy of all symbols



43

10−3 10−2 10−1
0

1

2

3

4

5

6

Normalized Prediction MSE

Sp
ec

tra
l E

ff
ic

ie
nc

y 
(b

its
/s

am
pl

e)

UAM (SNR=15 dB)
ACM (SNR=15 dB)
UAM (SNR=20 dB)
ACM (SNR=20 dB)
UAM (SNR=25 dB)
ACM (SNR=25 dB)

Figure 3.2: Spectral efficiency of adaptive modulation vs. NPMSE for target BER Pt =
10−4.

channel coefficient associated with the kth frame.

If one pilot is transmitted in each frame to facilitate NR in LP, the pilot rate is

fp = fs/L = 100fdm, which is the pilot rate in [15]. However, as stated earlier, this approach

wastes a large portion of the available bandwidth due to transmitting oversampled pilots.

In the proposed approach, which combines pilots and decisions to predict the fading

coefficient, we group K consecutive frames into one superframe. The observed signals of the

mth superframe are represented by a vector of length KL, ys(m) = [yT (mK), . . . ,yT (mK−
K + 1)]T . In each superframe, one pilot is transmitted at the last symbol position. It is

denoted x(mKL), and referred to as superframe pilot. These pilots are used to obtain

the initial channel estimates for the demodulation of data symbols. Moreover, if a frame

does not contain the superframe pilot and experiences an outage, we also transmit one

pilot symbol at the end of that frame. These additional pilot symbols are necessary to
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Figure 3.3: Frame structure and initial channel estimates for demodulation (see equation
(3)). L=3 symbols/frame, K=3 frames/superframe.

maintain the reliability of prediction during an outage, when decision directed estimation

is not possible. This method is referred to as adaptive pilot transmission.

Let η = fp/fs denote the fraction of bandwidth dedicated to pilots. The actual

SE of the system is S̄ = (1 − η)Sd bps/Hz, where Sd is the SE when pilots are not taken

into account (3.3). In these systems the pilot rate is on the order of 100fdm or η = 1/K

[15], i.e., the frame rate in DANR, while η = 1/KL in DANR. Note that pilots adaptively

transmitted during outage frames in our adaptive pilot transmission method do not incur

SE penalty since data symbols are not transmitted in those frames.

The power loss caused by transmitting pilots in adaptive pilot transmission also

affects system performance. We select Es = Ep as in a pilot symbol assisted modulation

(PSAM) system [46]. Although higher SE is achieved by optimally allocating power to data

symbols and pilots as in [58], the SE loss of our method relative to the optimal allocation

[58] is small due to the following reasons. First, the pilot symbols account for a small

percentage of the available bandwidth. Therefore, reducing the power allocated to pilot
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symbols would not significantly improve the power allocated to the data symbols. Second,

in DANR, the prediction accuracy mostly depends on the decision-directed data symbols.

Increasing the pilot power by sacrificing data symbol power would not significantly improve

the prediction accuracy provided the pilot SNR is maintained high enough to demodulate

the received data symbols reliably (see Figure 3.14 and 3.15). In addition, in our method,

the selected pilot energy does not depend on the accuracy of prediction and is known at

the transmitter while in the variable pilot energy method it depends on the NPMSE and

needs to be fed back [58]. Thus, our method reduces the required feedback relative to the

technique in [58].

In the proposed adaptive pilot transmission, Mi-QAM symbols (Mi > 0) occupy

KL−1
KL

∫ γi+1

γi
p(γ̂)dγ̂ fraction of the bandwidth, and the pilots transmitted during outage

frames that do not contain superframe pilots occur with probability K−1
KL

∫ γ1

0 p(γ̂)dγ̂. There-

fore, the power constraint for our DANR method is given by

Es =
KL − 1

KL
Ed

∫ ∞

γ1

p(γ̂)dγ̂ + ηEp +
Ep

KL
(K − 1)

∫ γ1

0
p(γ̂)dγ̂ (3.4)

This power constraint is used in the optimization of thresholds for adaptive modulation.

3.3.2 Initial Channel Estimation for Demodulation

To demodulate received data symbols, we obtain initial channel estimates as illus-

trated in Figure 3.3. Without loss of generality, assume that the latest received frame has

index (m0K − k0), k0 ∈ [0,K − 1]. This frame belongs to the m0th superframe. The initial

estimate for frame (mK − k) ≤ (m0K − k0) in superframe m ≤ m0 is computed as

h0(mK − k;L) = (3.5)⎧⎪⎪⎨
⎪⎪⎩

k
K h0(m0K − K; L) + K−k

K ĥ(m0K;L), if m = m0 and k0 �= 0

∑Pest−1
p=0 ω∗

est(k, p)y(mKL − pKL), otherwise

In the first case in (3.5), the superframe pilot y(m0KL) associated with super-

frame m0 has not been received. Therefore, the initial channel estimates for frames in this
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superframe are obtained via simple linear interpolation between h0(m0K − K;L) (the ini-

tial channel estimate for the last frame in the previous superframe) and ĥ(m0K; L) (the

prediction of the channel coefficient for the last frame in the m0th superframe), where the

prediction method is discussed in subsection 3.3.5.

In the second case in (3.5), the mth superframe pilot has been observed (see Figure

3.3). Thus, either m < m0 or k0 = 0. In the latter case, the latest observed frame includes

the superframe pilot. The estimation is made by filtering superframe pilot observations

yp =
[
y(mKL) y(mKL − KL) . . . y(mKL − PestKL + KL)

]T

, where Pest is the order

of the estimation filter. Since channel statistics are unknown and time-variant in practice,

we employ a robust filter that assumes a flat Doppler spectrum with support [−fdm, fdm]

[6]. The Pest × 1 vector of filter coefficients is constructed as

[ωest(k, 0) . . . ωest(k, Pest − 1)]
T = (R + N0I)−1r(k) (3.6)

where the Pest×Pest autocorrelation matrix R has elements Ri1,i2 = sinc[(i1−i2)f̂dmKL/fs],

the Pest × 1 cross-correlation vector r(k) has elements [r(k)]i = sinc[(iK − k)f̂dmL/fs], I

is the Pest × Pest identity matrix, and f̂dm is the estimated maximum Doppler frequency

obtained by the FFT operation in [7] aided by decision-directed channel estimates. To

calculate f̂dm, we first collect past observed decision-directed channel estimates at the frame

rate h̄(k;L). The method to obtain h̄(k; L) is introduced in the next subsection. Then we

use the FFT method proposed in [66] to obtain f̂dm.

Finally, h0(k; L) is used to obtain x̂(l), the decisions of data symbolsx(l) for kth

frame. By definition, x̂(l) =
√

Ep for pilot symbols, and x̂(l) = 0 during outage. For

UAM, these estimates are employed to demodulate the received data symbols coherently.

In the ACM system, coherent demodulation is performed as follows. Suppose the initial

channel estimate for the kth frame is denoted h0(k; L), and assume this frame is not an

outage frame. The soft input to the Viterbi decoder for symbol l (see (3.1)) is given by

y(l)/h0(k; L), where l ∈ [kL − L + 1, . . . , KL] are the indices of symbols in the kth frame.

To reduce the BER of decisions used for the decision-directed NR, it is desirable to employ
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the decoded information bits. At time l0, we select the survival path with the smallest

metric, and use the information bits corresponding to this path as the decisions [67]. These

decisions are re-encoded to obtain x̂(l, l0), l ≤ l0, the decision of symbols x(l) at time l0.

The decoder traceback length is short for very recently observed data symbols, and they

have high error rate. However, a traceback length of 5U (where U is the constraint length

of the encoder) is sufficient for the decoding [14], and for the four-state encoder used in

our system, the corresponding traceback length is only 15 information bits. This interval

is much shorter than the memory span of the observation interval used for prediction [5].

Thus, the impact of increased decoding error rate on the performance of our DANR method

is small.

3.3.3 Decision-Directed Channel Estimation

Next, the decisions x̂(l) are employed in the estimation of channel coefficient

h(k;L) at the frame rate. To derive the estimation filter, we assume perfect decisions

x̂(l). This assumption is realistic since error propagation is negligible for Pt ≤ 10−2 em-

ployed in practical AM systems [59, 60]. When kth frame is not an outage frame, we can

write out the following observation equation⎡
⎢⎢⎢⎢⎢⎢⎣

x(KL − L + 1)

. . .

x(KL)

⎤
⎥⎥⎥⎥⎥⎥⎦

h(k;L) +

⎡
⎢⎢⎢⎢⎢⎢⎣

w(KL − L + 1)

. . .

w(KL)

⎤
⎥⎥⎥⎥⎥⎥⎦

=

⎡
⎢⎢⎢⎢⎢⎢⎣

y(KL − L + 1)

. . .

y(KL)

⎤
⎥⎥⎥⎥⎥⎥⎦

(3.7)

The least square (LS) estimation of h(k; L) is [68, p. 439]

h̄(k;L) =

[
x(KL − L + 1) . . . x(KL)

]∗ [
y(KL − L + 1) . . . y(KL)

]T

[
x(KL − L + 1) . . . x(KL)

]∗ [
x(KL − L + 1) . . . x(KL)

]T
(3.8)
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or

h̄(k; L)=

kL∑
l=kL−L+1

y(l)x̂∗(l)

kL∑
l=kL−L+1

|x̂(l)|2
=h(k; L)+

kL∑
l=kL−L+1

w(l)x̂∗(l)

kL∑
l=kL−L+1

|x̂(l)|2
. (3.9)

Obviously, we have E[h̄(k; L)] = h(k; L) so this is an unbiased estimation. The variance of

this decision-directed estimate is

v(k; L) = E
[|h̄(k; L) − h(k; L)|2]

=

kL∑
l=kL−L+1

E[|w(l)x̂∗(l)|2]
(

kL∑
l=kL−L+1

|x̂(l)|2
)2

=
N0

kL∑
l=kL−L+1

|x̂(l)|2
. (3.10)

Since
∑kL

kL−L+1 |x̂(l)|2 ≈ LEd � Ep for large frame size L, the noise power is greatly reduced

at the output of (3.9). For outage frames, the noisy pilot observation is employed for channel

estimation, i. e., h̄(k; L) = y(kL)/
√

Ep = h(k;L) + w(kL)/
√

Ep and v(k; L) = N0/Ep.

3.3.4 Robust Noise Reduction

Since the sampling rate in (3.9) is given by the frame rate, the channel coeffi-

cients are highly correlated, while the noise samples are independent at the output h̄(k; L)

of the decision-directed estimator. Thus, the power spectrum density of the noise sam-

ples is much wider than that of the fading signal. To reduce noise further, we pass

h̄(k;L) through a robust NR filter that removes the noise power falling outside of the

frequency band of the fading signal. In vector form, the input to this NR filter is h̄(k; L) =[
h(k; L) . . . h(k − PNR + 1;L)

]T

, where PNR is the filer order. Similarly to (3.6), the

coefficients of this filter are expressed as a PNR×1 vector

ωNR(k) = [RNR + V (k)]−1 rNR (3.11)



49

where the PNR×PNR matrix RNR has elements [RNR]i1,i2 = sinc[(i1−i2)f̂dmL/fs], the PNR×1

vector rNR has elements [rNR]i =sinc[if̂dmL/fs], and V (k) = diag[v(k; L), . . . , v(k−PNR +

1;L)]. Note that v(k; L) is time-variant and depends on whether given frame experiences

an outage. The outputs of the NR filter are

h̃(k;L) = ωH
NR(k)h̄(k; L) (3.12)

Our filter is similar to the NR filter used in [7], but we employ decision-directed channel

estimates instead of the over-sampled pilot observations.

Note that the initial channel estimate h0(k; L) of each frame except the last frame

in a superframe is computed by interpolation first, then using filtering (see (3.5)) to improve

accuracy. The associated data symbols are also re-demodulated to reduce decision errors,

and (3.9) and (3.12) are updated using these recomputed initial estimates.

3.3.5 Long-Range Prediction

Since the outputs of (3.12) are generated at the frame rate, they are decimated

by factor J as each new sample h̃(k; L) is computed, so the effective sampling rate used for

prediction fpred = fs/(JL) is on the order of fdm [5, 4, 15]. In our simulation, J = K, the

number of frames per superframe. We denote the sequences h̃(k; L) and ĥ(k; L), decimated

at rate fpred, as h̃(n) and ĥ(n), respectively. The one-step prediction of channel coefficient

is obtained as [5],

ĥ(n + 1) =
Ppred−1∑

p=0

ω∗
pred(p)h̃(n − p), (3.13)

where Ppred is the order of predictor, and ωpred(p), p ∈ [0, Ppred−1], are the coefficients

of the predictor. Note that a low sampling rate fpred is employed in (3.13), while its

outputs are computed at the frame rate. This approach improves prediction accuracy

relative to prediction followed by interpolation [5]. Interpolations requires the predicted

sample at desired prediction range as well as a few samples with longer prediction ranges.

As prediction range increases, the accuracy of those samples decreases dramatically. Hence,
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the accuracy of interpolation is significantly degraded by those samples. As in [7], we employ

the Burg method to estimate ωpred(p) using an observation window that contains B past

noise-reduced samples at the rate fpred, where usually B � Ppred. The normalized spatial

prediction range in (3.13) is fdmJL/fs, usually expressed in multiples of carrier wavelength

λ [4]. Finally, when the desired prediction interval is longer than J frames, we iterate (3.13)

by using previously predicted samples instead of h̃(n) [5].

The NPMSE and SE of this LRP form a feedback loop. Clearly, the system SE is

a function of the NPMSE. Moreover, the accuracy of DANR-aided LRP increases with the

effective data rate of the system. Since the theoretical solution for the equilibrium point of

this feedback system is very complex, we resort to simulations. First, we employ a NPMSE

guess to calculate the thresholds of AM. If the simulated NPMSE is higher/lower than the

initial guess, the guessed NPMSE is increased/decreased by a small step Δ. This process is

iterated until the guess and the simulated NPMSE are sufficiently close. The final NPMSE

and SE represent the equilibrium point of this adaptive system.

3.4 Numerical Results

The standard Jakes model with nine oscillators (34 scatterers) [44] as well as our

realistic physical model is employed in simulations [5, 4, 14]. The geometry of physical model

data set used for testing LRP enabled by DANR is illustrated in Figure 3.4. It represents

a typical flat fading urban mobile radio channel. For all models, we set rms delay spread

σd=1 us and fdm=100 Hz. In all simulations, the symbol rate fs= 100 Ksps, the frame

size L=10, and K=10 frames per superframe are selected. The sampling frequency of the

predictor is fp=1 KHz=10 fdm and the order Ppred=20. The observation window of Burg

predictor contains 200 and 100 samples for the Jakes and our practical physical models,

respectively.

For comparison, we also simulated the performance of low-rate raw pilot [5] and

high-rate pilot methods [15] with the pilot rates 10fdm and 100fdm, respectively. In the
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raw pilot method, Burg predictor is employed to predict future channel coefficients. In the

high rate pilot method, four filters with smoothing lags {0,2,5,10} [15] and filter order 20

perform NR on observed pilots symbols. These NR filters are constructed from estimated

fdm as proposed in [7]. Their outputs are down-sampled to a rate of fp = 10fdm and then

fed into the Burg predictor. For fair comparison, the spatial memory span is given by 2λ

for all prediction methods. Moreover, we have employed the outdated CSI method [26] with

the same delay as for the prediction methods in this dissertation.

To illustrate the potential of our DANR method, the performance of several tech-

niques that employ ideal assumptions is illustrated for the Jakes model. First, we plot the

SE when perfect CSI is available at the transmitter of the adaptive modulation system, and

η = 0. This method provides an upper bound to the achievable SE of all other techniques.

Second, we show the performance of the outdated CSI scheme, where one noiseless channel

coefficient delayed by the normalized prediction range is employed to enable the adaptive

modulation [26]. Finally, the performance of the following “MMSE bound” predictor is also

illustrated for the Jakes model. Suppose channel statistics are known, and consider a linear

MMSE predictor that employs pilots transmitted at the data rate. Let the memory span of
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Figure 3.5: NPMSE vs. prediction ranges for DANR method and its MMSE bounds at
SNR=20 dB, Jakes model

this predictor be the same as for DANR-aided LRP. Thus, the corresponding filter order of

this MMSE predictor is PpredKL. Suppose this predictor enables an adaptive modulation

scheme with parameters described in section 3.2 and bandwidth loss η = 1/KL as for the

DANR method.

In Figure 3.5, we consider another MMSE predictor that experiences outages at

the same rate as in the LRP-aided adaptive modulation system, i.e. it utilizes adaptive pilot

transmission where one pilot symbol is transmitted in each outage frame. This predictor

has the same frame structure as our DANR method (Figure 3.3). The outage occurs when

the predicted channel power γ̂ of a frame is below the threshold γ1, which is calculated

for the UAM with pilot-aided prediction methods. For each non-outage frame, L pilots

are transmitted. As shown in Figure 3.5, this MMSE predictor with outage shows similar

performance to our ideal MMSE predictor. Thus, the impact of outages on the performance

of predictors using adaptive pilot transmission is small.
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Figure 3.6 and 3.7 illustrate the NPMSE and SE of several prediction methods

for the Jakes model when the SNR is 20 dB. Due to accurate decisions of recently received

data symbols, the DANR-aided prediction for the UAM is more reliable than for the ACM.

However, as discussed in section 3.2, the difference between these two schemes is very small.

At short to medium prediction ranges (under 0.3λ), the DANR for both UAM and ACM

exhibits excellent prediction accuracy and outperforms the pilot-aided methods. In Figure

3.6, we also simulated the performance of the high-SNR pilot method, i.e., the raw pilot

method where the pilot SNR=60 dB is much higher than for the data symbols without

incurring power penalty. This method was employed in [5] and it provides a lower bound

on the achievable NPMSE for NR methods. As the prediction increases, the residue of AR

model instead of the observation noise dominates the prediction error so that the NPMSE

gap between high-SNR pilot and raw pilot methods diminishes in Figure 3.6. Therefore,

the improvement in NPMSE provided by NR is less significant at large prediction ranges.

In Figure 3.7, the DANR method has higher SE than pilot-aided methods for

prediction ranges below 0.5λ. Its gain over the raw pilot method is as high as 1.2 bps/Hz

when UAM is used. Even though the ACM is more sensitive to prediction errors than

the UAM, the ACM aided by DANR still achieves excellent performance for prediction

ranges under 0.2λ, where its SE loss relative to the perfect CSI case is at most 0.43 bps/Hz.

This prediction range is sufficient for most adaptive modulation applications [4, 58]. For

prediction ranges above 0.2λ, the NPMSE of all practical prediction methods simulated

in this dissertation approaches 10−1 (see Figure 3.6). Thus, as illustrated in Figure 3.2,

they cross the NPMSE threshold, and the SE drops rapidly with the increasing NPMSE at

these larger prediction ranges in Figure 3.7. We also observe that although the high-rate

pilot scheme has better prediction accuracy than the raw pilot scheme, they have the same

SE at short prediction ranges (0.1λ) since the former is penalized by high η values, i.e.,

oversampled pilots. Finally, we note that excellent performance achieved by the MMSE

bound method illustrates the potential of the data-aided prediction approach.

Figure 3.8 and 3.9 illustrate the dependency of NPMSE and SE, respectively, on
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the system SNR for the prediction range of 0.2λ for the Jakes and physical models when

the UAM is employed. For both models, the proposed DANR method outperforms the

pilot-aided methods. The SE gain of DANR over the raw pilot method is as large as 0.75

bps/Hz for the Jakes model. We observe that the physical model data set is easier to predict

than the Jakes model for most SNR values in Figure 3.8, while the opposite conclusion was

reached in [4, 5, 14] for high pilot SNR. This can be explained as follows: for lower SNR,

noise dominates prediction performance, and the prediction is aided by lower number and

non-uniform distribution of reflectors in the realistic physical model data set. For example,

Figure 3.10 shows two scenarios of the physical model. Scenario B is created from scenario

A by adding several large reflectors. Figure 3.11 show the NPMSE of these two scenarios

obtained by using raw pilot method at SNR=20 dB. With more paths, the NPMSE of the

scenario B is higher than that of the scenarios A, while it is still much smaller than that of

the Jakes model, which has a larger number of scatterers (34 scatterers). On the other hand,

for pilot SNR≥30dB, non-stationarity of fading coefficient dominates prediction errors and

limits the accuracy of prediction for the physical model relative to the Jakes model [4, 14].

In Figure 3.8, the NPMSE degradation of the DANR-aided LRP relative to the

MMSE bound predictor is due to several practical limitations, including decision errors, AR

coefficient mismatch and robust NR filtering. Moreover, in the DANR method, decompo-

sition of the prediction into three stages (decision-directed NR, robust filtering, and Burg

predictor) results in simple but suboptimal solution relative to a single MMSE predictor

with very large filter order. Note that in this case the SEs of the DANR and the ideal

MMSE bound method are very similar (not shown) since the NPMSE is close to or below

the NPMSE threshold for both methods (see Figure 3.8).

For the Jakes model, the SE gain of ACM over UAM is illustrated in Figure 3.12

for different SNR and prediction ranges. Both systems are enabled by DANR-aided LRP.

The maximum gain, 0.5 bps/Hz, is achieved at SNR=24 dB and the shortest prediction

range (0.02λ). As the additive noise level and/or prediction range increase, the SE gap

reduces due to less accurate prediction for the ACM system. To achieve a positive gain, the
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Jakes model and target BER of 10−4

prediction range has to be less than 0.35λ.

While previous simulations utilized a simple four-state encoder, a more complex

encoder with 64 states is considered in Figure 3.13. For short prediction range at 0.1λ

and target BER Pt = 10−5, the 64-state encoder achieves an additional coding gain of 0.2

bps/Hz over the 4-state encoder. However, as the prediction range grows, this coding gain

diminishes and 64-state encoder is outperformed by the 4-state encoder for prediction range

larger than 0.2 λ. Similar result was also observed in [57]. It can be explained intuitively as

follows. Increasing the number of states improves the coding gain for medium to high SNR,

but degrades the BER at low SNR for the AWGN channel [22]. Therefore, the sensitivity of

ACM to prediction errors increases as the number of states grows. This conclusion indicates

that the selection of encoder for ACM depends on the prediction range of the application.

When the CSI can be reliably predicted, selection of large constraint length improves the

SE. On the other hand, when the prediction is unreliable, it is unnecessary to use complex

encoders/decoders as they will only reduce the SE.
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Figure 3.13: Spectral efficiency vs. prediction range for Jakes model and target BER of
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Finally, we analyze the effect of the pilot energy on the DANR performance. In

the following, we allow the energy of pilot symbols (Ep) to be ΔpdB higher than the av-

erage energy of all symbols (Es). In Figure 3.14 the prediction accuracy improves as Δp

increases. However, the improvement is insignificant since both data and pilot symbols are

employed in the DANR method. Increasing pilot energy means decreasing the data energy

at the same time. Therefore, as long as the average SNR is fixed, the prediction accuracy

remains approximately the same. The small improvement for large Δp stems from the fact

that higher pilot energy reduces the error in data decisions. In Figure 3.15, the SE for

Δp={0dB, 3dB, 6dB} are approximately the same. Although the prediction accuracy is

slightly improved for high Δp values, this advantage is offset by the reduced average data

symbol energy. Therefore, the spectral efficiency stays the same for increasing Δp. When

Δp=10dB, the resulting SE is even lower than for smaller Δp. The reason is that too much

power is allocated to the pilots, and the resulting improvement in prediction accuracy can-
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not compensate this power loss of data symbols. On the other hand, it is possible to reduce

the pilot energy so that it is lower than the average symbol energy. Although the saved

power is allocated to data symbols, this improvement is negligible since the pilots only

consume a small portion of the total power in our DANR method. Moreover, the trend in

Figure 3.14 shows that reducing the pilot energy would degrade the prediction accuracy.

3.5 Conclusion

A novel DANR method for fading channel prediction is proposed for UAM and

ACM systems. It is demonstrated that, compared with previously investigated pilot-aided

NR techniques, DANR achieves higher throughput by improving the prediction accuracy

while maintaining relatively low pilot rate. The set of SNR values and prediction ranges

where positive coding gain is achieved by ACM enabled by DANR-aided LRP is determined

and the effect of the prediction range on the choice of the encoder is analyzed. Finally, it

is shown that AM aided by LRP has better performance with the realistic physical model

than for the Jakes model in the practical SNR range.
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Chapter 4

Adaptive Bit-Interleaved Coded

Modulation for Adaptive OFDM

Aided by Long-Range Prediction

4.1 Introduction

The adaptive modulation methods have been studied intensively in the past to

combat the severe channel conditions encountered in wired and wireless channels. Among

them, the adaptive MQAM that adapts the constellation sizes according to the channel

condition significantly improves the SE of the system [21] when the knowledge of CSI is

perfect at the transmitter. To further improve the SE, the ATCM are employed to achieve

coding gain over the original uncoded MQAM when the CSI is reliable. However, the

delay caused by processing and feeding CSI from the receiver back to the transmitter would

significantly degrade the quality of CSI. The performance of both ATCM and uncoded

MQAM decreases dramatically as the reliability of CSI degrades [56, 23], while the coding

gain of ATCM over uncoded MQAM diminishes at the same time [23]. For extremely

unreliable CSI, the uncoded MQAM even outperforms ATCM [17].

To improve the reliability of CSI, the LRP techniques was proposed [5, 4]. Com-
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pared with outdated CSI caused by delay [26], the LRP techniques provides more accurate

CSI for practical delay values. However, even when advanced LRP techniques are employed,

the SEs of ATCM and UAM are still reduced noticeable by the prediction errors [16, 17] at

medium prediction range (0.2-0.5 carrier wavelength). Therefore, for mobile radio systems

where the delay falls in that prediction range, it is necessary to find adaptive modulation

schemes are are less sensitive to the prediction errors.

As one of the diversity methods, bit-interleaved coded modulation (BICM) has

shown good performance over the unreliable wireless communication channel [69, 70]. Com-

pared with the bandwidth efficient trellis coded modulation (TCM) scheme, it achieves

higher code diversity, but at the price of reduced Eucliean distance [70]. Moreover, the

adaptive bit-interleaved coded modulation (ABICM) was proposed in [27] to combat the

unreliable CSI by utilizing its high code diversity. The simulation results show that the

ABICM maintains the SE even for highly unreliable CSI.

In the original ABICM method [27], the Bhattacharyya bound of single-bit-error

probability and only the minimum distance between coded bit sequences are considered

to determine the constellation size while maintaining the target BER. This method only

provides coarse estimates to the single-bit-error probability. The result is compared with

the single-bit-error probability of a non-adaptive BICM scheme, whose BER performance is

known from simulation, to infer the BER of ABICM. Then the constellation size is selected

to maintain the target BER. Due to inaccurate estimates of BER, the simulated BER

of this ABICM method significantly deviates from the specified target BER [27]. Hence,

additional experimental energy adaptations are required to bring the BER to the desired

level.

The ABICM was also investigated in [71, 72]. However, these papers assumed that

the perfect CSI is available to the transmitter, which is reasonable for static fading channel

such as in-door channel, but not for the out-door mobile radio systems. Moreover, it was

shown in [27] that ATCM is more suitable for reliable CSI than ABICM due to its high

Eucliean distance. Therefore, in this dissertation, we focus on the application of ABICM in
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mobile radio systems where the perfect CSI is hard to obtain.

In this dissertation, we advocate the usage of expurgated bound for ABICM. The

expurgated bound, proposed in [70], provides accurate BER estimates to the BICM in

AWGN channel as well as Rician and Rayleigh fading channels. New ABICM methods

based on expurgated bound are developed. The resulting BER of these methods are closer

to the target BER then the original ABICM method.

In [27], the outdated CSI is employed to demonstrate the performance of ABICM,

while in practice the LRP technique usually provides more reliable CSI [5, 4]. In this

dissertation, we illustrate the performance of ABICM in OFDM system aided by LRP.

Although ABICM is less sensitive to the quality of CSI than ATCM and uncoded MQAM,

the LRP technique still significantly improves the SE over the outdated CSI method.

The remainder of this chapter is organized as follows. In section 4.2, the model

of OFDM system aided by LRP is presented. Section 4.3 discusses the original and new

ABICM methods. The simulation results and conclusions are contained in section 4.4 and

4.5, respectively.

4.2 Adaptive OFDM Aided by Long-Range Prediction

The system diagram of the adaptive OFDM under investigation is shown in Figure

4.1. At the transmitter, the information bits are coded through a convolutional encoder,

whose outputs are interleaved. The adaptive bit and power loading algorithm maps the

interleaved bits into MQAM symbols for all subcarriers, and determines their constellation

sizes and energies using the CSI fed back from the transmitter. To facilitate the LRP,

pilot symbols are inserted. Then inverse fast Fourier transform (IFFT) is employed to

get the OFDM symbol in the time domain. To prevent inter-symbol interference (ISI), a

cyclic prefix (CP) is added to the OFDM symbol before transmission. The transmitted

signal experiences frequency-selective Rayleigh fading channel. At the receiver, the CP is

removed and the FFT restores the transmitted symbols in the frequency domain. The data
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symbols are demodulated, de-interleaved and decoded to obtain the decisions of information

bits. Based on the observed pilot symbols, the future CSI is predicted and fed back to the

transmitter.
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Figure 4.1: System diagram of adaptive OFDM that uses ABICM and LRP.

4.2.1 Channel Model

For the wireless channel, the complex channel coefficient is given by [59]

h(t, τ) =
L∑

l=1

γl(t)σ [τ − τl(t)] (4.1)

where τl(t) and γl(t) are the delay and complex amplitude of the lth path, respectively.

Further, the pth path can be decomposed into the result of Nl scatterers:

γl(t) =
Nl−1∑
p=1

βp,le
j2πtfdm cos θp,l (4.2)

where θp,l and βp,l are the incident angle and the amplitude of the pth scatter in the

lth path, respectively, and fdm is the maximum Doppler frequency. In the well known

Jakes model, the angles θp,l are uniformally distributed in [0, 2π]. Then the corresponding
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cross-correlation function in the time domain is E [γl(t)γ∗
l (t − τ)] /E

[|γl(t)|2
]

= J0(2πfdmτ),

where J0(∗) is the modified Bessel function of the first kind [44]. In (4.1) and (4.2), τl and

θp,l varies slowly compared with the OFDM symbol rate [73]. Therefore, it is reasonable to

assume that they are constants and drop their time indices.

The frequency response of this OFDM channel at frequency f is obtained through

Fourier transform of (4.1):

H(t, f) =
L∑

l=1

γl(t)e−2jπτnf . (4.3)

Without loss of generality, we normalize the above frequency responses such that H(n, k) ∼
CN (0, 1). Define the symbol duration and the subcarrier spacing in OFDM system as Ts

and Δf respectively. Then the discrete channel response samples are

H(n, k) � H(nTs, kΔf) =
L∑

l=1

γl(nTs)e−2jπτnkΔf . (4.4)

The two-dimensional autocorrelation function of H(n, k) is

E [H(n + Δn, k + Δk)H∗(n, k)] =
L∑

l=1

L∑
l′=1

E
[
γl(nTs + ΔnTs)γ′

l(nTs)
]
e−2jπτnΔkΔf

=
L∑

l=1

E [γl(nTs + ΔnTs)γl(nTs)] e−2jπτnΔkΔf

= J0(ΔnTs)
L∑

l=1

E
[|γl|2

]
e−2jπτnΔkΔf

� rt(Δn)rf (Δk) (4.5)

where

rt(Δn) � E [H(n + Δn, k)H∗(n, k)] = J0(2πfdmΔtTs) (4.6)

rf (Δk) � E [H(n, k + Δk)H∗(n, k)] =
L∑

l=1

E
[|γl|2

]
e−2jπτnΔkΔf (4.7)

are the cross-correlation in frequency and time domain, respectively.

When symbol X(n, k) is transmitted on the kth subcarrier of the nth OFDM

symbol, then the corresponding received signal is

Y (n, k) = H(n, k)X(n, k) + W (n, k) (4.8)
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Figure 4.2: The pilots transmitted in OFDM system and long-range prediction.

where W (n, k) is the complex additive white Gaussian noise with variance N0.

4.2.2 Pilot-Symbol Assisted Long-Range Prediction

In this OFDM system, pilot symbols are transmitted to assist LRP. As shown

in Figure 4.2, the pilots are transmitted on grids such that the time spacing between con-

secutive pilots symbols is DtTs and the frequency spacing between adjacent pilot tones is

DfΔf .

Without loss of generality, we assumed that the transmitted pilots in frequency

domain are X(n, k) =
√

Ep, where Ep is the pilot symbol energy.

Next, we assume that the n0th symbol is the latest observed pilot symbol, and

consider the prediction on the k0 subcarrier, which is also a pilot tone. Using the predictions

on all pilot tones, the predictions on other tones can be obtained through interpolation. To

predict on the k0 subcarrier, we employ the past pilot observations within a rectangular
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area as shown in Figure 4.2. This area includes the k0th subcarrier and 2Pf closest pilot

tones, and Pt past OFDM symbols that contain pilots. Thus, there are (2Pf + 1)Pt pilots

in this area. Suppose that we need to predict np symbols ahead of the n0th symbol. The

corresponding normalized spatial prediction range is fdmnpTs, which is usually expressed

in the unit of carrier wavelength λ [4].

In vector form, the past Pt pilots on the kth subcarrier is

y(k) =
[
Y (n0, k) Y (n0 − Dt, k) . . . Y (n0 − DtPt + Dt, k)

]T

. (4.9)

Using this notation, the pilot observations that will be used to perform the prediction are

contained in a single vector:

y =
[
yT (k0 − PfDf ) yT (k0 − PfDf + Df ) . . . yT (k0 + PfDf )

]T

(4.10)

Note that if the k0th subcarrier is the outmost subcarrier, there is no pilot tones on one of

its sides. In that case, the quality of prediction would be different for different subcarriers

as observed in [73]. For convenience, we assume that there are additional pilot tones trans-

mitted outside of the system bandwidth so that the quality of predicted CSI is uniform

across all subcarriers that contain data symbols. When Pf is small and the number of

subcarriers is large, the bandwidth and energy consumed by transmitting additional pilots

can be safely ignored.

With predictor coefficients ω = [ω1, ω2, . . . , ω(2Pf+1)Pt
]T , the linear prediction of

H(n0 + np, k0) is [5]

Ĥ(n0 + np, k0) = ωHy. (4.11)

For the linear minimum mean square error (LMMSE) predictor, the coefficient vector ω is

ω = E
[
y × yH

]−1
E
[
y × H∗(n0 + np, k0)

]
=
(
EpRt

⊗
Rf + N0I

)−1 (√
Epry,t

⊗
ry,f

)
(4.12)

where Rt is the time-domain autocorrelation matrix with elements Rt(i1, i2) = rt[Dt(i1 −
i2)], Rf is the frequency-domain autocorrelation matrix with elements Rf (i1, i2) = rf [D −
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f(i1 − i2)], ry,t is the time domain cross-correlation vector with elements ry,t(i) = rt(np +

iDt − Dt),i ∈ {1, . . . , Pt}, ry,f (i) is the frequency domain cross-correlation vector with

elements ry,f (i) = rf [iDf − (Pf + 1)Df ],i ∈ {1, . . . , 2Pf + 1}, I is the identity matrix, and⊗
is the Kronecker product. The corresponding normalized mean square error (NMSE) of

this predictor is [5]

σ2 = E

[
|H(n0 + np, k0) − Ĥ(n0 + np, k0)|2

]
= 1 −

(
rt

⊗
rf

)H (
Rt

⊗
Rf + N0I

)−1 (
ry,t

⊗
ry,f

)
(4.13)

To illustrate the performance of this predictor, we consider an OFDM system that

uses FFT size of 128, and we leave 8 outmost subcarriers as guard. The bandwidth of

each subcarrier is 10.94 KHz, which is the same as in the Mobile WiMAX system. The

total bandwidth of this system is about 1.3 MHz. For each OFDM sysmbol, a cyclic prefix

of duration 33.5 us is added so the OFDM symbol rate is 10 KHz. We assume that the

carrier frequency is 2.5 GHz, which is typical for the Mobile WiMAX deployment [74]. The

vehicular speed is set to 86.4 km/hour and the corresponding maximum Doppler frequency

is fdm=200 Hz. The pilot spacing in time domain is Dt = 8 so that the sampling frequency

for predictor is 8 KHz/8=1 KHz=5fdm, which is suggested in [5]. Other parameters are

shown in Table 4.1.

For the fading channel, we adopt the ETSI Vehicular B model [75], which has six

paths and rms delay spread of 4 us. The time-varying coefficient of each path is generated

from the modified Jakes model with 32 scatterers [76]. Since in this model the largest path

delay is 20 us [75, Table 1.2.2.3], which is shorter than the duration of CP, the ISI can be

removed at the receiver.

The performance of LRP in this OFDM system is shown in Figure 4.3. The NMSE

of prediction is under 10−1 for prediction ranges shorter than 0.1λ. As the prediction range

increases, the NMSE saturates to 0.6-0.7.
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Table 4.1: Parameters of simulated OFDM system

Number of subcarriers 120

Subcarrier bandwidth 10.94 KHz

System bandwidth 1.3 MHz

Cyclic prefix duration 33.5 us

OFDM symbol rate 8 Ksps

Pilot spacing in time (Dt) 8

Pilot spacing in frequency (Df ) 8

Predictor order in time (Pt) 20

Predictor order in frequency (2 × Pf + 1) 3

Maximum Doppler frequency (fdm) 200 Hz

rms delay spread 4 us

Number of paths 6
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Figure 4.3: NMSE vs. prediction range for different SNR (Ep/N0) levels.

4.2.3 Adaptive Discrete Bit Loading for OFDM

In the OFDM system, there are K subchannels with independent additive Gaussian

noise. Suppose the minimum energy required on the kth channel is Ek so that mk = gĤk
(Ek)

coded bits/symbol can be transmitted while the target BER is maintained. For the fixed

coding rate r of convolutional encoder, we are interested in the solution that maximizes the

SE while satisfying the overall energy constraint, i.e., [77]

max

{
r

K∑
k=1

mk

}
subject to

K∑
k=1

Ek ≤ ET (4.14)

where ET is the energy constraint for each OFDM symbol.

In practice, we have gĤk
(0) = 0 and the function gĤk

(Ek) is concave [72]. Under

this condition, it has been shown in [77] that the discrete waterfilling algorithm based on

the greedy principle [78] achieves the optimal solution of (4.14). This algorithm is shown in

Table 4.2. In step S1 of this algorithm, the function g−1

Ĥk
(mk) provides the energy to transmit
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mk bits on the kth subcarrier while maintaining the target BER. Thus, Δk denotes the

additional energy required to enlarge the constellation size. The remaining energy available

to allocate is Erem.

Table 4.2: The discrete waterfilling algorithm based on the greedy principle
S0) Initialize Erem ← ET , mk ← 0 for all k ∈ {1, . . . , K}
while true

S1) Use the predicted channel coefficient Ĥk to calculate Δk = g−1

Ĥk
(mk +1)− g−1

Ĥk
(mk)

for all k ∈ {1, . . . , K}. (If 2mk+1 is larger than the maximum constellation size, then

Δk ← ∞)

S2) Find k0 = arg min
k

Δk, k ∈ {1, . . . , K}
if Erem < Δk0 then

S4) Stop allocation

else

S5) Assign mko ← mko + 1, Ek ← g−1

Ĥk
(mk + 1), Erem ← Erem − Δko .

For ABICM in OFDM system, the difficult part is to find out the equation mk =

gĤk
(Ek), or equivalently Ek � g−1

Ĥk
(mk), for the given channel condition. Although this

problem was discussed in [72], perfect CSI was assumed there. Moreover, the solution given

in [72] is based on some experimental parameters to maintain the required BER.

Here, we are interested in the mobile radio communication system. In this sys-

tem, the prediction errors are present for practical feedback delays between receiver and

transmitter. Therefore, we will investigate the cases where only imperfect CSI is available

as in [27]. Moreover, we are looking for analytical solutions that does not depend on the

experimental results to maintain the required BER.
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4.3 ABICM with Imperfect CSI

4.3.1 Imperfect Channel State Informaiton

Without loss of generality, we focus on the channel coefficient of one subcarrier in

one OFDM symbol. Dropping the time and subcarrier indexes (n, k) in (4.4), we denote the

corresponding channel coefficient and its linear MMSE prediction as H and Ĥ, respectively.

Since H is a Gaussian random variable and Ĥ is its linear prediction (4.11), they are jointly

Gaussian distributed with cross-correlation [63]

ρ = E

[
HĤ∗

]
/

√
E [|H|2] E

[
|Ĥ∗|2

]
(4.15)

Since ρ is related to the NMSE σ2 by σ2 = 1 − ρ2 for the LMMSE prediction [63], both of

them are frequently used as a indicator of CSI reliability, e.g., in [5, 26, 27, 63].

Given the prediction Ĥ, the actual channel coefficient can be written as

H = Ĥ + e (4.16)

where the prediction error e ∼ CN (0, σ2). According to the orthogonality principle, e and

Ĥ are independent Gaussian random variables. For the adaptive MQAM, we are interested

in the amplitudes α � |H| and α̂ � |Ĥ|. Conditioned on predicted α̂, α is a Rician random

variable with the probability density function (PDF) [79, eq. (3)]

p (α|α̂) = 2α(1 + K) exp
[−K − α2(1 + K)

]× I0

[
2α
√

K(1 + K)
]

(4.17)

where K � α̂2/σ2 is the Rician parameter.

4.3.2 Original ABICM Scheme

In ABICM, the MQAM constellation of transmitted symbol is selected according to

the predicted Ĥ. The candidate constellations are {χm} of sizes |χm| = 2m, 2m ∈ M, where

M is the set of possible MQAM constellation sizes employed by the adaptive modulator.

The minimum Euclidean distance between any two points in the constellation χm is dmin,m.

The average symbol energy of constellation χm is E(m).
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Now we consider the evaluation of E(m), the minimum energy required in a sub-

channel to maintain target BER Pt while the knowledge of noise variance N0 and predicted

channel amplitude α̂ is available. Since the exact BER analysis is hard to obtain, utilization

of relaxed Bhattacharyya bounds was suggested in [27]. In this method, the error probabil-

ity of a single bit-error event is considered. Suppose that the symbol X is transmitted, and

another symbol X̂ is chosen at the receiver. Both X and X̂ are selected from constellation

χm. For the AWGN channel with channel amplitude α, the Bhattacharyya bound of this

error event is [80, p. 63]

P

(
X → X̂

∣∣∣α) ≤ exp

(
−α2|X − X̂|2

4N0

)
, X ∈ χm, X̂ ∈ χm. (4.18)

As stated before, the channel amplitude α is Rician distributed given the channel prediction

Ĥ. Hence, this Bhattacharyya bound needs to be averaged over the distribution of α, i.e.,

P

(
X → X̂|α̂

)
≤
∫ ∞

0
exp

(
−α2|X − X̂|2

4N0

)
p(α|α̂)dα

≤
∫ ∞

0
exp

(
−α2d2

min,m

4N0

)
p(α|α̂)dα

=
1 + K

1 + K + C
exp

(
− KC

1 + K + C

)
(4.19)

where C � d2
min,m(K + 1)σ2/(4N0) and K � α̂2/σ2. In the last step of (4.19), we used [79,

eq. (33)] and (4.17).

In order to relate the Bhattacharyya bound in (4.19) to the target BER, a non-

adaptive BICM scheme, which is called nominal scheme, is considered in [27]. Both this

nominal scheme and the ABICM scheme under investigation use the same convolutional

encoder. The CSI is unknown to the transmitter in the nominal scheme, so that its Bhat-

tacharyya bound has to be averaged over Rayleigh distributed α:

P

(
X → X̂

)
≤
∫ ∞

0
exp

(
−α2|X − X̂|2

4N0

)
p(α)dα

=
1

1 + |X − X̂|2/(4N0)

≤ 1
1 + d2

0/(4N0)
(4.20)
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where d2
0 is the minimum Euclidean distance in the constellation employed by the nominal

scheme. Define D0 as the value of the bound (4.20) when the target BER is achieved. It

can be determined through simulation of nominal scheme. For example, a nominal scheme

that uses 8PSK modulation and rate 2/3, 8-state convolutional encoder achieves the target

BER of 10−5 at SNR 18dB in [27, 69]. The corresponding bound obtained from (4.20) is

D0 = 1/
[
1 + d2

0/(4N0)
]

= 0.0976 [27]. It is argued in [27] that the BER of ABICM can

be maintained approximately at the BER of the nominal scheme if (4.19)≤ D0. Hence, to

maintain the BER, the energy required to transmit m bits/symbol is

g−1

Ĥ
(m) = arg min

E(m)

{
1 + K

1 + K + C
exp

(
− KC

1 + K + C

)
− D0 ≤ 0

}
(4.21)

where K and C are defined under (4.19), and the relation between E(m) and dmin,m depends

on the specific QAM constellation. For instance, there is d2
min,m = 6E(m)/(2m − 1) for

square QAM constellations [72].

There are potential problems with this original ABICM method. First, bounds of

single-bit-error probability are employed in (4.21), while the performance is measured by

BER. Due to this mismatch, the resulting BER may significantly deviate from the target

BER. Second, the Bhattacharyya bound is inaccurate and only the error at the minimum

Euclidean distance was considered. Utilization of inaccurate estimates for both the ABICM

and the nominal scheme (4.21) makes the resulting BER unpredictable. Due to above

reasons, it was shown that the simulated BER deviates from the target BER [27, Fig.

5]. In [27], the actual transmit power has to be adjusted in simulation to ensure that the

resulting BER is close enough to the target BER. However, the amount of power adjustment

has to be determined through a number of simulations.

4.3.3 Improved ABICM Method 1

As stated before, one of the problems for the original ABICM method is that the

upper-bound for single-bit-error probability is loose. Here, we consider the adoption of

expurgated bound, which is proven to be a much tighter bound than the Bhattacharyya
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union bound and BICM union bound for the calculation of BER [70].

For simplicity, we first consider the single-bit-error probability as in the original

ABICM scheme [27]. Suppose that two bit sequences c and ĉ stem from the same states

and end with the same states. They only differ by d = 1 bit at the ith bit such that ci �= ĉi,

ci ∈ c and ĉi ∈ ĉ. Assume this bit ci is transmitted through constellation χm, the labeling

rule is μ [70], and the associated channel prediction is Ĥ. Then we denote the pair-wise

error probability (PEP) as

P(c → ĉ|χm, Ĥ) = f(d = 1, μ, χm, Ĥ). (4.22)

When Gray labeling is applied, the expurgated bound of above equation can be easily

obtained as [70, eq. (47)]

fex(d = 1, μ, χm, Ĥ) = m−1
m∑

p=1

2−1
∑

b∈{0,1}
2−(m−1)

∑
X∈χm,b,p

P(X → Ẑ|Ĥ) (4.23)

where χm,b,p is the the subset of constellation χm that has label b at the pth bit position,

and Ẑ is the unique nearest neighbor of X in subset χm,b̄,p.

To calculate P (X → Ẑ|Ĥ), we assume maximum likelihood (ML) detection with

the knowledge of perfect CSI H at the time of detection. Denote the received symbol as Y

when X is transmitted. The conditional probability of Y is [70, eq. (23)]

pH (Y |X) =
1

πN0
exp

(−|Y − HX|2/N0

)
(4.24)

Then the metric difference between X and Ẑ at the decoder is [70, eq. (33)]

Δ(X, Ẑ) = log pH(Y |X) − log pH(Y |Ẑ) (4.25)

and the single-bit-error probability is [70, eq. (34)][59, p. 943]

P(X → Ẑ|Ĥ) = P

[
Δ(X, Ẑ) ≤ 0

]
=

1
2πj

ε+j∞∫
ε−j∞

ΦĤ
Δ(X,Ẑ)

(s)
ds

s
(4.26)

where ε is a small positive number and ΦΔ(s) is given by [70, eq. (35)][81]

ΦĤ
Δ(X,Ẑ)

(s) = E

[
e−sΔ(X,Ẑ)|Ĥ, X, Ẑ

]
=

exp
(
− s(1−sN̂0)K|X−Ẑ|2/(K+1)

1+s(1−sN̂0)K|X−Ẑ|2/(K+1)

)

1 + s(1 − sN̂0)K
∣∣∣X − Ẑ

∣∣∣2 /(K + 1)
(4.27)



77

where N̂0 = (σ2 + |Ĥ|2)N0 and K = |Ĥ2|/σ2 is the Rician parameter. In above equation,

the second equality is from [70, eq. (50)], but have a different definition of N̂0 since the

variance of H conditioned on Ĥ is not normalized to one in our case. Finally, (4.26) can be

evaluated numerically through the method advocated in [82].

As in [27], we select a non-adaptive BICM scheme as the nominal scheme. This

nominal scheme has the same convolutional encoder as the ABICM under test. When this

nominal scheme achieves the target BER at a certain SNR, then the corresponding D0 is

calculated from (4.23) using the fixed constellation and the facts that Ĥ = 0. For example,

when 4-state rate-2/3 convolutional encoder and 4-QAM are employed, the target BER 10−5

is achieved at Es/N0=17.1 dB and the corresponding D0 = f(1, μ, χ2, 0)=0.0095. Finally,

the energy required to maintain the BER is

g−1

Ĥ
(m) = arg min

E(m)

{
fex(d = 1, μ, χm, Ĥ) − D0 ≤ 0

}
(4.28)

This equation is similar to the equation used by original method, but more accurate expur-

gated bound is employed.

4.3.4 Improved ABICM Method 2

In (4.28), both fex(d = 1, μ, χm, Ĥ) and D0 are the single-bit-error probability, i.e.,

d = 1. However, dfree, the free Hamming distance of convolutional codes, is higher than 1.

As a result, the expurgated bound of the ABICM scheme does not rely on this probability

[70]. To further improve the ABICM scheme, we consider the expurgated bound for PEP

with d > 1 in this subsection.

Suppose that two bit sequences c and ĉ stem from the same states and end with the

same states. They differ by d bits. The channel predictions and constellations associated

with those error bits are Ĥ = [Ĥ1, Ĥ2, . . . , Ĥd] and χ = [χ1, χ2, . . . , χd], respectively.

Here, we assume that ideal interleaver is applied so that Ĥ i, i ∈ [1, d] are independent

identically distributed (i.i.d) variables. Similarly, the corresponding channel coefficients

H = [H1,H2, . . . , Hd] are also independent variables. The PEP is bounded by [70, eq.
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(48)]

P(c → ĉ|χ, Ĥ) ≤ fex(d, μ, χ, Ĥ) � 1
2πj

∫ ε+j∞

ε−j∞

d∏
i=1

ψi
ex(s)

ds

s
. (4.29)

As in [70, eq. (49)], here we have defined

ψi
ex(s) � E

[
e−sΔ(X,Ẑ)|Ĥ i, χi

]

=
1

mi2mi

mi∑
p=1

1∑
b=0

∑
X∈χi

b,p

ΦĤi

Δ(X,Ẑ)
(s) (4.30)

where mi is the size of constellation χi, {X ∈ χi
b,p} is the subset of χi that has bit b on the

pth bit, and ΦĤi

Δ(X,Ẑ)
(s) was defined in (4.27). In the first equality of (4.27), the expectation

is taken over X and the channel coefficient H i. In (4.29), the product of ψi
ex is due to the

fact that p(H|Ĥ) = p(H1|Ĥ1)p(H2|Ĥ2) . . . p(Hd|Ĥd).

Without loss of generality, assume that we know the predicted channel coeffi-

cient and the constellation size associated with coded bit ci0 , i.e, Ĥ i0 and χi0 , where

i0 ∈ {1, . . . , d}. Our goal is to determine the associated symbol energy that satisfies the

target BER through maintaining the PEP (4.29). However, to determine the PEPs that

involves the bit ci0 , we need to know the channel predictions, constellation sizes, as well as

transmission energies for all correlated coded bits ci, i ∈ {1, . . . , d} and i �= i0 as in (4.29).

Due to the random interleaving, this knowledge is not available in practical systems. To

circumvent this problem, note that bit loading algorithm should select the symbol energy

and constellation so that all symbols have the same target BER. Since ψi
ex(s) determines

the error probability of each symbol, we assume ψi
ex(s) = ψi0

ex(s) for all i ∈ {1, . . . , d},
where i0 is one of the d indices with known Ĥ i0 and χi0 . Based on this assumption, we can

calculate the expurgated bound (4.29) that uses Ĥ i0 and χi0 instead of vectors Ĥ and χ in

(4.29). This simplified expurgated bound is defined as

f̂ex(d, μ, χi0 , Ĥ i0) � 1
2πj

∫ ε+j∞

ε−j∞

[
ψi0

ex(s)
]d ds

s
(4.31)

The above equation is exactly the expurgated bound of PEP for non-adaptive BICM scheme
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that uses constellation χi0 in the Rician fading channel with K factor |Ĥ i0 |2/σ2 for all bits

[70, eq. (48)]. Similar to (4.26), this bound (4.31) can be solved numerically.

To use the discrete waterfilling algorithm in Table 4.2, we need to calculate g−1

Ĥ
(m),

which is the required symbol energy to transmit m bits per symbol while maintaining the

target BER. Therefore, it is necessary to relate (4.31) to the target BER. For a rate kc/nc

convolutional encoder with free Hamming distance dfree, the well-known union bound for

BER Pb is [70, eq. (26)]

Pb ≤ 1
kc

∞∑
d=dfree

WI(d)f̂ex(d, μ, χi0 , Ĥ i0). (4.32)

where WI(d) is the weight of error events at Hamming distance d for this code. Due to

the utilization of simplified expurgated bound (4.31), we are able to determine the upper-

bound on the BER using only one pair {χi0 , Ĥ i0} in (4.32). Finally, if we know the predicted

channel coefficient Ĥ and have selected the constellation size |χm| = 2m for a symbol, then

the average symbol energy g−1

Ĥ
(m) that satisfies the BER constraint is derived from (4.32):

g−1

Ĥ
(m) = arg min

E(m)

⎧⎨
⎩ 1

kc

∞∑
d=dfree

WI(d)f̂ex(d, μ, χm, Ĥ) − Pt ≤ 0

⎫⎬
⎭ (4.33)

where Pt is the target BER. We refer (4.33) as the improved ABICM scheme 2 and its

effectiveness will be examined in the next section.

4.4 Simulation Results

In all simulations, the target BER is 10−5 and the set of constellation sizes is

M = {0, 4, 16, 64}. If not specified otherwise, the rate-2/3 4-state optimal convolutional

encoder [59] is employed for all methods. The OFDM system and the channel model

discussed in section 4.2 are used to examine different ABICM methods.

First, we investigate the BER achieved by three different ABICM methods de-

scribed in section 4.3. For both the original ABICM and the improved ABICM scheme 1,

the nominal non-adaptive BICM scheme uses quadrature phase shifted keying (QPSK) and

the resulting D0 values are 0.0375 (4.21) and 0.0095 (4.28), respectively.
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Fig 4.4 and 4.5 show the simulated BER against the NMSE of prediction for

different methods at SNR=15 dB and 20 dB, respectively. In both figures, the BER of the

original ABICM is significantly lower than the target BER, which causes its SE to be lower

than for the other two methods. Although the BER of the improved method 1 is closer

to the target BER than the original method, it is notably higher than the target BER for

most MMSE values. Finally, the BER of improved method 2 is very close to the target

BER for all simulated MSE and SNR values. These results indicate that the inaccurate

estimation of error probability in (4.19) and (4.20) is only one of the reasons that the

original method misses the target BER. When more accurate expurgated bound is employed

for the calculation of single-bit-error probability, the improved method 1 still misses the

target BER. Additional reasons include the fact that the single-bit-error probability cannot

accurately reflect the BER of ABICM and the dependency on a non-adaptive ABICM

nominal scheme. When we eliminate the nominal scheme and calculate the BER directly

in the improved method 2, the simulated BER is very close to the target BER. Hence, we

used only the improved method 2 in the remaining simulations.

Figure 4.6 compares the SE of different adaptive modulation methods for different

SNR values and CSI reliability. When CSI is reliable (σ2=0.001), the ATCM achieves the

highest SE for medium to high SNR. The reason is that ATCM has larger Euclidean distance

than the ABICM [22]. On the other hand, the SE of ATCM is significantly degraded by

imperfect CSI, while the ABICM still maintains high SE for σ2=0.1. Both ABICM and

ATCM outperform UAM. We also show the SEs of nonadaptive BICM schemes that uses

QPSK and 16QAM. With the aid of CSI, the ABICM significantly outperforms these non-

adaptive schemes. On the other hand, due to the coding gain and diversity, the non-adaptive

BICM with 16QAM has slightly higher SE than that of the UAM when σ2 = 0.1. Figure 4.7

shows that the corresponding BERs of ABICM are very close to the target BER specified

before simulation.

Figure 4.8 shows the variation of SE versus NMSE. The SEs of both UAM and

ATCM drop rapidly as the NMSE increases. Since the ATCM is more sensitive to the
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prediction errors than UAM [23], the former is slightly outperformed by the latter for σ2

above 0.2. On the other hand, the SE of ABICM decreases slowly, the resulting SE of

ABICM is still above 1.0 bps/Hz for σ2=0.5.

In Figure 4.9, we can see that the SE of both UAM and ATCM decreases rapidly

with increasing prediction range, and their SEs approach zero for prediction range above

0.4λ. On the other hand, the SE of ABICM saturates at about 0.9 bps/Hz for long prediction

ranges. Although ABICM is much less sensitive to prediction errors than UAM and ATCM,

the LRP technique is still very useful to ABICM. In Figure 4.9, the LRP nearly doubles

the SE of outdated CSI method for prediction ranges 0.2-0.3λ.

4.5 Conclusions

In this chapter, we investigated the ABICM aided by LRP for OFDM systems.

New ABICM methods based on the expurgated bound are proposed. Compared with previ-

ously investigated techniques, these new methods achieve better BER accuracy. In particu-

lar, one of the proposed methods generates the BER that is very close to the specified target

BER. It is shown that ABICM is less sensitive to the prediction errors than the ATCM and

UAM. However, the LRP technique still significantly improves the SE of ABICM over the

outdated CSI method at practical prediction ranges.
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Chapter 5

Conclusions

Adaptive transceiver techniques have evolved as one of the key enabling technolo-

gies to meet the increasing demand for high-speed wireless data access services. In this

dissertation, we investigated several important topics in the area of adaptive transceiver

design and analysis.

For the reverse link of MC-CDMA with AFH, a novel allocation algorithm that

outperforms the original WF algorithm was proposed. The proposed allocation algorithm

is combined with MUDs using the SINR analysis. It is demonstrated that combined im-

proved subcarrier allocation and MUD is very effective in mitigating MAI, resulting in much

larger system capacity than for the non-adaptive MC DS-CDMA system. This conclusion is

confirmed for realistic rapidly varying fading channels with correlated subcarriers, CSI mis-

match, and imperfect power control. For fading channel prediction-aided UAM and ATCM,

a novel DANR method is proposed. Compared with previously investigated pilot-aided NR

techniques, this method achieves higher throughput by improving the prediction accuracy

while maintaining relatively low pilot rate. Moreover, the adaptive modulation aided by

LRP has better performance with the realistic physical model than for the Jakes model in

the practical SNR range.

For ABICM, new energy adaptation methods based on the expurgated bound were

proposed. Compared with previously investigated techniques, these new methods achieve
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better BER accuracy. In particular, one of the proposed methods generates the BER that

is very close to the specified target BER. It was shown that ABICM is less sensitive to the

prediction errors than the ATCM and UAM. However, the LRP technique still significantly

improves the SE of ABICM over the outdated CSI method at practical prediction ranges.

In summary, this dissertation has tackled two key steps in implementation of adap-

tive transceivers: prediction and adaptation. With the LRP technique, we showed that

different adaptive wireless systems, e.g., MC-CDMA with AFH, single and multicarrier

adaptive MQAM system, significantly outperform non-adaptive systems. On the other

hand, the investigation of adaptive modulation techniques helps us to understand the re-

quired prediction accuracy to maintain spectral efficiency. For ATCM and UAM, the NR

techniques are required to achieve the desired accuracy at practical SNR values. More-

over, the exploitation of adaptive modulated data symbols in NR improves the prediction

accuracy as well as the spectral efficiency.
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Appendix A. Complexity Analysis of Al-
location Algorithms for MC-CDMA with
Adaptive Frequency Hopping

In this appendix, we use K,M ,N to denote the number of users in the system,

the number of subcarriers, and number of substreams/user, respectively. To simplify our

results, we assumed that KN � M , which is usually true for practical systems.

Matched Filter Receiver

In the WF algorithm, the allocation is finished in KN iterations. In each iteration,

there are only K divisions. Therefore, this algorithm requires K2N divisions to finish one

allocation.

Next, we consider the complexity of the proposed allocation algorithm (Table 2.2)

with MF receiver. At the ith iteration in this algorithm, there are i− 1 previously assigned

substreams and one substream to be assigned. The multiplication/division operation is only

needed in the calculation of SINR. The number of required divisions is i + M − 1 since the

number of substreams in each subcarrier is incremented by one due to the new allocated

substream. Over all iterations, the total number of divisions in allocation would be

KN∑
i=1

(i + M − 1) =
(KN − 1)KN

2
+ MKN ≈ (KN)2

2
(A.1)

To calculate the power of interference, we also need one addition to calculate the

total power on each subcarrier and one subtraction to exclude the power of user itself. After

allocating the ith substream, there is one addition to update the total power of interference

on that subcarrier. Therefore, the required number of additions/subtractions is i + M + 1

for the ith iteration and

KN∑
i=1

(i + M + 1) =
(KN + 1)KN

2
+ KN + MKN ≈ (KN)2

2
(A.2)

for all iterations.
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Table A.1: Steps in computing the matrix inversion

Operation # of mult./div. # of add./sub.

[R(Pm − 1)]−1 ρ (Pm − 1)2 (Pm − 2)2

u
[
R−1(Pm − 1)

]−1
ρ Pm − 1 (Pm − 2)2

u [R(Pm)]−1 ρρH [R(Pm)]−1 Pm(Pm−1)
2 0

Linear Decorrelating Detector

Here, we consider the computation complexity of executing recursion (2.22)

The proposed allocation algorithm has KN iterations. In the ith iteration, there

are i − 1 assigned substreams and one substream to be assigned. On the mth subcarrier,

there are Pm,i assigned substreams. Since the required number of multiplications/divisions

Nmult/div is a function of Pm,i, while Pm,i is determined by the time-varying channel coeffi-

cients, the exact number of operations is not available. However, it is possible to obtain an

upper bound for the required number of operations. The derivation is as follows

Nmult/div ≈
KN∑
i=1

M∑
m=1

1.5(Pm,i + 1)2

≤ 1.5
KN∑
i=1

(i + M − 1)2

=
1
4

[KN(KN + 1)(2KN + 1) − M(M − 1)(2M − 1)]

≈ (KN)3

2
(A.3)

where the following facts are used in deriving (A.3)
M∑

m=1

(Pm,i + 1) = i + M − 1 (A.4)

M∑
m=1

a2
m ≤

(
M∑

m=1

am

)2

for all non-negative am (A.5)

and
n∑

i=1

i2 =
n(n + 1)(2n + 1)

6
(A.6)
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According to (A.3), we can say that the required number of multiplications/divisions for

one allocation is less than (KN)3/2 for large KN , or the computational complexity is

O((KN)3).

Successive Interference Canceller

To compute λSIC for one substream in (2.14), we need at most 3Pm,i multiplica-

tions/divisions. Then the number of multiplications/divistions required for all substreams

in that subcarrier is 3(Pm,i +1)2. Though the direct computation of Q-function and square

root are very complex, they can be implemented simply through a lookup table. Similarly

to the calculation for LDD, the required number of multiplications/divistions is bounded

by

Nmult/div ≈
KN∑
i=1

M∑
m=1

3(Pm,i + 1)2

≤ 3
KN∑
i=1

(i + M − 1)2

=
1
2

[KN(KN + 1)(2KN + 1) − M(M − 1)(2M − 1)]

≈ (KN)3 (A.7)

Summary

In summary, the order of complexity for various allocation algorithm is shown in

Table 2.4.
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