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ABSTRACT

With the ever-growing of the number of devices and new applications (e.g.,

in industry automation, intelligent transportation systems, healthcare) and

given the severe bandwidth congestion observed at the sub-6GHz frequency

bands, it is critical to develop high spectral efficiency transmission tech-

niques. However, the detection of new transmission signalling becomes

more challenging compared to that of its conventional counterpart. In this

thesis, advanced iterative detection algorithms for index modulation-aided

and faster-than-Nyquist (FTN) signalling-aided communication systems are

investigated. First, factor graph-based message passing algorithms are

proposed for the joint phase noise (PHN) estimation and signal detection in

orthogonal frequency division multiplexing with index modulation (OFDM-

IM) systems. The solutions are superior to conventional extended Kalman

filter and variational approaches in terms of the robustness to severe PHN,

as well as the realistic imperfect channel state information and residual

carrier frequency offset. Second, amalgamated belief propagation and mean

field message passing methods based iterative detection algorithms are de-

veloped for satellite communication systems relying on the dual mode-aided

index modulation (Sat-DMIM) over nonlinear dispersive satellite channels.

The computational complexity of the proposed detector is further reduced

by approximating the nonlinear messages using a Taylor series expansion

technique. The bit error rate performance of Sat-DMIM is improved com-

pared with the conventional linear equalizer which directly linearizes the





nonlinear system model. Third, frequency-domain joint channel estimation

and signal detection methods using the variational Bayesian framework

for FTN systems over frequency-selective fading channels are designed.

Taking into account the structured inter-symbol interference imposed by

FTN signalling and dispersive channels, reliable estimates of channel coef-

ficients and FTN symbols are obtained by minimizing the variational free

energy without the aid of the cyclic prefix. Simulation results show that

the FTN system relying on the proposed iterative detection algorithm can

significantly improve the spectral efficiency compared to its conventional

Nyquist counterpart.
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Chapter 1

Introduction

This chapter provides an overview of this thesis. In Section 1.1, the evolution of

wireless communication systems is discussed, addressing the explosive demand for

high-speed transmission over limited spectrum resources both in the next-generation

terrestrial cellular networks and satellite systems. Then the advanced transmission

technologies - index modulation and faster-than-Nyquist signalling are reviewed

in Sections 1.2 and 1.3, respectively. In Section 1.4, the objectives and main

contributions are summarized followed by the organization of this thesis.

1.1 Background

Since the 1970s when the first cellular concept was developed in Bell Laboratories,

Holmdel, NJ, wireless communication has greatly changed the way human live and

work. Recently, with the rapid development of the Internet of Things (IoT) and

the Internet of Vehicles, the demand for data traffic has dramatically increased [1].

In just a few decades, wireless communication has rapidly evolved from the first

generation (1G) to the fourth generation (4G). The fifth-generation (5G) mobile

communication system is now gradually commercialized with the aim of increasing

user data rate and system capacity, supporting a massive number of connections

and providing various emerging services [2]. However, it is extremely difficult for

the 5G system alone to achieve all the aforementioned performance goals [3]. The

integration between satellite systems and terrestrial wireless systems has been a

1



2 Chapter 1. Introduction

new trend in the next generation of mobile cellular networks (6G) [4, 5]. Under

the framework of satellite-terrestrial integrated network (STIN), satellite commu-

nication (Satcom) will play a key role due to its wide coverage and flexibility [6].

Compared with terrestrial cellular systems, Satcom can provide more economical

and stable communication services in remote areas, especially in areas with complex

geographical environments such as mountains, jungles, and oceans [7].

The increasing demand for a large number of users for high-speed and high-

quality multimedia services has made the frequency bands in the sub 6GHz range

more and more crowded and scarce. At the same time, the energy consumption

problem imposed by the information and communication technology (ICT) industry

is becoming more serious [8]. Therefore, it is of great importance to developing

spectral- and energy-efficient communication techniques in order to make full use of

the scarce spectrum resources and the precious energy resources in future networks.

Non-orthogonal signalling [9] and index modulated signalling [10, 11] are consid-

ered as promising solutions to improve both the spectral efficiency and the energy

efficiency.

On one hand, the index modulation (IM) technique has attracted great interest

due to its flexibility of striking a trade-off among spectral efficiency, energy efficiency

and transmission reliability [11]. It conveys additional information by the indices

of the transmission medium, such as antennas [12], subcarriers [13] and times slots

[14]. However, the detection for index modulated signalling becomes more difficult

compared with that for conventional systems [11]. This is due to that the receiver

has to jointly detect the index modulated information and conventional constellation

symbols while taking full account of the activation pattern constraint [12–14].

On the other hand, non-orthogonal waveforms, including filter-bank multi-carrier

(FBMC) transmission, generalized frequency division multiplexing (GFDM), and

faster-than-Nyquist (FTN) signalling, are able to transmit more information without

consuming more resources compared with conventional orthogonal waveforms [15].

By introducing the non-orthogonality, faster-than-Nyquist signalling [16] has become

a promising candidate for future communication systems, due to its ability to send

pulses beyond the Nyquist rate while preserving the same signalling bandwidth.
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However, FTN signalling also results in inter-symbol interference (ISI) and colored

noise at the receiver side [17]. Moreover, the detection of FTN signalling in unknown

frequency-selective fading channels becomes more challenging as the bandwidth

increases [18].

Exploiting the high-frequency bands is also an effective means to relieve the

increasing congestion of the existing communication frequency bands [19]. However,

the physical channel conditions become less favorable in extremely high frequency

[20]. Firstly, the phase noise (PHN) originated from the local oscillator instabilities

of both the transmitter and receiver becomes stronger. This is one of the major im-

pairments to the performance of coherent communication systems [21,22]. Secondly,

the power amplifier (PA) is inevitably driven near or at the saturation region for the

energy efficiency in high frequency, which can arouse serious nonlinear distortions

[23]. Thirdly, the frequency-selective fading channels will introduce more severe ISI

due to the enormous bandwidth in extremely high frequency [24]. The detection

algorithm design for wireless communication systems under the aforementioned

channel conditions becomes more challenging, especially for systems relying on

new waveforms, such as the index modulated signalling and the non-orthogonal

signalling.

Given the above, this thesis studies advanced message passing-based iterative

detection algorithms for IM-aided and FTN signalling-aided wireless terrestrial and

satellite communication systems operating in the high-frequency bands.

1.2 Index Modulation

Recently, the IM technique has been widely investigated as a strong candidate for

future terrestrial cellular systems, due to its unique advantages in terms of band-

width and power efficiency [10, 12–14, 25]. In contrast to other popular spectrum-

efficient techniques, such as the non-orthogonal transmission technique [4, 16, 26],

where signals are designed to be superimposed to share the same spectrum resource

or time slots, IM introduces a new dimension for transmitting information. By

utilizing the indices of the building blocks, additional information bits in IM are
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embedded into the transmitted signals without consuming additional power [10].

From another perspective, the IM scheme is able to transfer the saved energy from

IM bits to conventional constellation symbols, leading to an improved bit error ratio

(BER) performance compared with the traditional schemes under the same total

transmission energy [11].

Specifically, as a promising alternative to conventional multi-input multi-output

(MIMO) technology, the IM concept in the space domain, the so-called spatial

modulation (SM) technique [27] transmits information bits not only by the conven-

tional phase-shift keying (PSK)/quadrature amplitude modulation (QAM) symbols

but also the index of the active antenna. Inspired by SM, the concept of IM has

been applied to classic orthogonal frequency division multiplexing (OFDM). OFDM

is one of the most widespread multi-carrier transmission techniques designed for

satisfying the increasing demand for high-rate wireless communications. Compared

to single-carrier systems, OFDM is capable of improving the spectral efficiency,

despite its reduced detection complexity, in wideband channels. OFDM is now

adopted in the long term evolution (LTE)/LTE-enhanced (LTE-A) systems as the

downlink physical layer modulation scheme and its corresponding physical layer

interface has already been defined in the IEEE 802.15.3c standard for 5G mm-wave

communication systems [28]. By relying on the IM technique, OFDM-IM potentially

attains a lower peak-to-average power ratio (PAPR) and improved bit error ratio

(BER) performance over its conventional OFDM counterpart [13, 29–31].

To elaborate a little further, in the OFDM-IM scheme, information is conveyed

not only by conventional PSK/QAM signal constellations but implicitly also by the

specific combinations of the activated subcarrier indices. Fig. 1.1 illustrates the

QPSK-modulated OFDM and OFDM-IM where 3 out of 4 available subcarriers are

activated for conveying QPSK symbols. It can be observed that the OFDM-IM has

sparsity at the same transmission rate as that of classic OFDM. The idle subcarriers

in OFDM-IM can alleviate the high PAPR problem of OFDM. However, in contrast

to the single-tap frequency-domain equalizer of classic OFDM, a joint PSK/QAM

symbol and IM symbol detector is required for OFDM-IM systems. Bearing in mind

that the values of frequency-domain symbols can be zero or non-zero, a reduced-
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Figure 1.1: Comparison of (a) OFDM and (b) OFDM-IM.

complexity log-likelihood ratio (LLR) detector was proposed in [13] for reducing the

excessive complexity of the joint maximum likelihood (ML) receiver. Inspired by

the benefits of the greedy pursuit algorithms conceived for the estimation of sparse

vectors, a low-complexity iterative residual check (IRC)-based detector is developed

in [32], where the associated hard decisions are refined by making locally optimal

choices at each step.

Nonetheless, as for all emerging techniques, there are also some open issues

such as the design of powerful OFDM-IM detectors for realistic channel conditions,

because, in practice, OFDM-IM is extremely sensitive both to dispersive time-

varying fading channels, as well as to carrier frequency offset (CFO) and to PHN

[33], just like classic OFDM. However, in most of the previous studies, quasi-

static frequency-selective fading channels are considered, where the channel state

information (CSI) is assumed to be perfectly known at the OFDM-IM receiver

[32, 34–36]. As a further aggravation, in contrast to the channel impulse response

(CIR) and CFO, which vary slowly with reference to the OFDM symbol rate, the

PHN arising from the voltage-controlled oscillator’s jitter fluctuates rapidly and

thus cannot be eliminated with the aid of pilots. The existing papers mainly

focus on the PHN mitigation techniques of classic OFDM [37–39], whilst PHN

estimation has not been considered in OFDM-IM systems. Therefore, efficient PHN

estimation techniques have to be designed to attain reliable BER performance and
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glean multiple advantages from OFDM-IM schemes. To this end, this thesis will

study the joint PHN estimation and OFDM-IM signalling detection algorithms in

frequency-selective fading channels.

Compared with the aforementioned IM-aided multi-carrier systems, the broad-

band single-carrier systems relying on IM (SC-IM) have a lower PAPR and thus

are less sensitive to nonlinear distortions. The SC-IM scheme is shown to be more

desirable for Satcom and for the IoT devices which have various constraints and

limitations, since the complexity of the SC-IM transmitter in IoT devices is much

lower than that of OFDM. Note that although various IM techniques have attracted

considerable research and industry attention in terrestrial networks, the application

of them in Satcom is a new yet challenging topic, and so far no relative work has been

published. On the one hand, SM is not suitable for Satcom, because it is impossible

to identify the indices of active antennas due to the height of satellites. On the other

hand, although both OFDM and SC modulations have been widely employed by

Satcom, the receiver design of IM-aided OFDM and SC becomes more challenging

in Satcom. In contrast to existing IM-based terrestrial communication systems,

which are mainly formulated in linear frequency-flat [12] or linear frequency-selective

Rayleigh fading channels [13, 14, 40], Satcom generally suffers from nonlinear and

dispersive distortions [41].

Satcom can provide economical access in remote areas and reliable services

for emergency communications. With this regard, the next-generation terrestrial

wireless communication systems have been suggested to be integrated with the

space-based networks for providing seamless global coverage [3, 4, 26, 42, 43]. In

order to keep up with the rapid growth of terrestrial communications, Satcom

should exploit innovative techniques to improve its spectrum utilization and energy

efficiency. Compared with single-mode-aided SC-IM, the dual-mode(DM)-aided SC-

IM has a higher spectral efficiency [44]. The DM-aided SC-IM scheme, unlike its

single-mode counterpart, conveys symbols drawn from a secondary constellation by

inactive transmit entities of original IM. By designing the primary and secondary

constellations to ensure they distinguish from each other, the DM-aided SC-IM

scheme can achieve a larger minimum Euclidean distance (MED) over its single-
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Figure 1.2: Comparison of conventional SC, SC-IM and DM-aided SC-IM.

mode counterpart [45,46]. Fig. 1.2 shows the illustration of conventional SC, SC-IM

where 3 out of 4 available time slots are activated for conveying QPSK symbols and

dual-mode-aided SC-IM where 2 out of 4 are used for transmitting symbols belong

to mode A whilst the remaining 2 for symbols belong to mode B. Here the modes

A and B are all QPSK constellation sets and the mode B is obtained by rotating

the mode A by a phase of π/4. Therefore, in DM-aided SC-IM, the information

is conveyed both by conventional PSK/QAM symbols and the permutation of the

two distinguished modes. It can be observed that the DM-aided SC-IM achieves the

highest spectral efficiency amongst the aforementioned three schemes. There exist

many null time slots in single-mode-aided SC-IM compared to conventional SC at

the same transmission rate.

For DM-aided SC-IM systems, an ML detector was proposed in [44]. By using

this detector, the DM-aided SC-IM achieves improved BER performance compared

to its conventional single-carrier counterpart. However, the detection for SC-IM

systems in existing literatures is predominantly formulated in linear frequency-
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selective fading channels. The detection method design for SC-IM in nonlinear

channels becomes more challenging. To this end, this thesis will study iterative

detection algorithms for single-carrier Satcom relying on DM-aided IM in nonlinear

dispersive satellite channels.

1.3 Faster-than-Nyquist signalling

According to the Nyquist criterion, the maximum symbol rate should be 2W sig-

nals/s for ISI-free transmission over an ideal additive white Gaussian noise (AWGN)

channel of bandwidth W . If information symbols are transmitted at a rate higher

than that suggested by the Nyquist criterion, ISI is inevitable. In the 1970s,

James Mazo investigated the binary sinc-pulse case and accelerated the pulses

[47]. Assuming that the ISI-free symbol interval is given by T0, in the faster-than-

Nyquist signalling scheme transmitted symbol’s interval T is typically set such that

T = τT0, where τ ≤ 1 is the time accelerate factor. He discovered that the square

minimum distance d2min does not change when the time accelerate factor τ drops

below 1 and the pulses become non-orthogonal. This means that around 25% more

information bits can be transmitted in the same bandwidth, without deteriorating

BER. However, the value of distance d2min becomes smaller if the transmission rate

is further accelerated. Here, the transmission rate at which d2min first falls below

its orthogonal value is the so-called Mazo limit. A similar phenomenon occurs with

root raised cosine (rRC) pulses except that the corresponding Mazo limit is also

determined by the roll-off factor, i.e., the value of the Mazo limit becomes higher as

the roll-off factor increases.

FTN signalling can achieve higher spectral efficiency by sending pulses beyond

the Nyquist rate while preserving the same signalling bandwidth [47–50]. It has

been considered as a promising modulation format suited for the 5G cellular com-

munications [2, 51, 52]. However, FTN signalling also results in ISI and colored

noise at the receiver side. By eliminating the effect of ISI imposed by FTN at the

receiver side, improved spectral efficiency can be obtained compared with that of

conventional Nyquist systems. Fig. 1.3 illustrates the Nyquist signalling and FTN
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Figure 1.3: Comparison of Nyquist signalling and FTN signalling.

signalling waveforms, where the accelerate factors τ = 0.8 and 0.6 are considered.

It can be observed that the spectral efficiency of FTN systems becomes higher as

the transmission rate increases. The detection method design, however, becomes

more challenging, due to the severer ISI imposed by FTN signalling. The FTN

receiver using the maximum likelihood sequence detection (MLSD) method for op-

timal performance suffers from infeasible computational complexity. Although new

silicon technology is making FTN systems a promising alternative, low-complexity

detection algorithms are still essential to attain reliable BER performance and glean

spectral efficiency advantages from FTN systems [52].

To reduce complexity, the Viterbi algorithm is applied for symbol detection

in [53] by taking FTN signalling as a convolutional code. In [54], a maximum

a posteriori probability (MAP) detector with successive interference cancellation

(SIC) is employed. A time-domain M -algorithm Bahl, Cocke, Jelinek, and Raviv
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(M -BCJR) equalizer based on a minimum phase model is developed in [55]. The

complexity of this algorithm grows linearly to the length of the received symbols but

still exponentially to the number of ISI taps and the modulation order. In contrast,

[17] leverages cyclic prefix (CP)-based single-carrier frequency-domain equalization

(FDE) method in conjunction with a circulant matrix approximation for the ISI

effect imposed by FTN signalling to derive a low-complexity receiver based on the

minimum mean-square error (MMSE) criteria. An extension is made in [56], where

a three-stage-concatenated transceiver structure is provided to reduce the ISI and

achieve better BER performance than the two-stage-concatenated FTN signalling

counterpart. However, the colored noise at the receiver induced by the faster sam-

pling rate in FTN signalling is not considered in both [17] and [56]. In [57], a colored

noise whitening filter based on MMSE weights is designed for a soft-decision FDE-

aided FTN receiver. An overlap-based approach is proposed to perform MMSE-FDE

in known frequency-selective fading channels in [58]. To compensate for the severe

ISI caused by FTN signalling and frequency-selective fading channels, a considerable

overlap length of the blocks is required. That dramatically reduces the throughput.

In [59], an iterative block decision feedback equalizer (IB-DFE) in the frequency

domain is employed to deal with the severe ISI associated with the combined effect

of FTN signalling and the time-dispersive channel. In [60], based on two variational

inference methods, i.e., mean-field (MF) and Bethe approximations, low-complexity

frequency-domain equalizers are proposed for FTN signalling in doubly-selective

channels [61].

The existing research on FTN detectors mainly focuses on AWGN channels and

fading channels with known CSI at the receiver. However, the perfect CSI is always

unknown in practical systems. Therefore, it is necessary to design joint channel

estimation and detection in FTN systems. In [18], T. Ishihara et al. proposed a

joint frequency-selective fading channel estimation and FTN detection algorithm

based on the MMSE criterion. According to the MMSE criterion, the estimates of

FTN symbols are calculated in the frequency domain. Then the estimates of CIRs

are updated by using a MMSE filtering, exploiting the demodulated FTN symbols

as a long pilot sequence in the iterative process. In [62], N. Wu et al. proposed a
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hybrid belief propagation (BP)-expectation propagation (EP)-variational message

passing (VMP) algorithm in the framework of Forney-style factor graph, where the

colored noise introduced by FTN signalling is approximated by an autoregressive

process. Considering that the inner product operation between the FTN symbol

nodes and the CIR nodes cannot be performed by the BP method, the VMP

technique is invoked by introducing an equivalent soft node. Compared with the

Nyquist signalling, the transmission rate of the FTN signalling relying on the BP-

EP-VMP method is increased by over 40%, without introducing significant BER

performance loss. However, the complexity order of this algorithm grows cubically

with the number of ISI taps. In [63], by formulating the detection process of FTN

signalling in doubly-selective fading channels as a linear state-space model, a low-

complexity Gaussian message passing method defined over a factor graph in vector

form is developed, where the robustness of the FTN detector to imperfect CSI is

considered.

All aforementioned methods approximate the FTN symbols as Gaussian vari-

ables, since taking into account the exact discrete distributions of data symbols

over the signal constellation leads to intractable complexity. Moreover, all exist-

ing frequency-domain detection algorithms require inserting cyclic prefix, which

consumes considerable transmission energy and wastes spectrum. To this end,

this thesis will study the joint channel estimation and FTN signal detection over

frequency-selective fading channels without the aid of cyclic prefix. The bit error rate

performance of FTN systems will be improved by taking into account the discrete

nature of data symbols.

1.4 Thesis Objectives and Organization

In summary, the main aims of this thesis are as follows:

i The OFDM-IM systems inherit the drawbacks from OFDM, including the vul-

nerability to time-varying phase noise and carrier frequency offset. Therefore,

it is necessary to design low complexity iterative detection algorithms while

eliminating the effect of phase noise in the face of realistic imperfect channel
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Figure 1.4: Thesis Organization.

state information and residual carrier frequency offset. (Chapter 2).

ii The Sat-DMIM systems generally suffer from nonlinear distortions as the high

power amplifiers are often driven to their saturation points for reasons of

power efficiency. Therefore, it is necessary to design low-complexity iterative

detection algorithms for Sat-DMIM systems to eliminate the effect of both

linear and nonlinear inter-symbol interference imposed by satellite channels.

(Chapter 3)

iii Conventional frequency-domain equalizers for FTN systems always require a

large amount of cyclic prefix, which results in significant power and spectral

efficiency loss. Moreover, if the structured ISI introduced by FTN signalling

is combined with the interference imposed by dispersive channels, significant

performance loss and complexity will be introduced. Therefore, it is necessary

to exploit the known ISI imposed by FTN signalling, and the ISI introduced

by FTN signalling and channel fading should be separated. (Chapter 4)

The remainder of the thesis is organized as follows, as also illustrated in Fig. 1.4.

• Chapter 2: Factor graph-based message passing algorithms for joint
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PHN estimation and decoding in the OFDM with index modulation

(OFDM-IM) scheme are proposed. The robustness of the OFDM-

IM scheme relying on the proposed algorithms is stronger than that

of its classic OFDM counterpart under severe PHN. The structured

a priori information of the frequency-domain OFDM-IM symbols is explicitly

constructed to take into account the sparsity of the OFDM-IM symbols. Then

the generalized approximate message passing (GAMP) algorithm is invoked for

decoupling the vector estimation process into scalar operations. To circumvent

the nonlinear and unknown transform matrix problem in the decoupling step

of the GAMP, the MF method is employed at the observation node to simplify

the update of messages. The BER performance and computational complexity

are compared with existing methods, such as the extended Kalman filter, which

demonstrate the effectiveness and efficiency of the proposed methods.

• Chapter 3: The amalgamated BP and MF methods are proposed

for the detection of dual mode-aided index modulated single car-

rier (SC-IM) symbols in nonlinear dispersive channels. The BER

performance is improved compared with its conventional single-

carrier systems and single mode-aided SC-IM schemes with the same

spectral efficiency. Taking account of the mode-selection pattern constraint,

the merged message passing algorithms are developed for iteratively updating

the a posteriori estimates of the data symbols while coping with the nonlinear

distortions. By using the first-order Taylor series expansion, part of nonlinear

ISI terms are linearized, which leads to a reduction of the number of sufficient

statistics to be estimated, leading to a low computational complexity at the

receiver side.

• Chapter 4: Frequency-domain joint channel estimation and decod-

ing methods based on the variational Bayesian framework are pro-

posed for FTN signalling transmission over frequency-selective fad-

ing channels. Reliable estimates of channel coefficients and data

symbols are obtained. Without the aid of the cyclic prefix, an alternative
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frequency-domain system model is derived to take into account the structured

ISI and colored noise imposed by FTN signalling, as well as the unknown

ISI introduced by the dispersive channels. By minimizing the variational free

energy, the a posteriori probability distributions of the channel coefficients and

the FTN symbols are iteratively updated. Furthermore, the GAMP technique

is invoked for reducing the performance loss from approximating the discrete

symbol variables as Gaussian variables.

• In Chapter 5: Finally, the main contributions of this thesis are summarized in

the last chapter and some open issues for future work are discussed.



Chapter 2

Iterative Detection for OFDM-IM

Systems in the Presence of PHN

To glean benefits from OFDM-IM in the presence of strong PHN, in this chapter,

low-complexity joint PHN estimation and decoding methods are developed under

the framework of message passing on a factor graph. Both the Wiener process and

the truncated discrete cosine transform (DCT) expansion model are considered for

approximating the PHN variation.

2.1 Introduction

The PHN arising from the voltage-controlled oscillator’s jitter fluctuates rapidly with

reference to the OFDM symbol rate and thus cannot be eliminated with the aid of

pilots. Indeed, it is quite a challenge to design a low-complexity OFDM-IM receiver

in the presence of strong PHN. The unknown time-varying nonlinear effects imposed

by PHN result in a loss of subcarrier orthogonality, which inevitably leads to inter-

channel interference (ICI). Accordingly, the system implementation and performance

are considerably affected, if the PHN is inadequately compensated. Specifically, if

each index modulated symbol vector (IM-symbol) in each OFDM-IM subblock is

detected independently, the performance erodes owing to the presence of correlated,

i.e., colored, PHN. If however several IM-symbols are jointly detected for mitigating

the PHN, the complexity of the receiver becomes prohibitive, even if reduced-search

15



16 Chapter 2. Iterative Detection for OFDM-IM Systems in the Presence of PHN

based detectors are used. Therefore, efficient PHN estimation techniques have to be

designed to attain reliable BER performance and glean multiple advantages from

OFDM-IM schemes. Moreover, wireless systems tend to rely on iterative channel

decoding based on the powerful turbo principle to attain a low BER at SNRs close

to channel capacity. However, the existing PHN estimation and OFDM symbol

detection problems are predominantly formulated for uncoded systems. Against this

background, our goal is to propose low-complexity methods for joint PHN estimation

and OFDM-IM symbol detection. Very recently, message passing algorithms defined

over factor graphs have gained popularity, including both BP [64], as well as MF

approximation based variational methods [65] and GAMP techniques [66]. The BP

and MF methods defined over factor graphs are derived from the stationary points

of the corresponding variational free energy [67]. By forwarding messages from one

node of the factor graph to neighboring nodes according to message updating rules

(refer to [64] and [65] for BP and MF rules, respectively), the distance measure

between a trial distribution and the original objective function to be estimated can

be minimized. GAMP constitutes a state-of-the-art BP approximation, where the

message passing between variable nodes and factor nodes is simplified by exploiting

the central limit theorem and a second-order Taylor series (refer to [66] for GAMP

rules). A structured approximate message passing (AMP) detector is developed for

spatial modulation aided systems in [68], which is further generalized in [69], where

perfectly known block fading Rayleigh channels are assumed, albeit no joint iterative

turbo detection is invoked.

Explicitly, the contributions of this chapter are summarized as follows:

• A GAMP based low-complexity joint PHN estimation and decoding algorithm

is proposed for OFDM-IM communicating in frequency-selective fading chan-

nels. The structured a priori information gleaned from the low-density parity-

check (LDPC) soft-in soft-out (SISO) decoder in the turbo receiver [70] is

specifically constructed to take into account the sparsity of the OFDM-IM

symbols. Given that the consecutive frequency-domain IM symbols are not

independent due to the existence of PHN, the GAMP algorithm is invoked for

decoupling the vector estimation process into scalar operations. To circumvent
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the nonlinear and unknown transform matrix problem in the decoupling step

of the GAMP [66], the MF method [65] is employed at the observation node

(refer to [64] for details about the observation node defined over factor graphs)

for approximating the output function fout defined in GAMP.

• Two PHN models, i.e., the Wiener model [37, 38] and the truncated DCT

expansion model [71], are considered for representing the PHN. In contrast to

linearizing the system model directly as in [37], the time-domain statistics of

PHN are explicitly exploited based on the Wiener model. In contrast to [71],

where only hard estimates of the DCT coefficients are given by the expectation-

maximization algorithm, the probability distributions of the DCT coefficients

are provided. By exploiting the PHN estimates, the accuracy of data detection

is gradually improved in an iterative fashion.

• The amalgamated BP-MF algorithm is invoked for joint PHN estimation and

decoding as a benchmark. Parallel and sequential message passing aided

schedules relying on the DCT model and Wiener model, respectively, are

introduced for comparison. The complexity of the parallel scheduling is similar

to that of the proposed GAMP based algorithms, since the efficiency of fast

Fourier transform (FFT) can be exploited. However, some performance loss

is observed due to its low convergence rate compared to both the sequential

and to the proposed GAMP based methods. As for the Wiener model, the

amalgamated BP-MF relying on sequential message passing outperforms the

intrinsically parallel GAMP method, albeit at the expense of an increase of

complexity.

• The performance of the proposed algorithms is evaluated and compared to that

of classic OFDM for both perfect and realistic imperfect channel conditions.

Both subcarrier interleaving and coordinate interleaving techniques are used

for further improving the BER performance by increasing the diversity order.

Our comparisons both to the conventional pilot based method, to the extended

Kalman filter (EKF) of [37] and to the variational inference (VI) approach

of [38] are also shown. Our simulation results: 1) confirm the robustness of
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the OFDM-IM scheme relying on the proposed algorithms both in the face

of severe PHN, as well as realistic imperfect CSI and residual CFO compared

to its classic OFDM counterpart; and 2) demonstrate the superiority of the

proposed algorithm over existing methods.

The rest of this chapter is organized as follows. Section 2.2 presents the system

model of FTN signalling over frequency-selective fading channels. In Sections 2.3 and

2.4, the proposed GAMP-based and BP-MF-based algorithms are derived in details,

respectively. The performance results of the proposed algorithms are evaluated via

Monte Carlo simulations in Section 2.6. Conclusions are drawn in Section 2.5.

2.2 System Model

Let us consider an LDPCa [72] coded OFDM-IM system having Nq data subcarriers

in each OFDM-IM block, whilst communicating over an Lh-tap frequency-selective

fading channel. Fig. 2.1 depicts the transceiver schematic of the OFDM-IM system.

The data bits cq � [c
(q)
1 , . . . , c

(q)
Mq

]T are generated by encoding Mi information bits

b � [b1, . . . , bMi
]T using a rate-Rc LDPC coder and then by partitioning the resultant

Mc =Mi/Rc bits c � [c1, . . . , cMc ]
T into an integer number of Q � Mc/Mq OFDM-

IM symbols. These Mq bits in the qth block are then splitted into G subgroups

each containing Mg bits, i.e., we have Mg = Mq/G. Each subgroup of Mg-bits

is mapped to an OFDM-IM subblock of length Ng, where Ng = Nq/G. Here,

Nq is the size of the inverse fast Fourier transform (IFFT) of Fig. 2.1. In each

OFDM-IM subblock, only Kg out of Ng available subcarriers determined by the

first Mg1 bits of the incoming Mg-bit sequence are activated for transmitting S-

ary classic PSK/QAM symbols, while the remaining (Ng −Kg) inactive subcarriers

are set to zero. In addition to the Mg1 bits transmitted by the active subcarriers,

OFDM-IM also transmits Mg2 � Mg − Mg1 bits by mapping them to Kg S-ary

PSK/QAM symbols conveyed by the Kg active subcarriersb. Therefore, we have

aUnlike LDPC decoding, trellis-based decoding, as, for example, with convolutional codes and

turbo codes, involves recursive calculations that prevent parallel computation.
bIncrease the value of Mg1 can improve the power efficiency of the OFDM-IM scheme
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Figure 2.1: The transceiver of the LDPC-coded OFDM-IM system.

Mg = Mg1 + Mg2 =
⌊
log2

(
Ng

Kg

)⌋
+ Kg log2 S, where

(
Ng

Kg

)
denotes the binomial

coefficient representing the number of subcarrier combinations. Then the Mg1 bits

determine Υ = 2

⌊
log2

(
Ng
Kg

)⌋
legitimate combinations of the active subcarriers. We

define the indicator set Ω = {ω1, . . . ,ωΥ} associated with ωγ = [ωγ,1, . . . , ωγ,Ng ]
T ∈

{0, 1}Ng , where ωγ,i = 1 if the ith subcarrier is activated, and ωγ,i = 0 otherwise.

The coded bits corresponding to ωγ are represented by [c
ωγ

1 , . . . , c
ωγ

Mg1
]T .

Specifically, we assume that the indices activated in the gth OFDM-IM subblock

are given by Ig = {ig,1, . . . , ig,Kg}, g = 1, . . . , G, where ig,kg ∈ [1, . . . , Ng], and

the non-zero symbols assigned to the Kg active subcarriers are collected as xg,d =

[xg,d(1), . . . , xg,d(Kg)]
T , g = 1, . . . , G, where xg,d(kg) ∈ S and S = {s1, . . . , sS}

denotes the normalized S-PSK/QAM symbol set. The coded bits corresponding

to the mth constellation symbol sm in the set are denoted by [csm1 , . . . , csmlog2 S]
T .

Then the Kg data symbols are allocated to Kg active subcarriers of the index

set in Ig, yielding a subblock of symbols xg, which can be expressed as xg =

I0gxg,d � [xg(1), . . . , xg(Ng)]
T , g = 1, . . . , G, where I0g consists of the Kg columns

from INg having the indices given by Ig. The index modulated symbol vector xg

in the gth OFDM-IM subblock is referred to as the gth IM-symbol. The activation

pattern constraint here is that xAP
g ∈ Ω, where xAP

g (n) = 0 if xg(n) = 0 and

xAP
g (n) = 1 otherwise. In other words, the set of Υ legitimate combinations is used
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at both the transmitter and receiver sides, and the transmitter chooses an index

combination from the set for each OFDM-IM subblock. After concatenating all

symbol vectors from G subblocks by the OFDM-IM block assembler of Fig. 2.1,

a main OFDM-IM block can be written as x = [xT
1 , . . . ,x

T
G]

T � [x1, . . . , xNq ]
T ∈

C
Nq×1, where the nth element in x obeys xn ∈ {S, 0}. Note that with a little

abuse of notation, we may denote the bit vector transmitted in the gth subblock by

cg = [cIMg,1, . . . , c
IM
g,Mg1

, cSg,1, . . . , c
S
g,Mg2

]T ∈ {0, 1}Mg , where cIMg,i , i = 1, . . . ,Mg1, is the

ith subcarrier selection bit, and cSg,j, j = 1, . . . ,Mg2, the jth symbol mapping bit.

By defining the total number of active indices in an OFDM-IM block as Kq �
GKg, we have E[xHx] = Kq. At the transmitter, the IFFT having a normaliza-

tion factor Nq√
Kq

is employed for generating the time-domain symbol vector xT =

1√
Kq

FHx, where F ∈ C
Nq×Nq is the discrete Fourier transform (DFT) matrix as-

sociated with FHF = NqINq . Thus, the transmitted power is normalized, i.e.,

E[xH
TxT] = Nq. Then, an Lcp-length cyclic prefix (CP), which has to be longer than

the channel’s delay spread for the sake of eliminating the effects of the inter-symbol-

interference (ISI) over frequency-selective fading channels, is added at the front of

the time-domain symbols. Then the signal generated at the transmitter is sent over

an Lh-tap frequency-selective fading channel. Initially, the CIRs are assumed to

be perfectly known at the receiver, but this assumption will be relaxed in Section

V, where the effects of imperfect CIRs will also be considered. In the presence of

unknown PHN distortion, the Nq-point complex baseband received signal sequence

r ∈ C
Nq×1 of an OFDM-IM block can be written as

r =
1√
Kq

D(ejθ)RcpHtTcpF
Hx+w =

1√
Kq

D(ejθ)FHHx+w, (2.1)

where θ = [θ1, . . . , θNq ]
T is the discrete PHN sample vector, Tcp =

[
0Lcp×(Nq−Lcp) ILcp

INq

]
∈ R

(Nq+Lcp)×Nq inserts the Lcp-length CP, Ht denotes the time-domain channel

convolutional matrix consisting of the channel vector h = [h1, . . . , hLh
]T ∈ C

Lh×1,

Rcp =
[
0Nq×Lcp INq

] ∈ R
Nq×(Nq+Lcp) removes the CP, and w ∈ C

Nq×1 is the zero-

mean complex circularly symmetric Gaussian noise vector with a variance of 2σ2.

In (2.1), RcpHtTcp = 1
Nq

FHHF is a circular matrix and H = D(FI0Lh
h) with I0Lh

being formed by the first Lh columns from INq .
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As illustrated in Fig. 2.1, at the receiver, the proposed joint PHN estimation and

OFDM-IM decoding algorithm is performed by: 1) estimating the PHN using the

received signal sequence and the OFDM-IM symbols’ estimates from the previous

iteration; 2) updating the OFDM-IM symbols’ estimates using the received signal

sequence and the PHN samples’ most recent estimates; 3) calculating the a posteriori

probability density functions (pdfs) of information bits according to the IM and

PSK/QAM modulation constraint; 4) extracting extrinsic information from the a

posteriori information and then forwarding them to the LDPC SISO decoder to

perform Bahl, Cocke, Jelinek, and Raviv (BCJR) decoding [73]; and 5) calculating

the a priori pdfs of information bits using the outputs of the decoder and then

constructing the sparse a priori pdfs of the OFDM-IM symbols, which are further

exploited for updating the PHN samples’ and OFDM-IM symbols’ estimates for the

next iteration.

2.3 The Proposed Joint PHN Estimation and OFDM-

IM Symbol Detection Algorithms

2.3.1 Probabilistic Representation and Factor Graph

We employ a Wiener process [37–39], which is widely used for modelling a free-

running oscillator, in order to approximate the variation of PHN, i.e.,

θn = θn−1 +�n, n = 2, . . . , Nq, (2.2)

where �n is a zero-mean white Gaussian noise process with a variance of σ2
�. Based

on (2.2) and on the received signal model in (2.1), we obtain the joint a posteriori

pdf of x and θ

p(x,θ|r) ∝ fC(c,b)
G∏

g=1

fM,g(xg, cg)P (x)p(θ1)

Nq∏
n=2

fθn(θn, θn−1)

·
Nq∏
n=1

frn(zn, θn)fδn(zn,x), (2.3)

where fC(c,b) represents the coding constraint; fM,g denotes the IM and PSK/QAM

modulation constraint; P (x) is the a priori pdf of the data symbol x; p(θ1) is the a
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Figure 2.2: Factor graph representation of the probabilistic model (2.3), where the solid
lines and dashed lines in the PHN estimation subgraph are associated with the Wiener
model and DCT model, respectively.

priori pdf of θ1 and fθn(θn, θn−1) ∝ N (θn; θn−1, σ
2
�). In (2.3), the additional variable

zn is defined as zn � Λn,:x, where

Λ � 1√
Kq

FHH. (2.4)

Accordingly, the relationship between the variable zn and the vector x can be written

as fδn(zn,x) � p(zn|x) = δ(zn−Λn,:x), and the likelihood function can be calculated

by frn(zn, θn)�p(rn|zn, θn)=Nc(rn; zne
jθn , 2σ2). The factor graph corresponding to

(2.3) is shown in Fig. 2.2, where the solid lines in the PHN estimation subgraph are

associated with the Wiener model.

We classify the factor nodes into three disjoint subsets, i.e., ABP � {{fM,g}Gg=1,

{fθn}Nq

n=1}, AMF � {frn}Nq

n=1 and AGAMP � {fδn}Nq

n=1. The messages can be readily

calculated by splitting the factor graph in this way, because BP is compatible

with hard constraints [67], whilst MF has simple message passing update rules for
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continuous variables belonging to an exponential family [74], and GAMP works well

for estimating a vector transformed by a known linear mixing matrix [75, 76].

2.3.2 Soft Demodulation and Decoding for OFDM-IM Sym-

bols

In frequency-selective fading channels which are free from PHN, the system model

is formulated in the frequency domain, where frequency-domain received signals

are subjected to OFDM-IM detection. In this case, the complexity of the optimal

receiver is on the order ofO(G2Mg) [13], since the ML detector can be applied to each

subblock independently. In the presence of correlated PHN, however, the received

IM symbols become correlated and ICI occurs. In this case, the optimal detector has

to consider all the legitimate IM-symbol combinations, hence the complexity order

becomes O(2GMg), which grows exponentially with G, Kg, Ng and S. Similarly

to classic OFDM [37–39], the received time-domain signals are directly used for

jointly estimating the PHN and for detecting the OFDM-IM symbols. As seen in

(2.1), the frequency-domain OFDM-IM symbols are coupled by the transform matrix

D(ejθ)FHH. The relationship between the input and output is both nonlinear and

unknown due to the existence of PHN, which imposes challenges on the detection.

Moreover, the complexity of optimal OFDM-IM detection becomes much higher than

that of the classic OFDM symbols in both cases, since the receiver has to detect

both the subcarrier index-modulated and the PSK/QAM modulated symbols. In

the following, we conceive low-complexity methods for joint PHN estimation and

decoding of the OFDM-IM symbols affected by PHN.

A straightforward technique of reducing the complexity is to treat xn, n =

1, . . . , Nq, as Gaussian variables [37, 38, 77, 78]. However, significant performance

loss is imposed by this method, because xn is actually a discrete variable and xg

has a sparse structure. Hence we invoke the GAMP algorithm [66] for decoupling

the signal vector estimation problem into Nq scalar problems, whilst taking into

account its discrete and sparse nature. Unfortunately, the existing GAMP method

of [66] cannot be directly invoked for OFDM-IM detection, because the nonlinear
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transform matrix imposing the PHN has to be known, which is not the case.

Secondly, the sparsity of the signal cannot be readily exploited by the original

GAMP [66]. Thirdly, it is more difficult to take full account of the activation

pattern constraint if more than one subcarrier of the gth subgroup are activated. To

circumvent these problems, we invoke the MF method to approximate the likelihood

p(rn|zn) for exploiting the available a priori information of the frequency-domain

symbols provided by the LDPC SISO decoder. Hence appropriately adopt the

GAMP algorithm for updating the a posteriori pdfs and the extrinsic information

of frequency-domain symbols using our turbo receiver.

Specifically, instead of using the independent a priori information of the IM-

symbols in the form P (x) =
∏Nq

n=1 P (xn), we take into account their correlation

for both the IM symbols and PSK/QAM symbols in the gth IM-symbol, using the

extrinsic information gleaned from the LDPC SISO decoder (refer to [70] for details

about the turbo detection principle), which can be written as {P (cIMg,1), . . . , P (cIMg,Mg1
),

P (cSg,1), . . . , P (cSg,Mg2
)}.

According to the associated IM and PSK/QAM modulation constraint, we have

P
(
xAP
g = ωγ

)
=

Mg1∏
i=1

P
(
cIMg,i = c

ωγ

i

)
, γ = 1, . . . ,Υ,

P (xg,d(k) = sm) =

log2 S∏
i=1

P
(
cSg,(k−1) log2 S+i = csmi

)
,

m = 1, . . . , S, k = 1, . . . , Kg. (2.5)

Thus, the a priori pdf of x provided by the LDPC SISO decoder can be formulated

as

P (x) =
G∏

g=1

Pxg(xg),

Pxg(xg) =
Υ∑

γ=1

P
(
xAP
g = ωγ

)⎡⎣∏
i∈Iγ

(∑
s∈S

δ(xi − s)P (xi)

) ∏
j∈Īγ

δ(xj)

⎤
⎦ , (2.6)

where i, j ∈ Ig � {(g − 1)Ng + 1 : gNg}, Iγ is the support set of vector ωγ,

i.e., Iγ = {i|ωγ,i = 1, i ∈ Ig}, Īγ is the complementary set of Iγ, and xi ∈
{xg,d(1), . . . , xg,d(Kg)}.
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b(xi = sm) =
∑

γ:i∈Iγ

P
(
xIM
g =ωγ

)
exp

{
−|sm − ϑ̂i|2

vϑi

}
P (xi = sm)

·
∏

j∈Iγ ,j �=i

(∑
s∈S

exp

{
−|s− ϑ̂j|2

vϑj

}
P (xj = s)

) ∏
k∈Īγ

exp

{
−|ϑ̂k|2

vϑk

}
. (2.7)

b(xi = 0) = exp

{
−|ϑ̂i|2

vϑi

}
·
∑

γ:i∈Īγ

P
(
xIM
g = ωγ

) ∏
j∈Īγ ,j �=i

exp

{
−|ϑ̂j|2

vϑj

}

·
∏
k∈Iγ

(∑
s∈S

exp

{
−|s− ϑ̂k|2

vϑk

}
P (xk = s)

)
. (2.8)

Given (2.6) and the message mxi→fM,g
(xi) ∝ Nc(xi; τ̂i, vτi), which will be later

updated according to (2.21) and (2.22), we can calculate the a posteriori pdf b(xi)

of xi by (2.7) for xi = sm, sm ∈ S, and by (2.8) for xi = 0.

After further algebra in manipulations, we arrive at

b(xi = sm) =
D(xi = sm)∑

s∈S D(xi = s) + E
, (2.9)

for xi = sm, sm ∈ S, and

b(xi = 0) =
E∑

s∈S D(xi = s) + E
, (2.10)

for xi = 0, where D(xi) and E are given by (2.11) and (2.12), respectively. The a

posteriori mean and variance of xi are formulated as

x̂i =
∑
s∈S

sb(xi = s), vxi
=
∑
s∈S

|s|2b(xi = s)− |x̂i|2. (2.13)

Note that there is no a priori information arriving from the decoder during the first

D(xi=sm) =
∑

γ:i∈Iγ

P
(
xIM
g =ωγ

)
exp

{
−|sm|2 − 2	{smϑ̂∗

i }
vϑi

}
P (xi=sm)

·
∏

j∈Iγ ,j �=i

(∑
s∈S

exp

{
−|s|2 − 2	{sϑ̂∗

j}
vϑj

}
P (xj=s)

)
. (2.11)
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E =
∑

γ:i∈Īγ

P
(
xIM
g = ωγ

) ∏
j∈Iγ

(∑
s∈S

exp

{
−|s|2 − 2	{sϑ̂∗

j}
vϑj

}
P (xj = s)

)
. (2.12)

iteration, and the a priori pdf of xg can be directly written as

P 0
xg
(xg) =

1

Υ

Υ∑
γ=1

⎡
⎣∏

i∈Iγ

(
1

M

∑
s∈S

δ(xi − s)

) ∏
j∈Īγ

δ(xj)

⎤
⎦ .

Accordingly, the a posteriori mean and variance of xi for the first iteration is given

by

x̂0
i =

∑
s∈S

s
||Ωi,1||0
||Ω||0M , v0xi

=
1

M

∑
s∈S

|s|2 ||Ωi,1||0
||Ω||0 − |x̂0

i |2, (2.14)

where Ωi,1 = {ωγ|ωγ,i = 1, γ = 1, . . . ,Υ}.
By using the GAMP algorithm ([21, Eqs. (2a) and (2b)]), the messagemfδn→zn(zn)

∝ Nc(zn; ξ̂n, vξn) from the factor node fδn to the variable node zn is updated by

vξn =
∑
i

|Λn,i|2vxi
, (2.15)

ξ̂n =
∑
i

Λn,ix̂i − ζ̂nvξn , (2.16)

where ζ̂n related to the a posteriori mean of zn will be later updated according

to (2.20). In the original GAMP, the function Fout defined in [66] is given by

Fout(zn, ξ̂n, vξn , rn) = fout − 1
vξn

|zn − ξ̂n|2, where fout = log p(rn|zn) [21, Eq. (7c)].

However, the relationship between zn and rn is nonlinear and unknown due to the

presence of PHN. To this end, we use the MF method [65] for calculating the message

mfrn→zn
(zn) forwarded from the factor node frn to the variable node zn, and use it for

approximating p(rn|zn). Given the a posteriori pdf of θn, i.e., b(θn) ∝ N (θn; θ̂n, vθn),

which will be later updated in (2.35), the messagemfrn→zn
(zn) is calculated following

the MF rule [20, Eq. (18)] and then approximated with the aid of its second-order

Taylor expansion as:

mfrn→zn
(zn) ∝ exp

{
Eb(θn)

[
log frn(zn, e

jθn)
]}

≈ Nc(zn; η̂n, vηn), (2.17)
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where

η̂n = rne
−jθ̂n(1− 1

2
vθn), vηn = 2σ2. (2.18)

Bearing in mind that Fout is equivalent to the belief of zn in its log-domain based on

the probabilistic understanding of message passing, the a posteriori pdf of zn can

be expressed as b(zn) ∝ Nc(zn; ẑn, vzn), where

vzn = (v−1
ξn

+ v−1
ηn )

−1, ẑn = vzn(ξ̂nv
−1
ξn

+ η̂nv
−1
ηn ). (2.19)

The output scalar function gout(ξ̂n, vξn , η̂n, vηn) is updated by ([21, Eqs. (3a) and

(3b)])

ζ̂n = gout(ξ̂n, vξn , η̂n, vηn) =
ẑn − ξ̂n
vξn

=
η̂n − ξ̂n
vηn + vξn

,

vζn = − ∂

∂ξ̂n
gout(ξ̂n, vξn , η̂n, vηn) =

1

vξn

(
1− vzn

vξn

)
. (2.20)

In the GAMP algorithm ([21, Eqs. (4a) and (4b)]), the variance and the mean of

the message mxi→fM,g
(xi) ∝ Nc(xi; ϑ̂i, vϑi

) are calculated by

vτi =

(∑
n

|Λn,i|2vζn
)−1

, (2.21)

τ̂i = vτi
∑
n

ζ̂nΛ
∗
n,i + x̂i. (2.22)

Note that the complexity of the structured GAMP algorithm is O(N2
q ), which is

dominated by the matrix-vector multiplications in (2.15), (2.16), (2.21), and (2.22).

This complexity can be reduced to O(Nq logNq) thanks to the FFT. Specifically, we

can rewrite (2.15) as

vξ =
1

Kq

|FH |2HHHvx ≈ 1

Kq

∑
i

|hi|2vxi
1Nq×1, (2.23)

where vξ = [vξ1 , . . . , vξNq
]T and vx = [vx1 , . . . , vxNq

]T . Furthermore, we have

ξ̂ =
1√
Kq

FHHx̂− ζ̂ � vξ, (2.24)

where ξ̂ = [ξ̂1, . . . , ξ̂Nq ]
T , x̂ = [x̂1, . . . , x̂Nq ]

T , and ζ̂ = [ζ̂1, . . . , ζ̂Nq ]
T . Similarly, (2.21)

can also be represented in a vectorial form, i.e.,

vτ = 1Nq×1./(
1

Kq

HHH|F|2vζ) ≈ Kq

v̄ζ
(HHH)−11Nq×1, (2.25)
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where vτ = [vτ1 , . . . , vτNq
]T , vζ = [vζ1 , . . . , vζNq

]T , and v̄ζ =
∑

n vζn . Hence, (2.22) is

reduced to the following equation

τ̂ =
1√
Kq

HHFζ̂ � vτ + x̂, (2.26)

where τ̂ = [τ̂1, . . . , τ̂Nq ]
T and ζ̂ = [ζ̂1, . . . , ζ̂Nq ]

T . Fortunately, some of the matrix-

vector calculations within the GAMP iterations can be efficiently performed by the

FFT. The complexity of the specific matrix-vector calculations relying on diagonal

matrices is low.

Given the latest updated message mxi→fM,g
(xi) in (2.21) and (2.22), the belief of

xi can be updated by (2.9) and (2.10). Meanwhile, we can obtain the belief of xg as

b(xg) ∝ Pxg(xg)
∏
i∈Ig

exp

{
−|xi − τ̂i|2

vτi

}
, (2.27)

where i ∈ Ig � {(g − 1)Ng + 1 : gNg}. The extrinsic log-likelihood ratios (LLRs)

of the ith subcarrier selection bit and of the jth symbol mapping bit in the gth

IM-symbol, i.e. Lextr(cIMg,i ) and Lextr(cSg,j), respectively, can be calculated according

to the turbo principle [68–70].

2.3.3 PHN Estimation in the OFDM-IM Scheme

PHN Estimation Based on the Wiener Model

The message emerging from the observation node to the PHN estimation subgraph

can then be calculated by

mfrn→θn
(θn) ∝ exp

{
Eb(zn) [log frn(zn, θn)]

} ∝
{
	
[
r∗nẑn
σ2

ejθn
]}

. (2.28)

It is readily seen that the message mfrn→θn
(θn) in (2.28) is not Gaussian due to the

nonlinear effect imposed by PHN. However, this message is expected to be Gaussian,

hence the messages updated in the PHN estimation subgraph are all Gaussian and

thus low complexity can be achieved. We use the second-order Taylor expansion for

approximating mfrn→θn
(θn), instead of directly linearizing the system model [79–81].

Given the a posteriori mean θ̂n and variance vθn obtained from the previous iteration,

ejθn can be approximated as

ejθn = ejθ̂n(1− jθ̂n − 1

2
θ̂2n)−

1

2
ejθ̂nθ2n + (j + θ̂n)e

jθ̂nθn. (2.29)
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Thus, mfrn→θn
(θn) can be approximated by N (θn; θ̂

↓
n, vθ↓n), with

vθ↓n = 1/	
[
r∗nẑn
σ2

ejθ̂n
]
,

θ̂↓n = vθ↓n	
[
r∗nẑn
σ2

(j + θ̂n)e
jθ̂n

]
. (2.30)

Given this Gaussian message forwarded from the MF subgraph to the PHN esti-

mation subgraph, both mfθn−1→θn(θn) and mfθn+1→θn(θn) are Gaussian and can be

recursively updated based on the BP algorithm ([19, Eqs. (5) and (6)]) as follows:

mfθn→θn
(θn) ∝

∫
mfθn−1→θn−1

(θn−1)fθn(θn, θn−1)mfrn−1→θn−1
(θn−1)dθn−1

∝ N (θn; θ̂
→
n , vθ→n ), (2.31)

where

θ̂→n =
(vθ→n−1

)−1θ̂→n−1 + (vθ↓n−1
)−1θ̂↓n−1

(vθ→n−1
)−1 + (vθ↓n−1

)−1
,

vθ→n = σ2
� +

(
(vθ→n−1

)−1 + (vθ↓n−1
)−1

)−1

, (2.32)

and

mfθn+1→θn
(θn) ∝

∫
mfθn+2→θn+1

(θn+1)fθn+1(θn+1, θn)mfrn+1→θn+1
(θn+1)dθn+1

∝ N (θn; θ̂
←
n , vθ←n ), (2.33)

where

θ̂←n =
(vθ←n+1

)−1θ̂←n+1 + (vθ↓n+1
)−1θ̂↓n+1

(vθ←n+1
)−1 + (vθ↓n+1

)−1
,

vθ←n = σ2
� +

(
(vθ←n+1

)−1 + (vθ↓n+1
)−1

)−1

. (2.34)

Given (2.28), (2.31) and (2.33), the belief of θn is expressed as ([19, Eq. (3)]):

b(θn) ∝ mfrn→θn(θn)mfθn→θn(θn)mfθn+1
→θn(θn)

∝ N (θn; θ̂n, vθn), (2.35)

where

vθn = (v−1
θ→n

+ v−1

θ↓n
+ v−1

θ↑n
)−1,

θ̂n = vθn(v
−1
θ→n

θ̂→n + v−1

θ↓n
θ̂↓n + v−1

θ↑n
θ̂↑n). (2.36)
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The message passing schedule for our proposed joint PHN estimation and de-

coding algorithm based on the GAMP method relying on the Wiener model of

the OFDM-IM scheme, which is referred to as GAMP-Wiener, is summarized in

Algorithm 1.

Algorithm 1 The proposed joint PHN estimation and decoding algorithm based

on the GAMP method relying on the Wiener model.

1: Initialization: t = 0 (iteration index)

2: For n = 1, . . . , Nq, compute x̂0
n and v0xn

; set ζ̂0n = 0, η̂0n = rn and v0ηn = 2σ2.

3: Set t = 1 and repeat the following steps until
∑

n |x̂t+1
n − x̂t

n|2 < ε
∑

n |x̂t
n|2 or

t > Tmax, where ε is a pre-specified error tolerance and Tmax is the maximum

number of iterations.

4: − PHN estimation step: For n = 1, . . . , Nq, compute {vt
ξ, ξ̂

t} and {ẑtn, vtzn} from

(2.23), (2.24) and (2.19), respectively.

5: For n = 1, . . . , Nq, compute {θ̂↓n, vθ↓n}, {θ̂→n , vθ→n }, {θ̂←n , vθ←n } and {θ̂tn, vtθn} from

(2.30), (2.32), (2.34) and (2.36).

6: − Decoupling step: For n = 1, . . . , Nq, compute {η̂tn, vtηn}, {ẑtn, vtzn}, {ζ̂tn, vtζn},
{vt

τ , τ̂
t} from (2.18), (2.19), (2.20), (2.25) and (2.26), respectively.

7: − Decoding step: For g = 1 . . . , G, i = 1, . . . ,Mg1, j = 1, . . . ,Mg2, L
extr(cIMg,i )

and Lextr(cSg,j) → Decoder.

8: Compute (2.5) by using the information from the decoder.

9: − Denoising step: For n = 1, . . . , Nq, compute {x̂t
n, v

t
xn
} from (2.13).

PHN Estimation Based on the DCT Model

Inspired by the idea of reducing the number of unknown PHN samples and improving

the degree of parallelism, we model the PHN variation as a truncated DCT expansion

[71], i.e. the vector u � ejθ is approximately represented by

u = Φα, (2.37)
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where Φ is the DCT matrix with size Nq × LPN, and α = [α1, . . . , αLPN
]T collects

the DCT coefficients to be estimatedc. In this way, the problem of estimating the

Nq dimensional PHN vector has been transformed to the estimation of LPN DCT

coefficients. Based on (2.1) and (2.37), the received data vector can be alternatively

expressed as:

r =
1√
Kq

D(Φα)FHHx+w. (2.38)

The PHN estimation subgraph corresponding to the DCT model is shown on top

of the Wiener model factor graph representation in Fig. 2.2 using dashed lines.

The message arriving from the observation node to the DCT coefficient vector α is

formulated as:

mfrn→α(α) ∝ exp
{
Eb(zn)[log frn(α,zn)]

}
∝ exp

{
2	{r∗nẑn(Φα)n}|(Φα)n|2(|ẑn|2 + vzn)

2σ2

}
.

Thus, the a posteriori pdf of α is given by

b(α) ∝ p(α)

Nq∏
n=1

mfrn→α(α)

∝ exp

{
2	{(r� ẑ∗)HΦα} −αHΦHD(�̂z)Φα

2σ2

}
,

where �̂z = [|ẑ1|2 + vz1 , . . . , |ẑNq |2 + vzNq
]T , while its covariance matrix and mean

vector are

Vα = 2σ2(ΦHD(�̂z)Φ)−1, α̂ =
1

2σ2
VαΦ

H(r� ẑ∗). (2.39)

Note that the computation of (2.39) involves a nontrivial matrix inversion, which

has a complexity order of O(L3
PN).

Given b(α), the message mfrn→zn
(zn) is expressed as:

mfrn→zn
(zn) ∝ exp{Eb(α) [log frn(zn,α)]}

≈ Nc(zn; η̂n, vηn), (2.40)

cThe design of the length of vector u is flexible. The selection of Nq here is just for the sake of

simplicity.
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where

η̂n =
rn
�̂un

(Φα̂)∗n, vηn = 2σ2/�̂un , (2.41)

with

�̂un =

LPN∑
i=1

|Φn,i|2(Vi,i + |α̂i|2) +
LPN∑
i=1

LPN∑
j=1,j>i

Φn,iΦn,j2	(Vi,j + α̂∗
i α̂j). (2.42)

Actually, the complexity of both (2.39) and (2.42) is low. As it will be demonstrated

by our simulation results, an attractive BER performance can be attained when LPN

is selected to be sufficiently small compared toNq. To further reduce this complexity,

we approximate D(�̂z) by �̂zINq , where �̂z is the average of the diagonal elements of

D(�̂z). In this way, Vα becomes a diagonal matrix, with 2σ2/�̂z being the diagonal

element since ΦHΦ = ILPN
.

The message passing schedule for the proposed joint PHN estimation and decod-

ing algorithm based on the GAMP method using the DCT model for the OFDM-IM

scheme, which is referred to as GAMP-DCT, is summarized in Algorithm 2.

Algorithm 2 The proposed joint PHN estimation and decoding algorithm based

on the GAMP method using the DCT model.

1: The same as GAMP-Wiener except for the following modifications imposed on

the PHN estimation step and the decoupling step:

2: − PHN estimation step: For n = 1, . . . , Nq, compute {vt
ξ, ξ̂

t} and {ẑtn, vtzn} from

(2.23), (2.24) and (2.19), respectively.

3: Compute {Vt
α, α̂

t} from (2.39).

4: − Decoupling step: For n = 1, . . . , Nq, compute {η̂tn, vtηn}, {ẑtn, vtzn}, {ζ̂tn, vtζn},
{vt

τ , τ̂
t} from (2.41), (2.19), (2.20), (2.25) and (2.26), respectively.

2.4 Amalgamated BP-MF Algorithm

For comparison, we also amalgamate the BP-MF algorithm of [67] and invoke it

for the coded OFDM-IM system. The subgraph of the PHN estimation shown

in Fig. 2.2 is also used in the BP-MF method. The difference with regard to
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Figure 2.3: The subgraph for soft demodulation using the amalgamated BP-MF
algorithm.

the proposed GAMP based algorithms is that the BP-MF technique is invoked

for soft demodulation, and the corresponding SISO demodulation subgraph shown

in Fig. 2.2 is replaced by that in Fig. 2.3. In contrast to the traditional OFDM

system, the sparsity of the OFDM-IM symbol should be explicitly exploited by the

BP-MF method, which is similar to that of the GAMP based algorithms. However,

instead of using central-limit-theorem based approximations (refer to [66] for details

of original GAMP) for representing the noiseless output zn, n = 1, . . . , Nq, and

assuming them to be independent of each other, we use the a posteriori pdf of zn

to estimate the PHN effect ejθn , the BP-MF method estimates x directly and uses

the a posteriori pdf of this vector for updating the PHN samples’ estimates. As

shown in Fig. 2.3, this part of the subgraph is densely connected. Therefore, there

are multiple message-passing schedules to select. In the following, both a sequential

and a parallel schedule are used. Bearing in mind that the DCT model based PHN

estimation method operates in parallel, while the Wiener model based one is in a

sequential recursion form, they are naturally embedded in parallel and sequential

message-passing schedules, respectively. In both schedules, the extrinsic information

extracted from the LDPC decoder is calculated simultaneously.

The message mBP−MF
xi→fM,g

(xi) is formulated as:

mBP−MF
xi→fM,g

(xi) ∝
Nq∏
i=1

mfrn→xi
(xi) ∝ Nc(xi; τ̂ i, vτ i), (2.43)

where τ̂ i and vτ i will be later updated according to (2.47) and (2.52) in the sequential

and parallel schedules, respectively. Given the extrinsic information gleaned from

the SISO decoder and (2.43), we can compute the a posteriori pdf of xi, b(xi) using
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(2.9) and (2.10), where (2.11) and (2.12) required in (2.9) and (2.10) are obtained

upon replacing {τ̂i, vτi} by {τ̂ i, vτ i}. The a posteriori mean and variance of xi are

obtained as

x̂i =
∑
s∈S

sb(xi = s), vxi
=
∑
s∈S

|s|2b(xi = s)− |x̂i|2. (2.44)

2.4.1 Wiener Model Based Sequential BP-MF Message Pass-

ing Schedule

According to the MF rule, the message mfrn→xi
(xi) can be expressed using b(xi)

and b(θn) by

mfrn→xi
(xi) ∝ exp

{
Eb(θn)

∏
j�=i b(xj) [log frn(x, θn)]

}
∝ Nc(xi; τ̂

′
i , vτ ′i

), (2.45)

where

vτ ′i
= 2σ2/|Λn,i|2,

τ̂
′
i =

vτ ′i
Λ∗

n,i

2σ2

(
rne

−jθ̂n(1− 1

2
vθn)−Λn,:x̂ī

)
. (2.46)

In (2.46), x̂ī is constructed of the a posteriori mean of xj, j = 1 . . . Nq, j �= i, i.e.,

x̂ī = [x̂1, . . . , x̂i−1, 0, x̂i+1, . . . , x̂Nq ]
T . Substituting (2.45) into (2.43), we have

vτ i = 2σ2
(
ΛH

:,iΛ:,i

)−1
,

τ̂ i =
vτ i
2σ2

ΛH
:,i (D(�̂θ)r−Λx̂ī) , (2.47)

where �̂θ = e−jθ̂ − 1
2
e−jθ̂ � vθ, θ̂ = [θ̂1, . . . , θ̂Nq ]

T and vθ = [vθ1 , . . . , vθNq
]T .

Using the second-order Taylor expansion of ejθn in (2.29), the message passed on

the MF subgraph to the PHN estimation subgraph can be approximated as

mBP−MF
frn→θn

(θn) ∝ exp
{
Eb(x) [log frn(x, θn)]

}
∝

{
	
[
r∗nΛn,:x̂

σ2
ejθn

]}
∝ N (θn; θ̂

↓
n, vθ↓n), (2.48)

where

vθ↓n = 1/	
[
r∗nΛn,:x̂

σ2
ejθ̂n

]
,

θ̂↓n = vθ↓n	
[
r∗nΛn,:x̂

σ2
(j + θ̂n)e

jθ̂n

]
. (2.49)
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The amalgamated BP-MF using the sequential message passing schedule for the

Wiener model based joint PHN estimation and decoding algorithm, which is referred

to as BP-MF-s, is summarized in Algorithm 3.

Algorithm 3 Amalgamated BP-MF algorithm for joint PHN estimation and

decoding based on the Wiener model using the sequential scheduling.

1: Initialization: t = 0 (iteration index)

2: For n = 1, . . . , Nq, compute x̂0
n and v0xn

; set θ̂n = 0.

3: Set t = 1 and repeat the following steps until
∑

n |x̂t+1
n − x̂t

n|2 < ε
∑

n |x̂t
n|2 or

t > Tmax.

4: − PHN estimation step: For n = 1, . . . , Nq, compute {θ̂↓n, vθ↓n}, {θ̂→n , vθ→n },
{θ̂←n , vθ←n } and {θ̂tn, vtθn} from (2.49), (2.32), (2.34) and (2.36), respectively.

5: − Soft demodulation step: Compute ŵt = D(�̂t
θ)r−Λx̂t−1.

6: For n = 1, . . . , Nq,

7: compute vtτn from (2.47); compute τ̂ tn =
vtτn
2σ2Λ

H
:,nŵ

t + x̂t−1
n ; compute {x̂t

n, v
t
xn
};

compute ŵt = ŵt −Λ:,n(x̂
t
n − x̂t−1

n ).

8: End for n.

9: − Decoding step: For n = 1, . . . , Nq, {τ̂ tn, vtτn} → Decoder.

10: Compute (2.5) by using the extrinsic information from the decoder.

11: − Denoising step: For n = 1, . . . , Nq, compute {x̂t
n, v

t
xn
} from (2.44); x̂t =

[x̂t
1, . . . , x̂

t
Nq
]T .

2.4.2 DCT Model Based Parallel BP-MF Message Passing

Schedule

Given b(xi) and b(α) from the previous iteration, the message mfrn→xi
(xi) is formu-

lated based on the MF method by

mfrn→xi
(xi) ∝ exp

{
Eb(α)

∏
j�=i b(xj) [log frn(x,α)]

}
∝ Nc(xi; τ̂

′
i , vτ ′i

), (2.50)

where we have:

vτ ′i
= 2σ2/(�̂un |Λn,i|2),
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τ̂
′
i =

vτ ′i
�̂unΛ

∗
n,i

2σ2
[(Φα̂)∗nrn/�̂un −Λn,:x̂ī] , (2.51)

and the message mBP−MF
xi→fM,g

(xi) ∝ Nc(xi; τ̂ i, vτ i) is associated with

vτ i = 2σ2
(
ΛH

:,iD(�̂u)Λ:,i

)−1
,

τ̂ i =
vτ i
2σ2

ΛH
:,iD(�̂u)

(DH(Φα̂)D−1(�̂u)r−Λx̂ī

)
, (2.52)

where �̂u = [�̂u1 , . . . , �̂uNq
]T .

The message emerging from the observation node to the PHN estimation sub-

graph can be expressed as:

mfrn→α(α) ∝ exp
{
Eb(x)

[
log frn(α,x)

]}
∝ exp

{
2	{r∗nΛn,:x̂(Φα)n} − |(Φα)n|2�̂xn

2σ2

}
,

where �̂xn =
∑Nq

i=1 |Λn,i|2(|x̂i|2 + vxi
) + 2

∑Nq

i=1

∑Nq

j>i 	
{
Λ∗

n,iΛn,jx̂
∗
i x̂j

}
. Thus, the a

posteriori pdf of the DCT coefficient vector is given by

b(α) ∝ p(α)

Nq∏
n=1

mfrn→α(α)

∝ exp

{
2	{(r� (Λx̂)∗)HΦα} −αHΦHD(�̂x)Φα

2σ2

}
,

where �̂x = [�̂x1 , . . . , �̂xNq
]T , and its covariance matrix and mean vector are approx-

imated as

Vα = 2σ2/�̄xILPN
, α̂ =

1

�̄x
ΦH(r� (Λx̂)∗), (2.53)

where �̄x is the average of the elements in �̂x.

The amalgamated BP-MF using the parallel message passing schedule for the

DCT model based joint PHN estimation and decoding algorithm, which is referred

to as BP-MF-p, is summarized in Algorithm 4.

2.4.3 Complexity Analysis

In Table 1, we provide a brief complexity comparison of the proposed GAMP-

Wiener, GAMP-DCT, BP-MF-s and BP-MF-p algorithms. All of these methods

involve the calculations of the standard BCJR decoding, thus we only analyze the
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Algorithm 4 Amalgamated BP-MF algorithm for joint PHN estimation and

decoding based on the DCT model using the parallel scheduling.

1: Initialization: t = 0 (iteration index)

2: For n = 1, . . . , Nq, compute x̂0
n and v0xn

.

3: Set t = 1 and repeat the following steps until
∑

n |x̂t+1
n − x̂t

n|2 < ε
∑

n |x̂t
n|2 or

t > Tmax.

4: − PHN estimation step: Compute {Vt
α, α̂

t} from (2.53).

5: − Soft demodulation step: Compute ŵt = DH(Φα̂t)D−1(�̂t
u)r−Λx̂t−1.

6: For n = 1, . . . , Nq, compute vtτn from (2.52); compute τ̂ tn =
vτn
2σ2Λ

H
:,nD(�̂t

u)ŵ
t +

x̂t−1
n .

7: − Decoding step: For n = 1, . . . , Nq, {τ̂ tn, vtτn} → Decoder.

8: Compute (2.5) by using the extrinsic information from the decoder.

9: − Denoising step: For n = 1, . . . , Nq, compute {x̂t
n, v

t
xn
} from (2.44); x̂t =

[x̂t
1, . . . , x̂

t
Nq
]T .

Table 2.1: Comparisons of computational complexity (For example: Nq = 64, LPN = 2, G = 16,
S = 4, and Mg = 4.)

Algorithm Complexity of the demodulator Value Complexity of the PHN estimator Value

GAMP-Wiener O(GNgS + 2Nq logNq) O(1024) O(Nq) O(64)

GAMP-DCT O(GNgS + 2Nq logNq) O(1024) O(2NqLPN ) O(256)

BP-MF-s O(GNgS +Nq logNq +N2
q ) O(4736) O(Nq) O(64)

BP-MF-p O(GNgS + 2Nq logNq) O(1024) O(2NqLPN ) O(256)

Optimal Detector O(2GMg ) O(1.8× 1019) − −
EKF [37] − − O(Nq) O(64)

VI [38] − − O(N3
q ) O(2.6× 105)

computational complexity of a single iteration between the soft demodulator and

PHN estimator within an OFDM-IM block. For soft demodulation by the GAMP-

Wiener scheme, the order of O(GNgS) operations are needed for the calculation

of (2.11) and (2.12), plus an Nq-point IFFT for evaluating (2.24) and an Nq-

point FFT for evaluating (2.26). We point out that the complexity in this part

grows linearly both with the number of IM symbols and the modulation order,

while that in the optimal receiver has a complexity order of O(2GMg). The PHN

estimation, i.e. the computation of (2.28) and the messages in the PHN estimation
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subgraph based on the Wiener model and on the second-order Taylor expansion

approximation is in the order of O(Nq). The GAMP-Wiener and GAMP-DCT

scheme differ in the PHN estimation part. Explicitly, in GAMP-DCT, O(2NqLPN)

operations are required for the calculation of (2.39) and (2.41) following from the

assumption of D(�̂z) ≈ �̂zINq . The BP-MF-s differs from the GAMP-Wiener scheme

in the soft demodulation, where the complexity is increased from O(Nq logNq) to

O(N2
q ), since the FFT cannot be directly invoked, when the messages are updated

sequentially. By contrast, the BP-MF-p and GAMP-DCT have similar complexity

in this part using the FFT, when passing messages in parallel. We also compare

the complexity of the proposed algorithms to that of the conventional pilot based

PHN estimation method of [82] combined with the conventional OFDM-IM detector

of [13]. The calculations of a frequency-domain received sequence need an Nq-

point FFT. The PHN estimation part in the pilot based method requires O(Npilot)

operations, where Npilot is the total number of pilots contained within an OFDM-

IM packet. However, the complexity of these calculations is modest, which have

already been performed before starting iterative decoding. After compensating the

received samples using the PHN estimates, the conventional LLR detector of [13]

is employed for soft demodulation, which has a complexity order of O(GMgS).

Furthermore, the existing PHN tracking algorithms of [37] and [38] are combined

with the proposed demodulation method and the complexity of PHN estimation

is studied for comparison with both its Wiener model and the DCT model based

counterparts. For the EKF of [37], similar PHN estimation complexity is seen as

that in the GAMP-Wiener scheme due to the local linearization of the system model

using first-order Taylor expansion. The VI approach of [38] involves an inversion

of an (Nq × Nq)-element matrix, which imposes a complexity order of O(N3
q ). In

Table. 1, we give an example for Nq = 64, LPN = 2, G = 16, S = 4, and Mg = 4.

We observe that the proposed PHN estimation algorithms are computationally more

efficient compared to the VI approach, for example, by a factor of 4096 at Nq = 64,

when we employ the GAMP-Wiener method.
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2.5 Simulation Results

In this section, simulation results are provided for evaluating the performance of the

proposed joint PHN estimation and decoding algorithms for the OFDM-IM scheme

and for comparing it with conventional OFDM. For all simulations, a rate-0.66 (i.e.,

Rc = 0.66) LDPC coded using a block size 8064 is used. The maximum number

of iterations in the LDPC decoder is 50, while it is Tmax = 20 between the SISO

demodulation and SISO decoding, unless otherwise stated. The tolerance value is

set to be ε = 10−12. The number of subcarriers in an OFDM-IM symbol is kept

constant at 64, i.e., Nq = 64. A ten-tap (i.e., Lh = 10) Rayleigh fading channel is

considered. The CIRs are circularly symmetric complex Gaussian random variables

following the distribution N (hl; 0, 1/Lh). The CP length LCP is selected to be 13.

The SNR is expressed as Eb/N0, with Eb = Nq+LCP

RcG(Mg1+Mg2)
being the energy per

bit. The effective throughput is Rc
G(Mg1+Mg2)

Nq+LCP
[bits/symbol]. For characterizing

the PHN, a Wiener model with σ� = 0.5◦ and a severer one with σ� = 3◦ are

used for generating PHN samples. The initial phase θ1 is uniformly distributed in

[0, 2π). The number of DCT coefficients LPN is designed to be 2, unless otherwise

specified. A pilot is inserted every 64 subcarriers to assist the iterative decoder to

bootstrap and to aid synchronizatione. Bearing in mind that OFDM-IM scheme

tends to exhibit benefits over its OFDM counterpart when the throughput is below

2 [bits/symbol] [34], we only consider low-order modulation schemesf such as binary

phase shift keying (BPSK), i.e., S = 2, and quadrature phase shift keying (QPSK),

i.e., S = 4.

Fig. 2.4 shows the BERs of the proposed GAMP-Wiener and GAMP-DCT

algorithms for different OFDM-IM schemes characterized by {S = 4, Ng = 4, Kg =

dThe variable and check node degree distributions (refer to [72] for details) are X1 = 0.00003+

0.1909X + 0.4070X2 + 0.4020X7 and X2 = 0.5029X9 + 0.4971X10, respectively. The parameter

definitions follow [72].
eThe power overhead due to the pilots is included in the simulation results. The gap between

cases with known PHN and unknown PHN only comes from different algorithms and is not due to

pilots, since the increase of required SNR is added artificially in known PHN cases.
fAs evidenced by our additional extensive simulations, the BER performance advantage of the

OFDM-IM scheme over its classic OFDM counterpart tends to erode for higher order modulations.
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Figure 2.4: BER performance of classic BPSK-modulated OFDM and OFDM-IM
(characterized by (4,4,1) and (2,4,2)) systems communicating over a 10-tap Rayleigh
fading channel affected by PHN. Wiener PHN model with standard deviations of
σ� = 0.5◦ and 3◦ are considered. Both proposed GAMP-Wiener and GAMP-DCT
are evaluated. The effective throughput is 0.55 bits/symbol.

1} (denoted by “(4, 4, 1)”) and {S = 2, Ng = 4, Kg = 2} (denoted by “(2, 4, 2)”),

respectively. For comparison, the BER curves of classic BPSK modulated OFDM

(denoted by “OFDM BPSK”), yielding the same transmission rate as that of OFDM-

IM, are also plotted. The BERs of the OFDM-IM and OFDM schemes with known

PHN, denoted by “known PHN”, are also shown as benchmarks. A constellation

rotation technique with a rotation angle of π/12 and the coordinate interleaved

orthogonal design (CIOD) approach of [36] are used for improving the diversity

gain. Additionally, for OFDM-IM with known PHN, the subcarrier-level interleaving

scheme of [35] is also invoked for attaining multipath diversity by reducing the

correlation amongst the subcarriers 1 to Nq. As shown in Fig. 2.4, in case of known

PHN, OFDM-IM outperforms its OFDM counterpart in the high-SNR region, in

agreement with the findings of [13,34,35]. This is because the performance advantage

of the bits transmitted in the IM domain is more significant at high SNRs, especially

for σ� = 0.5◦. Specifically, the performance loss of both the GAMP-Wiener and

GAMP-DCT algorithms recorded in case of known PHN is modest, which confirms

the efficiency of the Wiener model and DCT model based PHN estimation methods,
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Figure 2.5: BER performance of classic QPSK-modulated OFDM and OFDM-
IM (characterized by (4,4,3)) systems communicating over a 10-tap Rayleigh fading
channel affected by PHN. Wiener PHN model with standard deviations of σ� =
0.5◦ and 3◦ are considered. Both proposed GAMP-Wiener and GAMP-DCT are
evaluated. The effective throughput is 1.1 bits/symbol.

when σ� = 0.5◦. By contrast, about 0.7 dB gap is seen for classic OFDM, if the

target BER is 10−5. This means that using the proposed GAMP based algorithms,

the OFDM-IM schemes transmitting part of the information bits by the indices

of activated subcarriers indeed succeed in improving the performance over classic

OFDM with PHN distortion. For σ� = 3◦, the GAMP-DCT is slightly superior to

GAMP-Wiener for OFDM-IM (4, 4, 1) at a slightly higher complexity. This indicates

that the accuracy of the Taylor expansion in the GAMP-Wiener receiver degrades

upon increasing the PHN intensity. Meanwhile, we point out that the correlation

between the PHN samples is not exploited across different OFDM-IM symbols, which

is also a reason for the performance degradation of GAMP-Wiener. Explicitly, the

mean values of the messages mfθn→θn
(θn) and mfθn+1→θn

(θn) at the boundaries of an

OFDM-IM symbol are initialized with zeros, which will introduce a transient for the

PHN estimation, especially when Nq is not long enough.

In Fig. 2.5, we compare the BER performance of the OFDM-IM (4, 4, 3) and

classic QPSK modulated OFDM both at an effective throughput of 1.1 bits/symbol.

As seen from Fig. 2.5, the proposed GAMP-Wiener achieves better BER perfor-
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mance than classic OFDM beyond a certain SNR when σ� = 0.5◦. This trend

is similar to that in Fig. 2.4. However, this performance advantage diminishes

for a relatively severe PHN of σ� = 3◦. This can be explained by the fact that

the accuracy of data detection and PHN estimation is reduced upon increasing

the PHN intensity, since more ICI is introduced. To improve the BER perfor-

mance of OFDM-IM (4, 4, 3) for σ� = 3◦, we add a depth-Ng subcarrier interleaver

to rearrange the contaminated subcarriers in frequency domain. The BER curve

of this interleaving aided GAMP-DCT method is labelled by “GAMP-DCT-IS”.

Specifically, the interleaved frequency domain signals can be expressed as x̆ =

[x1(1), x2(1), . . . , xG(1), . . . , x1(Ng), . . . , xG(Ng)]
T . Accordingly, after de-interleaving

at the receiver, we have

r =
1√
Kq

D(ejθ)F̆HH̆x+w, (2.54)

where F̆H and H̆ are de-interleaved versions of FH and H, respectively. In this way,

the performance degradation of IM-modulated bits due to the frequency-domain

correlation is reduced. It is shown that as expected, about 0.4 dB gain is achieved at

a BER of 10−5 for the GAMP-DCT-IS over GAMP-DCT. However, the OFDM-IM

having realistic unknown PHN and using the interleaving loses the low complexity

advantage of the FFT, which is in contrast to the known PHN case due to the matrix

F̆H in (2.54). Using Equations (2.15), (2.16), (2.21) and (2.22) instead of (2.23),

(2.24), (2.25) and (2.26), the complexity is increased from O(Nq logNq) to O(N2
q ).

Hence, there is a flexible performance vs. complexity tradeoff in the GAMP based

OFDM-IM receiver.

In Fig. 2.6, the BER performance of the BP-MF-s and BP-MF-p based receivers

is compared to that of the proposed GAMP-Wiener and GAMP-DCT algorithms at

a PHN of σ� = 3◦. The OFDM-IM schemes characterized by (4, 4, 1) and (4, 4, 3)

and having throughputs of 0.55 bits/symbol and 1.1 bits/symbol are considered.

The number of turbo iterations between SISO demodulation and SISO decoding is

fixed to Tmax = 20. We observe that GAMP-DCT exhibits the best BER amongst

the aforementioned algorithms. Compared with GAMP-Wiener, BP-MF-s achieves

slightly lower BER values, which is attributed to exploiting the a posteriori estimates
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Figure 2.6: BER performance of the proposed GAMP-DCT, GAMP-Wiener and
BP-MF algorithms. Both parallel and sequential schedules for the BP-MF methods
are studied for comparison. Wiener PHN model with σ� = 3◦ is considered. The
effective throughput of OFDM-IM (4, 4, 1) and (4, 4, 3) is 0.55 bits/symbol and 1.1
bits/symbol, respectively.

1 2 4 6 8 10 12 14 16 18 20
10−6

10−5

10−4

10−3

10−2

10−1

100

B
ER

Iter

BP−MF−p
BP−MF−s
GAMP−Wiener
GAMP−DCT
(4,4,3) E

b
/N

0
=9dB

(4,4,1) E
b
/N

0
=7dB

Figure 2.7: BER performance of the proposed GAMP-DCT, GAMP-Wiener and
BP-MF algorithms versus iteration index. Both parallel and sequential schedules for
the BP-MF methods are studied for comparison. Wiener PHN model with σ� = 3◦

is considered. The effective throughputs of OFDM-IM (4, 4, 1) and (4, 4, 3) are 0.55
bits/symbol and 1.1 bits/symbol, respectively.
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Figure 2.8: The impact of the number of DCT coefficients on BER performance
of the GAMP-DCT algorithm at Eb/N0 = 7 dB. The block length of DCT model
is fixed at 64, 128, and 256, respectively. Wiener PHN model with σ� = 3◦ is
considered.

of xg in the estimation of the remaining symbols during iteration t. By contrast, a

significant performance loss is seen for the BP-MF-p method, especially for OFDM-

IM (4, 4, 3). For example, at a BER of 10−5, about 0.6 dB loss is observed for

BP-MF-p over GAMP-DCT for OFDM-IM (4, 4, 1), but an error floor around the

BER value of 10−4 for OFDM-IM (4, 4, 3). Furthermore, Fig. 2.7 plots the BERs of

the receivers as a function of the iteration index under the conditions of Fig. 2.6. The

SNR is fixed to 7 dB (dotted line) and 9 dB (cont. line) for OFDM-IM (4, 4, 1) and

OFDM-IM (4, 4, 3), respectively. Observe that the GAMP-Wiener, GAMP-DCT

and BP-MF-s algorithms all converge after about 5 iterations. Therefore, 5 iterations

on average are sufficient to meet the pre-specified stopping criterion. By contrast,

the convergence of BP-MF-p is slow compared to both its sequential counterpart

and to the GAMP based receivers, which explains its poor BER performance at

high SNRs in Fig. 2.6. We also observe that although the complexity of GAMP-

Wiener is lower than that of BP-MF-s and its performance is inferior to BP-MF-s

after convergence, the BER of GAMP-Wiener is slightly lower than that of BP-MF-s

at the first few iterations.
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Figure 2.9: The impact of residual CFO of Δφ = 0.1 and imperfect CSI with
parameter vεh = 0.01 on BER performance of the GAMP-DCT algorithm, the
existing EKF [37], and the [85] combined with VI [38]. Wiener PHN model with
σ� = 3◦ is considered.

In Fig. 2.8, the BER performance vs. the number of DCT coefficients is studied.

Observing that similar to the phenomenon shown in [71] for a single-carrier system,

given the OFDM-IM symbol length, there is an appropriate number of DCT coef-

ficients. After optimizing the relationship between the number of DCT coefficients

and OFDM-IM symbol length, we find that a slightly better BER performance can

be attained for higher Nq.

The proposed algorithm relying on residual CFO Δφ and imperfect channel

information is evaluated in Fig. 2.9. In practical systems, the channel estimation

error at the receiver is assumed to be a zero-mean Gaussian variable with a variance

of vεh [83]. Fig. 2.9 compares the BER performance of the proposed GAMP-DCT

both for OFDM-IM and for classic OFDM, when Δφ = 0.1 [84], vεh = 0.01 and σ� =

3◦. The simulation settings are kept the same as in Fig. 2.4. In order to take the

channel uncertainty and the residual CFO into account, the proposed algorithm is

modified by recalculating the equivalent mean and power of the residual interference

imposed by residual CFO and imperfect channel estimation using the PHN estimates

and symbols estimates at each iteration. Additionally, the BER curves of the pilot
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Figure 2.10: The BER performance of proposed GAMP-Wiener and GAMP-
DCT compared with existing EKF [37] and VI [38] algorithms. The OFDM-IM is
characterized by (4, 4, 3). Wiener PHN model with σ� = 0.5◦ and 3◦ are considered.
The effective throughput is 1.1 bits/symbol.

based joint CFO, CIR and PHN estimation methods of [37] (denoted by “EKF [37]”)

and of [85] are now combined with the PHN tracking algorithm of [38] (denoted by

“ [85] & VI [38]”), which are shown for comparison. We observe that the proposed

GAMP-DCT method outperforms the existing pilot based EKF and [85] & VI, even

in the presence of residual CFO and channel estimation errors. Moreover, compared

to classic OFDM, OFDM-IM relying on the proposed GAMP-DCT method is more

robust both to the residual CFO and to the channel uncertainty. For example, for

Δφ = 0.1, vεh = 0.01, and σ� = 3◦, only a modest performance gap of 0.15 dB

is seen for OFDM-IM compared to the perfect CFO and CSI based BER curve at

BER= 10−5, while 0.4 dB is observed for classic OFDM. However, this gap widens

at higher SNR values.

In Fig. 2.10, the BER performance of the proposed GAMP-Wiener and GAMP-

DCT algorithms is compared to existing methods. The conventional pilot based

PHN estimation method of [82] is now combined with the conventional OFDM-IM

detector of [13] (denoted by “pilot based & [13]”). We consider different ratios of

pilots, e.g., 6%, 12.5% and 25%. The extended Kalman filter method (denoted by
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“EKF [37]”) and the variational inference approach (denoted by “VI [38]”) were

proposed for joint PHN estimation and uncoded ODFM data detection in [37] and

[38], respectively. These are now extended to the coded OFDM-IM scheme by

combining it with the proposed GAMP based data detection algorithm. The system

parameters are the same as in Fig. 2.5, where two different PHN variances, i.e., σ� =

0.5◦ and 3◦ are considered. Additionally, the BER performance recorded without

PHN estimation (denoted by “No PHN cancel.”) is also shown for comparison. It

is seen that the OFDM-IM performance degrades significantly, if the effect of PHN

is ignored. The conventional pilot based method improves the BER performance

by increasing the ratio of pilots from 6% to 12.5%. However, a performance erosion

is imposed by further increasing this ratio, since due to the power assigned to the

pilots, the Eb/N0 reduction becomes significant. We also observe that the pilot based

algorithm is inferior to other data-aided methods, due to the fact that the PHN

varies rapidly compared the OFDM-IM symbol rate and hence the PHN cannot

be sufficiently mitigated using pilots. By using the proposed GAMP-Wiener and

GAMP-DCT, the BER performance improves considerably even for severe PHN. The

GAMP-DCT scheme outperforms the others due to the fact that the first LPN DCT

coefficients are well suited for the compact representation of the lowpass process

of discrete-time PHN samples [71]g. However, the VI method exhibits poor BER

performance compared to the proposed ones and the EKF, especially at high SNRs,

where the performance is mainly limited by the PHN estimation accuracy instead

of the additive white noise. Explicitly, it suffers from an error floor when σ� = 3◦.

This outcome can be attributed to the first-order Taylor expansion approximation of

the PHN vector over the whole OFDM-IM symbol. The linearization approximation

directly imposed on the system model substantially deviates from the true system

parameters in the presence of strong PHN. By contrast, both the proposed GAMP-

Wiener method and the EKF updates the current PHN sample estimation by using

previous PHN estimates. The essential difference between the EKF and the GAMP-

Wiener is that the EKF linearizes the system model locally using the first-order

gSimilar applications of DCT expansion tehcnique can be found in various audio and image

compression algorithms.
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Taylor series, while the GAMP-Wiener approximates the messages exchanged in

the factor graph by second-order Taylor expansion. This explains the superiority of

the GAMP-Wiener over the EKF for two different PHN variance values.

2.6 Conclusion

In this chapter, low-complexity joint PHN estimation and decoding methods are

developed in the framework of message passing on a factor graph. Both the Wiener

process and the truncated DCT expansion model are considered for approximating

the PHN variation. Then based on these a factor graph is constructed for explicitly

representing the joint estimation and detection problem. Taking full account of

the sparse and structured a priori information arriving from the SISO decoder

of a turbo receiver, a modified GAMP algorithm is invoked for decoupling the

frequency-domain symbols. In the decoupling step, MF approximation is employed

for solving the unknown nonlinear transform matrix problem imposed by PHN.

Furthermore, merged BP and MF methods amalgamated both with sequential and

parallel message passing schedules are introduced and compared to the proposed

GAMP based algorithms in terms of their BER vs. complexity. Our simulation

results demonstrate the efficiency of the proposed algorithms in the presence of

both perfect and imperfect channel state information.



Chapter 3

Iterative Detection for

Dual-Mode-Aided IM in Nonlinear

Dispersive Satellite Channels

In the previous chapter, multi-carrier OFDM-IM systems are studied, which however

are sensitive to nonlinear distortions due to their high PAPR. In this chapter, the

DM-aided IM technique is used to improve the spectral efficiency of single-carrier

Satcom and then two low-complexity iterative detection algorithms are developed

for jointly detecting IM symbols and conventional constellation symbols while elim-

inating the effects of nonlinear inter-symbol interference.

3.1 Introduction

The integration between terrestrial communications and Satcom has been a new

trend for satisfying the challenging requirements of high performance and seamless

services. However, both bandwidth and available power are limited over satellite

channels. In order to keep up with the rapid growth of terrestrial communications,

Satcom should exploit innovative techniques to improve its spectrum utilization

and energy efficiency. The spectral efficiency can be improved by using high-

order modulation. However, higher-order modulation is more sensitive to nonlinear

channels. By using the DM-aided IM technique, the specific permutation of the

49
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two distinguished modes is used for implicitly conveying extra information, hence

improving the achievable throughput at a given BER performance. In contrast to

existing IM-based terrestrial communication systems, which are mainly formulated

in linear frequency-flat [12] or linear frequency-selective Rayleigh fading channels

[13,14,40], Satcom generally suffers from nonlinear and dispersive distortionsa [41].

Consequently, the receiver has to combat ISI and nonlinear distortions, as well as

to jointly detect the IM bits and the ordinary constellation mapping bits. From

existing literature, iterative detection methods for IM in nonlinear dispersive satellite

channels have not been studied.

In Satcom without using IM, many algorithms have been developed for SC signal

detection [86–90]. SC modulation has low PAPR and hence is less vulnerable to

nonlinear distortions compared with OFDMb [23]. In [86], a low-complexity detector

based on Gaussian approximation of the nonlinear ISI terms was developed for SC

in Satcom. However, it delivers remarkably degraded performance compared with

the optimal receiver. In [87], the sum-product algorithm (SPA) was employed for

detecting PSK symbols in the framework of factor graph (FG) [64]. The complexity

of this detector increases linearly with the nonlinear channel memory at the cost of

significant performance loss. By using the Markov chain Monte Carlo (MCMC)

technique, a nonlinear equalizer was studied in [91], which offers an attractive

tradeoff between the BER performance and the complexity.

Unfortunately, all existing detectors designed for conventional Satcom cannot

be directly applied in Satcom relying on IM. One of the reasons is that not all

permutations of the two distinguishable constellation modesc are utilized by the

transmitter, and this has to be carefully taken into account at the receiver. Moreover,

the discrete constellation symbols are priorly dependent due to the use of IM, which

aIn a high-frequency band, nonlinear distortions are introduced by the power amplifier which

is always driven near its saturation point in the satellite transponder or in the base station [23].
bNonlinear distortions result in a loss of subcarrier orthogonality of multi-carrier OFDM

systems, which inevitably leads to inter-channel interference. This means that the detector for

OFDM-IM in nonlinear dispersive satellite channels has to combat ICI and nonlinear distortions.
cSingle-mode-aided IM can be regarded as a special case of DMIM by setting the secondary

constellation to be null.
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is not the case in conventional Satcom. In this context, the widely-used independent

Gaussian approximation of discrete symbol variables in original Satcom will lead to

significant performance loss when directly used in the IM-aided Satcom without

any modification. On the other hand, nonlinear ISI introduced by satellite channels

results in a loss of index-modulated symbol vector (IM-symbol) orthogonality, i.e.,

the subframe orthogonality, which leads to the complexity of the optimal detector

growing exponentially with the number of bits per frame [13].

Against this background, in this chapter, two low-complexity iterative detection

algorithms are proposed for Satcom relying on DMIM (Sat-DMIM) in nonlinear

dispersive satellite channels. The contributions of this chapter are summarized as

follows:

• Instead of directly treating the correlated Sat-DMIM symbols as independent

Gaussian random variables, the mode-selection pattern constraint is considered

by explicitly calculating the a priori pdf of Sat-DMIM signal. Given this a

priori information, the joint a posteriori pdf of discrete Sat-DMIM symbols is

derived based on a Volterra-series expansion model [92] for nonlinear dispersive

satellite channels.

• In order to eliminate the effects of both linear and nonlinear ISI over satellite

channels, a suitably-designed factor graph is constructed by factorizing the

joint a posteriori probability distribution, based on which an amalgamated BP

and MF message passing algorithm is derived. Specifically, the MF method is

applied at the observation nodes for decoupling the Sat-DMIM symbols, while

the BP technique is invoked at the mode-selection pattern constraint nodes

and at the PSK/QAM modulation constraint nodes for updating the estimates

of IM bits and ordinary mapping bits.

• In contrast to directly approximating the nonlinear system model [87,93,94], a

partial linearization approximation-aided BP-MF algorithm is proposed to fur-

ther reduce the complexity. Specifically, by ignoring some high-order ISI terms,

the message parameters to be updated with iterations are simplified. The

number of sufficient statistics to be tracked for updating nonlinear messages
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Figure 3.1: The transceiver of the LDPC-coded Satcom relying on DMIM.

is further reduced by using the first-order Taylor series expansion technique.

The rest of this chapter is outlined as follows. Section 3.2 introduces the sys-

tem model. Low-complexity BP-MF-based and partial linearization approximation-

based iterative detection algorithms are derived over a suitably-designed factor graph

in Sections 3.3 and 3.4, respectively. Section 3.5 provides computer simulation

results and complexity analysis. Finally, Section 3.6 concludes this chapter.

3.2 System Model

The transceiver architecture of low-density parity-check (LDPC)-coded [72] Satcom

relying on DMIM is depicted in Fig. 3.1. For each Sat-DMIM frame, N -length

data symbols x = [x1, x2, . . . , xN ]
T are equally divided into G subframes, i.e.,

x � [xT
1 , . . . ,x

T
G]

T with each subframe containing Ng � N/G constellation symbols.

In contrast to conventional single-carrier Satcom, where only a single constellation

mode is employed for all time slots, the Ng symbols in each Sat-DMIM subframe

are drawn from two distinguishable constellation modes. Therefore, in Sat-DMIM,

the information is conveyed both by conventional PSK/QAM symbols and the

permutation of the two modes predesigned for each subframe. The details of the

transmitter and the receiver structures, as well as the characteristics of nonlinear

dispersive satellite channels are provided in the following subsections.
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Table 3.1: The Look-up table of mode-selection mapping between the IM bits and
the legitimate set for Ng = 4 and Kg = 2.

MgI IA xg

[0 0] {1, 3} [sAg (1), s
B
g (1), s

A
g (2), s

B
g (2)]

T

[0 1] {1, 4} [sAg (1), s
B
g (1), s

B
g (2), s

A
g (2)]

T

[1 0] {2, 3} [sBg (1), s
A
g (1), s

A
g (2), s

B
g (2)]

T

[1 1] {2, 4} [sBg (1), s
A
g (1), s

B
g (2), s

A
g (2)]

T

3.2.1 Transmitter Model

As shown in Fig. 3.1, a length-Mi sequence of information bits b � {bi}Mi
i=1 is encoded

by a rate-Rc LDPC encoder, and then the resultant Mc � Mi/Rc coded bits c =

{ci}Mc
i=1 are equally partitioned into G length-Mg (Mg � Mc/G) subgroups, i.e., c �

[cT1 , . . . , c
T
G]

T , cg ∈ {0, 1}Mg , g = 1, . . . , G. By using the DMIM technique, the gth

subgroup of coded bits cg is mapped to the gth subframe xg � [xg(1), . . . , xg(Ng)]
T ,

which is comprised of Kg symbols drawn from the PA-ary constellation set Ṡ =

{ṡ1, . . . , ṡPA
} (denoted by “mode A”) and the remaining (Ng − Kg) symbols from

the PB-ary constellation set S̈ = {s̈1, . . . , s̈PB
} (denoted by “mode B”). Specifically,

the Mg bits in cg are further divided into smaller segments of MgI , MgA and MgB

bits for different purposes: The first MgI =
⌊
log2

(
Ng

Kg

)⌋
bits enter the mode selector

to separate the indices of xg into two index subsets IA
g = {iAg,1, . . . , iAg,Kg

} and

IB
g = {iBg,1, . . . , iBg,Ng−Kg

}, where iAg,m, i
B
g,l ∈ {1, . . . , Ng} for m = 1, . . . , Kg and

l = 1, . . . , Ng −Kg; the remaining MgA = Kg log2 PA and MgB = (Ng −Kg) log2 PB

bits are mapped to Kg PA-ary symbols sAg = [sAg (1), . . . , s
A
g (Kg)]

T ∈ ṠKg and to

(Ng −Kg) PB-ary symbols sBg = [sBg (1), . . . , s
B
g (Ng −Kg)]

T ∈ S̈(Ng−Kg), respectively.

Given the mode permutation chosen by the mode selector, the symbols in sAg and sBg

are then assigned to the indices in IA
g and IB

g , respectively, yielding the gth subframe

xg. In other words, for i = 1, . . . , Ng, we have xg(i) ∈ Ṡ for i ∈ IA
g , and xg(i) ∈ S̈ for

i ∈ IB
g . Note that with a little abuse of notation, we may denote the coded bits cor-

responding to the vector xg as cg = [cIMg,1, . . . , c
IM
g,MgI

, cAg,1, . . . , c
A
g,MgA

, cBg,1, . . . , c
B
g,MgB

]T ,

where cIMg,i is the ith IM bit; cAg,j and cBg,k are the jth and the kth ordinary constellation
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mapping bits corresponding to the symbols belonging to Ṡ and S̈, respectively.
Let us refer to IA

g as the mode-selection pattern, since the subset IB
g is de-

termined once IA
g is known. Obviously, there are

(
Ng

Kg

)
available permutations,

while only Υ � 2MgI legitimate mode-selection patterns determined by the MgI

IM bits are employed by the transmitter. Denote the predefined legitimate set as

IA � {IA(1), . . . , IA(Υ)}. The fact that IA
g should belong to IA is referred to as

the mode-selection pattern constraint. Considering that existing mode mapping

methods tend to introduce error propagation if different modulation orders are

employed [44–46], we use the improved mapping rule provided in Table 3.1 for

Ng = 4 and Kg = 2 as an example. The legitimate set of mode-selection patterns

in this example is IA = {{1, 3}, {1, 4}, {2, 3}, {2, 4}}. Specifically, according to the

look-up Table 3.1, if the MgI IM bits of the mode selector are [0 0], the first and

third entries of xg are PA-ary symbols associated with the following MgA bits, while

the other two entries are PB-ary symbols associated with the remaining MgB bits.

Finally, the frame buffer in Fig. 3.1 concatenates the G subframes {xg}Gg=1,

creating the length-N data frame x = [x1, . . . , xN ]
T . The effective transmission

rate of the Sat-DMIM scheme is given by

R = Rc

⌊
log2

(
Ng

Kg

)⌋
+Kg log2 PA + (Ng −Kg) log2 PB

Ng

.

3.2.2 Nonlinear Dispersive Satellite Channels

As shown in Fig. 3.1, the satellite transponder consists of an input demultiplexer

(IMUX) filter, a high power amplifier (HPA) and an output multiplexer (OMUX)

filter [95]. For reasons of power efficiency, the HPA always operates close to its

saturation region, which inevitably introduces nonlinear memoryless distortion [88].

The IMUX and OMUX filters placed before and after HPA are used to reduce the

effect of adjacent channels and to restrain the spectral broadening caused by the

nonlinear amplifier, respectively. However, the employment of these two filters can

introduce possibly serious ISI. We assume that the characteristics of the HPA, the

IMUX and OMUX filters are perfectly known at both the transmitter and receiver

sides. In order to describe the resultant effect of nonlinearities with memory, many
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models are developed in literatures, including the polynomial model [96], as well

as the Hammerstein model [97] and the Volterra model [92]. The Volterra model,

derived by decomposing the nonlinear channels using the Taylor series, has a more

generic expression. Based on the Volterra model, the nonlinear dispersive satellite

channels can be formulated as a finite state machine, which has been widely applied

for the receiver design in classical Satcom [87,89,90,98]. Note that taking more high-

order Volterra series into consideration may be able to describe the actual satellite

channels more accurately and help gain better performance of nonlinear detectors,

but the computational complexity can become intractable and the instability of

the nonlinear compensation process tends to increase [99]. Hence, we use a common

Volterra-series expansion model of third order to decompose the nth discrete received

signal as

rn =
L∑
l=0

xn−lhl︸ ︷︷ ︸
Linear ISI

+
L∑
i=0

L∑
j≥i

L∑
k=0

xn−ixn−jx
∗
n−khijk︸ ︷︷ ︸

Nonlinear ISI

+wn, (3.1)

where the parameter L describes the dispersion of the nonlinear channels; hl and hijk

are the first- and third-order Volterra kernelsd, respectively; and wn is the zero-mean

complex circularly symmetric Gaussian noise sample with a variance of 2σ2.

3.2.3 Receiver Model

In contrast to the conventional SC scheme, the symbols in Sat-DMIM become

correlated due to the mode-selection mapping in the time domain. In this case,

the a priori information of each Sat-DMIM symbol gleaned from the SISO decoder

is subject to the mode-selection pattern constraint. As a further aggravation, if

not fully compensated, the nonlinear dispersive satellite channels can significantly

degrade the detection accuracy of both the mode-selection mapping symbols and the

ordinary PSK/QAM constellation symbols. Therefore, the receiver has to jointly

detect the IM bits and ordinary constellation mapping bits of LDPC-coded Sat-

DMIM while coping with both linear and nonlinear ISI.

dNote that only odd-order terms appear in (3.1) , since the spectral components generated by

even-order distortions fall outside of the channel bandwidth [92].
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As illustrated in Fig. 3.1, by using the principle of Turbo equalizer [70], the SISO

demodulator exploits the structured a priori information provided by the SISO

decoder from the previous iteration to decouple the Sat-DMIM symbols. Given the

estimates of Sat-DMIM symbols provided by the SISO demodulator, the demappers

of the mode selector, as well as of the Mode A and Mode B, update the a posteriori

log-likelihood ratios (LLRs) of coded bits within each subframe. By extracting the a

priori information from the a posteriori probability distributions, the SISO decoder

obtains the so-called extrinsic LLRs and then uses them to perform the standard

Bahl, Cocke, Jelinek and Raviv (BCJR) decoding [73]. The output of the SISO

decoder is then fed back to the SISO demodulator for the next iteration.

3.3 Amalgamated BP-MF-Based Iterative Detec-

tion Algorithm

3.3.1 Probabilistic Representation and Factor Graph

The goal of the optimal receiver is to find the estimates of information bits in b

based on the maximum a posteriori (MAP) criterion:

b̂MAP
i = argmax

bi
p(bi|r)

= argmax
bi

∑
b\bi

p(b|r), i = 1, . . . ,Mi, (3.2)

where r � [r1, . . . , rN ]
T denotes the sequence of received signal samples. As can be

easily analyzed, the criterion in (3.2) is not immune to the exponential complexity

when a large block size Mi is involved in the presence of large channel memory. To

avoid the intractable complexity, based on the received signal model in (3.1), we

propose to factorize the joint a posteriori pdf of the information bits b, the coded

bits c and the Sat-DMIM symbols x as follows:

p(b, c,x|r) ∝ p(r|x)p(x|c)p(c|b)p(b)

∝ Ic(c,b)
G∏

g=1

fM,g(xg|cg)P (x)
N∏

n=1

fr,n(xn, xn−1, . . . , xn−L, rn), (3.3)
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fr,n(xn, . . . , xn−L, rn) ∝ exp

⎧⎨
⎩− 1

2σ2

∣∣∣rn −
L∑
l=0

xn−lhl −
L∑
i=0

L∑
j≥i

L∑
k=0

xn−ixn−jx
∗
n−khijk

∣∣∣2
⎫⎬
⎭
(3.4)

∝ exp

{
− 1

2σ2

{
|xn|6|h000|2 + |xn|4

[
ψo�o,2
n,n + ψoo�,2

n,n + 2	 [
h∗000(h0 + ψo��

n,n)
] ]

+ |xn|2
[
|h0|2

+ ψo��,2
n,n + ψ��o,2

n,n + 2	 [
(−rn + εn,n)

∗ψo�o
n,n + h∗0ψ

o��
n,n

] ]
+ |εn,n|2 + 2	

[
|xn|4xn

[
h000(ψ

o�o
n,n)

∗

+h∗000ψ
oo�
n,n

]
+ |xn|2x2n

[
h000(ψ

��o
n,n)

∗ + (ψo�o
n,n)

∗ψoo�
n,n

]
+ x2nx

∗
n[ψ

oo�
n,n(h0 + ψo��

n,n)
∗]

+ x3nψ
oo�
n,n(ψ

��o
n,n)

∗ + |xn|2xn
[
(−rn + εn,n)

∗h000 + (ψo�o
n,n)

∗(h0 + ψo��
n,n) + ψo�o

n,n(ψ
��o
n,n)

∗]
− r∗nεn,n + x2n

[
(−rn + εn,n)

∗ψoo�
n,n + (h0 + ψo��

n,n)(ψ
��o
n,n)

∗]
+ xn

[
(−rn + εn,n)

∗(h0 + ψo��
n,n) + (−rn + εn,n)(ψ

��o
n,n)

∗] ]}}. (3.5)

ψo�o
n,n =

L∑
i=1

xn−ih0i0, ψoo�
n,n =

L∑
i=1

x∗n−ih00i, ψo��
n,n =

L∑
i=1

L∑
j=1

xn−ix
∗
n−jh0ij,

ψo�o,2
n,n =

L∑
i=1

|xn−i|2|h0i0|2, ψoo�,2
n,n =

L∑
i=1

|x∗n−i|2|h00i|2, ψo��,2
n,n =

L∑
i=1

L∑
j=1

|xn−i|2|x∗n−j|2|h0ij|2,

ψ��o
n,n =

L∑
i=1

L∑
j≥i

xn−ixn−jhij0, ψ
��o,2
n,n =

L∑
i=1

L∑
j≥i

|xn−i|2|xn−j|2|hij0|2,

εn,n =
L∑
i=1

xn−ihi +
L∑
i=1

L∑
j≥i

L∑
k=1

xn−ixn−jx
∗
n−khijk. (3.6)
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Figure 3.2: Factor graph representation of the probabilistic model (3.3).

where the indicator function Ic(·) stands for the coding constraint and fM,g(·) rep-

resents the mode-selection and PSK/QAM modulation constraints. In (3.3), the

likelihood function fr,n(·) is calculated by (3.5), where the variables ψo�o
n,n, ψ

oo�
n,n, ψ

o��
n,n,

ψ��o
n,n, ψ

o�o,2
n,n , ψoo�,2

n,n , ψo��,2
n,n , ψ��o,2

n,n and εn,n that appear in (3.5) are given by (3.6). We

observe that these variables are composed of Sat-DMIM symbols {xn−1, . . . , xn−L}
and are irrelated with xn, as a result of classifying the linear and nonlinear ISI terms

in (3.1) with reference to xn. If an other variable xm, m = n − 1, . . . , n − L, is the

desired symbol, the function fr,n(·) is supposed to be rewritten by rearranging the

ISI terms, which will lead to an expression similar to (3.5). Note that the sufficient

statistics of xm, m = n, . . . , n − L, involved in the likelihood function frn(·) are

determined by the order of Volterra model and stay the same for any dispersion L.

For example, there are total L2 fixed sufficient statistics of xm, including |xm|6, |xm|4,
|xm|2, 	{|xm|4xm}, 	{|xm|2x2

m}, 	{x3
m}, 	{|xm|2xm}, 	{x2

m} and 	{xm}, where L
is the order of Volterra model. The factor graph representation corresponding to

the factorization in (3.3) is shown in Fig. 3.2 for the case L = 2.

As seen in Fig. 3.2, the Sat-DMIM symbols are correlated due to the mode-
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selection pattern constraint and the memory in the overall satellite transponder

response. The application of the standard sum-product algorithm [64] at both

the constraint nodes {fM,g}Gg=1 and the observation nodes {fr,n}Nn=1 leads to the

near-optimal forward-backward (FB) equalizer [88]. However, the implementation

complexity of the FB equalizer is in the order of O((PA + PB)
L), which may be

deemed excessive for large constellations in nonlinear channels with deep memory.

To this end, we propose a low-complexity message passing algorithm by classifying

the factors in Fig. 3.2 into two regions, i.e., the MF-region AMF = {fr,n; n ∈ [1 : N ]}
and the BP-region ABP = {fM,g; g ∈ [1 : G]}, bearing in mind that the MF method

is competitive with the exponential distribution family, whilst the BP algorithm

delivers remarkable performance for discrete probabilistic models [67].

3.3.2 Message Passing at the Constraint Nodes

Instead of directly treating the correlated Sat-DMIM symbols as independent Gaus-

sian variables, we explicitly construct the a priori information of Sat-DMIM symbols

by taking full account of the mode-selection pattern constraint. Denote the extrinsic

probabilities of coded bits provided by the SISO decoder as
{
P (cIMg,1), . . . , P (cIMg,MgI

),

P (cAg,1), . . . , P (cAg,MgA
), P (cBg,1), . . . , P (cBg,MgB

)
}
. Then the a priori probabilities of the

legitimate pattern and the ordinary PSK/QAM symbols are given by

P (IA
g = IA(γ)) =

MgI∏
i=1

P (cIMg,i = cγi ), γ = 1, . . . ,Υ,

P (xg(j) = ṡm) =

log2 PA∏
i=1

P (cAg,(j−1) log2 PA+i = cṡmi ), j ∈ IA(γ),m = 1, . . . , PA,

P (xg(k) = s̈l) =

log2 PB∏
i=1

P (cBg,(k−1) log2 PB+i = cs̈li ), k ∈ ĪA(γ), l = 1, . . . , PB,

(3.7)

where the sequences of coded bits [cγ1 , . . . , c
γ
MgI

]T , [cṡm1 , . . . , cṡmlog2 PA
]T and [cs̈l1 , . . . , c

s̈l
log2 PB

]T

correspond to the γth legitimate pattern IA(γ), the mth symbol ṡm belonging

to mode A and the lth symbol s̈l belonging to mode B, respectively. According

to the process of mode-selection mapping as described in Section II, the a priori
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D(xi = ṡm) ∝
∑

γ:i∈IA(γ)

P
(IA

g = IA(γ)
)
μxi→fM,g

(xi)P (xi= ṡm)

·
∏

j∈IA(γ),j �=i

⎛
⎝∑

ṡ∈Ṡ
μxj→fM,g

(xj)P (xj = ṡ)

⎞
⎠ ∏

k∈ĪA(γ)

⎛
⎝∑

s̈∈S̈
μxk→fM,g

(xk)P (xk = s̈)

⎞
⎠ ,

ṡm ∈ Ṡ, m = 1, . . . , PA.

(3.10)

E(xi = s̈l) ∝
∑

γ:i∈ĪA(γ)

P
(IA

g = ĪA(γ)
)
μxi→fM,g

(xi)P (xi = s̈l)

·
∏

j∈ĪA(γ),j �=i

⎛
⎝∑

s̈∈S̈
μxj→fM,g

(xj)P (xj = s̈)

⎞
⎠ ∏

k∈IA(γ)

⎛
⎝∑

ṡ∈Ṡ
μxk→fM,g

(xk)P (xk = ṡ)

⎞
⎠ ,

s̈l ∈ S̈, l = 1, . . . , PB.

(3.11)

probabilities of the Sat-DMIM symbols can be constructed by

P (x) =
G∏

g=1

Pxg(xg),

Pxg(xg) =
Υ∑

γ=1

P
(IA

g =IA(γ)
) ∏
i∈IA(γ)

⎛
⎝∑
ṡ∈Ṡ

δ(xi − ṡ)P (xi)

⎞
⎠ ∏

j∈ĪA(γ)

⎛
⎝∑
s̈∈S̈

δ(xj − s̈)P (xj)

⎞
⎠ ,

(3.8)

where i, j ∈ Ig � {(g−1)Ng+1 : gNg} and ĪA(γ) is the complementary set of IA(γ).

Given (3.8) and the message μxi→fM,g
(xi) which will be later updated according to

(3.18), the a posteriori pdf b(xi) of the Sat-DMIM symbol xi can be derived as

b(xi = x) =

⎧⎨
⎩

D(xi=x)∑
ṡ∈Ṡ D(xi=ṡ)+

∑
s̈∈S̈ E(xi=s̈)

, x ∈ Ṡ,
E(xi=x)∑

ṡ∈Ṡ D(xi=ṡ)+
∑

s̈∈S̈ E(xi=s̈)
, x ∈ S̈,

(3.9)

where D(·) and E(·) are given by (3.10) and (3.11), respectively.

Then the a posteriori mean and variance of xi are calculated by

x̂i =
∑
ṡ∈Ṡ

ṡb(xi = ṡ) +
∑
s̈∈S̈

s̈b(xi = s̈),

vxi
=
∑
ṡ∈Ṡ

|ṡ|2b(xi = ṡ) +
∑
s̈∈S̈

|s̈|2b(xi = s̈)− |x̂i|2.
(3.12)

Note that for the first iteration, there is no extrinsic information arriving from the

SISO decoder. By designing the legitimate pattern set properly, the structured a
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priori pdf of xg can be directly written as

P 0
xg
(xg) =

1

Υ

Υ∑
γ=1

⎡
⎣ ∏
i∈IA(γ)

⎛
⎝ 1

PA

∑
ṡ∈Ṡ

δ(xi − ṡ)

⎞
⎠ ·

∏
j∈ĪA(γ)

⎛
⎝ 1

PB

∑
s̈∈S̈

δ(xj − s̈)

⎞
⎠
⎤
⎦
(3.13)

Accordingly, the initial a priori mean and variance of xi are given by

x̂0
i =

∑
ṡ∈Ṡ

ṡ
Kg

PANg

+
∑
s̈∈S̈

s̈
Ng −Kg

PBNg

v0xi
=
∑
ṡ∈Ṡ

|ṡ|2 Kg

PANg

+
∑
s̈∈S̈

|s̈|2Ng −Kg

PBNg

− |x̂0
i |2.

(3.14)

3.3.3 Message Passing at the Observation Nodes

According to the MF rule [67], we can calculate the message μfr,m→xn(xn) forwarded

from the observation node fr,m to the Sat-DMIM symbol variable node xn, n ∈
[m,m− L], by

μfr,m→xn(xn) ∝exp
{
E∏

m≤i≤m−L,i �=n b(xi)log fr,m(xm, . . . , xm−L, rm)
}

(3.15)

∝exp

{
− 1

2σ2

(
ϕ̂3,3
rm,n|xn|6+ϕ̂2,2

rm,n|xn|4+ϕ̂1,1
rm,n|xn|2 +2	{φ̂3,2

rm,n|xn|4xn

+ φ̂3,1
rm,n|xn|2x2

n + φ̂3,0
rm,nx

3
n +φ̂2,1

rm,n|xn|2xn + φ̂2,0
rm,nx

2
n + φ̂1,0

rm,nxn}
)}

�exp

{
− 1

2σ2

(∑
q,v

ϕ̂q,v
rm,nx

q
n(x

∗
n)

v+2	{∑
k,l

φ̂k,l
rm,nx

k
n(x

∗
n)

l
})}

, (3.16)

where the a posteriori pdf b(xi) of xi is updated in the previous iteration using

(4.49); the parameters ϕ̂q,v
rm,n and φ̂k,l

rm,n consist of the products of the Volterra

kernels and the first- and second-order moments of variables {xm, . . . , xm−L} except

xn; and the parameters {q, v} and {k, l} indicate the number of variables xn and

x∗
n involved in the sufficient statistics that associated with the parameters ϕ̂q,v

rm,n

and φ̂k,l
rm,n. Considering that the Sat-DMIM symbols are discrete variables, the

parameters ϕ̂q,v
rm,n and φ̂k,l

rm,n can be calculated by using the enumeration method [100].

For example, when m = n, the parameter associated with |xn|4, i.e., ϕ̂2,2
rn,n =

ψ̂o�o,2
n + ψ̂oo�,2

n + 2	[h∗
000(h0 + ψ̂o��

n )], with ψ̂o�o,2
n �

∑L
i=1(|x̂n−i|2 + vxn−i

)|h0i0|2,
ψ̂oo�,2
n �

∑L
i=1(|x̂n−i|2 + vxn−i

)|h00i|2 and ψ̂o��
n �

∑L
i=1

∑L
j=1 x̂n−ix̂

∗
n−jh0ij; and the

paramter associated with 2	{|xn|4xn}, i.e., φ̂3,2
rn,n = h000(ψ̂

o�o
n )∗ + h∗

000ψ̂
oo�
n , with

ψ̂o�o
n �

∑L
i=1 x̂n−ih0i0 and ψ̂oo�

n �
∑L

i=1 x̂
∗
n−ih00i.
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Given the message μfr,m→xn(xn), m = n, . . . , n+L, the message forwarded from

the variable node xn to the constraint node fM,g can then be updated by

μxn→fM,g
(xn) ∝

n+L∏
m=n

mfr,m→xn(xn) (3.17)

∝ exp

{
− 1

2σ2

n+L∑
m=n

(∑
q,v

ϕ̂q,v
rm,nx

q
n(x

∗
n)

v + 2	
{∑

k,l

φ̂k,l
rm,nx

k
n(x

∗
n)

l
})}

,

(3.18)

where n ∈ Ig. It is readily seen that updating the messages μfr,m→xn(xn), m =

n, . . . , n+L, and μxn→fM,g
(xn), n = 1, . . . , N , only requires updating the parameters

of them by calculating the products of specific combinations of the first- and second-

order moments of L consecutive variables within each Sat-DMIM frame.

By substituting the message μxn→fM,g
(xn) into (3.10) and (3.11), the belief of xn

can be immediately updated according to (4.49). Meanwhile, we obtain the belief

of xg by

b(xg) = Pxg(xg)
∏
i∈Ig

μxi→fM,g
(xi). (3.19)

Then the extrinsic LLRs of the ith mode-selection mapping bit cIMg,i , the jth mode

A mapping bit cAg,j and the kth mode B mapping bit cBg,k associated with the gth

Sat-DMIM symbol vector xg, i.e., L
extr(cIMg,i ), L

extr(cAg,j) and Lextr(cBg,k), respectively,

can be iteratively updated based on the Turbo principle [70].

3.3.4 Message Passing Scheduling

The message passing schedule for the proposed joint Sat-DMIM symbols detection

and decoding algorithm based on the amalgamated BP-MF method in nonlinear

dispersive satellite channels, which is referred to as BP-MF, is summarized in Algo-

rithm 5.
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Algorithm 5 The Proposed Joint Sat-DMIM Symbols Detection and Decoding

Algorithm Based on the Amalgamated BP-MF Method in Nonlinear Dispersive

Satellite Channels.

1: Initialization: t = 0 (iteration index)

2: For n = 1, . . . , N , compute x̂0
n and v0xn

according to (3.14).

3: Set t = 1 and repeat the following steps until
∑

n |x̂t+1
n − x̂t

n|2 < ε
∑

n |x̂t
n|2 or

t > Tmax, where ε is a pre-specified error tolerance and Tmax is the maximum

number of iterations.

4: − Decoupling step: For n = 1, . . . , N , m = n, . . . , n + L, compute the message

μfr,m→xn(xn) and μxn→fM,g
(xn) from (3.16) and (3.18), respectively.

5: − Decoding step: For g = 1 . . . , G, i = 1, . . . ,MgI , j = 1, . . . ,MgA and k =

1, . . . ,MgB , compute the extrinsic LLRs Lextr(cIMg,i ), Lextr(cAg,j) and Lextr(cBg,k),

and then forward them to the SISO decoder to perform the standard BCJR

decoding [73].

6: Compute (3.7) and (3.8) by using the extrinsic information emerging from the

SISO decoder.

7: − Denoising step: For n = 1, . . . , N , compute {x̂t
n, v

t
xn
} from (4.50).
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3.4 Partial Linearization Approximation-Based It-

erative Detection Algorithm

3.4.1 Complexity Reduction Using the Simplification of Mes-

sage Parameters

Observe by referring to (3.6), (3.16) and (3.18), that O(L + 1)(1
2
L3 + 7

2
L2 + 6L)

multiplications are involved for detecting each Sat-DMIM symbol. This means

that the computational complexity of the amalgamated BP-MF algorithm is still

considerable for large channel memory, since it grows with the fourth power of

the channel dispersion. Therefore, a reduced-complexity iterative detection algo-

rithm is required for simplifying the updating process of messages μfr,m→xn(xn) and

μxn→fM,g
(xn) from (3.16) and (3.18), respectively. Due to the very similar forms

of messages {μfr,m→xn(xn)}n+L
m=n, in the following, the approximation of the message

μfr,n→xn(xn) is presented, and similar results hold for other messages. Considering

that these messages all have compact parametric representations, the proposed low-

complexity message passing method reduces to approximating and propagating the

function parameters. Firstly, the estimate of variable εn,n in (3.6) is approximated

as

ε̂n,n ≈ ε̂n,n �
L∑
i=1

x̂n−ihi, (3.20)

assuming hijk = 0 for i, j, k �= 0. This operation is equivalent to discarding some

high-order terms in the message μfr,n→xn(xn). Note that the approximation in (3.20)

is different from the nonlinear soft interference canceler of [86] which directly neglects

the contribution of third-order Volterra terms. In the proposed approximation

method, not all hijk, i, j, k �= 0, are treated as zeros when calculating (3.18), because

these Volterra kernels are involved in calculating messages {μfr,m→xn(xn)}n+L
m=n+1 from

(3.16) and therefore contribute to the update of messages {μxn→fM,g
(xn)}Nn=1 from

(3.18). For example, the Volterra kernels hijk, i, j, k �= 0 are used to update the

message μfr,n+1→xn(xn), as long as neither i, j nor k equals to 1. By resorting to

this approximation, O(L+1)(1
2
L2(L+1)) operations of calculating the products of
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Volterra kernels and the first-order moments of Sat-DMIM symbols are omitted in

the calculations of (3.18).

Secondly, the estimates of ψo��,2
n,n and ψ��o,2

n,n are approximated as

ψ̂o��,2
n,n ≈ ψo��,2

n,n
� e2

L∑
i=1

L∑
j=1

|h0ij|2,

ψ̂��o,2
n,n ≈ ψ��o,2

n,n
� e2

L∑
i=1

L∑
j≥i

|hij0|2, (3.21)

where e is the average energy per transmitted Sat-DMIM symbol. In this way,

another O(L + 1)(L2 + 1
2
L(L + 1)) operations are further omitted. Note that

this is different from the direct approximation of the system model in [87], where

h0ij, i, j = 1, . . . , L, and hij0, i, j = 1, . . . , L, j ≥ i, are directly replaced by

zeros. As seen in (3.6), h0ij and hij0 still contribute to the update of parameters

ψo��
n,n and ψ��o

n,n. Moreover, in our proposed approximation method, the second-

order moments of Sat-DMIM symbols are updated in an iterative fashion, i.e.,

Eb(xn−i)[|xn−i|2] = |x̂n−i|2 + vxn−i
, i = 1, . . . , L. These values are then used to

calculate the parameters ψ̂o�o,2
n,n and ψ̂oo�,2

n,n of the message μfr,n→xn(xn). By contrast,

the second-order moments of transmitted symbols except of the desired one are

approximated by the average energy and are not updated with the iterations in [87].

On the other hand, considering that the a posteriori variances of variables {xn−i}Li=1,

i.e., {vxn−1}Li=1, are explicitly exploited to update the message μfr,n→xn(xn) through

the parameters ψ̂o�o,2
n,n and ψ̂oo�,2

n,n , the approximation in (3.21) is different from directly

approximating the nonlinear terms as Gaussian noise and then using {vxn−1}Li=1

merely to compute the equivalent variance of the Gaussian noise process in [93].

From (3.20) and (3.21), it can be found that the number of multiplications required

for tracking the message μxn→fM,g
(xn) is reduced from O(1

2
L4+4L3+ 19

2
L2+6L) to

O(3
2
L3 + 7L2 + 11

2
L) per Sat-DMIM symbol.

3.4.2 Complexity Reduction Using the First-Order Taylor

Series Expansion Approximation

The message μxn→fM,g
(xn) in (3.18) is a nonlinear distribution of variable xn and

consists of L2 sufficient statistics of xn. By substituting (3.18) into (3.10) and (3.11),
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μfr,n→xn(xn) ∝ exp
{
Eb(xn−1),...,b(xn−L)

[
− 1

2σ2

∣∣rn − (
fn(xn, x

∗
n) + xn(h0 + ψo��

n,n) + x∗nψ
��o
n,n

+ εn,n
)∣∣2]}

≈ exp
{
Eb(xn−1),...,b(xn−L)

[
− 1

2σ2

∣∣rn − (
xn[2x̂nx̂

∗
nh000 + 2x̂nψ

oo�
n + x̂∗nψ

o�o
n,n + h0 + ψo��

n,n]

+ x∗n[x̂
2
nh000 + x̂nψ

o�o
n,n + ψ��o

n,n]− 2x̂2nx̂
∗
nh000 − x̂2nψ

oo�
n,n − x̂nx̂

∗
nψ

o�o
n,n + εn,n

)∣∣2]}
≈ exp

{
− 1

2σ2

[
|xn|2

[
5|x̂n|4|h000|2 + |x̂n|2(2ψ̂o�o,2

n,n + 4ψ̂oo�,2
n,n ) + |h0|2 + ψo��,2

n,n
+ ψ��o,2

n,n

+ 2	{|x̂n|2x̂n[4h∗000ψ̂oo�
n,n + 3h000ψ̂

o�o,2
n,n ] + 2x̂2nψ̂

oo�
n,n(ψ̂

o�o
n,n)

∗ + 2|x̂n|2h∗000(h0 + ψo��
n,n

)

+ x̂n[2ψ̂
oo�
n,n(h0 + ψo��

n,n
)∗ + (ψ̂o�o

n,n)
∗(h0 + ψo��

n,n
) + h000(ψ

��o
n,n

)∗ + ψ̂o�o
n,n(ψ

��o
n,n

)∗] + h∗0ψ
o��
n,n

}]
+ 2	{x2n[ξ̂n,nζ̂∗n,n] + xn[ξ̂n,n(ρ̂n,n + ε̂n,n)

∗ + ζ̂∗n,n(ρ̂n,n + ε̂n,n)− r∗nξ̂n,n − rnζ̂
∗
n,n]

}]}
∝ exp

{
− 1

2σ2

[
ϕ̂1,1
rn,n

|xn|2 + 2	{φ̂2,0

rn,n
x2n + φ̂

1,0

rn,n
xn

}]}
. (3.22)

it is seen that the complexity of calculating the belief of Sat-DMIM symbol from

(4.49) is O(L2(PA + PB)). By contrast, the complexity in this part of classical

SC signal transmitting over linear dispersive channels only grows linearly with

the modulation order. To reduce the complexity of this part in Sat-DMIM, the

first-order Taylor series expansion is used to further approximate the messages

{μfr,m→xn(xn)}n+L
m=n. Without loss of generality, the derivations of the approximate

message μfr,n→xn(xn) are provided, and other messages can be updated with a similar

idea. Firstly, by regarding xn as the desired variable, the nonlinear terms associated

with xn in the log-likelihood log fr,n(xn, . . . , xn−L, rn) can be written as

fn(xn, x
∗
n) = |xn|2xnh000 + |xn|2(

∑L

i=1
xn−ih0i0) + x2

n(
∑L

i=1
x∗
n−ih00i)

= xnxnx
∗
nh000 + xnxnψ

oo�
n,n + xnx

∗
nψ

o�o
n,n, (3.23)

which is subject to the constraints 	{xn} = 	{x∗
n} and �{xn}+ �{x∗

n} = 0. Here,

in contrast to denoting xnx
∗
n by |xn|2 as in (3.5), the sufficient statistics of xn is

rewritten in an expanded form. This apparently fine distinction is of great necessity

to obtain an analytic expression without encountering meaningless expressions, such

as ∂(|xn|2xn)/∂xn. To elaborate a little further, assuming a function f : C → C with

x∗ as its variable, for example, f(x) = x∗, it is not analytic, i.e., the differentiation of

x∗ by x is not defined in normal complex-variable theory [101]. Thus the real function
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f : C → R given by f(x) = |x|2 is not analytic either. Fortunately, the function

fn(xn, x
∗
n) in (3.23) is analytic with respect to xn and x∗

n independently in the sense

of partial differentiation. However, calculating the complex-variable derivative is

quite a stringent task that is subject to the Cauchy-Riemann conditions [102]. To

solve this problem, the following theorem is introduced, the detailed proof of which

is provided in [101].

Theorem 1: Let f : C × C → C be a function of a complex variable x and its

conjugate x∗, where x = y + jz, y and z are real numbers and j =
√−1. Then

the partial complex-variable derivatives ∂f/∂x (treating x∗ as a constant in f) and

∂f/∂x∗ (treating x as a constant in f) are equivalent to 1
2
(∂f/∂y − j∂f/∂z) and

1
2
(∂f/∂y + j∂f/∂z), respectively.

Given above theorem, the cumbersome expressions of complex-variable deriva-

tives derived in the real field can be mathematically securely denoted by compact

complex-field expressions for the sake of convenience. Thus, the first-order Taylor

series expansion of fn(xn, x
∗
n) at the estimate of xn gives

δfn(xn, x
∗
n) ≈

∂fn(xn, x
∗
n)

∂xn

δxn +
∂fn(xn, x

∗
n)

∂x∗
n

δx∗
n, (3.24)

where the partial derivative ∂fn(xn,x∗
n)

∂xn
(alternatively, ∂fn(xn,x∗

n)
∂x∗

n
) is obtained by treat-

ing x∗
n (alternatively, xn) as a constant in fn. By substituting (3.24) into the function

log fr,n(xn, . . . , xn−L, rn) in (3.15) and using the approximations in (3.20) and (3.21),

we arrive at the partial-linearization approximation of the message μfr,n→xn(xn) in

(3.22), where the parameters ξ̂n,n, ζ̂n,n, and ρ̂n,n are made up of the estimate of xn

obtained from the previous iteration, i.e., ξ̂n,n = 2|x̂n|2h000+2x̂nψ̂
oo�
n,n+ x̂∗

nψ̂
o�o
n,n+h0+

ψo��

n,n
, ζ̂n,n = x̂2

nh000 + x̂nψ̂
o�o
n,n + ψ��o

n,n
, and ρ̂n,n = −2|x̂n|2x̂nh000 − x̂2

nψ̂
oo�
n,n − |x̂n|2ψ̂o�o

n,n.

In a similar way, the number of sufficient statistics of xn involved in messages

{μfr,m→xn(xn)}n+L
n+1 can also be reduced. After some algebraic manipulations, we

find that the preserved sufficient statistics of these messages are the same, which

are |xn|2, 	{x2
n} and 	{xn}. Denote the parameters of the message μfr,m→xn(xn)

corresponding to |xn|2, 	{x2
n} and 	{xn} by ϕ̂1,1

rm,n
, φ̂

2,0

rm,n
and φ̂

1,0

rm,n
, respectively.

Then the message μxn→fM,g
(xn) can be approximately updated by

μxn→fM,g
(xn) ≈ exp

{
− 1

2σ2

n+L∑
m=n

(
ϕ̂1,1

rm,n
|xn|2 + 2	

{
φ̂
2,0

rm,n
x2
n + φ̂

1,0

rm,n
xn

})}
. (3.25)
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Table 3.2: Comparisons of computational complexity (For example: L = 3, PA = 4, PB = 8 and
β = 4.)

Algorithm Complexity of the demodulator Value

BP-MF O((L+ 1)( 1
2
L3 + 7

2
L2 + 6L) + L2(PA + PB)) O(360)

PL-BP-MF O( 3
2
L3 + 7L2 + 11

2
L+ 3(PA + PB)) O(156)

FB [88] O((PA + PB)L) O(1.7× 103)

Linear MMSE [70] O(β(β2 + PA + PB)) O(112)

Nonlinear MMSE [94] O(β(β2 + ( 1
2
L3 + 7

2
L2 + 6L) + (PA + PB))) O(364)

Using (3.22) and (3.25), the complexity order of the decoupling step in Algorithm

5 is reduced to O(3(PA + PB)).

3.4.3 Message Passing Scheduling

The message passing schedule for the proposed joint Sat-DMIM symbols detec-

tion and decoding algorithm based on the partial-linearization approximation-aided

amalgamated BP-MF method in nonlinear dispersive satellite channels, which is

referred to as PL-BP-MF, is summarized in Algorithm 6.

Algorithm 6 The Proposed Joint Sat-DMIM Symbols Detection and Decoding

Algorithm Based on the Partial-Linearization Approximation-Aided Amalgamated

BP-MF Method in Nonlinear Dispersive Channels.

1: The same as BP-MF except for the following modifications imposed on the the

decoupling step:

2: − Decoupling step: For n = 1, . . . , N , m = n, . . . , n + L, compute the message

μfr,m→xn(xn) and μxn→fM,g
(xn) from (3.22) and (3.25), respectively.

3.4.4 Complexity Analysis

In Table 3.2, the complexity of the proposed BP-MF and PL-BP-MF methods is

briefly compared with existing equalizers in nonlinear dispersive satellite channels.

In code-aided systems, all of these methods need to perform the standard BCJR

decoding [73]. Thus only the computational complexity in the soft demodulation

part needs to be considered. The near-optimal FB equalizer of [88] extended from

the conventional Satcom to the proposed Sat-DMIM scheme has a complexity order
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of O((PA + PB)
L). By ignoring the nonlinear ISI terms, the conventional linear

equalizer of [70] requires O(β(β2 + PA + PB)) operations, where β is the size of

the sliding window. In [94], the BER performance of the linear equalizer is further

improved by taking the nonlinear ISI terms into account, at the cost of increasing

the complexity order to O(β(β2+(1
2
L3+ 7

2
L2+6L)+(PA+PB))). For the proposed

amalgamated BP-MF method, O((L+1)(1
2
L3+ 7

2
L2+6L)) operations of calculating

the products of the Volterra kernels and the first/second-order moments of Sat-

DMIM symbols are required for evaluating (3.16), and O(L2(PA + PB)) operations

are needed for calculating (3.10) and (3.11). With the aid of the partial-linearization

approximations in (3.20), (3.21) and (3.24), the total number of multiplications

involved in the proposed PL-BP-MF method are reduced to O(3
2
L3 + 7L2 + 11

2
L),

and accordingly the complexity order of calculating (3.10) and (3.11) is reduced to

O(3(PA + PB)). In Table II, an example is provided for L = 3, PA = 4, PB = 8

and β = 4. It is observed that the proposed BP-MF and PL-BP-MF methods are

computationally more efficient compared to the FB equalizer. The complexity order

of BP-MF is slightly lower than that of the existing nonlinear equalizer.

3.5 Simulation Results

In this section, the performance of the proposed iterative detection algorithms for

the Sat-DMIM scheme is evaluated by Monte Carlo simulations. In all simulations,

a rate-2/3 (i.e., Rc = 2/3) LDPC codee with a block size 6048 is employed. The

maximum number of iterations within the LDPC decoder is 50, while it is Tmax = 20

iterations between the SISO demodulation and SISO decoding, unless otherwise

stated. The tolerance value is set to be ε = 10−12. For characterizing the nonlinear

dispersive satellite channels, a third-order Volterra model (denoted by “Nonlinear

Channel-I”) is considered, the coefficients of which were derived in [92] but with

stronger nonlinear ISI [94]. The average channel energy is normalized to 1.

Fig. 3.3 shows the BERs of the proposed BP-MF algorithm for the Sat-DMIM

eThe variable and check node degree distributions are X1 = 0.00005 + 0.2043X + 0.5037X2 +

0.2902X7 and X2 = 0.1975X8 + 0.8025X9, respectively. The parameter definitions follow [72].
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Figure 3.3: BER performance of classical 8PSK modulated Satcom, Sat-DMIM
(characterized by “(4, 2, 4, 8)”) and Sat-IM (characterized by “(4, 2, 32)”) systems
communicating over nonlinear dispersive satellite channels modeled by Volterra
model “Nonlinear Channel-I” [94]. Both the proposed BP-MF and the existing
FB [88] methods are evaluated. The effective throughput is 2 bits/symbol.

Figure 3.4: The constellation design of the Sat-DMIM scheme (characterized by
“(4, 2, 4, 8)”) following [44].
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scheme characterized by Ng = 4, Kg = 2, PA = 4 and PB = 8 (denoted by “Sat-

DMIM (4, 2, 4, 8)”), i.e., the modes A and B are QPSK and 8PSK constellations,

respectively. The Volterra model Nonlinear Channel-I having a channel memory

of L = 3 symbols is considered [94]. In order to increase the minimum Euclidean

distance of the joint constellation set Ṡ ∪ S̈, the 8PSK constellation is rotated by

a phase of π/8 [44]. The constellation design of the Sat-DMIM (4, 2, 4, 8) scheme

is shown in Fig. 3.4, where the average transmit power of the joint constellation is

fixed to unity, i.e., Ṡ = {0.5671+j0, 0+j0.5671,−0.5671+j0, 0−j0.5671} and S̈ =

{1.1974+j0.4960, 0.4960+j1.1974,−0.4960+j1.1974,−1.1974+j0.4960,−1.1974−
j0.4960,−0.4960 − j1.1974, 0.4960 − j1.1974, 1.1974 − j0.4960}. For comparison,

the BER curve of conventional 8PSK modulated Satcom (denoted by “Sat-8PSK”),

yielding the same transmission rate as that of Sat-DMIM (4, 2, 4, 8), is plotted.

Additionally, the BER of Satcom relying on the single-mode-aided IM [14] (Sat-

IM) is also provided. In the Sat-IM system, only 2 out of 4 available indices are

activated for transmitting 32QAM symbols (denoted by “Sat-IM (4, 2, 32)”). The

matched filter bounds of the aforementioned three schemes are also shown, serving

as benchmarks. Considering that the FB equalizer of [88] exhibits the near-optimal

performance in Satcom among existing literatures, the BER curve of Sat-DMIM

relying on the FB equalizer (denoted by “Sat-DMIM (FB)”) is shown for comparison.

As seen from Fig. 3.3, in terms of matched filter bound, the DM-aided IM scheme

outperforms its single-mode-aided and conventional single-carrier counterparts in

the high-SNR region, in agreement with the findings of [44–46]. This confirms the

BER performance advantage of the bits conveyed in the DM-aided IM domain [10].

In nonlinear dispersive satellite channels, the proposed BP-MF algorithm almost

achieves the FB equalizer, with much lower computational complexity (see Table.

II), which confirms the efficiency of the amalgamated message passing method based

iterative detection algorithm. Observing that similar to the phenomenon shown in

[44] for single-carrier systems over linear dispersive channels, the BER performance

loss of Sat-DMIM recorded in case of free-ISI bound is lower than that of Sat-IM

and Sat-8PSK over nonlinear dispersive channels. More specifically, the performance

advantage of the Sat-DMIM (4, 2, 4, 8) scheme over the conventional Sat-8PSK and
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Figure 3.5: The BER performance of the proposed BP-MF and PL-BP-MF
compared with existing Linear MMSE [70], Nonlinear MMSE [94], Nonlinear SIC
[86] and Gaussian approx. [93] algorithms. The Sat-DMIM system (characterized
by “(4, 2, 4, 8)”) communicates over nonlinear dispersive satellite channels modeled
by Volterra model “Nonlinear Channel-I” [94]. The effective throughput is 2
bits/symbol.

Sat-IM (4, 2, 32) is approximately 1 dB and 1.5 dB, respectively, if the target BER is

10−5. This means that using the proposed BP-MF algorithm, the Sat-DMIM scheme

transmitting part of the information bits by the combination of two distinguishable

constellation modes indeed succeeds in improving the performance over classical

Satcom and Sat-IM with nonlinear dispersive distortions. Note that although the

Sat-IM scheme also implicitly conveys additional information using the active indices

in the IM domain, there exist some deactivated time slots within each subframe [14],

which significantly limits the spectral efficiency of Sat-IM. Therefore, the Sat-IM

employs the highest order modulation amongst the aforementioned schemes and

thus exhibits the worst BER performance, since higher order modulations tend to

experience stronger nonlinear distortions over satellite channels [3].

In Fig. 3.5, the BER performance of the proposed BP-MF and PL-BP-MF

based iterative detection algorithms is compared to that of existing linear MMSE

equalizer of [70] (denoted by “Linear MMSE”), nonlinear equalizer of [94] (de-

noted by “Nonlinear MMSE”) and nonlinear soft interference canceler (SIC) of
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[86] (denoted by “Nonlinear SIC”). Additionally, the BER curve of the Gaussian

noise approximation based approach of [93] (denoted by “Gaussian approx.”) is

also shown for comparison. The system parameters are the same as in Fig. 3.3.

It is seen that the Sat-DMIM performance degrades significantly, if the effect of

nonlinear distortions is ignored. By regarding the nonlinear channels as additive

Gaussian noise channel associated with a signal attenuation, the approach of [93]

delivers better BER performance compared to the linear MMSE receiver. However,

the performance loss imposed by this method is still considerable, because the

Gaussian noise approximation substantially deviates from the system parameters

especially for multi-level modulations. The nonlinear SIC of [86] improves the

Sat-DMIM performance by explicitly taking part of the nonlinear ISI terms into

account. We point out that the SIC method is a special case of the nonlinear

MMSE equalizer of [94], where the third-order interference terms are ignored when

computing the variance of the residual equalizer output error. This explains the poor

BER performance of nonlinear SIC compared to nonlinear MMSE at high SNRs,

where the performance is mainly limited by the nonlinear distortions instead of the

additive white noise. Explicitly, it suffers from an error floor at BER= 10−4. By

using the nonlinear MMSE method, the BER performance improves considerably at

the expense of an increase of complexity (see Table II). However, it is inferior to the

proposed BP-MF and PL-BP-MF methods. One of the reason is that the nonlinear

MMSE only utilizes the first- and second-order moments of data symbols, ignoring

the structured a priori information of Sat-DMIM signal which is inherent in the

DM-aided IM scheme. By contrast, the proposed BP-MF and PL-BP-MF methods

take full account of the mode-selection pattern constraint and explicitly construct the

structured a priori probabilities of Sat-DMIM signal using the extrinsic information

provided by the SISO decoder from the previous iteration, see (3.7) and (3.8).

The other reason is that the expectation of the product of two symbol vector with

different indices is approximated to be zero in the nonlinear MMSE equalizer. In

other words, the expectations of the parameters ψo��
n,n and ψ��o

n,n are always set to

be zeros and not updated with the iterations. However, both in the proposed BP-

MF and PL-BP-MF algorithms, these two parameters are iteratively updated for
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Figure 3.6: The BER performance of the proposed BP-MF and PL-BP-MF
algorithms and existing methods versus iteration index. The Sat-DMIM system
(characterized by “(4, 2, 4, 8)”) communicates over nonlinear dispersive satellite
channels modeled by Volterra model “Nonlinear Channel-I” [94]. The effective
throughput is 2 bits/symbol.

calculating the messages passing from the variable node xn to the observation node

frm . We also observe that compared with BP-MF, the BER performance loss of

the proposed low-complexity PL-BP-MF is modest, which confirms the efficiency

of the first-order Taylor series expansion approximation of the nonlinear message

μfr,n→xn(xn) following from (3.22) and the simplification of message parameters

according to (3.20) and (3.21).

Furthermore, Fig. 3.6 plots the BERs of the iterative detection algorithms as a

function of the iteration index under the conditions of Fig. 3.5. The SNR is fixed to

5.2 dB and 6 dB for the proposed methods and the existing algorithms, respectively.

Observe that there is an evident performance improvement, upon increasing the

number of iterations. As shown in Fig. 3.6, the proposed BP-MF algorithm converges

after about 5 iterations. This outcome indicates that 5 iterations on average are

sufficient to meet the pre-specified stopping criterion. The convergency rate of the

proposed low-complexity PL-BP-MF is slighter lower. Additionally, the convergence

of the nonlinear MMSE equalizer is slow compared to the proposed BP-MF and low-

complexity PL-BP-MF methods, which explains its poor BER performance at high

SNRs in Fig. 3.5.
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Figure 3.7: BER performance of Sat-DMIM (characterized by “(4, 2, 4, 8)”), 1 +
7APSK modulated Satcom [103] and Sat-DMIM using the mode-selection mapping
method of [45] communicating over nonlinear dispersive satellite channels modeled
by Volterra model “Nonlinear Channel-I” [94]. Both proposed BP-MF and PL-BP-
MF methods are studied for comparison.

In Fig. 3.7, the reduced-complexity PL-BP-MF iterative detection algorithm is

applied to the Sat-DMIM (4, 2, 4, 8) scheme and compare the BER performance

attained to that of the conventional Satcom relying on an optimized 1 + 7APSK

constellation (denoted by “Sat-(1 + 7APSK)”) that proposed in [103]. Addition-

ally, the BER curve of existing DM-aided IM scheme applying the mode-selection

mapping method of [45] (denoted by “DMIM in [45]”) is also shown in Fig. 3.7

for comparison. It can be observed from Fig. 3.7 that the there is an evident

performance improvement when applying the DMIM technique with an optimized

mode-selection mapping method in nonlinear channels. Specifically, the Sat-DMIM

scheme achieves about 0.5 dB better performance than the Satcom system using

1 + 7APSK at a BER of 10−5. The single-carrier system using the DMIM scheme

of [45] has the worst BER performance amongst the aforementioned schemes, due

to the error propagation introduced by the mapping rule applied between IM bits

and mode-selection patterns. More specifically, an incorrect detection of IM bits

usually results in an incorrect detection of the PSK/QAM symbols. As a result, the

BER performance of the DMIM scheme of [45] is degraded especially for different
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Figure 3.8: The EXIT charts of Sat-DMIM (characterized by “(4, 2, 4, 8)”), 1 +
7APSK modulated Satcom [103] and Sat-DMIM relying on the proposed BP-MF
and PL-BP-MF methods. The decoding trajectories are portrayed between the
inner demodulator’s EXIT curves and the outer LDPC decoder’s EXIT curve at
Eb/N0 = 5.25 dB.

constellation orders in the presence of nonlinear distortions.

Fig. 3.8 shows the extrinsic information transfer chart (EXIT)f curves [104] of

the Sat-DMIM (4, 2, 4, 8) scheme’s inner demodulator using the proposed PL-BP-

MF method for SNR values spanning from 5 dB to = 5.5 dB with a step size of 0.25

dB. The EXIT curves of existing Sat-(1 + 7APSK) [103] and DMIM scheme relying

on the mode-selection mapping method of [45] in Fig. 3.7 are plotted at SNR= 5.5

dB for comparison. The EXIT chart of the 2/3-rate LDPC decoder is also portrayed.

Additionally, Fig. 3.8 shows the Monte-Carlo simulation-based decoding trajectories

of the Sat-DMIM (4, 2, 4, 8) system between the inner demodulator and the outer

LDPC decoder recorded at SNR= 5.25 dB for proposed BP-MF and PL-BP-MF,

respectively. Observe that using the proposed PL-BP-MF method, there is no open

tunnel attained between the inner curve and the outer curve at SNR= 5.5 dB for

fThe EXIT charts allow us to analyze the convergence behavior of iteratively decoded systems,

where the exchange of extrinsic information between the inner demodulator and the outer LDPC

decoder can be visualized by calculating the mutual information between information bits and the

soft values [104].
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Sat-(1 + 7APSK) and DMIM scheme of [45]. By contrast, an open tunnel is seen in

the Sat-DMIM (4, 2, 4, 8) system for SNR beyond 5 dB. According to the open tunnel

recorded at SNR= 5.25 dB, the BP-MF iterative detection algorithm is expected to

converge faster than PL-BP-MF and at least 3 iterations are required for reaching

the mutual information point (1.0, 1.0).

3.6 Conclusions

In this chapter, the IM technique is exploited to increase transmission rates of code-

aided Satcom by conveying information through two distinguishable constellation

modes and their permutations. In order to combat both linear and nonlinear ISI

imposed by satellite channels, an FG-based iterative detection algorithm is conceived

for Satcom relying on DM-aided IM. On the FG the nonlinear correlation amongst

Sat-DMIM symbols resulting from both satellite channels and the mode-selection

mapping is explicitly represented. Then the amalgamated BP and MF message

passing algorithm is derived over this FG for detecting both IM bits and ordinary

constellation mapping bits while eliminating the linear and nonlinear distortions.

The complexity of the iterative detection algorithm is further reduced by lineariz-

ing some high-order terms appearing in nonlinear messages using the a posteriori

estimates of Sat-DMIM symbols obtained from the previous iteration. Simulation

results demonstrate the effectiveness of the proposed amalgamated BP-MF-based

and partial linearization approximation-based iterative detection algorithms.
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Chapter 4

Iterative Detection for

Faster-than-Nyquist signalling in

Dispersive Channels

In Chapters 2 and 3, the iterative detection algorithms for IM-aided high spectral

efficiency wireless communication systems are investigated. In this chapter, the

detection of FTN systems will be studied.

4.1 Introduction

FTN signalling conveys more data symbols per unit time while preserving the same

signalling bandwidth. However, the ISI imposed by FTN signalling is noticeable.

Moreover, the ISI becomes more severe as the transmission rate and the frequency

band increase. Therefore, advanced detection algorithms should be developed at the

receiver for handling with the ISI.

The existing methods assume that FTNS are transmitted over AWGN channels

or fading channels with perfectly known CSI at the receiver. Detection of FTNS in

unknown frequency-selective fading channels is more challenging. In [62], a time-

domain joint channel estimation and detection algorithm is proposed for FTNS

in frequency-selective fading channels. However, the complexity of this approach

grows cubically with the number of ISI taps. Moreover, with channel delay spreads

79
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spanning tens or hundreds of symbol intervals in broadband wireless communications

and underwater acoustic communications, etc., the CP-based [17,56,60] and overlap-

based [58] algorithms suffer from severe power and spectral efficiency loss due to the

large number of ISI taps resulting from both the FTNS and multipath channels.

Among the literature, there are many research results on studying the effect of

multipath propagation (see e.g. [105–107]) and developing suboptimal joint channel

estimation and detection methods alternative to the optimal MAP-based algorithms

for Nyquist systems with low complexity (see e.g. [108–111]). Many of these methods

have been extended to coded systems, where iterative process is performed between

the equalizer and the SISO decoder through exchanging extrinsic information (see

e.g. [112–114]). In conjunction with a SISO decoder, a class of iterative message-

passing-based joint channel estimation, detection and decoding methods via FG [115]

has gained a lot of attractions. In [116], the colored noise at the receiver side

due to the sampling of FTN signalling is modeled by a pth-order autoregressive

(AR) process, and then a time-domain linear MMSE turbo equalizer is developed

based on FG. Detection of FTN signalling with imperfect synchronization is studied

in [117], where a sum-product and variational message passing (SP-VMP) algorithm

is developed for low-complexity FTN signalling receivers. In [63], by reformulating

the problem of FTN signalling detection in doubly-selective channels into a linear

state-space model, Gaussian message passing (GMP) on FG is developed and the

robustness to the imperfect channel knowledge is considered. Recently, GAMP [118]

is proposed to efficiently transform a linearly mixed vector estimation problem into

a scalar one with low complexity. Applications of the GAMP method have been

found in compressed sensing and wireless communications [75, 119,120].

Motivated by these considerations, in this chapter, low-complexity frequency-

domain joint channel estimation and decoding (JCED) algorithms are developed

for FTN signalling over frequency-selective fading channels based on variational

Bayesian (VB) framework [121]. By partitioning the symbol sequence into several

subblocks, an alternative frequency-domain system model is derived, where the

interferences from the adjacent subblocks due to the absence of CP are explicitly

represented. The autocorrelation matrix of the colored noise in frequency domain
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imposed by FTN signalling is approximated by a circulant matrix, which leads to

trivial matrix inversions. Considering that the MAP symbol detection is intractable,

the MF approximation is used to obtain the approximated posterior distributions

via maximizing the inverse variational free energy (VFE), which results in iteratively

updating channel estimation and data detection. Based on Gaussian approximation

of data symbols, only the mean vectors and the covariance matrices have to be

updated iteratively in the proposed JCED algorithm. By further exploiting the

correlation between the elements in the frequency-domain CIRs, a refined JCED

(R-JCED) algorithm is proposed to improve the accuracy of channel estimation.

Moreover, in contrast to the Gaussian approximation of data symbols in JCED and

R-JCED algorithms, the GAMP algorithm is further employed and incorporated

it into the iteration between the channel estimation and decoder, which leads to

two algorithms, i.e., GAMP-JCED and R-GAMP-JCED. Simulation results show

that the proposed algorithms outperform the existing CP-based and overlap-based

MMSE-FDE methods. Without substantially increasing transmitter energy per bit,

FTN signalling based on the proposed algorithms can transmit with rate up to 67%

higher than the Nyquist one, while the overall complexity is affordable in practical

systems.

The main contributions of this chapter are summarized in the following:

• Instead of AWGN channels or known frequency-selective fading channels, the

joint channel estimation and decoding algorithm is studied for FTN signalling

in frequency-selective fading channels. A frequency-domain system model is

developed without utilizing CP, where the statistics of the colored noise is

approximated properly to reduce the computational complexity.

• Based on the VB framework, a joint channel estimation and decoding (JCED)

algorithm and its refined version R-JCED are proposed. To further reduce the

BER performance loss due to the Gaussian approximation of data symbols

in JCED and R-JCED, a GAMP-based equalizer is developed and embedded

to the iteration between channel estimation and decoding in a turbo receiver,

named GAMP-JCED and R-GAMP-JCED.
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Figure 4.1: System model of the coded FTN signalling.

The rest of this chapter is organized as follows. Section 4.2 presents the system

model of FTN signalling over frequency-selective fading channels. In Section 4.3,

the proposed JCED, R-JCED, GAMP-JCED and R-GAMP-JCED algorithms are

derived in details and their complexities are analyzed. The performance results of

the proposed algorithms are evaluated via Monte Carlo simulations in Section 4.4.

Conclusions are drawn in Section 4.5.

4.2 System Model

Consider a turbo FTN signalling system as depicted in Fig. 4.1. The information

bits are LDPC encoded and mapped to a 2J -PSK/QAM symbol sequence s =

[s0, . . . , sK−1]
T , with sk ∈ X corresponding to a length-J coded sequence bk =

[b0k, . . . , b
J−1
k ]T , X � {a0, . . . , a2J−1}. The data symbols are passed through a pulse

shaping filter htr(t),
∫ +∞
−∞ |htr(t)|2dt = 1, with symbol interval τTs, where 0 < τ � 1

is the packing ratio, Ts is the symbol period of Nyquist signalling. Obviously, τ = 1

corresponds to the conventional Nyquist signalling. The signal is transmitted over

the time-varying frequency-selective fading channel h(t, ι). Due to the finite time

support and causality, we can assume that h(t, ι) = 0 for ι < 0 and ι > ιmax, with

ιmax the maximal delay spread. At the receiver side, the signal after receiver filter
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hre(t) = h∗
tr(−t) can be expressed as

r(t) =
∑

k
sk

∫ ∞

−∞
h(t, ι)g(t− kτTs − ι)dι+ v(t), (4.1)

where � denotes linear convolution, g(t) = (hre � htr)(t), v(t) =
∫∞
−∞ n0(ι)h

∗
tr(ι− t)dι

is a Gaussian noise process with zero mean and N0 power spectrum density. After

sampling with period τTs, we obtain the samples for the data detection and channel

estimation problem, given by

r[n] =
∑

k

∑
l
skhn,lg[n− k − l] + v[n], (4.2)

where r[n] = r(nτTs), hn,l is the channel impulse response (CIR) at time index n,

g[n] = g(nτTs), and v[n] = v(nτTs). We assume that hn,l equals zero except for

l ∈ [0, Lh − 1], where Lh is the channel length, and g(t) = 0 for t outside an interval

centered in 0 of size 2ντTs (the value of ν is selected according to τ , see [17]).

Note that {v[n]} in (4.2) is a zero-mean colored noise process with autocorrelation

function [Rv]nm = E {v[n]v∗[m]} = N0g[n−m].

4.3 Joint Channel Estimation and Decoding Al-

gorithms in Dispersive Channels

The symbol sequence s is partitioned into P length-M subblocks withK = PM (P is

guaranteed to be an integer by system design,M ≥ L−1, where L = Lh+Lg−1, Lg =

2ν + 1). Denote the pth subblock by sp � [spM , . . . , s(p+1)M−1]
T , p = 0, . . . , P − 1.

Assuming that the CIR is fixed over the duration of one subblock, the pth observation

vector corresponding to sp is collected as rp � [rpM , . . . , rpM+N−1]
T , N = M +L−1,

which is represented by

rp = hp � g � sp + vtail
p−1 + vhead

p+1 + v′
p, (4.3)

where hp � [hp,0, . . . , hp,Lh−1]
T with hp,l being the lth tap of the CIR in the pth

subblock, g � [g[−ν], . . . , g[ν]]T , g ∈ R
Lg×1, and v′

p � [v[pM ], . . . , v[pM + N −
1]]T is the colored noise vector with autocorrelation matrix Rv′

p
. Considering that

the autocorrelation matrix Rv′
p
is not diagonal as that in Nyquist system, proper
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approximation is required for canceling the effect of the colored noise. Note that

unlike the unknown vector hp, the ISI taps vector g introduced by FTN signalling

is known and remains same for all subblocks. Performance loss and complexity

increase may occur if known ISI in FTN signalling is intentionally absorbed into the

unknown ISI taps of the CIRs. Due to the absence of CP, the interference from the

tail of the (p−1)th subblock and the head of the (p+1)th subblock is also considered

in (4.3), where vtail
p−1 � At(hp−1 � g � sp−1) and vhead

p+1 � Ah(hp+1 � g � sp+1), with

At =

⎡
⎣ 0M 0M×(L−1)

0(L−1)×M IL−1

⎤
⎦ ,

and

Ah =

⎡
⎣ IL−1 0(L−1)×M

0M×(L−1) 0M

⎤
⎦ ,

for p = 0, . . . , P − 1 (vtail
−1 = 0 and vhead

P = 0). By appending zeros to hp, g and sp,

Eq. (4.3) can be transformed into the following frequency-domain model

yp = cp � g � tp +wtail
p−1 +whead

p+1 +w′
p, (4.4)

where � denotes element-wise product, yp = FNrp, wtail
p−1 = FNv

tail
p−1, whead

p+1 =

FNv
head
p+1 , w

′
p = FNv

′
p, g =

√
NFNT2g, and

cp =
√
NFNT1hp, (4.5)

tp = FNT3sp = FNsp, (4.6)

with T1 = [ILh
0Lh×(N−Lh

)]T , T2 = [ILg 0Lg×(N−Lg)]
T , and T3 = [IM 0M×(N−M)]

T .

The autocorrelation matrix Rw′
p
of w′

p can be derived as

Rw′
p
= FNRv′

p
FH

N = N0

(
FNR

′′FH
N − FNR�F

H
N

)
= N0

[
D(

√
NFNλ

′′)− FNR�F
H
N

]
≈ N0

[
D(

√
NFNλ

′′)−D(FNR�F
H
N)

]
� Λ′

p, (4.7)

where R′′=FH
ND(

√
NFNλ

′′)FN is an N×N circulant matrix constructing from the

DFT of λ′′ = [g[0], . . . , g[ν], 0, . . . , 0,
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g[−ν], . . . , g[−1]]T ∈ R
N×1, and

R� =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

g[ν] . . . g[1]
. . .

...

g[ν]

0

g[−ν]
...

. . .

g[−1] . . . g[−ν]

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
∈ R

N×N .

The approximation error in (4.7) is acceptable when the values in [g[−ν], . . . , g[−1],

g[1], . . . , g[ν]]T are small enough with large packing ratios for the FTN signalling.

Note that there is no approximation error for Nyquist signalling since R� becomes

a zero matrix in that case, and the approximation error also gets smaller as N

increases [122]. In this way, the matrix Rw′
p
is approximated by a diagonal matrix

denoted as Λ′
p, whose diagonal elements [Λ′

pM , . . . ,Λ′
pM+N−1]

T � λ′
p.

For brevity, we define wp � wtail
p−1 + whead

p+1 + w′
p, with the mean vector and

covariance matrix given as

E(wp) = E(wtail
p−1) + E(whead

p+1 ),

V (wp) ≈ λIN +Λ′
p = Λp,

(4.8)

where Λp = D([ΛpM , . . . ,ΛpM+N−1]) = D(λ′
p + λ1N×1), and

a the iterations.

λ =
1

N

∑Lh−1

l=0

[
v′p−1l|E(hl

p−1)|2 + v′p+1(Lh − 1− l)|E(hl
p+1)|2

]
, (4.9)

where v′p corresponds to the variance of the data estimate as shown in Section III-Bb.

In (4.8), the mean vectors of wtail
p−1 and whead

p+1 are calculated as

E(wtail
p−1) = FN

{
At

{
FH

N [E(cp−1)� E(tp−1)]
}}

,

E(whead
p+1 ) = FN

{
Ah

{
FH

N [E(cp+1)� E(tp+1)]
}}

,
(4.10)

where tp � Gtp with G � D(g). Note that Eq. (4.10) can be efficiently performed

by fast Fourier transform (FFT).

aIn (4.9), the value of v′p corresponds to the variance of the data estimates, which will approach

to 0 with the iterations as shown in Section III-B. In other words, the approximation error of (4.8)

gradually decreases along with
bThe equations (4.8) and (4.9) are derived by applying the iterated expectation theorem [123, ch.

14]
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4.3.1 JCED Based on the VB Framework

Based on the frequency-domain model in (4.4), an optimal MAP symbol detector

for sn, n = pM, . . . , pM +M − 1, in the pth subblock is formulated as

ŝMAP
n = argmax

sn

p(sn|yp)

= argmax
sn

∑
sp\sn

∫
hp

p(yp|sp,hp)p(hp)p(sp)dhp

= argmax
sn

∑
sp\sn

p(yp|sp)p(sp). (4.11)

Using the iterated expectation theorem [123, ch. 14] and its analog in covari-

ance, we obtain the mean vector and the covariance matrix of the pdf p(yp|sp) ∝
Nc(yp;E(yp|sp), V (yp|sp)) by

E(yp|sp) = GD(FNT3sp)
√
NFNT1E(hp)+E(wp),

V (yp|sp) = GD(FNT3sp)NFNT1V (hp)T
H
1 F

H
NDH(FNT3sp)G

H +Λp,
(4.12)

where E(hp) and V (hp) are the mean vector and covariance matrix of hp. By

substituting (4.12) into (4.11), it is observed that there is no closed-form solution

to the maximization problem, and the search over the symbol space is required.

To tackle this problem, a VB framework is used to approximate the joint pos-

terior distribution p(sp,hp|yp) with an auxiliary function Q(sp,hp) and then find

sp and hp to maximize Q(sp,hp). Further complexity reduction can be realized via

mean-field (MF) approximation, i.e., Q(sp,hp) = q(sp)q(hp). This approximation

implicity adopts the assumption that sp and hp are independent given the observed

vector yp. Note that the marginalization of q(sp) for detection is much simpler

than that in (4.11), as long as the auxiliary posterior pdf q(sp) is chosen properly.

Since argmaxsp
∫
Q(sp,hp)dhp = argmaxsp q(sp), the complex integral calculation

problem is avoided. In this framework, we first calculate the log-likelihood function

ln p(yp) by

ln p(yp) = ln
∑

sp

∫
hp

p(sp,hp,yp)dhp

≥
∑

sp

∫
hp

q(sp)q(hp) ln
p(sp,hp,yp)

q(sp)q(hp)
dhp

� FH, (4.13)
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where the equality holds if and only if q(sp)q(hp) = p(sp,hp|yp) [121]. This means

that minimizing the KL-divergence KL[q(sp)q(hp)||p(sp,hp|yp)] is equivalent to max-

imizing the inverse variational free energy FH. In this way, the problem of finding the

auxiliary function Q(sp,hp) which is a close approximation to a posteriori density

function p(sp,hp|yp) is transformed into finding q(sp) and q(hp) to maximize FH.

By taking functional derivatives of FH w.r.t. q(sp) and q(hp) alternatively, the

following updates are obtained in the γth iteration

ln qγ(hp) ∝ Eqγ−1(sp) [ln p(yp|sp,hp)] + ln p(hp), (4.14)

ln qγ(sp) ∝ Eqγ(hp) [ln p(yp|sp,hp)] + ln p(sp), (4.15)

where Eqγ(a) [A] denotes the expectation of A w.r.t. a given the condition function

qγ(a). Note that different from directly extending the conventional methods for

Nyquist signalling to FTN systems, the ISI taps to be estimated here are simply

from the unknown time-dispersive channels instead of the combinations that contains

the known ISI in FTN signalling.

With the Gaussian assumptions of the distributions of time-domain symbols and

CIRs, the a priori pdfsc are represented by

p(hp) ∝ Nc(hp; m̄hp , V̄hp), (4.16)

p(sp) ∝ Nc(sp; m̄sp , V̄sp) ≈ Nc(sp; m̄sp , β̄spIM), (4.17)

where β̄sp =
1
M
tr(V̄sp). Note that this approximation has been extensively employed

in the design of frequency-domain equalizers [110,111,124]. The updating process of

this a priori information will be discussed later in this section. Given the Gaussian

priors, the posterior pdfs q(sp) and q(hp) are Gaussian functions, which are denoted

as q(sp) ∝ Nc(sp; m̂sp , V̂sp) and q(hp) ∝ Nc(hp; m̂hp , V̂hp).

cThe a priori pdf of the symbol sequence is assumed to be fully factorized, since pseudorandom

interleavers are employed in a turbo process. However, the interleavers and the deinterleavers are

omitted in Fig. 4.1, because a sufficiently long pseudo-random LDPC code is used in our concerned

system.
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By substituting the Gaussian prior pdf p(hp) into (4.14), we have

qγ(hp) ∝ exp
{
−
[
ẑp −D(m̂tp

)
√
NFNT1hp

]H
Λ̂−1

p

[
ẑp

−D(m̂tp
)
√
NFNT1hp

]
−NhH

p T
H
1 F

H
ND(V̂tp

)Λ̂−1
p

× FNT1hp −
[
hp − m̄hp

]H
V̄−1

hp

[
hp − m̄hp

] }
, (4.18)

where ẑp � yp − E(wp), Λ̂p � Λ′
p + λ̂IN , m̂tp

� Gm̂tp , and V̂tp
� GV̂tpG

H . Note

the matrix G is corresponding to the frequency-domain ISI information in the FTN

signalling, which is known and depends only on the transmitting filter. In (4.18),

{ẑp, Λ̂p}, and {m̂tp
, V̂tp

} are obtained from the (γ−1)th iteration and the subscript

“γ − 1” is dropped for simplicity of notation. After some direct manipulations, we

obtain the posterior pdf qγ(hp) which is proportional to Nc(hp; m̂hp , V̂hp) at the γth

iteration with

V̂hp =
[
V̌−1

hp
+ V̄−1

hp

]−1

,

m̂hp = V̂hp

[
V̌−1

hp
m̌hp + V̄−1

hp
m̄hp

]
,

(4.19)

where

V̌hp=
[
NTH

1F
H
N

[DH(m̂tp
)Λ̂−1

p D(m̂tp
)+D(V̂tp

)Λ̂−1
p

]
FNT1

]−1

(4.20)

m̌hp=V̌hp

[√
NTH

1 F
H
NDH(m̂tp

)Λ̂−1
p ẑp

]
. (4.21)

Note that the calculation in (4.20) involves an N -dimensional matrix inversion,

which requires some additional operations to reduce the computational complexity.

To avoid performance loss, the direct diagonalization of V̌hp cannot be employed

[125], since it may damage the received information observed in (4.21). To derive

the appropriate approximation, we rewrite V̂hp as

V̂hp ≈ TH
1

(
NFH

NWhpFN +T1V̄
−1
hp
TH

1

)−1

T1

= TH
1 F

H
N

(
NWhp + FNT1V̄

−1
hp
TH

1 F
H
N

)−1

FNT1 (4.22)

where Whp = DH(m̂tp
)Λ̂−1

p D(m̂tp
) + D(V̂tp

)Λ̂−1
p is a diagonal matrix. In this

way, as long as the matrix FNT1V̄
−1
hp
TH

1 F
H
N is approximated to be diagonal, i.e.,

FNT1V̄
−1
hp
TH

1 F
H
N ≈ β̄−1

hp
IN with β̄hp =

1
Lh
tr(V̄hp), all matrix inversions are trivial.
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As a result, V̂hp can be approximated as

V̂hp ≈ TH
1 F

H
N

(
NWhp + Lh

(
tr
(
V̄hp

))−1
IN

)−1

FNT1 (4.23)

≈ 1

N
tr

[(
NWhp + Lh

(
tr
(
V̄hp

))−1
IN

)−1
]

︸ ︷︷ ︸
β̂hp

ILh
. (4.24)

It will be shown that this diagonal approximation of V̂hp is of the essence in the

following calculations to update the channel estimation in the current subblock

utilizing the information from the previous and latter subblocks. Given the approx-

imation of the posterior covariance matrix in (4.23), the posterior mean vector m̂hp

is approximated as

m̂hp ≈ TH
1 F

H
N

(
NWhp + β̄−1

hp
IN

)−1 [√
NDH(m̂tp

)Λ̂−1
p ẑp + β̄−1

hp
FNT1m̄hp

]
≈

√
NTH

1 F
H
N

(
NWhp + β̄−1

hp
IN

)−1

DH(m̂tp
)Λ̂−1

p ẑp +
β̂hp

β̄hp

m̄hp , (4.25)

where the approximation in the first line is FNT1T
H
1 F

H
N ≈ IN , and in the second

line reduces the computational complexity from O(2N logN) to O(N logN) based

on (4.23) and (4.24).

According to the turbo principle, the a posteriori probability qγ−1(hp) cannot

be substituted to (4.14) as the prior of hp. To this end, we extract this a priori

probability from the (p− 1)th and the (p+1)th subblocks by utilizing the temporal

channel correlation. Based on the wide sense stationary uncorrelated scattering

(WSSUS) channel model, the statistics of the channel taps can be represented by

E[hp,l(hp+i,l′)
∗] = ϕlδ(l − l′)J0(2πfDMτTsi), where fD is the Doppler spread, J0 is

the zeroth-order Bessel function of the first kind, and ϕl is the power of the lth

channel tap. Therefore, the time variation of the channel can be approximately

modeled by the following first-order AR process:

hp = Ahp−1 + vh, (4.26)

where A = J0(2πfDMτTs)ILh
is the correlation coefficient matrix, R = [1 −

J2
0 (2πfDMτTs)]D(ψ) is the covariance matrix of vh, with ψ = [ϕ0, . . . , ϕLh−1]

T the

power delay profile. Note that an alternative method to optimize the AR parameters
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by minimizing the mean square error (MSE) of the channel estimates could be able

to enhance the channel estimation performance [126].

Given (4.26), the bidirectional channel estimation method involving a forward-

backward recursion process is summarized in Algorithm 7.

In this way, by extracting the a priori probability from adjacent subblocks, the

posterior pdf qγ(hp) is finally updated by (4.27). Since the matrices A, R, V̂hp are

all diagonal, the calculations involved in the forward-backward recursion process of

the channel estimation are all trival. Further from (4.5), the posterior pdf qγ(cp) at

the γth iteration is finally updated by

V̂cp = NFNT1V̂hpT
H
1 F

H
N ≈ tr(V̂hp)IN,

m̂cp =
√
NFNT1m̂hp .

(4.28)

Similarly, by substituting the Gaussian prior p(sp) in (4.17) obtained from chan-

nel decoder into (4.15), the covariance matrix and the mean vector of the posterior

pdf qγ(sp) can be updated by

V̂sp =
[
TH

3 F
H
N

(
DH(m̂cp

)Λ̂−1
p D(m̂cp

) +D(V̂cp
)Λ̂−1

p

)
FNT3 + V̄−1

sp

]−1

,

m̂sp = V̂sp

[
TH

3 F
H
NDH(m̂cp

)Λ̂−1
p ẑp + V̄−1

sp m̄sp

]
,

(4.29)

which can be further approximated byd

V̂sp ≈
1

N
tr
(
β̄−1
sp IN +Wsp

)−1

IM = β̂spIM,

m̂sp ≈
β̂sp

β̄sp

m̄sp+T3F
H
N

(
β̄−1
sp IN+Wsp

)−1

DH(m̂cp
)Λ̂−1

p ẑp,
(4.30)

withWsp � DH(m̂cp
)Λ̂−1

p D(m̂cp
)+D(V̂cp

)Λ̂−1
p , m̂cp

� Gm̂cp and V̂cp
� GV̂cpG

H .

The posterior pdf qγ(tp) is approximated as Nc(tp; m̂tp , V̂sp), with

V̂tp = FNT3V̂spT
H
3 F

H
N ≈ β̂spIN ,

m̂tp = FNT3m̂sp .
(4.31)

Finally, from (4.28) and (4.31), ẑp and Λ̂p at the γth iteration are updated by

ẑp = yp − E(wp),

Λ̂p = V (wp),
(4.32)

dThe equation (4.30) can be obtained by using the approximation FNT3T
H
3 FH

N ≈ IN to (4.29).
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Algorithm 7 Forward-backward recursion for channel estimation.

1: • Forward recursion:

2: 1) Initialization: Set V̄h0 = ∞ and m̄h0 = 0Lh×1.

3: 2) For p = 0, . . . , P − 1

4: a) Substitute {V̄hp , m̄hp} into (22) and (4.25),

to obtain {V̂hp , m̂hp}.
5: b) Set V̂f

hp
= V̂hp , and m̂f

hp
= m̂hp .

6: c) V̄hp+1 = AV̂f
hp
AH +R, m̄hp+1 = Am̂f

hp
.

7: End For

8: • Backward recursion:

9: 1) Initialization: Set V̄g
hP−1

= ∞ and m̄g
hP−1 =

0Lh×1.

10: 2) For p = P − 1, . . . , 0

11: a) Set V̄hp = V̄g
hp
, m̄hp = m̄g

hp
.

12: b) Substitute {V̄hp , m̄hp} into (22) and (4.25),

to obtain {V̂hp , m̂hp}.
13: c) V̄g

hp−1
= [AH(V̂hp +R)−1A]−1, m̄g

hp−1
=

A−1m̂hp .

14: End For

15: • Combination:

16: For p = 0, . . . , P − 1

V̂hp =

[(
V̂f

hp

)−1

+
(
V̄g

hp

)−1
]−1

,

m̂hp = V̂hp

[(
V̂f

hp

)−1

m̂f
hp

+
(
V̄g

hp

)−1

m̄g
hp

]
.

(4.27)

17: End For
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where E(wp) is calculated using (4.8), (4.9), and (4.10), by making the following

replacements: E(cp) = m̂cp , E(tp) = Gm̂tp , v
′
p =

1
N
tr(GV̂tpG

H), and [E(h0
p), . . . ,

E(hLh−1
p )]T = m̂hp . Although the CP is not inserted as that in conventional meth-

ods, the inter-subblock interference induced by FTN signalling and time-dispersive

channels can be gradually cancelled out with the iteration by using more and more

accurate estimates of the data symbols and the channel.

Note that in the considered turbo equalization system, the inner iteration be-

tween (4.28), (4.31) and (4.32) is successfully embedded into the outer iteration

(i.e., the iteration between the equalizer and the decoder). In other words, in the

Γth outer iteration, the decoder delivers the extrinsic mean vector and covariance

matrix {m̄sp , V̄sp} to the equalizer, which are fixed when the inner iteration is

performed. After a certain number of inner iterations, the extrinsic information

pe(sp) ∝ Nc(sp; m̆sp , V̆sp) is fed back to the decoder to perform the (Γ + 1)th outer

iteration. The mean vector and the covariance matrix of pe(sp) are given by

V̆sp = [V̂−1
sp − V̄−1

sp ]
−1,

m̆sp = V̆sp [V̂
−1
sp m̂sp − V̄−1

sp m̄sp ].
(4.33)

We summarize the scheduling scheme of the proposed algorithm (we call this

algorithm as JCED) in Algorithm 8.

By further exploiting the correlation between the elements in the frequency-

domain CIRs, a refined JCED (R-JCED) algorithm is proposed in 4.3.2 to improve

the accuracy of channel estimation. Moreover, in contrast to the Gaussian ap-

proximation of data symbols in JCED and R-JCED algorithms, we further employ

the GAMP algorithm and incorporate it into the iteration between the channel

estimation and decoder in 4.3.3, which leads to two algorithms, i.e., GAMP-JCED

and R-GAMP-JCED.

4.3.2 R-JCED Based on the VB Framework

To further take account of the interaction between the elements in cp, it is found that

the Lh-dimensional vector cp, constructed from Lh independent complex Gaussian
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Algorithm 8 Joint channel estimation and decoding method (JCED).

1: • Initialization:

2: Set {m̄sp = 0M×1, V̄sp = IM}, {m̂hp = 0Lh×1,

V̂hp = ∞}, and {ẑp = yp, Λ̂p = Λ′
p}, for p = 0, . . . ,

P − 1.

3: • Iteration:

4: Outer Iteration:

5: For Γ = 1, . . . ,Γout

6: – Inner Iteration:

7: For γ = 1, . . . , γin

8: Update {V̂hp , m̂hp}, {V̂sp , m̂sp}, and {ẑp,
Λ̂p}, from (4.27), (4.30), and (4.32), respectively,

for p = 0, . . . , P − 1.

9: End For

10: – Calculate the extrinsic information {V̆sp , m̆sp} by

(4.33), based on which and the coding constraints,

the SISO decoder outputs the extrinsic information

{s̄p, V̄sp}.
11: End For
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random variables, has Lh degrees of freedom. Thus, by defining

cp,0 =
√

LhFLh
hp, (4.34)

it can be further regarded as a specific group in cp, i.e., cp,0 = [c0p, c
U
p , . . . , c

(Lh−1)×U
p ]T ,

where cup is the uth element in cp, and N = ULh with U an integer (this can be

realized properly by system design). In this way, the vector cp is partitioned into U

subvectors with length Lh as in [124], and the subvector at the index u is defined as

cp,u = [cup , c
U+u
p , . . . , c(Lh−1)×U+u

p ]T , u = 0, 1, . . . , U − 1, (4.35)

which can be rewritten as

cp,u =
√

LhFLh
D([1, e−j2πu/N , . . . , e−j2πu(Lc−1)/N ])hp

=
√

LhFLh
Duhp u = 0, 1, . . . , U − 1. (4.36)

Moreover, one can derive the following relationship between these subvectors

cp,u−1 = FLh
D([1, ej2π/N , . . . , ej2π(Lh−1)/N ])FH

Lh
cp,u

� Ecp,u, u = 1, . . . , U − 1. (4.37)

In a similar way, yp, g, tp and wp are all partitioned into U length-Lh subvectors,

and the uth subvectors are respectively given by

yp,u = [yup , y
U+u
p , . . . , y(Lh−1)×U+u

p ]T ,

g
u
= [gu, gU+u, . . . , g(Lh−1)×U+u]T ,

tp,u = [tup , t
U+u
p , . . . , t(Lh−1)×U+u

p ]T ,

wp,u = [wu
p , w

U+u
p , . . . , w(Lh−1)×U+u

p ]T ,

(4.38)

where yup , g
u, tup and wu

p are the uth elements of yp, g, tp and wp, respectively.

With (4.35) and (4.38), the uth submodel of (4.4) is given by

yp,u = cp,u � g
u
� tp,u +wp,u, u = 0, 1, . . . , U − 1, (4.39)

where

V (wp,u) = D([Λu
p ,Λ

U+u
p , . . . ,Λ(Lh−1)×U+u

p ])

� Λp,u,

E(wp,u) = [Eu
wp
, EU+u

wp
, . . . , E(Lh−1)×U+u

wp
]T ,

(4.40)
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with Λu
p the uth diagonal element of Λp, and Eu

wp
the uth element in E(wp).

Comparing (4.4) with (4.39), it is observed that they have the same structure.

Thereby, based on the submodel in (4.39), multiple independent estimates of the

channel can be obtained within a subblock via VB framework as derived in Section

III-B with some modifications. Define the posterior pdf of the channel calculated

from the uth submodel by p(hp; m̂hp,u , V̂hp,u), the mean vector and covariance matrix

are given by

V̂hp,u =
[
LhD

H
u F

H
Lh

(
DH(m̂tp,u

)Λ̂−1
p,uD(m̂tp,u

)

+D(V̂tp,u
)Λ̂−1

p,u

)
FLh

Du + V̄−1
hp,u

]−1

,

m̂hp,u = V̂hp,u

[√
LhD

H
u F

H
Lh
DH(m̂tp,u

)Λ̂−1
p,uẑp,u

+V̄−1
hp,u

m̄hp,u

]
,

(4.41)

where m̂tp,u
= D(gu)m̂tp,u , V̂tp,u

= D(gu)V̂tp,uDH(gu), V̂tp,u , m̂tp,u , Λ̂p,u, and

ẑp,u are obtained from the specific partition of V̂tp , m̂tp , Λ̂p, and ẑp, respectively.

Then through a forward-backward recursion as described in Section III-B, the U

independent channel estimates can be combined together. However, there exists

complex matrix inversion in (4.41), which is computationally inefficient. To avoid

this problem, we approximate V̂hp,u to be diagonal via similar methods as handling

the inversion of V̂hp in (4.23). Accordingly, based on the relationship between hp,u

and cp,u in (4.36), we rewrite (4.41) as

V̂cp,u =
[
DH(m̂tp,u)Λ̂

−1
p,uD(m̂tp,u)+D(V̂tp,u)Λ̂

−1
p,u+V̄−1

cp,u

]−1

m̂cp,u =V̂cp,u

[
DH(m̂tp,u)Λ̂

−1
p,uẑp,u + V̄−1

cp,um̄cp,u

]
,

(4.42)

and define the posterior pdf q(cp,u) ∝ Nc(cp,u; m̂cp,u , V̂cp,u), for u = 0, . . . , U−1. The

prior information {V̄cp,u , m̄cp,u} is obtained from the (u+1) th subvector through the

forward recursion shown in Algorithm 9e. Apparently, the computational complexity

is reduced compared with the conventional methods since it grows logarithmically

with the length of the ISI taps of the unknown time-dispersive channels instead of

the total number of ISI taps from both the FTN signalling and the channels.

eThere is no need to perform backward recursion since we concern the update of the information

corresponding to cp,0. Due to the page limit, the detailed derivation process of forward-backward

recursion is not stated here.
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Algorithm 9 Forward recursion based on (4.37).

1: • Initialization:

2: Set V̄cp,U−1
= ∞ and m̄cp,U−1

= 0Lh×1.

3: • Forward recursion:

4: For u = U − 1, . . . , 0

5: - Substitute {V̄cp,u , m̄cp,u} to (4.42), obtaining

{V̂cp,u , m̂cp,u}.
6: - Calculate

V̄cp,u−1 = EV̂cp,uE
H

≈ L−1
h tr(V̂cp,u)ILh×1,

m̄cp,u−1 = Em̂cp,u .

(4.43)

7: End For

To further utilize the correlation of the channel coefficients between adjacent

subblocks, we calculate V̌hp and m̌hp as

V̌hp = L−1
h FH

Lh
V̂cp,0FLh

,

m̌hp = L
−1/2
h FH

Lh
m̂cp,0 ,

(4.44)

which are then substituted into (4.19), resulting in

V̂hp =
[
LhF

H
Lh
V̂−1

cp,0
FLh

+ V̄−1
hp

]−1

,

m̂hp = V̂hp

[√
LhF

H
Lh
V̂−1

cp,0
m̂cp,0 + V̄−1

hp
m̄hp

]
.

(4.45)

By approximating V̄hp as β̄hpILh
and some averaging operations, Eq.(4.45) can be

simplified as

V̂hp ≈ FH
Lh

(
LhV̂

−1
cp,0

+ β̄−1
hp

ILh

)−1

FLh

≈ L−1
h tr

[
(LhV̂

−1
cp,0

+ β̄−1
hp

ILh
)−1

]
ILh

= β̂hpILh
,

m̂hp ≈ V̂hp

[√
LhF

H
Lh
V̂−1

cp,0
m̂cp,0 + V̄−1

hp
m̄hp

]
≈
√
LhF

H
Lh

(
LhV̂

−1
cp,0

+β̄−1
hp
ILh

)−1

V̂−1
cp,0

m̂cp,0+
β̂hp

β̄hp

m̄hp .

(4.46)

Finally, the forward-backward recursion is performed as in Algorithm 7.
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In this way, the accuracy of the channel estimation can be improved, because

the constraint in (4.37) is fully taken into account. The proposed R-JCED method

is summarized in Algorithm 10.

4.3.3 GAMP-Aided JCED Algorithm (GAMP-JCED)

Note that all aforementioned methods treat the data symbols as Gaussian variables,

since an exact discrete distribution over the signal constellation leads to intractable

complexity. For example, it is observed that the computation for q(sp) in (4.15)

requires in general a complexity order of O(2JM) without Gaussian approximation.

However, it has been shown that Gaussian assumption of symbols, which only utilizes

the first and the second order moments of data symbols, leads to performance loss

in frequency-domain equalization [75]. Moreover, the computational complexity is

still a challenging task even though the symbols are modeled as Gaussian without

the approximation in (4.17), where the variances of the a prior distribution of data

symbols are replaced by their average, because a non-trivial matrix operation is

involved in (4.29) with a computational complexity of order O(N3) flops. Inspired

by [120], the GAMP algorithm is employed, which can be easily embedded in the

VB-framework-based method, to compute posterior pdfs of data symbols.

As shown that VB-framework-based algorithm can be interpreted as message

passing on FG, GAMP is also a type of message passing method to approximate

the SPA when the underlying FG is dense. When embedded in the VB-framework-

based algorithm, the mean vector m̂hp and the covariance matrix V̂hp of the channel

estimates calculated by (4.14) are used to construct the linear mixing matrix and

to absorb the distortion due to the uncertainty of channel estimates into the noise,

resulting in the following system model

yp = HpFNsp + w̃p, (4.47)

where Hp = D(m̂cp)G is a diagonal matrix, and sp = T3sp is the symbol vector after

padding sp with (N − M) zeros. The equivalent noise w̃p = wp + D(ecp)GFNsp,

where ecp is the zero-mean Gaussian random variable with covariance matrix V̂cp .
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Algorithm 10 Refined Joint Channel Estimation and Decoding (R-JCED) method.

1: • Initialization:

2: Set {m̄sp = 0M×1, V̄sp = IM}, {m̂hp = 0Lh×1,

V̂hp = ∞}, and {ẑp = yp, Λ̂p = Λ′
p}, for p = 0, . . . ,

P − 1.

3: • Iteration:

4: Outer Iteration:

5: For Γ = 1, . . . ,Γout

6: – Inner Iteration:

7: For γ = 1, . . . , γin

8: For p = 0, . . . , P − 1

9: 1) Update {V̂cp,u , m̂cp,u} from (4.42) along

with the forward recursion, for u = 0, . . . ,

U − 1.

10: 2) Update {V̂hp , m̂hp} from (4.46) based on a

forward-backward recursion process as de-

scribed in Algorithm 7.

11: 3) Update {V̂sp , m̂sp}, and {ẑp, Λ̂p}, from
(4.30), and (4.32), respectively.

12: End For

13: End For

14: – Calculate the extrinsic information {V̆sp , m̆sp}
by (4.33), based on which and the coding con-

straints, the SISO decoder outputs the extrinsic

information {m̄sp , V̄sp}.
15: End For
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Therefore, the covariance matrix Λ̃p of w̃p can be calculated by

Λ̃p = Λ̂p +GD(FNsp)V̂cpDH(FNsp)G
H

≈ Λ̂p +GV̂cpG
H . (4.48)

For brevity, the noiseless output vector is defined by ξp, i.e., ξp = HpFNsp,

and the linear transform matrix by Φp = HpFN . With a linear mixing matrix

HpFN , the efficiency of the FFT can be maintained having a complexity growing

logarithmically with the length of the subblock. Moreover, the GAMP relaxes the

Gaussian prior constraint and incorporates output nonlinearities, which conjectures

its superior performance to conventional MMSE-FDE algorithms [75].

Generally speaking, the following approximations, corresponding to the two

scalar estimation functions denoted by gout(·) and gin(·), are the main ideas behind

the derivation of the GAMP. First, the elements in ξp, i.e., {ξn} are assumed

to be posterior independent and approximated as Gaussian based on the central

limit theorem. The likelihood function of yn given ξn is denoted by p(yn|ξn) =

Nc(ẑn; ξn, Λ̃n) with ξn =
∑

m[Φp]nmsm, n = pM, . . . , pM +N − 1, where sn, ẑn and

Λ̃n are the nth elements of sp, ẑp and Λ̃p, respectively. In this way, the posterior

pdf of ξn is approximated by

q(ξn|yp; m̄ξn , V̄ξn) =
p(yn|ξn)Nc(ξn; m̄ξn , V̄ξn)∫
ξ′n
p(yn|ξ′n)Nc(ξ′n; m̄ξn , V̄ξn)

= Nc(ξn; m̂ξn , V̂ξn), (4.49)

with

V̂ξn =
Λ̃nV̄ξn

Λ̃n + V̄ξn

, m̂ξn =
V̄ξn ẑn + Λ̂nm̄ξn

Λ̃n + V̄ξn

, (4.50)

where V̄ξn and m̄ξn are updated iteratively in the GAMP algorithm, the update

rules of which are given later (see (4.57) and (4.58) in Algorithm 5). From [118], the

output scalar function gout(·) for the approximation of SPA to calculate the MMSE

estimates is give by

gout(m̄ξn , yn, V̄ξn) =
1

V̄ξn

[E(ξn|yp; m̄ξn , V̄ξn)− m̄ξn ]
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=
1

V̄ξn

(
V̄ξn ẑn + Λ̃nm̄ξn

Λ̃n + V̄ξn

− m̄ξn

)

=
ẑn − m̄ξn

Λ̃n + V̄ξn

, (4.51)

and its negative partial derivative of gout(m̄ξn , yn, V̄ξn) is

− ∂

∂m̄ξn

gout(m̄ξn , yn, V̄ξn) =
1

Λ̃n + V̄ξn

. (4.52)

Second, the posterior pdfs of the elements {sn}, n = pM, . . . , pM +M − 1, in the

symbol vector sp are assumed to be independent, and the true posterior distribution

p(sn|y) is approximated as

q(sn = ai|yp; m̌ηn , V̌ηn)

=
p(sn = ai)Nc(sn = ai|m̌ηn , V̌ηn)∑

ai∈X
p(sn = ai)Nc(sn = ai|m̌ηn , V̌ηn)

, (4.53)

for n = pM, . . . , pM + M − 1, where V̌ηn and m̌ηn are updated iteratively in the

GAMP algorithm, the update rules of which are given later (see (4.60) and (4.61)

in Algorithm 5). The input scalar function is related to the posterior mean of sn as

follows:

gin(m̌ηn , V̌ηn) = E(sn|yp; m̌ηn , V̌ηn)

=
∑
ai∈X

aiq(sn = ai|yp; m̌ηn , V̌ηn), (4.54)

for n = pM, . . . , pM+M−1, and gin(m̌ηn , V̌ηn) = 0 for n = pM+M, . . . , pM+N−1,

where E{·} is the expectation operation. Similarly, the derivative of gin(m̌ηn , V̌ηn)

satisfies

V̌ηn

∂

∂m̌ηn

gin(m̌ηn , V̌ηn) = V (sn|yp; m̌ηn , V̌ηn)

=
∑
ai∈X

|ai − gin(m̌ηn , V̌ηn)|2

× q(sn|yp; m̌ηn , V̌ηn), (4.55)

for n=pM, . . . , pM+M−1, and V̌ηn
∂

∂m̌ηn
gin(m̌ηn , V̌ηn)=0, for n = pM+M, . . . , pM+

N − 1.
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Algorithm 11 The symbol detection based on the GAMP algorithm.

1: • Initialization:

2: For p = 0, . . . , P − 1

3: Set m̌ηn = 0, V̌ −1
ηn = 0, and m̂ζn = 0, for

n = pM, . . . , pM +N − 1.

4: End For

5: • Iteration:

6: For p = 0, . . . , P − 1

7: For n = pM, . . . , pM +N − 1

8: 1) Calculate the posterior mean and posterior

variance for sn by

m̂sn
� gin(m̌ηn , V̌ηn),

V̂sn
� V̌ηn

∂

∂m̌ηn

gin(m̌ηn , V̌ηn),
(4.56)

for n = pM, . . . , pM +M − 1, and m̂sn
= 0,

V̂sn
= 0, for n = pM +M, . . . , pM +N − 1.

9: 2) Calculate V̄ξn and m̄ξn by

V̄ξn =
∑
m

|[Φp]nm|2V̂sm
, (4.57)

m̄ξn =
∑
m

[Φp]nmm̂sm
− V̄ξnm̂ζn . (4.58)

10: 3) Calculate

m̂ζn � gout(m̄ξn , yn, V̄ξn),

V̂ζn � −g′out(m̄ξn , yn, V̄ξn).
(4.59)

11: 4) Calculate V̌ηn and m̌ηn by

V̌ηn = (
∑
m

|[Φp]mn|2V̂ζm)
−1, (4.60)

m̌ηn = m̂sn
+ V̌ηn

∑
m

[Φp]
∗
mnm̂ζm . (4.61)

12: End For

13: End For
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Given the input and output scalar functions, the iterative GAMP algorithm for

updating the estimates of ξn and sn is summarized in Algorithm 11.

Note that the complexity of the GAMP algorithm is O(N2), dominated by the

matrix-vector multiplications in (4.57), (4.58), (4.60) and (4.61). However, the

overall complexity can be reduced to O(N logN) thanks to the FFT. Specifically,

by using the approximation FND(V̂sp
)FH

N ≈ ( 1
N
1T
N×1V̂sp

)IN , Eq. (4.57) can be

rewritten as

V̄ξp = |HpFN |2V̂sp
= D(HpFND(V̂sp

)FH
NH

H
p )1N×1

≈ (
1

N
1T
N×1V̂sp

)HpH
H
p 1N×1, (4.62)

where the squared magnitude is taken componentwisely, V̂sp
= [V̂spM , . . . , V̂spM+M−1

,

01×(N−M)]
T and V̄ξp = [V̄ξpM , . . . , V̄ξpM+N−1

]T . Also, we have

m̄ξp = HpFNm̂sp
− V̄ξp � m̂ζp

, (4.63)

where m̄ξp � [m̄ξpM , . . . , m̄ξpM+N−1
]T , m̂sp

� [m̂spM , . . . , m̂spM+M−1
,01×(N−M)]

T , and

m̂ζp
�[m̂ζpM ,. . ., m̂ζpM+N−1

]T . Similarly, by using the approximation FH
NH

H
p D(V̂ζp

)HpFH

≈ tr(HH
pD(V̂ζp

)Hp), (4.60) can also be represented in a vector form, i.e.,

1N×1./V̌ηp
= |FH

NH
H
p |2V̂ζp

= D(FH
NH

H
p D(V̂ζp

)HpFH)1N×1

≈ (
1

N
1H
N×1H

H
p HpV̂ζp

)1N×1 � β−1
ηp

1N×1, (4.64)

where V̌ηp
� [V̌ηpM , . . . , V̌ηpM+N−1

]T and V̂ζp
� [V̂ζpM , . . . , V̂ζpM+N−1

]T . Hence, (4.61)

is reduced to the following equation

m̌ηp
= m̂sp

+ βηp
FH

NH
H
p m̂ζp

, (4.65)

where m̌ηp
�[m̌ηpM , . . . , m̌ηpM+N−1

]T and m̂ζp
�[m̂ζpM , . . . , m̂ζpM+N−1

]T . It is observed

that within the iteration of GAMP, some of the matrix-vector multiplications can be

efficiently performed by FFT. The calculational complexity of other matrix-vector

multiplications is low, because diagonal matrices are involved.

From the derivation of the GAMP, it is easily analyzed that the posterior mean

and variance of the data sequence sp are approximately calculated as m̂sp
and V̂sp

,
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respectively. Thereby, the posterior pdf of tp can be approximated to be Gaussian,

i.e., q(tp) ∝ Nc(tp; m̂tp , V̂tp), with

m̂tp = FNm̂sp
,

V̂tp = FNV̂sp
FH

N ≈ 1

M
tr(V̂sp

)IN.
(4.66)

Given (4.66), the channel estimation can be performed as the same in JCED and

R-JCED, which are referred to as GAMP-JCED and R-GAMP-JCED, respectively.

Most important, the GAMP method can be easily incorporated into the iteration

between the SISO equalization and the SISO decoder. According to the turbo

principle, V̌ηn and m̌ηn are separated from the a priori of the data symbols sn,

n = pM, . . . , pM +M − 1, and thus they can be regarded as the extrinsic variance

and the extrinsic mean, which are collected to vectors as

V̌sp = D([V̌ηpM , . . . , V̌ηpM+M−1
]T ),

m̌sp = [m̌ηpM , . . . , m̌ηpM+M−1
]T .

(4.67)

The GAMP-JCED and the R-GAMP-JCED methods are summarized in Algo-

rithm 12.

4.3.4 Complexity Analysis

In Table 1, a brief complexity analysis of the proposed JCED, R-JCED, GAMP-

JCED, and R-GAMP-JCED algorithms is given compared with the existing methods

[17,57–59,110,124,125]. All of these methods involve the calculations of yp requiring

P N -point FFTs operations with complexity PN logN . Since the standard BCJR

decoding is performed for all methods, only the computational complexity for one

inner iteration within a subblock is analyzed in the following. In JCED, one N -point

IFFT is needed for the calculation of (4.25), and one N -point FFT for (4.28). In

R-JCED, 2(U − 1) Lh-point FFTs are needed for the calculation of (4.43), one Lh-

point IFFT for (4.46), and one N -point FFT for (4.28). The GAMP-JCED and the

JCED differ in the equalization part. In JCED, one N -point IFFT is required for

the calculation of (4.30), one N -point FFT for (4.31), and two N -point (I)FFTs for

(4.10). In GAMP-JCED, one N -point FFT for (4.63), N -point FFT for (4.65), N -

point FFT for (4.66), and two N -point (I)FFTs for (4.10). The CP-based [17,57,59]
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Algorithm 12 The GAMP-JCED and R-GAMP-JCED algorithms.

1: • GAMP-JCED: The same as JCED except for the two modifications:

2: – Inner iteration:

3: Update {m̂sp , V̂sp} from (4.56) instead of (4.30).

4: – Outer iteration:

5: Calculate the extrinsic information {V̌sp , m̌sp} by

(4.67) instead of (4.33).

6: • R-GAMP-JCED: The same as R-JCED except for the two modifications:

7: – Inner iteration:

8: Update {m̂sp , V̂sp} from (4.56) instead of (4.30), then

parse them into U subvectors with the uth subvec-

tor denoted by m̂tp,u and V̂tp,u , respectively.

9: – Outer iteration:

10: Calculate the extrinsic information {V̌sp , m̌sp} by

(4.67) instead of (4.33).

Table 4.1: Comparisons of computational complexity

Algorithm Complexity of the equalizer Complexity of the channel estimator

JCED 4N logN 2N logN

GAMP-JCED 5N logN 2N logN

R-JCED 4N logN (2U − 1)Lh logLh +N logN

R-GAMP-JCED 5N logN (2U − 1)Lh logLh +N logN

VB-approx 4N logN 2N logN

EM-based 4N logN (2U − 1)L logL+N logN

LS-based 4N logN (2U − 1)L logL+N logN

CP-based (CP-based-w) 2N logN -

Overlap-based 2N logN -

IB-DFE 2N logN -

and overlap-based [58] algorithms requires 2N logN complexity for equalization with

known CSI. In EM-based [110] and LS-based [124] algorithms, the complexity of the

channel estimation is (2U − 1)L logL +N logN and that of detection is 4N logN .
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For VB-approx [125], the complexity of the channel estimation and the detection

are 2N logN and 4N logN , respectively.

4.4 Simulation Results

In this simulation, a rate-1/2 LDPC codef with block size 4896 and a QPSK signal

with Gray mapping is considered. The root raised cosine filter with a roll-off factor

α = 0.5 is implemented for both the transmitting and the receiving filters. The

packing ratio in the range from τ = 0.9 to 0.6 is used for FTN signalling. For

the time-varying frequency-selective fading channels, the carrier frequency is 2 GHz

with 2.5 μs symbol period and mobile velocity is 110 km/h, i.e., the Doppler spread

is 200Hz and the normalized fading rate is 0.0005. The total number of taps of

the time-varying frequency-selective fading channels is Lh = 64, if not specified

otherwise. The power delay profile is chosen as ψ = [1, e−0.1, . . . , e−0.1(Lh−1)]T . A

periodically extended 25th root length-139 Chu sequence [127] is employed as the

training sequence and superimposed onto the data symbols, with power ratio of pilots

to data symbols ς = 1/10. The corresponding power loss due to the superimposed

training sequence is about 0.4 dB, which has been considered in Eb/N0. At the

receiver, the value of ν is set to 9, unless otherwise specified. The number of the

outer and inner iterations are 20 and 5, respectively. The number of iterations for

LDPC decoding is 50.

The BER performance of the proposed JCED algorithm is evaluated and com-

pared with the sate-of-the-art methods, namely, CP-based MMSE-FDE [17] (de-

noted by “CP-based”), CP-based MMSE-FDE with noise whitening [57] (denoted

by “CP-based-w”), overlap-based MMSE-FDE [58] (denoted by “Overlap-based”),

IB-DFE [59] (denoted by “IB-DFE”) and the counterpart system with Nyquist rate

(denoted by “Nyquist”) in Fig. 4.2. The impacts of different packing ratios in

FTN signalling are also studied. Since CIRs are assumed to be perfectly known

in [17, 57, 58] and [59], all mentioned algorithms are first evaluated with known

fThe variable and check node degree distributions are X1 = 0.0005 + 0.2285X + 0.0857X2 +

0.6857X7 and X2 = 0.2290X7 + 0.7710X8, respectively. The parameter definitions follow [72].
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Figure 4.2: BER performance of different algorithms with known CIRs.

CIRs for a fair comparison. The “known CIRs” means that the CIRs in the central

point of a subblock are assumed to be known and selected as the one that this

subblock undergoes in the receiver. Note that though we assume that the CIRs are

fixed within a subblock duration, the time-varying channels are generated by Jake‘s

simulator in all simulations. With known CIRs, the proposed R-JCED algorithm

is equivalent to the JCED method. The length of the subblock is set as M = 129

for the Nyquist case (i.e., P = 19, MfDTs = 0.065), while M = 175 for other

FTN cases (i.e., P = 14, τMfDTs = 0.088)g. Due to the white noise assumption

in the CP-based method in [17], the performance loss compared with the proposed

JCED algorithm is about 2 dB at BER=10−5. This is because that even though

the colored noise can be recognized to be approximately independent in frequency

domain, the amplitude of the autocorrelation coefficients may fluctuate greatly.

Therefore the approximation error in the CP-based method will be large. With noise

whitening, the CP-based-w method in [57] is superior to the CP-based method. The

gThe Nyquist case is the lower bound of the FTN signalling case, since the length of the subblock

is shorter than that selected for the latter one. The design of the subblock length is flexible, and it

is better to ensure that blocks are independent, since decoding can be performed without latency,

however, zeros-padding is needed between different blocks to eliminate the ISI effect. The selection

of M in this paper is just for convenience.
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Figure 4.3: BER performance of the proposed algorithms with unknown CIR.

IB-DFE [59] delivers better BER performance compared with CP-based and CP-

based-w algorithms due to the iterative feedback process. However, the CP used in

the CP-based, CP-based-w and IB-DFE methods introduces about 30% overhead,

which results in significant power and spectral efficiency loss. For the overlap-based

method, the parameters p and q defined in [58] are set to 45, which means the length

of overlap between adjacent subblocks is 90. Although the overlap is longer than

that used in the proposed algorithms, BER performance is still inferior to that of

the proposed ones, because the ISI introduced from the fading channels and FTN

signalling is not sufficiently suppressed. It is also observed that performance loss

of the FTN systems compared with the Nyquist counterpart is negligible even for

τ = 0.6 at BER=10−6, which demonstrates the effectiveness of the approximations

of the colored noise in (4.7) and the interference from adjacent subblocks in (4.8)

due to the absence of CP.

In Fig. 4.3, we plot the BER performance of the proposed JCED, R-JCED,

GAMP-JCED and R-GAMP-JCED algorithms for both FTN signalling and Nyquist

signalling over unknown time-varying frequency-selective fading channels. Two

packing ratios for the FTN signalling are considered, i.e., τ = 0.6 and 0.8. The

BER curves of the EM-based (denoted by “EM-based”) [110], LS-based (denoted
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by “LS-based”) [124], VB-based (denoted by “VB-approx”) [125], and the known

CSI cases are also plotted for comparison. It is seen that GAMP-aided methods

outperform the corresponding JCED methods, e.g., about 0.8 dB performance gain

can be obtained by comparing GAMP-JCED (R-GAMP-JCED) with JCED (R-

JCED). The superior performance of GAMP-aided methods is because data symbols

are treated as discrete random variables in GAMP-JCED and R-GAMP-JCED,

instead of being approximated as Gaussian distributions in JCED and R-JCED

algorithms. We also observe that the refined channel estimate in R-JCED and R-

GAMP-JCED leads to superior performance relative to the corresponding JCED

and GAMP-JCED algorithms. For the cases τ = 0.8 and τ = 0.6, performance of

the R-GAMP-JCED is very close to that of the Nyquist signalling with unknown

CSI. That means that up to 67% higher transmission rate can be obtained with

α = 0.5 by employing the proposed R-GAMP-JCED algorithm in FTN system,

with negligible BER performance loss in terms of Eb/N0. Since the EM-based and

LS-based methods in [110] and [124] were originally proposed for Nyquist signalling,

we have extended them directly to FTN signalling via combining the ISI induced

by both FTN signalling and the unknown frequency-selective channels together.

Compared to the proposed R-JCED algorithm, about 0.7 dB performance loss can

be observed for the EM-based method. This is mainly due to the fact that EM-based

method ignored the knowledge of the known ISI induced by FTN signalling. On

the contrary, the proposed R-JCED algorithm is able to fully exploit the structure

of FTN signalling and only estimate the CIRs of the unknown frequency-selective

channels. The LS-based algorithm suffers extra performance loss due to the separate

process of the channel estimation and data detection compared with the EM-based

counterpart. We also observe that the diagonal approximation of V̌hp employed

in [125] delivers poor performance in high Eb/N0 due to the fluctuation of the

amplitude of the entries in m̂tp
.

The mean-squared errors (MSEs) of the channel estimation with different algo-

rithms are illustrated in Fig. 4.4. It can be seen that the performance gap between

the proposed R-GAMP-JCED algorithm for FTN signalling and the counterpart

Nyquist system is marginal especially when Eb/N0 is greater than a certain value.
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Figure 4.4: MSEs of channel estimation of different algorithms with unknown CIR.

The accuracy of channel estimation is improved with larger packing ratio at lower

Eb/N0. By exploiting the correlations between the elements in cp, the algorithms

with refined channel estimation, namely, R-JCED and R-GAMP-JCED, significantly

outperform the ones that ignore this information. Moreover, the GAMP-aided meth-

ods outperform the JCED algorithms, which is also reasonable since the performance

of channel estimation can be improved by more accurate data symbol detection via

GAMP in turbo receivers. Note that the MSE error-floor is caused by the time-

varying channel state information that cannot be perfectly estimated.

Considering that the amount of ISI for the FTN signalling highly depends on the

roll-off factor, the BER performance of the proposed R-JCED and R-GAMP-JCED

is evaluted with roll-off factor α = 0.1 to 0.5 in Fig. 4.5. It is observed that, for

a fixed packing ratio τ , the BER performance degrades while reducing the roll-off

factor. Note that this BER loss is especially obvious for low-τ scenarios. However,

the spectral efficiency gain is obtained for lower packing ratio and roll-off factor.

For example, compared with {τ = 0.8, α = 0.5} (η = 0.83 bits/s/Hz), about 80%

spectral efficiency gain is obtained by using {τ = 0.6, α = 0.1} (η =1.52 bits/s/Hz),

with about 0.3 dB Eb/N0 loss at BER= 10−6 when the R-GAMP-JCED is employed.

In Fig. 4.6, the impact of different training sequences employed is compared,
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Figure 4.5: BER performance of the proposed R-JCED and R-GAMP-JCED
algorithms with different roll-off factors.
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Figure 4.6: BER performance of the proposed R-JCED algorithm with different
training sequences.

namely, the traditional pilot insertion (denoted by “pilot-based”) and the superim-

posed training (denoted by “superimposed”). It is observed that, for both methods,

increasing the ratio of pilots from 5% to 20% or increasing the power ratios from

ς = 1/10 to ς = 1/4 lead to improved BER performance, owning to the more
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Figure 4.7: BER performance of the proposed R-GAMP-JCED algorithm with
different τ and code rate.

accurate channel estimation obtainedh. However, further increasing the ratio of

pilots to 25% or the power ratio to ς = 1/3 lead to performance loss, since the

improvement in channel estimation becomes marginal and the loss in Eb/N0 due to

the training sequence dominates the BER performance. Moreover, we observe that

the pilot-based method with 20% pilot ratio performs very close to the superimposed

training with ς = 1/4. However, the former expends the signal bandwidth by 20%,

which obviously compromises the advantage of FTN signalling in spectral efficiency.

In Fig. 4.7, the BER performance of the proposed R-GAMP-JCED algorithm

with different values of τ and code rates is evaluated. The scenario of Nyquist

signalling is also plotted for comparison. It is observed that, for fixed code rate 1/2,

FTN signalling can increase the spectral efficiency, e.g., for τ = 0.8 and τ = 0.6,

respectively, about 25% and 67% higher spectral efficiencies can be obtained with

less than 0.2 dB BER performance loss in terms of Eb/N0. On the other hand, if

the spectral efficiency is fixed atρ = 0.67, the BER performance can be improved

by reducing both τ and code rate, e.g., about 0.2 dB gain can be obtained with

τ = 0.8 and code rate 2/5 compared with the Nyquist counterpart. However, further

decreasing τ and code rate may lead to performance loss, e.g., τ = 0.5 and code rate

hNote that the power loss due to the training sequence has been taken into account in Eb/N0
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Figure 4.8: BERs of the proposed R-GAMP-JCED algorithm with different length
of subblock, i.e., M ∈ {105, 166, 227, 410}.

1/4. This is due to the fact that the coding gain cannot be fully exploited when the

ISI imposed by FTN signalling is not eliminated.

In Fig. 4.8, the BER performance of the proposed R-GAMP-JCED algorithm

is investigated with different normalized fading rates. For convenience, the length

of channel taps is set to 61, i.e., Lh = 61, and the length of the subblock M ∈
{105, 166, 227, 410}, i.e., τMfDTs ∈ {0.053, 0.083, 0.114, 0.205}. The packing ratio

for FTN signalling is set to τ = 0.6. It can be easily seen that the performance

degrades when increasing the subblock length M . This is reasonable since the quasi-

static assumption of the fading channels becomes more and more inaccurate by

increasing M . Moreover, the parallel degree of the receiver can also be improved

by reducing M , since more independent subblocks can be proceeded simultaneously.

However, the value of M cannot be smaller than the total number of the ISI taps,

i.e., M should be greater than L (i.e., 79 in this example). Also, smaller M may

damage the efficient approximation of the colored noise. The MSEs of channel

estimation with R-GAMP-JCED algorithm are illustrated in Fig. 4.9. Obviously,

smaller M leads to more accurate channel estimation, which is consistent with the

BER performance results in Fig. 4.8. For M = 410, an obvious gap is observed,

even at large Eb/N0. Therefore, the parameter M should be carefully designed by
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Figure 4.9: MSEs of the proposed R-GAMP-JCED algorithm with different length
of subblock, i.e., M ∈ {105, 166, 227, 410}.

considering the normalized fading rate in practice.

4.5 Conclusions

In this chapter, frequency-domain joint channel estimation and decoding meth-

ods are developed for FTN signalling transmitting systems over frequency-selective

fading channels. To deal with the colored noise inherent in FTN signalling, the

corresponding autocorrelation matrix is approximated by a circulant matrix, the

special eigenvalue decomposition of which facilitates an efficient fast Fourier trans-

form operation and decoupling the noise in frequency domain. Through a specific

partition of the received symbols, many independent estimates are obtained and

combined to further improve the accuracy of the channel estimation and data de-

tection. Moreover, instead of assuming the data symbols to be Gaussian random

variables, a GAMP-based equalization is developed and embedded in the turbo iter-

ations between the channel estimation and the soft-in soft-out decoder. Simulation

results show that the proposed algorithm outperforms the CP-based and overlap-

based frequency-domain equalization methods. With the proposed algorithms, FTN

signalling reaches up to 67% higher transmission rate compared to the Nyquist
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counterpart without substantially consuming more transmitter energy per bit, and

the overall complexities grow logarithmically with the length of the observations.



Chapter 5

Conclusion and Future Work

This thesis presents iterative detection algorithms for high spectral efficiency com-

munication systems operating in the high-frequency bands. In this chapter, the

contributions of this thesis are summarized and future research directions are dis-

cussed.

In Chapter 2, several low-complexity joint PHN estimation and decoding algo-

rithms are proposed for OFDM-IM operating in frequency-selective fading channels.

Two models are considered for approximating the PHN process. The Wiener model

exploits the time dependent statistics, while the DCT model dramatically reduces

the number of unknown variables. Based on these pair of PHN models, a factor

graph is constructed and the GAMP method is invoked, where the unknown non-

linear transform matrix problem imposed by PHN is circumvented by using MF

approximation. For comparison, the amalgamated BP-MF methods are presented

for soft demodulation and for both sequential as well as for parallel message passing

schedules. The performance vs. complexity of the proposed algorithms is compared

to that of conventional pilot based method, the existing EKF and VI approach. The

numerical results show that the proposed GAMP-DCT method has the best BER

performance at a slightly increased computational complexity, as shown in Table 1.

It is also observed that OFDM-IM outperforms its OFDM counterpart even for

strong PHN, imperfect CSI and residual CFO. In this thesis, only the detection

algorithms for single-mode-aided OFDM-IM are investigated. The multiple-mode

OFDM-IM (MM-OFDM-IM) recently developed in [128] is a novel IM scheme,
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where all available subcarriers within an MM-OFDM-IM block are activated for

transmitting multiple distinguishable modes. Therefore, the throughput and the

spectral efficiency of the system are improved compared to its single-mode-aided

OFDM-IM counterpart. However, it is quite a challenge to design a low-complexity

MM-OFDM-IM receiver in the presence of strong PHN, because both the modulation

mode of each subcarrier and the corresponding PSK/QAM symbol drawn from

that modulation constellation have to be detected while eliminating the ICI. If the

proposed algorithm is extended to MM-OFDM-IM systems, the structured a priori

pdf of MM-OFDM-IM symbol vector should be modified, since it is not sparse,

which is in contrast to OFDM-IM. Moreover, given that severe ICI is imposed by the

unknown PHN on MM-OFDM-IM, its BER performance relying on the proposed

algorithms will have to be studied in the near future. The studies on OFDM-

IM in this Chapter generally focused on point-to-point single-input single-output

(SISO) systems, which can be unsuitable for some applications due to their limited

spectral efficiency. More recently, MIMO transmission and OFDM-IM principles

are combined to further boost the spectral and energy efficiency of the OFDM-IM

scheme [27]. Therefore, the extension of detection algorithms from SISO systems to

MIMO systems could be meaningful future work considering that multiple antennas

are prevalent in today’s wireless networks.

In Chapter 3, the amalgamated BP-MF message passing algorithm is proposed

based iterative detection methods for single-carrier systems relying on DM-aided IM

communicating over nonlinear dispersive satellite channels. By taking full account

of the mode-selection pattern constraint, the structured a priori information of the

Sat-DMIM signal gleaned from the SISO decoder was explicitly constructed. Based

on this a factor graph was conceived by factorizing the joint a posteriori pdf of

the information bits, the coded bits and the Sat-DMIM symbols. The BP method

was applied at the mode-selection pattern constraint nodes and at the conventional

PSK/QAM modulation constraint nodes, while the MF technique was invoked at

the observation nodes for decoupling the Sat-DMIM symbols. To further reduce

the complexity, the complicated nonlinear messages were updated by simplifying

the message parameters and approximating high-order ISI terms using the first-
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order Taylor series expansion method. Simulation results show that the proposed

BP-MF almost achieves the FB equalizer at a lower computational complexity, as

shown in Table II. Comparing with the existing linear MMSE, nonlinear MMSE,

nonlinear SIC and Gaussian noise approximation based methods which are designed

for conventional Satcom and then extended to the Sat-DMIM schemes, the proposed

methods can efficiently improve the BER performance. The robustness of the Sat-

DMIM scheme relying on the proposed methods is also demonstrated compared to

its conventional Satcom and single-mode-aided Sat-IM counterparts with nonlinear

distortions. In this thesis, only iteration detection methods are investigated for

single-carrier systems relying on DM-aided IM in known nonlinear channels. How-

ever, the channel coefficients are always unknown in practical systems. Therefore, it

is natural to study joint data detection and nonlinear channel estimation methods

in the future. In addition, for the IM schemes, there are still interesting as well as

challenging research problems that need to be solved in order to further improve

the efficiency of IM schemes, such as the design of novel generalized/enhanced IM

schemes with higher spectral and energy efficiency.

In Chapter 4, low-complexity joint channel estimation and decoding algorithms

are proposed based on the VB framework for coded FTN signalling over frequency-

selective fading channels. By partitioning the symbol sequence into several sub-

blocks, a frequency-domain system model was derived, in which the interferences

between subblocks due to the absence of CP were explicitly expressed and the

covariance matrix of the colored noise imposed by FTN signalling was approximated

by a circulant matrix. Then, the MF approach is employed to approximate the

joint posterior distribution and solved the MAP symbol detection by updating

the channel estimation and symbol detection iteratively. Based on the Gaussian

assumption of data symbols, we derived JCED algorithm in which only the mean

vector and covariance matrix have to be updated. By further exploiting the cor-

relation between the elements in frequency domain CIRs, a refined algorithm, i.e.,

R-JCED was proposed to improve the channel estimation accuracy. The GAMP

algorithm is further employed in which data symbols were taken as discrete variables,

and proposed GAMP-JECD and R-GAMP-JCED algorithms. Simulation results
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showed that, with known CIR, the proposed algorithms outperformed the existing

CP-based and overlap-based MMSE-FDE methods in FTN system. When CIR

is unknown, the proposed algorithms for FTN signalling performed very close to

the Nyquist counterpart, while achieving up to 67% higher transmission rate with

roll-off factor α = 0.5 of raised cosine pulse without substantially consuming more

transmitter energy per bit. The overall complexity of the proposed algorithms grows

in order of O(N logN) with the length of observations N , which is attractive for

long ISI systems, e.g., FTN signalling with small packing ratio. In this thesis, only

iteration detection methods are investigated for FTN systems in linear dispersive

channels. Recently, the time-frequency packing transmission technique relying on

both time packing of adjacent symbols and reducing the carrier spacing of adjacent

channels has attracted widespread attention due to its higher spectral efficiency

compared with that of time-domain FTN signalling [49]. However, the detector

design for communication systems employing time-frequency packing becomes more

challenging, since the receiver has to combat ISI, as well as ICI and colored noise.

Therefore, how to perform data detection for systems relying on time-frequency

packing in frequency-selective fading channels is worthy of further investigation.
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