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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]. Tt 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 F'TN 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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(a) QPSK-Modulated OFDM
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(b) OFDM-IM (3 out of 4 subcarriers are activated for transmitting QPSK symbols)
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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 w/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 T, in the faster-than-
Nyquist signalling scheme transmitted symbol’s interval 7" is typically set such that
T = 115, where 7 < 1 is the time accelerate factor. He discovered that the square
minimum distance d2,;,, does not change when the time accelerate factor 7 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 d?,, becomes smaller if the transmission rate
is further accelerated. Here, the transmission rate at which d2,,, 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 IST 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 7 = 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 F'T'N 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 F'TN 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 IST 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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state information and residual carrier frequency offset. (Chapter 2).

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)

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.

e 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.

e 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.

e 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
IST 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
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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:

e 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 f,, defined in GAMP.

e 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.

e 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.

e 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 LDPC? [72] coded OFDM-IM system having N, data subcarriers
in each OFDM-IM block, whilst communicating over an L-tap frequency-selective
fading channel. Fig. 2.1 depicts the transceiver schematic of the OFDM-IM system.
The data bits ¢, = [cﬁ‘”, e ,cg\?q]T are generated by encoding M; information bits
b = [by,...,by]" using a rate-R. LDPC coder and then by partitioning the resultant
M, = M; /R, bits ¢ = [cy,...,cp,])7 into an integer number of Q = M./M, OFDM-
IM symbols. These M, bits in the gth block are then splitted into G subgroups
each containing M, bits, i.e., we have M, = M,/G. Each subgroup of Mj-bits
is mapped to an OFDM-IM subblock of length N;, where N, = N,/G. Here,
N, is the size of the inverse fast Fourier transform (IFFT) of Fig. 2.1. In each
OFDM-IM subblock, only K, out of N, available subcarriers determined by the
first Mg, bits of the incoming Mgy-bit sequence are activated for transmitting S-
ary classic PSK/QAM symbols, while the remaining (N, — K,) inactive subcarriers
are set to zero. In addition to the My, bits transmitted by the active subcarriers,
OFDM-IM also transmits My, = M, — M, bits by mapping them to K, S-ary
PSK/QAM symbols conveyed by the K, active subcarriers®. Therefore, we have

2Unlike LDPC decoding, trellis-based decoding, as, for example, with convolutional codes and

turbo codes, involves recursive calculations that prevent parallel computation.
PIncrease the value of Mgy 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.

M,

g

= Mg + Mg = Ilog2 (%‘;)J + K log, S, where (%Z) denotes the binomial
coefficient representing the number of subcarrier combinations. Then the M, bits
determine T = 2I10g2 @ZII legitimate combinations of the active subcarriers. We
define the indicator set Q = {w1, ..., wr} associated with w, = [wy1,...,wyn,]" €
{0,1}Ns, where w,; = 1 if the ith subcarrier is activated, and w,,; = 0 otherwise.
The coded bits corresponding to w., are represented by [c77, ... ,c“]\}”gl]T.
Specifically, we assume that the indices activated in the gth OFDM-IM subblock
are given by T, = {ig1,...,%x,}, 9 = 1,...,G, where i, € [1,...,Ny], and
the non-zero symbols assigned to the K, active subcarriers are collected as x, 4 =
[2g.a(1), .. xga(Ky)T, g = 1,...,G, where z,4(k,) € S and S = {s1,...,85}
denotes the normalized S-PSK/QAM symbol set. The coded bits corresponding
to the mth constellation symbol s,, in the set are denoted by [c¢]™,... + Clog, §F
Then the K, data symbols are allocated to K, active subcarriers of the index
set in Z,, yielding a subblock of symbols x,, which can be expressed as x;, =
Dxga £ [24(1),...,24(Ny)]", g = 1,...,G, where IJ consists of the K, columns

from Iy, having the indices given by Z,. The index modulated symbol vector x,

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

pattern constraint here is that x)* € Q, where z)"(n) = 0 if z4(n) = 0 and
xﬁp(n) = 1 otherwise. In other words, the set of T 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 = [x],...,x&]7 £ [21,...,25,]" €
CNax1 where the nth element in x obeys z, € {S,0}. Note that with a little
abuse of notation, we may denote the bit vector transmitted in the gth subblock by
A T 70%491’ o ,cngQ]T € {0,1}Ms, where ¢, i = 1,..., Mgy, is the
1th subcarrier selection bit, and c‘; 5 J=1,..., Mg, the yth symbol mapping bit.
By defining the total number of active indices in an OFDM-IM block as K|, =

GK,, we have E[x"x] = K, At the transmitter, the IFFT having a normaliza-

tion factor \;qu(_ is employed for generating the time-domain symbol vector xp =
q

\/%FHX, where F € CVo*Na is the discrete Fourier transform (DFT) matrix as-
q

sociated with FFAF = NyIy,. Thus, the transmitted power is normalized, i.e.,

E[xfxt] = N,. Then, an L¢,-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 Ly-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 Ng-point complex baseband received signal sequence

r € CNex! of an OFDM-IM block can be written as

1 . 1 .
r=——D() R yH, T, F'x + w = ——=D(/*)FHx + w, (2.1)
V Kq V Kq

where @ = [0, ...,0x,]" is the discrete PHN sample vector, T, = [OLCPX(IZ‘;_LC") ILCP]
€ RWatLlen)¥Na ingerts the Le,-length CP, H; denotes the time-domain channel
convolutional matrix consisting of the channel vector h = [hy,... hr |7 € Clnxl
Rep = [On,xLe, In,] € RYNo*(Natlew) removes the CP, and w € CYe*! is the zero-
mean complex circularly symmetric Gaussian noise vector with a variance of 202.

In (2.1), ReyH, T, = NLqFHHF is a circular matrix and H = D(FI} h) with I}

being formed by the first Ly, columns from I, .
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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
posteriort 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 prior: 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.,
O, =0,1+2L,, n=2,...,N, (2.2)

where /\,, is a zero-mean white Gaussian noise process with a variance of o4 . Based
on (2.2) and on the received signal model in (2.1), we obtain the joint a posteriori

pdf of x and @

Pl 011) o feesd) T Fono ko) POOp(0) T fon (0o Br)

g=1

Ng
: Hfrn(zn7 en)f(sn(zrhx)? (23)
n=1

where fo(c, b) represents the coding constraint; fy,, denotes the IM and PSK/QAM

modulation constraint; P(x) is the a priori pdf of the data symbol x; p(6,) 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 6, and fp, (0,,,6,1) o< N(6,;0,,_1,0%). In (2.3), the additional variable

. A
2y, is defined as z, = A,,.x, where

1
Vv K,

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

A2 F7H. (2.4)

as fs,(2n, X) = p(2,|x) = §(2, — A,,..x), and the likelihood function can be calculated
by frr (Zns 0n) 2 p(rn|2n, 00) =No(ry; 2,677, 20%). 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.

G
g:l’

{fo, }nNil}, Amr = { frn}Nq and Agamp = {fs, gil. The messages can be readily

n=1

We classify the factor nodes into three disjoint subsets, i.e., Agp = {{far4}

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 of O(G2Ms) [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(2¢Ms), which grows exponentially with G, K,, N, 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(e’)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 z,, n =
1,...,N,, as Gaussian variables [37,38,77,78]. However, significant performance
loss is imposed by this method, because z,, is actually a discrete variable and x,
has a sparse structure. Hence we invoke the GAMP algorithm [66] for decoupling
the signal vector estimation problem into /N, 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|z,) 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) = [[)%, P(z,), 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(c{}), ..., P(cy,,);
P(c51), ... 7P(ciMﬁ)}.

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

P( —ww HP —w” vy=1,...,7,

10g2

P(xgd _sm H P( (k—1 10g25+zzczsm>a
m=1,...,8k=1,.. K, (2.5)

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

G
P(x) = [ ] Pu, (%)
T
Py (x) =Y P (x" =w) | T] (Z §(x; — S)P(xi)) [[o)|. (26
y=1 i€ZY \seS €I

where i,) € I, £ {(g — 1)N, + 1 : gN,}, I7 is the support set of vector w.,
e, I = {ilw,; = 1,i € I,}, I7 is the complementary set of 77, and z; €
{zga(1),... . 2ga(Ky)}.
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€LY
— 9, 0.2
H (Z exp { ] } P(x, = s)) Hexp {_’vk’} . (2.7)
JEIY 9F#1 \sES keI Ik

b(mizo):exp{ |Z|} Z P (x H exp{—W}

yAELY geiv 71 Y9,
—9
H (Z exp{ s = Ol® ¢l } P(z), = s)) . (2.8)
keZr \seS Uk

Given (2.6) and the message M4, y,, () o¢ Ne(;7;,vy,), which will be later
updated according to (2.21) and (2.22), we can calculate the a posteriori pdf b(z;)
of z; by (2.7) for z; = s, $m € S, and by (2.8) for x; = 0.

After further algebra in manipulations, we arrive at

B D(x; = sp)
- ZsESD(xi = S) —|—E’

(2.9)

for x; = s, sm € S, and

B E
N ZSGSD(xi:S)+E’

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

(2.10)

posteriort mean and variance of z; are formulated as

Bi= sb(z; = = IsPb(x — &% (2.13)

seS seS

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

2 _ 9
|5m‘ 2§R{Sm19z } } P(xi:sm)
Uy,

H (Zexp{ 3‘22%{819*}}]3(%280. (2.11)

JEIY 3F£1 \SES V9,

Diai=sm) = > P(xg" =w,) exp {—

v €LY
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E= > P(x=w)]] (Z exp{ W} P(z, = s)> . (2.12)

~iELY JEIY \s€S 19]

iteration, and the a priori pdf of x, can be directly written as
1
)= 532 T (37 e ) T o
sES €LY

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

by

. 11€2:.1][0 [Qiallo .
#=Sopgiar = S - e

seS
where ;1 = {w,|w,;, =1,y=1,..., T}
By using the GAMP algorithm (21, Egs. (2a) and (2b)]), the message my; _ ., (2)
x No(2n; fn, ve,) from the factor node fs, to the variable node z, is updated by

= [Anil’vs,, (2.15)

— Z An,ii‘i - énvﬁnv (216)

where é’n related to the a posteriori mean of z, will be later updated according
0 (2.20). In the original GAMP, the function Fi,; defined in [66] is given by
Fout (2 Ens Vs ) = fous = |20 = &il?, where four = log p(ralza) [21, Eq. (7¢)).
However, the relationship between z,, and 7, is nonlinear and unknown due to the
presence of PHN. To this end, we use the MF method [65] for calculating the message
my, _,. (2n) forwarded from the factor node f,, to the variable node z,, and use it for
approximating p(r,|z,). Given the a posteriori pdf of 0, i.e., b(6,) oc N'(0,,; O, Ve, ),
which will be later updated in (2.35), the message my, __ (2,) is calculated following
the MF rule [20, Eq. (18)] and then approximated with the aid of its second-order

Taylor expansion as:

My, e (20) 0 D { Eyo,) [10g fr (20, €]}

~ Ne(2n; T, Ui, ) (2.17)
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where

iy 1
Np = rne’jen(l — 521(9”), vy, = 202, (2.18)

Bearing in mind that Fy; is equivalent to the belief of z, in its log-domain based on
the probabilistic understanding of message passing, the a posterior: pdf of z, can

be expressed as b(z,) o< No(zn; 20, 2, ), Where
v, = (g o) =, (G ey, (2.19)

The output scalar function gout(fn,vgn,ﬁn,vnn) is updated by ([21, Egs. (3a) and

(3b)])

~ o ~ N o én - é\n o ﬁn - én
Cn = Gout (£n7 Ve, s Thns vﬂn) - Ve, - Uy, + Ve, )
3, . 1 Uz
V¢, = ——7 You 5717’0717777171)71 :_<1_ ")' 2.20
¢ 8§n t( 3 Ui ) Ve, ve, ( )

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

~

the message My, ., (7:) o< Ne(23; 03, vg,) are calculated by

-1
vy, = (Z |An,i|QUCn> , (2.21)
fi=vr, Yy Gl + i (2.22)

Note that the complexity of the structured GAMP algorithm is O(N7), 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(N, log N,) thanks to the FFT. Specifically, we

can rewrite (2.15) as

L omjoprn 1 2
ve = E|F "H"Hv, ~ EZ i *va, v, 1. (2.23)
where ve = [vg,, . .. ,vqu]T and v, = [Ug, ... ,vaq]T. Furthermore, we have

1 ~
F'Hx — ( © ve, (2.24)

Vv K,
where &€ = [51, o ,éNq]T, X = [21,...,2y,]", and ¢ = [61, . ,éNq]T. Similarly, (2.21)

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

1 K,
v, = 1NqX1./(?HHH|F|2v<) ~ —L(H"H) "1y, 41, (2.25)

9
q v
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where v, = [vr, .. vn 1T, Ve = [ug, o vg [T and o = 3 v, Hence, (2.22) is

reduced to the following equation

1 ~
7= HYF( O v, + %, (2.26)
V Kq
where 7 = [7,...,7n,]" and ¢ =1[C-. ., éNq]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 my, ., ,(z;) in (2.21) and (2.22), the belief of
z; can be updated by (2.9) and (2.10). Meanwhile, we can obtain the belief of x, as

|z — 7

b(xy) o Py, (x4) [ [ exp s ——— ¢, (2.27)
icl, Uri

where i € I, £ {(g — 1)N, + 1 : gN,}. The extrinsic log-likelihood ratios (LLRs)

of the ¢th subcarrier selection bit and of the jth symbol mapping bit in the gth

IM-symbol, i.e. L& (c]¥) and L™ (c5 ), 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_wn(ﬁn) X exp {Eb(zn) [log fr, (zn, Hn)]} o {?R {rn—inejen} } ) (2.28)

g

It is readily seen that the message my, _, (6,) 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 my, _, (6,), instead of directly linearizing the system model [79-81].
Given the a posteriori mean én and variance vy, obtained from the previous iteration,

e?% can be approximated as

. J n 1. 1 .5 Y
e = &M (1L = jOn = 507) = 5€7 0% + (7 + On)e’" . (2:29)
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Thus, my, _, (0,) can be approximated by N (6y; 9}1, UGi)’ with

g

T Zn 4
— n=n _jbn
Ugs = 1/%{ 5 € ] :
v
T Zn

0r = v, R {—Q(j + én)ején} . (2.30)
n O‘

Given this Gaussian message forwarded from the MF subgraph to the PHN esti-
mation subgraph, both my, o, (6,) and mfgnﬂ_ﬁn(ﬁn) are Gaussian and can be

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

M 005 [ 150 O o, OBy, (02}

o N (0,;0,, v, (2.31)
where
(Uez_l)_lén_il + (Uei_l)_lérta
S T ) oy T
-1
v = 0%+ (o) (g )7Y) (2.32)
and

Myy 1 —en (en) X / Mfy 06,1 (9n+1)f9n+1 (9n+17 en)mfrn+1—>9n+1 (9n+1)d9n+1
x N (6, é;—, Vgs- ), (2.33)

where

A (WTTH)_W;L_H + (Ueiﬂ)_l@iﬂ

n (Uenﬁrl)_l + (UGiJrl)_l )
—1
v = %+ ((vor,) "+ (e, )7 (2.34)

Given (2.28), (2.31) and (2.33), the belief of 6, is expressed as ([19, Eq. (3)]):

b(0,) o M., —0n (6n>mf9n%0n<en)mf9n+l~>9n (0n)

< N (0,: 0,0, 05, ), (2.35)

where

_ -1 -1 —1\—1
Vo, = (Vpr R —|—v92) :

b = vo, (0,20, + v, 10 + v 0]). (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:

2:

3:

Initialization: ¢t = 0 (iteration index)
Forn=1,...,N,, compute 2 and v} ; set °=0,4 =r, and vy =207
Set ¢ = 1 and repeat the following steps until y_ [24th — 2L [* < e [@4]? or
t > Thax, Where € is a pre-specified error tolerance and T,,,, is the maximum
number of iterations.

t ot

— PHN estimation step: Forn = 1,..., N,, compute {vg, ét} and {Z},v. } from
(2.23), (2.24) and (2.19), respectively.

: For n =1,..., N, compute {é,ﬁ,vgi}, {07, v9=}, {05, v} and {07, v} } from

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

: — Decoupling step: For n = 1,..., Ny, compute {7}, v; }, {Z,,v. }, {éﬁ,vén},

ny Yz

{vt,#'} from (2.18), (2.19), (2.20), (2.25) and (2.26), respectively.
— Decoding step: For g = 1...,G,i=1,..., My, 7=1,..., My, L="(M)

gt
and LV (c5 ) — Decoder.

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

— Denoising step: For n = 1,..., Ny, compute {&!, v} } 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 DC'T expansion

[71], i.e. the vector u = €79 is approximately represented by

u=®a, (2.37)
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where @ is the DCT matrix with size N, X Lpx, and @ = [, ..., a7 collects
the DCT coefficients to be estimated®. In this way, the problem of estimating the
N, dimensional PHN vector has been transformed to the estimation of Lpy DCT
coefficients. Based on (2.1) and (2.37), the received data vector can be alternatively

expressed as:
1

VE,

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

r =

D(®a)F Hx + w. (2.38)

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 « is

formulated as:

my, (o) o exp { By 108 fro(a-n]
2§R * An @ n (I) n 2 An 2 Z
Ocexp{ {r2n(®a)n}|(Por)n|*(|2n] +Un)}.

202

Thus, the a posteriori pdf of a is given by

b(a) o pla) [ my, ale)

5x\ H _ AHPH p
ocexp{2§R{(r®Z) da} —a"P D(gQ@a})

202
where 0, = [|Z1[> + vz, |28, * + 02y |7, while its covariance matrix and mean
vector are
. - R 1 -
Vo =20%(®"D(p.)®)!, a= 272VQ<I>H(I~ ©2Y). (2.39)

Note that the computation of (2.39) involves a nontrivial matrix inversion, which
has a complexity order of O(L}y).

Given b(a), the message my, _,_(2,) is expressed as:

~ Ne(zn; 0, U, (2.40)

¢The design of the length of vector u is flexible. The selection of N, here is just for the sake of

simplicity.
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where
o =~ (&), vy, =202/ 6w, (2.41)
Q'U/n
with
LpN Lpn  Lpn
bun = Y _NCoilP(Vig + 16" + D D @@ 2R(Vi, + 676). (2.42)
i=1 i=1 9=1,5>i

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 Lpy
is selected to be sufficiently small compared to IN,. To further reduce this complexity,
we approximate D(@,) by 0.1y, where 0. is the average of the diagonal elements of
D(g.). In this way, V, becomes a diagonal matrix, with 202/¢, being the diagonal
element since ®7® =1,

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:

~1
2: — PHN estimation step: Forn = 1,..., N,, compute {vg, & } and {2}, v } from

(2.23), (2.24) and (2.19), respectively.
3: Compute {V%, &'} from (2.39).
¢

4: — Decoupling step: For n = 1,..., N,, compute {7, v} }, {2,v} }, {éfl,vé},
{vt,#'} 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 z,, n = 1,...,N,, and
assuming them to be independent of each other, we use the a posteriori pdf of z,
to estimate the PHN effect /%%, 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.

BP—-MF

The message m (x;) is formulated as:

i~ Mg
Ny
mgf)—;}\f{z (xl) X H mf,, —a; (372) X /\[c(ﬂfl, ii? UL-)> (2'43)
=1

where 7; and v,, 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 x;, b(z;) 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 {7;, v} by {Z;,v-. }. The a posteriori mean and variance of x; are

obtained as

By = sb(w; = = Islb(x; = ) — |2, (2.44)

seS seS

2.4.1 Wiener Model Based Sequential BP-MF Message Pass-

ing Schedule

According to the MF rule, the message my, _.,,(%;) can be expressed using b(z;)

and b(6,) by
M7 0 (13) 0 €D { Buo, 11,060, 108 £, (%, 6]}
o< No(35 75, v.r), (2.45)
where

v =207 /| Al

’ UT./A’TL’Z 0 1
7/;1' = 50_2’ (Tne_ﬂ"(l — 51}9”) — Amf(,b) . (246)

In (2.46), x; is constructed of the a posteriori mean of x,, 3y = 1... Ny, 7 # i, ie.,
X; = [Z1,. .., i-1,0, %41, ..., 2n,]7. Substituting (2.45) into (2.43), we have

1

vy, = 207 (AfIiA;,i)_ ,
A U’T' ~ A~

7= ;21\[72 (D(gg)r — Ax7), (2.47)

where g, = eI0 1 e 9 o Vo, 0 = [01, . ,éNq]T and vy = [vg,, .. . ,vqu]T.

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

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

mEPME(9,,) o exp { By [log fr, (%, 0,)]}

frnﬂen
i An X AL
oc { R | m2n® o o< N (03 65, 04 ), (2.48)

o2

where

(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: ¢ = 0 (iteration index)

2: For n =1,..., Ny, compute &) and v? ; set 0, = 0.

3: Set t = 1 and repeat the following steps until Y [20th — 21 ]2 < € [21]? or
t > Thax-

4: — PHN estimation step: For n = 1,...,N,, compute {éi,vei}, {é:,@g;»},
{05, vge- } and {07, v}, } from (2.49), (2.32), (2.34) and (2.36), respectively.

5: — Soft demodulation step: Compute W' = D(gy)r — Ax*L.

6: Formn=1,..., N,

q»

7: compute v;n from (2.47); compute 7!, = *” AH w! + 2" compute {2}, v! Uy
compute w! = W' — A, (2, — 2571).

8: End for n.

9: — Decoding step: For n =1,..., N, {7}, 0! vy } — Decoder.

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

11: — Denoising step: For n = 1,...,N,, compute {2}, v’ v, } from (2.44); x

@2k )7

2.4.2 DCT Model Based Parallel BP-MF Message Passing
Schedule

Given b(z;) and b(ex) from the previous iteration, the message my, . (z;) is formu-

lated based on the MF method by

g (02) 0 50 { B 1, 6o 108 Fr (%, @]} o N7 0), (250)

where we have:

0 =207/ (0, Anil?),
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N /UT/@U’VLA:L,Z A\ % A A
Ty = = [(RA)ra/ b, — A i) (2.51)

BP—-MF

and the message m, 5 *

() oc Ne(4; 74, v,) s associated with

1

v, =207 (AED(o,)A.;)
A UL-
Ti = 202

AlD(p,) (D" (®a)D ' (0,)r — AX;) | (2.52)

where 9, = [0uy,-- -, @qu]T
The message emerging from the observation node to the PHN estimation sub-

graph can be expressed as:

my,, al@) o< exp { By [10g fro (] }

2R{r* A, X(Pa),} — (), |* 0z,
o { TR 5B = (B P |

where gy, = SO | A 2142 + va,) + 23000 Zj\;qz R{A; ;An,2;2,}. Thus, the a

posteriori pdf of the DCT coefficient vector is given by

b() o p(er) [ [ my,, ale)

{ 2R{(r © (AX)")"®a} — a"®"D(p,)Pox } |

X exp 5,2
where @, = [0z, - - - 5 @qu]T, and its covariance matrix and mean vector are approx-
imated as

Vo =20%/011,., &= ;@H(r ® (A%)"), (2.53)

where g, is the average of the elements in g,.

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: ¢ = 0 (iteration index)

2: Forn =1,..., Ny, compute &9 and v9

3: Set t = 1 and repeat the following steps until Y |20t — 26 ]2 < € [21]? or
t> Thnax.

4: — PHN estimation step: Compute {V%, &'} from (2.53).

5: — Soft demodulation step: Compute w! = D (®a")D~'(g!)r — Ax*1.

6: For n = 1,..., N, compute v; from (2.52); compute 7 = A D(ol )W +
=t
7. — Decoding step: For n =1,..., N,, {7}, 0! v; } — Decoder.

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

9: — Denoising step: For n = 1,...,N,, compute {z! v v, } from (2.44); x

2, ik, )T,

Table 2.1: Comparisons of computational complexity (For example: N, = 64, Lpy = 2, G = 16,
S =4,and My =4.)

Algorithm Complexity of the demodulator Value | Complexity of the PHN estimator Value
GAMP-Wiener O(GN4S + 2Ng log Ny) 0(1024) O(N,) O(64)
GAMP-DCT O(GNyS + 2Ny log Ny) 0(1024) O(2NyLpy) 0(256)
BP-MF-s O(GNy4S + Nglog Ny + N2) O(4736) O(Ng) 0(64)
BP-MF-p O(GNgS + 2Ng4 log Ng) 0O(1024) O(2NyLpn) 0O(256)
Optimal Detector 0(2Mg) | O(1.8 x 10'9) - -
EKF [37] - - O(N,) O(64)
VI [38] - - O(N3) | 0(2.6 x 10%)

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(GN,S) operations are needed for the calculation
of (2.11) and (2.12), plus an N, -point IFFT for evaluating (2.24) and an N,-
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(2¢Ms). 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(N,). The GAMP-Wiener and GAMP-DCT
scheme differ in the PHN estimation part. Explicitly, in GAMP-DCT, O(2N,Lpx)
operations are required for the calculation of (2.39) and (2.41) following from the
assumption of D(0,) ~ 0.1y,. The BP-MF-s differs from the GAMP-Wiener scheme
in the soft demodulation, where the complexity is increased from O(N,log N,) to
O(Nq2), since the FF'T 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 N,-
point FFT. The PHN estimation part in the pilot based method requires O(Npiot)
operations, where Ny 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(GM,S).
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 (N, x N,)-element matrix, which imposes a complexity order of O(N}). In
Table. 1, we give an example for N, = 64, Lpy = 2, G =16, S = 4, and M, = 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 N, = 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.,
R. = 0.66) LDPC code? using a block size 8064 is used. The maximum number
of iterations in the LDPC decoder is 50, while it is T, = 20 between the SISO
demodulation and SISO decoding, unless otherwise stated. The tolerance value is
set to be € = 1072, The number of subcarriers in an OFDM-IM symbol is kept
constant at 64, i.e., N, = 64. A ten-tap (i.e., L;, = 10) Rayleigh fading channel is
considered. The CIRs are circularly symmetric complex Gaussian random variables
following the distribution N (h;;0,1/Ly). The CP length Lep is selected to be 13.

The SNR is expressed as E,/Ny, with E, = % being the energy per

bit. The effective throughput is RC—G(]]\VJQJIFJLFKQQ)
q

[bits/symbol|. For characterizing
the PHN, a Wiener model with o, = 0.5° and a severer one with o, = 3° are
used for generating PHN samples. The initial phase 6; is uniformly distributed in
[0,27). The number of DCT coefficients Lpy 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 synchronization®. 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 schemes! such as binary
phase shift keying (BPSK), i.e., S = 2, and quadrature phase shift keying (QPSK),
ie, 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, N, =4, K, =

dThe variable and check node degree distributions (refer to [72] for details) are X; = 0.00003 +
0.1909X + 0.4070X2 4 0.4020X7 and X5 = 0.5029X? + 0.4971X'9, respectively. The parameter

definitions follow [72].
®The 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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known PHN

OFDM-BPSK
GAMP—Wiener (4,4,1)
GAMP-DCT (4,4,1)
GAMP—Wiener (2,4,2)
GAMP-DCT (2,4,2)

BER

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
op = 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, N, = 4, K, = 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 7/12 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 N,. 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 oo = 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 op =
0.5° and 3° are considered. Both proposed GAMP-Wiener and GAMP-DCT are
evaluated. The effective throughput is 1.1 bits/symbol.

when o, = 0.5°. By contrast, about 0.7 dB gap is seen for classic OFDM, if the
target BER is 107°. 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 oo = 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 my, , (0,) and my, , (6,) at the boundaries of an
OFDM-IM symbol are initialized with zeros, which will introduce a transient for the
PHN estimation, especially when N, 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 o, = 0.5°. This trend
is similar to that in Fig. 2.4. However, this performance advantage diminishes
for a relatively severe PHN of oo = 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 oa = 3°, we add a depth-N, 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 x =
[21(1), 22(1), ..., 2c(1), ..., 21(Ny), ..., 2c(Ny)]". Accordingly, after de-interleaving
at the receiver, we have

1 VY
r=——D(%)F Hx 4+ w, (2.54)

q

where F¥ and H are de-interleaved versions of F# 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 107 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 FF'T, which is in contrast to the known PHN case due to the matrix
F7 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(N,log Ny) to O(N7).
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 oo = 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 Thax = 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 oo = 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.
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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 o, = 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 E,/Ny = 7 dB. The block length of DCT model
is fixed at 64, 128, and 256, respectively. Wiener PHN model with oo = 3° is
considered.

of x4 in the estimation of the remaining symbols during iteration ¢. 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 107°, 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 107* 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 A¢ = 0.1 and imperfect CSI with
parameter v, = 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
o = 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 V.

The proposed algorithm relying on residual CFO A¢ 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 ve, [83]. Fig. 2.9 compares the BER performance of the proposed GAMP-DCT
both for OFDM-IM and for classic OFDM, when A¢ = 0.1 [84], v, = 0.01 and o5 =
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 on = 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
A¢ = 0.1, v, = 0.01, and opo = 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", 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., oo =
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 Ej, /Ny 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 Lpy DCT
coefficients are well suited for the compact representation of the lowpass process
of discrete-time PHN samples [71]8. 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 on = 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 distortions® [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 OFDMP [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 modes® 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

4In 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].
PNonlinear 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.
¢Single-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 IST 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:

e 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
priort 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.

e 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.

e 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 = [z, 7,...,2y5]7 are equally divided into G subframes, i.e.,
x = [xF, ... xE]" with each subframe containing N, & N/G constellation symbols.

In contrast to conventional single-carrier Satcom, where only a single constellation
mode is employed for all time slots, the N, 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 NV, = 4 and K, = 2.

My | Ix Xg

[00] | {1,3} | [s5(1), 55 (1), 5,(2), 57 ()"
01] | {1,4} | [s7(1), 55 (1), 55 (2). s, ()"
[10] | {2,3} | [s7(1),57(1),55(2), 57 (2
[11] ] {2,4} | [s7(1), 57 (1), 55 (2). 55 ()"

3.2.1 Transmitter Model

As shown in Fig. 3.1, a length-M; sequence of information bits b £ {b;}2 is encoded
by a rate-R, LDPC encoder, and then the resultant M, £ M;/R. coded bits ¢ =
{e;}M< are equally partitioned into G' length-M, (M, = M,/G) subgroups, i.e., ¢ =
lcf,...,ck]", ¢, €{0,1}M, g =1,...,G. By using the DMIM technique, the gth
subgroup of coded bits ¢, is mapped to the gth subframe x, £ [7,(1),...,2,(N,)]7,
which is comprised of K, symbols drawn from the P4-ary constellation set S =
{$1,...,$p,} (denoted by “mode A”) and the remaining (N, — K,) symbols from
the Pg-ary constellation set S = {51,...,%p,} (denoted by “mode B”). Specifically,
the M, bits in ¢, are further divided into smaller segments of My, M,, and M,

bits for different purposes: The first M, = {log2 (%Z )J bits enter the mode selector

. . . . A o A A
to separate the indices of x, into two index subsets Z;' = {ijy,... i5 } and
B _ [;B B ‘A B _
Z; = {igrs--ign,—k,t> Where ig i’ € {1,...,N,} for m = 1,..., K, and

l=1,...,N, — K,; the remaining M,, = K,log, P4 and My, = (N, — K,)log, Pp
bits are mapped to K, Ps-ary symbols si! = [s2(1),...,s;(K,)]" € S%s and to

g ’7g

(N, — K,) Pg-ary symbols s5 = [s5(1),...,sB(N, — K,)]" € S®No=Ka) respectively.

Given the mode permutation chosen by the mode selector, the symbols in sg‘ and sf
are then assigned to the indices in Ig‘ and IgB , respectively, yielding the gth subframe
x4. In other words, for i =1,..., N, we have z,(7) € Sforie I;‘, and z,(1) € S for

1€ If . Note that with a little abuse of notation, we may denote the coded bits cor-

IM CIM CA CA CB CB ]T

responding to the vector x, as ¢, = [cgvl, e Caty o Cato s Cgndy 0 Coto e oo Caty,

Y

where ¢} is the ith IM bit; ¢, and ¢, are the jth and the kth ordinary constellation
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mapping bits corresponding to the symbols belonging to S and S, respectively.

Let us refer to IgA as the mode-selection pattern, since the subset IgB is de-
termined once Ig‘ is known. Obviously, there are (%‘; > available permutations,
while only T £ 2Ma legitimate mode-selection patterns determined by the M,
IM bits are employed by the transmitter. Denote the predefined legitimate set as
T4 2 {74(1),...,Z%(Y)}. The fact that 7' should belong to T4 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
Ny, =4 and K, = 2 as an example. The legitimate set of mode-selection patterns
in this example is Z# = {{1,3}, {1,4}, {2,3},{2,4}}. Specifically, according to the
look-up Table 3.1, if the M, IM bits of the mode selector are [00], the first and

third entries of x, are Py-ary symbols associated with the following M, bits, while

the other two entries are Pg-ary symbols associated with the remaining Mg, bits.

Finally, the frame buffer in Fig. 3.1 concatenates the G subframes {xg}f;:l,
creating the length-N data frame x = [z1,...,2x]|T. The effective transmission

rate of the Sat-DMIM scheme is given by

LlOgQ (%Z)J + Kglogy Py + (Ng — Kg)log, Pp
N .

g

R=R,

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

an lhl—l-zzzxn Ty an khwk “+w,, (31)

20]>zk0

Llnear ISI Nonhnear ISI
where the parameter L describes the dispersion of the nonlinear channels; k; and h;j
are the first- and third-order Volterra kernels?, respectively; and w,, is the zero-mean

complex circularly symmetric Gaussian noise sample with a variance of 202

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 prior: 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.

4Note 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 posterior: 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:

DMAP — arg Inbaxp(bi|r)
:argmb&}xzb\bip(bh), i=1,..., M, (3.2)
where r = [r1,...,ry]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 M; 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 posterior: pdf of the information bits b, the coded

bits ¢ and the Sat-DMIM symbols x as follows:

p(b, ¢, x|r) o p(r|x)p(x|c)p(c|b)p(b)

G N
o L(c, b) [ [ fara(Xgleg) P(x) [T frn(@ns @ncrs - @nersma), (3.3)

g=1
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an thi — Zzzxn iLn— ]l‘n khz_jk"

i=0 y>i k=0

frn(@n, ... Tp_,Tn) X exp{ —
(3.4)

1
x exp { — 202{|acn| |hooo|? + |xn\4[ 0902 4+ p0%0% + 2R [hoo(ho + 5] } + |z |? [yhOP

¢0<1<12 w:ﬁlgﬁ_’_%}e [(_Tn+5n,n) o<o+h0 o<1<1]:| +|5nn| —|—2§R|:|J?n| T [hOOO( o<10)
+hiootin] + lenl*am [hooo (Vi)™ + (Vi) U] + anan it (he + U750
+ @i (Uns)” + wn|* e (=70 + enn) hooo + (U55)" (ho + ¥i5) + ¥ ()]

— Tnenn + 2 (=7 + enn) Uno + (ho +905) (550)]

+ T [(=7n + Enn) (o + ¥05) + (=Tn + enm) (U550)*] ] }} (3.5)

o<10 oo<1 o<<1
§ Lp— zh0107 E :Cn zh‘UOZv E E Ln— zxn jhOzja

= 1] 1
L
o<102 Z’wn z‘ ‘h0z0’2 oo<12 Z‘xn z| ‘hOOZ‘Q o<1<12 szn_i‘?’x;i]’?’hoi]’%
1=1 y=1
L L
190 = 30N ity hig, V30 = ZZ‘$nfi|2|xn*J|2|hiJO|2’
=1 7>1 i=1 j>1

L L L

an il —|—22an Ty Ty Pig (3.6)

i=1 y>1 k=1
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Figure 3.2: Factor graph representation of the probabilistic model (3.3).

where the indicator function I.(-) stands for the coding constraint and fu4(-) rep-
resents the mode-selection and PSK/QAM modulation constraints. In (3.3), the
likelihood function f,,(+) is calculated by (3.5), where the variables )29, )29 /2%

n,ny rnnd Fnnd

<<lo 0<0,2 004,2 0<<,2 <<0,2
nn’ Tnn ) Ynn ) nn n,mn

and ¢, , that appear in (3.5) are given by (3.6). We
observe that these variables are composed of Sat-DMIM symbols {x,,_1,..., 2,1}
and are irrelated with z,,, as a result of classifying the linear and nonlinear ISI terms
in (3.1) with reference to x,,. If an other variable z,,, m =n —1,...,n— L, is the
desired symbol, the function f,,(-) 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 z,,, m = n,...,n — L, involved in the likelihood function f, (-) are
determined by the order of Volterra model and stay the same for any dispersion L.
For example, there are total £ fixed sufficient statistics of z,,, including |z,,|%, |z,.|?,
|2, R{|Tm| T}, R{zml?22,}, R{23 }, R{|zm|* T}, R{22} and R{z,,}, 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 {fi4}5., and the observation nodes {f.,}5_, leads to the
near-optimal forward-backward (FB) equalizer [88]. However, the implementation
complexity of the FB equalizer is in the order of O((Ps + Pg)’), 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 Ayp = {f,,; n € [1 : N|}
and the BP-region Agp = {fu4; 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(c]M),.. ., P(c%/[gl),
P(c}y). ..., P(c’;]\/[%)7 P(cl), ... ,P(chgB)}. Then the a priori probabilities of the

legitimate pattern and the ordinary PSK/QAM symbols are given by

Mg,

P} =T() = [[P(M =), v=1,....7,

logy Pa
P('Tg H P _] 1)10g2PA+z:Cfm)7 ]GIA<7)7m:1a'-->PA7
IOgQPB ) B
P(ZEQ _Sl H P k llogzPB—l—z:Cfl)? kGIA(’Y)al:L‘-'aPB)
(3.7)
where the sequences of coded bits [c], . . ., CX@I]T, [, cfo’gQ pland el e, plt

correspond to the yth legitimate pattern Z4(v), the mth symbol §, belonging
to mode A and the [th symbol §; belonging to mode B, respectively. According

to the process of mode-selection mapping as described in Section II, the a prior:
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D(x;=4m)oc D P(I =T0)) ays gy, (@) Plai =)

yiETA(y)
. .. 3.10
H (Z Hexy— farg () P(z; = 5)) H (Z ,ka—>fM,g(xk)P($k = 3)) ) ( )
JELTA(y).0#1 \ €8 keZA(y) \se8

$meES, m=1,...,P4.

Blai=5) o0 Y P(T}=T0) teis ar,, (0) Pl = 5)

Y€LA ()
5 . 3.11
1 (Srosomto 5] T (Srwntwrtac-a). o8
IETA ()0 \3€8 keZA(y) \se8

5163, l=1,...,Pgp.

probabilities of the Sat-DMIM symbols can be constructed by

G
P(x) = H‘ng(xg)7

T

Py, (xg) =Y P(Z}=T"() [ D_o@i—s)P)| [ Do, —8)P(x)] .

=1 i€ZA(y) \se8 1€T4 () \se8

(3.8)
where i, 5 € I, = {(g—1)N,+1: gN,} and Z#(v) is the complementary set of Z(7).
Given (3.8) and the message fis, 7, (7;) which will be later updated according to
(3.18), the a posteriori pdf b(z;) of the Sat-DMIM symbol x; can be derived as

D(z;=x) 5
g =) = e P e (3.9)
. r €S,

Zées D($1:5)+ZS€S E(acl:s) ’
where D(-) and E(-) are given by (3.10) and (3.11), respectively.
Then the a posteriori mean and variance of x; are calculated by
Br=) sb(x; =)+ Y Eb(x; = §),
3€8 5e8

v, = 3 13Pb(xs = 8) + Y [5P0(x; = 8) — [a).

eS8 se8

(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 x, can be directly written as

P,i’g(xg):%i I (pXsw-9) I (5 X

v=1 LieTA(n) \© 4 ses A P ses
(3.13)
Accordingly, the initial a pm’om’ mean and variance of x; are given by
-0
e P N, PBN
ses (3.14)
3|2 Ky 2 Ny — Ky o0
€8 S

3.3.3 Message Passing at the Observation Nodes

According to the MF rule [67], we can calculate the message /iy, ., s, (2,,) forwarded
from the observation node f,,, to the Sat-DMIM symbol variable node z,, n €
[mv m — L]7 by

Kofrmm—p (xn) OCeXP{EHmSiSme#n b(rl)log fhm (ZL‘m, <oy Tm—L, Tm)} (315)

1
O‘GXP{‘ 5o (B a4 22 a4 01l +2R(B2 el e

¢31 |.Tn|23§'2—|— rmn i rmn‘xn‘zxn_'_ T,,Ln n ¢10 l’n})}

éexp{ <Z@g;jnxg z* +25R{Z<b’”n zk )} (3.16)

where the a posteriori pdf b(x;) of x; is updated in the previous iteration using

(4.49); the parameters ¢¥® = and gzgffrfb consist of the products of the Volterra

n
kernels and the first- and second-order moments of variables {z,,, ..., z,_1} except

z,; and the parameters {q,v} and {k,[} indicate the number of variables x,, and

*
n

and qgfi - Considering that the Sat-DMIM symbols are discrete variables, the

x,, involved in the sufficient statistics that associated with the parameters ¢f"
parameters IV and qgfi‘i ., can be calculated by using the enumeration method [100].
For example, when m = n, the parameter associated with |z,|*, ie., @»? =
Ve 2 4 2R [hgeg(ho + D)), with g2 & 1 (|3-if? + vr, )| howl?,
1/};«12 Iy Zf:1(|fn—z’|2 + vy )|hooi|? and @@o« -y ZiLzl Zle Ty, hoiy; and the
paramter associated with 2R{|z,|*z,}, i.e., ¢7,nn = D00 (12%)* + Riooth2%?, with
w"qo S Z " Tp—ihoio and zbo‘m =S Zl L& _ihooi
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Given the message fif, .z, (%), m =n,...,n+ L, the message forwarded from

the variable node z,, to the constraint node fy, can then be updated by

n+L
//ang)flw,g ($n> X H mfr,m%xn ('rn) (3.17)
B 1 n+L
g0 £\v Skl kol
xe{ g 2 (Termanir s St e} ) |

(3.18)

where n € I;. It is readily seen that updating the messages fif, ,, -z, (¥n), m =
n,...,n+L,and py, 5, (2n), 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 fi,, -, ,(7,) into (3.10) and (3.11), the belief of z,,
can be immediately updated according to (4.49). Meanwhile, we obtain the belief
of x, by

b(xg) = Pry (Xg) | | taisar, (20)- (3.19)

icl,

Then the extrinsic LLRs of the ith mode-selection mapping bit C%, the jth mode

A .
9.3

Sat-DMIM symbol vector x,, i.e., L™ (c]Y), L™ (c2)))

A mapping bit ¢/'; and the kth mode B mapping bit cﬁk associated with the gth

and L™"(cP,), 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:

2:

3:

Initialization: ¢t = 0 (iteration index)

Forn=1,...,N, compute &, and vQ according to (3.14).

Set ¢ = 1 and repeat the following steps until Y |20+t — 26[2 < € [24]? or
t > Tax, where € is a pre-specified error tolerance and T,,,, is the maximum
number of iterations.

— Decoupling step: Forn=1,...,N, m =n,...,n+ L, compute the message

[y sz (Tn) and fig, 5, (2,) from (3.16) and (3.18), respectively.

: — Decoding step: For g =1...,G, i =1,..., My, 5 =1,...,M,, and k =

’ ga

) and Lextr(CB )’

1,..., My, compute the extrinsic LLRs L™"(ci), L™ (c;) ok

L) 9B 9,J
and then forward them to the SISO decoder to perform the standard BCJR

decoding [73].
Compute (3.7) and (3.8) by using the eztrinsic information emerging from the

SISO decoder.

— Denoising step: For n =1,..., N, compute {z}, v} } from (4.50).

ny Yy
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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)(5L* + IL? + 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 fiy, .z, (2n) and
My far, (Tn) from (3.16) and (3.18), respectively. Due to the very similar forms
of messages {/if, ,,—a, (Tn) }15 2 in the following, the approximation of the message
[bf, sz, (T7) 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 ¢,, in (3.6) is approximated

as
L
SRS Tn_ih 3.20
En,n ~ gn,n - Lp—illg, ( . )
=1

assuming h;, = 0 for 4,7,k # 0. This operation is equivalent to discarding some
high-order terms in the message iy, , s, (¥n). 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 k., 7,7, k # 0, are treated as zeros when calculating (3.18), because

n+L

meny1 from

these Volterra kernels are involved in calculating messages {/iy, . —a, (Tn)
(3.16) and therefore contribute to the update of messages {fiz, ., (%n) 1o from
(3.18). For example, the Volterra kernels h;y, i,7,k # 0 are used to update the
message [if, .. -z, (Tn), as long as neither 7, y nor k equals to 1. By resorting to

this approximation, O(L + 1)(5L*(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 ¥7%* and ;5% are approximated as

L L
10942 o 09,2 A 2 2
Rt s ey Y hol,

i=1 =1

L L
B Al S (71 (3.21)

i=1 g>i
where e is the average energy per transmitted Sat-DMIM symbol. In this way,
another O(L + 1)(L* + 1L(L + 1)) operations are further omitted. Note that
this is different from the direct approximation of the system model in [87], where
hoiy, .9 = 1,...,L, and hyy, 4,9 = 1,...,L, 3 > 1, are directly replaced by
zeros. As seen in (3.6), hg;, and h;y still contribute to the update of parameters

mon and <0 Moreover, in our proposed approximation method, the second-

order moments of Sat-DMIM symbols are updated in an iterative fashion, i.e.,

calculate the parameters 1292 and 122 of the message ( Ffrm—an(Zn). By contrast,

n,n n,n

Tnil?] = | il® + vs, ., i = 1,...,L. These values are then used to

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 {x,_;}X,,
i.e., {vs, ,}E,, are explicitly exploited to update the message jf, s, (2,) through
the parameters 772347‘;2 and 7,@;’1";‘2, the approximation in (3.21) is different from directly
approximating the nonlinear terms as Gaussian noise and then using {v,, ,}%,
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 fy, s, , (25) is reduced from O(3L* +4L3 + 2 L*+6L) to

O L3+ 7L+ Y L) per Sat-DMIM symbol.

3.4.2 Complexity Reduction Using the First-Order Taylor

Series Expansion Approximation

The message (s, 7, ,(Tn) in (3.18) is a nonlinear distribution of variable z,, and

consists of £? sufficient statistics of x,,. By substituting (3.18) into (3.10) and (3.11),
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1 * *
Ky =y, (xn) X exp {Eb(xn,l),...,b(xn,L) |: - @’Tn - (fn(SUn; xn) + fEn(hO + ¢1?LTIT<L1) +z, :]I:]T(L)
2
+&nn)| H
1 s R R
~ D { Byt 1)) | ~ 537 = (0280 hooo + 280057 + E0050 + ho + 0]
* T4 A A Ak A A oAk 2
+ 2522 hooo + 2 o ) — 28237 hooo — 337217/)3?; — Zndnns + Enm)| } }
1 . . R N
~ exp { — oo [l 51 hool? + [anl? (2502 + 12) + hol? + w752 + 7%
+ 2%{|£n|2£n[4h600¢2?§ + 3h0007§701?r?2} + 2'%31 A?L??j( A;f;—z)* + 2|£’n|2h600(h0 + %f::)
20295 4+ 075+ (D92)" (ho + 1) + hooo(859)" + P52 ()] + B}
+ 2%{33% [én,né;:,n] + Tn [én,n (ﬁn,n + én,n)* + é:L,n (ﬁn,n + én,n) - T;én,n - Tné;:,n]}] }

1 7. ~2.0 ~1,0
o exp { ~ 52 [fl,ln‘g;n‘Q + 2§R{érn’nx% + gn’n:ﬂn}} } (3.22)

Tr,

it is seen that the complexity of calculating the belief of Sat-DMIM symbol from
(4.49) is O(L*(Pa + Pg)). 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
{1ty s (@) Yol - Without loss of generality, the derivations of the approximate
message jif, , sz, (Tn) are provided, and other messages can be updated with a similar

idea. Firstly, by regarding x,, as the desired variable, the nonlinear terms associated

with z,, in the log-likelihood log f;. (@, ..., Zn_r,7,) can be written as

*) 2 2 L . 2 L * )
fn(mnv ZEn) - |xn| J7nh000 + |xn| (Zizl CCn—zhOZO) + xn(zizl mn_ih001>

< <
= TnZpTyhooo + TnZneon + TuXntbo (3.23)

n,n n,n?

which is subject to the constraints R{z,} = R{z}} and S{z,} + S{z}} = 0. Here,
in contrast to denoting z,z* by |z,|* as in (3.5), the sufficient statistics of z,, 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 (|z,|*z,)/0z,. To elaborate a little further, assuming a function f : C — C with
x* as its variable, for example, f(z) = 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(z) = |z|* is not analytic either. Fortunately, the function
fn(xn, x}) in (3.23) is analytic with respect to z,, and z; 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 x C — C be a function of a complex variable x and its
conjugate =*, where x = y + jz, y and z are real numbers and j = \/—1. Then
the partial complex-variable derivatives Of /Ox (treating x* as a constant in f) and
Of /0x* (treating x as a constant in f) are equivalent to 5(8f /0y — jOf/0z) and
2(0f /0y + jOf]0z), 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 f,(z,,x}) at the estimate of z,, gives
—5 —”5 :
ox,, nt ox}

Ofn(@n,ay) ”(8:;’;’902) (alternatively, —8f n(Zn2

OfnlTn, z)) &~ (3.24)

where the partial derivative ) is obtained by treat-
ing =¥ (alternatively, z,,) as a constant in f,. By substltutlng (3.24) into the function
log frn(Tn, ..., Tn_r, ) in (3.15) and using the approximations in (3.20) and (3.21),
we arrive at the partial-linearization approximation of the message s, , -, (%) in
(3.22), where the parameters énm, é‘nm, and p,,, are made up of the estimate of z,,
obtained from the previous iteration, i.e., &, = 2|@n|2hooo + 292’711&3"5 +z 1/1040 +ho+
ngzjé — 4 hooo +xn¢o<o+¢<<o and Py, = —2|$n| 0 hooo — x2 oo<1 |l'n| wo<10

In a similar way, the number of sufficient statistics of x,, involved in messages
{1f s () 41 can also be reduced. After some algebraic manipulations, we
find that the preserved sufficient statistics of these messages are the same, which
are |x,|?, R{z2} and R{z,}. Denote the parameters of the message fy, .z, (Tn)
corresponding to |z,[?, R{z2} and R{z,} by @i:n, éijn and éi:ln, respectively.

Then the message iy, ,(7,) can be approximately updated by

n+L

1 R ~2,0 ~1,0
P — far. (Tn) R €XP {—rﬂ Z (fi,in‘x”‘Q + QR{QTWHJEZ + QTmm:Un}) } . (3.25)

m=n
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Table 3.2: Comparisons of computational complexity (For example: L = 3, P4 = 4, Pg = 8 and

B=4)
Algorithm Complexity of the demodulator Value
BP-MF O((L+1)(3L3 + ZL? 4+ 6L) + L2(Pa + Pp)) O(360)
PL-BP-MF OBL3+7L2+ 2L+ 3(Pa + Pp)) O(156)
FB [88] O((Pa +P)F) | O(1.7 x 10%)
Linear MMSE [70] O(B(B% + Pa + Pg)) 0(112)
Nonlinear MMSE [94] OB(B? + (5L + ZL? +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 + Pp)).

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: Forn=1,...,N, m =n,...,n+ L, compute the message

Hfymsan (Tn) and fig, gy, (2,) 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 + Pp)"). By ignoring the nonlinear ISI terms, the conventional linear
equalizer of [70] requires O(B(8% + P4 + Pg)) operations, where 3 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(8(6? + (3L + 2L*+6L) + (Pa+ Pg))). For the proposed
amalgamated BP-MF method, O((L+1)(5L*+ ZL*+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(L?*(P4 + Pg)) 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($L% + 7L + L L),
and accordingly the complexity order of calculating (3.10) and (3.11) is reduced to
O(3(Ps + Pg)). In Table II, an example is provided for L = 3, Py = 4, Pp = 8
and 8 = 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., R. = 2/3) LDPC code® with a block size 6048 is employed. The
maximum number of iterations within the LDPC decoder is 50, while it is T}, = 20
iterations between the SISO demodulation and SISO decoding, unless otherwise
stated. The tolerance value is set to be e = 10712, For characterizing the nonlinear
dispersive satellite channels, a third-order Volterra model (denoted by “Nonlinear
Channel-1") is considered, the coefficients of which were derived in [92] but with
stronger nonlinear IST [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

°The variable and check node degree distributions are X; = 0.00005 + 0.2043X + 0.5037X?2 +
0.2902X7 and X, = 0.1975X® 4 0.8025X°, respectively. The parameter definitions follow [72].
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Sat-DMIM (FB [88])
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Figure 3.3: BER performance of classical S8PSK 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.

i © Qs
mode B4 4 4 :8PsK
+ © mode A +
O O >
- ® +
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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 N, = 4, K, = 2, Py = 4 and Pp = 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-1 having a channel memory
of L = 3 symbols is considered [94]. In order to increase the minimum Euclidean
distance of the joint constellation set S U S, the 8PSK constellation is rotated by
a phase of 7/8 [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., S = {0.5671+ 50,0+ ;0.5671, —0.5671 4 j0,0— j0.5671} and S =
{1.1974+0.4960, 0.4960+ ;1.1974, —0.4960+ ;1.1974, —1.1974 + ;j0.4960, —1.1974 —
70.4960, —0.4960 — 51.1974,0.4960 — 71.1974,1.1974 — 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.
IT), 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
107°. 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~%. By
using the nonlinear MMSE method, the BER performance improves considerably at
the expense of an increase of complexity (see Table IT). 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

o< <o
n,n and n,n

other words, the expectations of the parameters 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 x,, to the observation node
fr... 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
[f, sz () 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. Asshown 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 +
7TAPSK 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-1” [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 + TAPSK
constellation (denoted by “Sat-(1 + TAPSK)”) 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 107°. 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 +
7TAPSK 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
Ey/Noy = 5.25 dB.

constellation orders in the presence of nonlinear distortions.

Fig. 3.8 shows the extrinsic information transfer chart (EXIT)' 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 eztrinsic 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. [L08-111]). 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:

e 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.

e 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 27-PSK/QAM symbol sequence s =
[s,...,sK_1]7, with s, € X corresponding to a length-J coded sequence b;, =
62, ...,0{ 1", & & {ag,...,as,_1}. The data symbols are passed through a pulse
shaping filter hy,.(t), fj;o |he(t)|2dt = 1, with symbol interval 7Ty, where 0 < 7 < 1
is the packing ratio, T} is the symbol period of Nyquist signalling. Obviously, 7 =1
corresponds to the conventional Nyquist signalling. The signal is transmitted over
the time-varying frequency-selective fading channel A(t,¢). Due to the finite time

support and causality, we can assume that A(t,¢) = 0 for ¢ < 0 and ¢ > tyax, with

Lmax the maximal delay spread. At the receiver side, the signal after receiver filter
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hye(t) = hj.(—t) can be expressed as

r(t) = Zk Sk /_ h ht,)g(t — ktT, — o) + v(t), (4.1)

where * denotes linear convolution, g(t) = (e xhy ) (t), v(t) = [°o no()hy.(c—t)de
is a Gaussian noise process with zero mean and Ny power spectrum density. After
sampling with period 77§, we obtain the samples for the data detection and channel

estimation problem, given by

r[n] = Zk Zl skhnagin —k — 1] + v[n], (4.2)

where r[n] = r(n7Ts), hy,; is the channel impulse response (CIR) at time index n,
gln] = g(n7Ty), and v[n] = v(ntTs). We assume that h,,; equals zero except for
1 €0, Ly, — 1], where Ly, is the channel length, and g(¢) = 0 for ¢ outside an interval
centered in 0 of size 2v7T, (the value of v is selected according to 7, see [17]).
Note that {v[n]} in (4.2) is a zero-mean colored noise process with autocorrelation

function [R,|nm = F {v[n]v*[m]} = Nog[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 with K = PM (P is
guaranteed to be an integer by system design, M > L—1, where L = Ly+L,—1, L, =
2v + 1). Denote the pth subblock by s, £ [spu, .- -, Sprym—1t,p=0,...,P—1.
Assuming that the CIR is fixed over the duration of one subblock, the pth observation
vector corresponding to s, is collected as r, = [rpnr, - . - Tparen—1]T, N = M +L—1,

which is represented by

r, =h, xgxs, + Vi + vl 4 v, (4.3)

where h, £ [h,0,...,hyr,1)7 with h,; being the lth tap of the CIR in the pth
subblock, g £ [g[—v],...,g[V]]", g € R¥*! and v, £ [v[pM],...,v[pM + N —
1]]* is the colored noise vector with autocorrelation matrix R,;. Considering that

the autocorrelation matrix Ry, 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 h,, 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 IST in F'T'N 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

tail &
p—1

head &

in (4.3), where v =

Ai(h,_1 xg*s, 1) and v Ay (hyiq * g *Spi1), with

A, — Onv Ownrx(n-1) |

O—1yxm Iy

and

A, — Ip-1 O—1yxm ,
Orrxz—1)  On
forp=0,...,P—1 (v!% =0 and v = 0). By appending zeros to h,, g and s,,

Eq. (4.3) can be transformed into the following frequency-domain model

Yp=COgOt,+ W;a—ill + Wﬁi‘id + W, (4.4)
where ® denotes element-wise product, y, = Fyr,, W;‘fll =F NV;‘I_“l, WZiald =
FNVI}?L_T_GId, W; = FNV;, g =V NFNTQg, and

Cp =V NFNTlhp, (45)
tp = FNTgsp = FN§p’ (46)

with Ty = [T, Op,xv—r,)]", T2 = [Iz, Op, «(n—1,)]", and T3 = [Ty Oprxv—an)”.

The autocorrelation matrix Ry, of w;) can be derived as
Ry, = FyRy, F§ = Ny (FyR'FY — FyR,FY)
— N, [D(\/NFNX') - FNRAFJHV]
~ No |[D(VNFyX') = DENR.FH)| 2 Ay, (4.7)

where R"=FED(vV/NFyA")Fy is an N x N circulant matrix constructing from the
DFT of X" = [¢[0],...,¢[v],0,...,0,
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gl=v],... g[-1]]" € RV, and
glvl ... g1
glv]
R, = 0 € RV*N
gl=v]
L g[=1]...g[-V] ]
The approximation error in (4.7) is acceptable when the values in [g[—v], ..., g[—1],
g[1], ..., g[v]]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 Ry is approximated by a diagonal matrix
denoted as A/, whose diagonal elements [AL,,, ... ALy v |7 £ X

For brevity, we define w, = witl + whedd + w! | with the mean vector and

covariance matrix given as

E(w,) = BE(w,") + E(w,557),

p—1

(4.8)
V(w,) = Ay + A, = A,
where A, = D([AP% s vApM+N—1]) = D()\; + Aly«1), and® the iterations.
1 Lp—1
A=N > o [l By )P + v (L = 1= DIE(, 1)), (49)

where vz’) corresponds to the variance of the data estimate as shown in Section ITI-BP.

tail head

In (4.8), the mean vectors of w™; and w ¢} are calculated as

B(wih) = Fx{ AdFR[E(c,1) © E(t, )]} ),

B(wi?) = Ex{ An{FRIE(cp) © Elt,)]} |-

where t, £ Gt, with G £ D(g). Note that Eq. (4.10) can be efficiently performed

(4.10)

by fast Fourier transform (FFT).

2In (4.9), the value of v;, 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
PThe 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 s,,, n=pM,...,pM + M — 1, in the pth subblock is formulated as

§,1\14AP = argmax p(s,|y,)
S

= arg max / p(¥plsp, hy)p(hy,)p(s,)dh,

sp\sn by

= argmax > p(yls,)p(sp)- (4.11)

Sn Sp\sSn

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(y,|s,)

Ne(yp; E(yplsp), V(¥plsp)) by

E(yylsy) = GD(Fn'Tss,)VNFNT E(hy) + E(w,), (4.12)

V(y,ls,) = GD(FnTss,) NFNT,V (h,) T/ FIDY (FyTss,)G? + A, '
where E(h,) and V(h,) are the mean vector and covariance matrix of h,. 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(s,,h,|y,) with an auxiliary function (s, h,) and then find
s, and h,, to maximize Q(s,, h,). Further complexity reduction can be realized via
mean-field (MF) approximation, i.e., Q(s,, h,) = ¢(s,)q(h,). This approximation
implicity adopts the assumption that s, and h,, are independent given the observed
vector y,. Note that the marginalization of ¢(s,) for detection is much simpler
than that in (4.11), as long as the auxiliary posterior pdf ¢(s,) is chosen properly.
Since argmaxs, [ Q(sp,h,)dh, = arg maxs, ¢(s,), the complex integral calculation

problem is avoided. In this framework, we first calculate the log-likelihood function

Inp(y,) by

lnp(yp):lnz /p(spahpvy;v)dhp
v Jh,

p(sp. by, yp)
= Zsp /hp q(sp)q(hy) In Mdhp

L2 Fy, (4.13)
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where the equality holds if and only if ¢(s,)q(h,) = p(sp, hyly,) [121]. This means
that minimizing the KL-divergence KL[q(s,)q(h,)||p(s,, h,|y,)] is equivalent to max-
imizing the inverse variational free energy F3. In this way, the problem of finding the
auxiliary function Q(s,,h,) which is a close approximation to a posteriori density
function p(s,, h,|y,) is transformed into finding ¢(s,) and ¢(h,) to maximize F.
By taking functional derivatives of F3 w.r.t. ¢(s,) and g(h,) alternatively, the

following updates are obtained in the «th iteration

In qv(hp) X BEgr-1(s,) [IHP(YP|SP7 hp)] + 1np(hp), (4-14)

Ingq’(s,) o Eq¢v(n,) [Inp(yp,lsp, hy)] +Inp(s,), (4.15)

where Eg(a) [A] denotes the expectation of A w.r.t. a given the condition function
q"(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 F'TN signalling.

With the Gaussian assumptions of the distributions of time-domain symbols and

CIRs, the a prior: pdfs® are represented by

p(hp) X Nc(hp; mhpa Vhp)7 (416)
p(sp) 8 Nc(sp; mspa vsp) ~ -/\/;:(Sp; mspy BSPIM>7 (417)

where Bsp = ﬁtr(vsp). 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 ¢(s,) and ¢(h,) are Gaussian functions, which are denoted

as q(s,) o< No(sp; msp,\?sp) and ¢(h,) oc M, (hy; rhhp,vhp).

°The 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(h,) into (4.14), we have

H
q"(h,) ocexp{ — [ip — D(rhgp)\/NFNTlhp] A;l [ip

—D(rhgp)\/NFNTlhp} ~ NRITHFED(V, A,
]H

X FyTiby = b, —wi, ] V! [y, — o, ] . (4.18)

where 2, £y, — E(w,), A, £ A} + My, thy £ G, and Vg £ GV, G". Note
the matrix G is corresponding to the frequency-domain IST information in the F'TN
signalling, which is known and depends only on the transmitting filter. In (4.18),
{z,,A,}, and {my V&p} are obtained from the (v —1)th iteration and the subscript
“~v — 17 is dropped for simplicity of notation. After some direct manipulations, we
obtain the posterior pdf ¢?(h,) which is proportional to N (h,,; my, , Vhp) at the yth
iteration with

~

- _ —1
Vi, = [V;pl +Vgpl] ,

o i (4.19)
iy, = Vi, [V;;mhp + V;plrhhp] ,
where
\ A NI -1
Vi, = [NTIFY D1y ) A, Dty ) + D(V, ) &, | BT (4.20)
i, = Vi, [VNTIFED (1 )A, 12, (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 Vhp cannot be employed
[125], since it may damage the received information observed in (4.21). To derive

the appropriate approximation, we rewrite Vhp as
Vi, % T (NFYW,, Fyy + TV, TH) T,
— THFH (NWhp + FyT V! T Fﬁ)_l FyT) (4.22)
where Wy, = DH(Iﬁgp)A;IID(ﬁlEp) - D(V&p)]&;l is a diagonal matrix. In this

way, as long as the matrix FNTIV};}T{{ F4 is approximated to be diagonal, i.e.,

FNTlvgsTfF% 2 ﬂ_}:plIN with Bhp = Lihtr(vhp), all matrix inversions are trivial.



4.3 Joint Channel Estimation and Decoding Algorithms in Dispersive Channels 89

As a result, Vhp can be approximated as

Vi, = TIFY (NWa,, + L (tr (Vi) Tv) R (4.23)
~ %tr [(NWhp + Lh (tI‘ (Vhp>)_1 IN> _1:| ILh- (424)
i

It will be shown that this diagonal approximation of Vhp 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 my,

is approximated as

_ —1 ~ _
ry, ~ THFY (NWhp + 5gp11N) [\/NDH(@F)A;@,, + By FnTimy,

_ -1 o
~ VNTHF! <NWhp + @;pllN) D (1 )A, ', + 20 my,,, (4.25)

where the approximation in the first line is FxT; TH#F4 ~ Iy, and in the second
line reduces the computational complexity from O(2N log N) to O(N log N) based
on (4.23) and (4.24).

According to the turbo principle, the a posteriori probability ¢”~*(h,) cannot
be substituted to (4.14) as the prior of h,. 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
Elhyi(hprir)] = @o(l = 1) Jo(2m fpMTTyi), where fp is the Doppler spread, Jp is
the zeroth-order Bessel function of the first kind, and ¢; is the power of the [th
channel tap. Therefore, the time variation of the channel can be approximately

modeled by the following first-order AR process:
h, = Ah, | + v, (4.26)

where A = Jo(2nfpM7T;)I,, is the correlation coefficient matrix, R = [1 —
JE (2w fpMTT,)|D(%) is the covariance matrix of vy, with 1 = [po, ..., o7, 1]7 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 ¢7(h,) is finally updated by (4.27). Since the matrices A, R, Vhp 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 ¢”(c,) at

the vyth iteration is finally updated by

Ve, = NFNT Vi, TIF & tr(Viy, ),
(4.28)

., = VNFyT 1y, .

Similarly, by substituting the Gaussian prior p(s,) in (4.17) obtained from chan-
nel decoder into (4.15), the covariance matrix and the mean vector of the posterior

pdf ¢7(s,) can be updated by

) ) o a1
V., = [TFY (D" (i, A, Dl ) + DV A, ) Py + V|

; ) i (4.29)
thg, = Vo, [TYFED! (1, ) A, 2, + VIm,, |
which can be further approximated by?
~ 1 - -1 .
VSp =~ Ntr </BS_plIN + Wsp) IM e /BSpIM7
Bs — —1 R (430)
g, ~ B—PmserTgFg </BS;11N+WSP> D!t )A;'2,,
with Wy, £ D" (1 ) A;lp(rhgp)JrD(Vgp) AL, . £ G, and Vgp 2 GV, GH.

~

The posterior pdf ¢7(t,) is approximated as N (t,; g, , Vs, ), with

v p FNT3VSPTHFH ~ BSPIN7
' N (4.31)

Ii’ltp = FNTgl’i’lSp.
Finally, from (4.28) and (4.31), , and A,, at the yth iteration are updated by

Zp, =y, — E(w,),

) (4.32)
Ay =V(wy),

dThe equation (4.30) can be obtained by using the approximation FyT3THFL ~ Iy to (4.29).
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Algorithm 7 Forward-backward recursion for channel estimation.

1:

2:

3:

4:

ot

@

10:

11:

12:

13:

14:

15:

16:

17:

e Forward recursion:
1) Initialization: Set Vy, = oo and my, = 07, x1-
2) Forp=0,...,P—1
a) Substitute {Vy,, my,} into (22) and (4.25),
to obtain {Vhp, my, }.
b) Set Vi = Vp,, and i, = ri,,.
¢) Vn,,, = AV{ A" + R, my,,, = A .
End For

. e Backward recursion:

1) Initialization: Set Vi =~ =ocand mjy | =
Oz, x1-
2) Forp=P—1,...,0
a) Set Vhp = Vi‘ip, my, = rﬁflp.
b) Substitute {Vy,, my, } into (22) and (4.25),
to obtain {Vhp, my, }.
o) Vi =[AT(Vy, +R)TIAIT, mf, | =

1 —1

A_lﬁlhp.
End For
e Combination:

Forp=0,...,P—1

End For

(4.27)
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where E(w),) is calculated using (4.8), (4.9), and (4.10), by making the following
) = Gring,, v, = +tr(GVy,GM), and [E(R), . ..,

replacements: F(c,) = m,, £(t. =N

p
E (hﬁhfl)]T = my,,. 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
I'th outer iteration, the decoder delivers the extrinsic mean vector and covariance
matrix {rhsp,vsp} to the equalizer, which are fixed when the inner iteration is
performed. After a certain number of inner iterations, the extrinsic information

pe(sp) o< No(sy; mhg \v/'sp) is fed back to the decoder to perform the (I" + 1)th outer

iteration. The mean vector and the covariance matrix of p°(s,) are given by
T (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 c,, it is found that

the Lj-dimensional vector c,, constructed from Lj; independent complex Gaussian
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Algorithm 8 Joint channel estimation and decoding method (JCED).

1: e Initialization:

2: Set {mg, = Onrx1, Vs, = Ins}, {my, = 0, 1,
Vhp = oo}, and {z, = yp,Ap =A}, forp=0,...,
P—1.

3: e Iteration:

4: Outer Iteration:

5: ForI'=1,...,T“

6: — Inner Iteration:
7 For vy =1,...,94™
8: Update {Vhp, my, }, {Vsp,rhsp}, and {z,,

A}, from (4.27), (4.30), and (4.32), respectively,
forp=0,...,P—1.
9: End For
10: — Calculate the eztrinsic information {\u/sp, mg, } by
(4.33), based on which and the coding constraints,
the SISO decoder outputs the extrinsic information
5 Vs
11: End For
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random variables, has L, degrees of freedom. Thus, by defining

Cpo = V LhFthp, (434)
it can be further regarded as a specific group in c,, i.e., ¢, g = [cg, cg, ce c](JL’L_l)XU]T,

where ¢, is the uth element in c,, and N = UL;, with U an integer (this can be
realized properly by system design). In this way, the vector ¢, is partitioned into U

subvectors with length L, as in [124], and the subvector at the index wu is defined as
Cpu = [ct, et o U Ty = 0,1, .., U - 1, (4.35)
which can be rewritten as
Cpu =/ LnFr, D([L,e 72/ . emd2mulle /N

— /L,F,D,h, u=0,1,...U—1 (4.36)

Moreover, one can derive the following relationship between these subvectors

Cpu1 = Fp, D([1, 7>V . ,ejz’T(Lh_l)/N])thcp,u

£ Ecp,, u=1,...,U—1. (4.37)

In a similar way, y,, g, t, and w,, are all partitioned into U length-L;, subvectors,

and the uth subvectors are respectively given by

Ypu = [Z/Za ngm, . ,yéthl)XUﬂL]T’
g, = g", gv ", ..., gtbnm XU T
(4.38)
tpu = [t;, 75;”“, - ,tz()Lh—l)XUJru]T7

o u U+u Ly —1)xU~4u1T
Wpu = Wy, W, ,...,wz()h ) I,

where y,, g“, t; and w, are the uth elements of y,, g, t, and w,, respectively.

With (4.35) and (4.38), the uth submodel of (4.4) is given by
Ypu = Cpu ©8, Otpu+Wpu, u=01,....U—-1, (4.39)

where
V(Wpu) = D([AZ, ApU+u, .. ,A;Lh_l)XU-i-u])

2 A (4.40)

P, U

E(Wp,u> = [Egvpa EVUV;FU7 o ,E‘(’f;hfl)XUJru]T,
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with A} the uth diagonal element of A, and Ey ~the uth element in E(w,).
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
ITI-B with some modifications. Define the posterior pdf of the channel calculated
from the uth submodel by p(hy; my,, \A/'hp,u), the mean vector and covariance matrix

are given by
Vi, = |LiDIFY, (D" (i, )A, 1Dy, )

. . _ ~1
—1 —1
+D(V§p’u)Ap7u) F,, D, + Vhw] ,
X X (4.41)
i, = Vi, |VIDIF] D (g, )AL,
+vl:;uﬁlhp,ui| )

where ﬁlﬁp’u = D(gu)ﬁltp,uu Vﬁp’u = D(gu)vtp,u,DH(gu)7 vtp,lm rhtp,ua Ap,uu and
Z,, are obtained from the specific partition of th, mg , Ap, and z,, 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 \A/'hpﬁu to be diagonal via similar methods as handling
the inversion of Vhp in (4.23). Accordingly, based on the relationship between h,,,,

and c,,, in (4.36), we rewrite (4.41) as
A

Cp,u

’

~ ~ ~ _ -1
= [ D, )AL DG, )+ DV, )ALV
(4.42)

Incp,u - ch,u U

D (1, )AL 2+ V) M,

and define the posterior pdf ¢(c,.,) o< No(cp ;1 ,, \A/—cp,u), foru=0,...,U—1. The
prior information {V, ,, me, , } is obtained from the (u+1) th subvector through the
forward recursion shown in Algorithm 9¢. 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.

®There is no need to perform backward recursion since we concern the update of the information
corresponding to ¢, ¢. Due to the page limit, the detailed derivation process of forward-backward

recursion is not stated here.



Chapter 4. Iterative Detection for Faster-than-Nyquist signalling in Dispersive
96 Channels

Algorithm 9 Forward recursion based on (4.37).

1: e Initialization:

2: Set V. = oo and me, , , = 0p, 1.

Cp,U—1

3. e Forward recursion:

4: Foru=U—-1,...,0

5: - Substitute {V,,,,mc,,} to (4.42), obtaining
{ch,u7 Ihcp,u}'
6: - Calculate
Ve,.,=EV, E
~ Lﬁltr(vcp,uﬂthl, (4.43)
m., , = Em,,
7 End For

To further utilize the correlation of the channel coefficients between adjacent

subblocks, we calculate Vhp and my,, as

e
Vi, = L;'FI V. Fy,,

o (4.44)
my,, = L, *F m, ),
which are then substituted into (4.19), resulting in
. . 91
Vi, = [LthgthploF L, + Vgﬂ ,
’ (4.45)

1y, = Vi, [x/LthhV;;Orhcp,o + ngmhp] .
By approximating Vhp as BhZ,ILh and some averaging operations, Eq.(4.45) can be
simplified as
. . _ ~1
Vi, ~ F} (Lth;O + ﬂgplILh> Fr,
~ L;ltr [<th;p1,o + BljplILh)il] I, = BhpILm
. . N o (4.46)
i, ~ Vi, [VIF Vo i, , + Vi, i, |
H 1 i Y Nl s
~VIFL LVl 4 Bl L) Ve e, o+ 2y,

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 ¢(s,) in (4.15)
requires in general a complexity order of O(27M) 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(N?) 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 my,, and the covariance matrix Vhp 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 = HyFys, + W, (4.47)

where H, = D(1m,, )G is a diagonal matrix, and s, = T3s,, is the symbol vector after
padding s, with (N — M) zeros. The equivalent noise w, = w, + D(e.,)GFys,,

where e, is the zero-mean Gaussian random variable with covariance matrix V.
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Algorithm 10 Refined Joint Channel Estimation and Decoding (R-JCED) method.

1: e Initialization:

2: Set {mg, = Onrx1, Vs, = Inr}, {mp, = 0, x1,
Vhp = oo}, and {z, = yp,Ap =A}, forp=0,...,
P—1.

3: e Iteration:

4: Outer Iteration:

5: ForI'=1,... T

6: — Inner Iteration:

7 For v =1,...,94™

8: Forp=0,...,P—1

9: 1) Update {\A/'Cp,wrhcp’u} from (4.42) along
with the forward recursion, for u =0, ...,
U-—1.

10 2) Update {Vhp, my, } from (4.46) based on a

forward-backward recursion process as de-

scribed in Algorithm 7.

11: 3) Update {V,, g }, and {z,, A, }, from
(4.30), and (4.32), respectively.

12: End For

13: End For

14: — Calculate the eztrinsic information {\ufsp, mg, }

by (4.33), based on which and the coding con-
straints, the SISO decoder outputs the extrinsic
information {ms,, Vg }.

15: End For
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Therefore, the covariance matrix ]\p of w, can be calculated by

A,=A, +GD(Fys,)V,, D" (Fys,)G"
~ A, + GV, G". (4.48)

For brevity, the noiseless output vector is defined by §,, ie., §, = H,Fys,,
and the linear transform matrix by ®, = H,Fy. With a linear mixing matrix
H,Fy, 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 g, (+) and g, (+), are the main ideas behind
the derivation of the GAMP. First, the elements in §,, ie., {{,} are assumed
to be posterior independent and approximated as Gaussian based on the central
limit theorem. The likelihood function of y, given &, is denoted by p(y,|,) =
N(én;fn,]\ ) with &, = > [®p]nms,,, n =pM,...,pM + N — 1, where s

n

Z, and
A, are the nth elements of s s Zp and f\p, respectively. In this way, the posterior

pdf of &, is approximated by

(yn|€n> (é.m Mg, s Vﬁn)
ynlg gn’ mﬁm van)

4(&nlypi e, Ve,) =
Je, P

- '/\/’C(g’l’w mé-n’ ‘/fn)’ (449)
with
AT Vet Ao
Vo = Ve g Vi A, (4.50)

where Vgn and mg, 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 g, (-) for the approximation of SPA to calculate the MMSE

estimates is give by

1

YJout (mﬁn y Yns ‘/En)
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1 ‘_/fn Z'A/n + Anmfn —
X 7 - mfn
A A, + Ve,
I e (4.51)

and its negative partial derivative of gou (M, , yn, Vi, ) is

0 _ 1
0 ot Yy Ve ) = 4.52
8m§ng (M, Yn, Ve,) . (4.52)

Second, the posterior pdfs of the elements {s,}, n = pM,...,pM + M — 1, in the
symbol vector s, are assumed to be independent, and the true posterior distribution

p(sn|y) is approximated as

")

q(s, = aZ|YP7 My,

v,
p(sn = a;)N.(sn @i‘mnn?vnnv)
Z p(sn — az)N (Sn - ai|mnna ‘/nn>

a; EX

(4.53)

forn = pM,...,pM + M — 1, where \7% and 1, 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 s, as

follows:

gin(mnn7 ‘/;Yn) <STLIYP7 mTI?U ‘/T]n)
= Z aiQ(sn = ai’yp; mnna V"]n)? (454)

a;EX

forn=pM,....pM+M—1, andgin(mnn,vnn) =0forn=pM+M,....pM+N-—1,

where E{-} is the expectation operation. Similarly, the derivative of g, (1, , V;.)

satisfies
9 . .
‘/;777, Wnngin(mnn’ V’7n> (Sn|yp7 m"]n? ‘/;7 )
a; EX
X q($nlyp; i, Vi), (4.55)

forn=pM,... . pM+M—1,andV, = gm(mnn,V) 0, forn =pM+M,... pM+
N —1.
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Algorithm 11 The symbol detection based on the GAMP algorithm.

1: e Initialization:

2:

3:

10:

11:

12:

13:

Forp=0,...,P—1
Set 1, =0, V1 =0, and 1, = 0, for
n=pM,....pM + N — 1.
End For

e Iteration:
Forp=0,...,P—1
Forn=pM,....pM + N — 1

1) Calculate the posterior mean and posterior

variance for s, by

A~

m§n é gin(mnn7 V’]n)?

Vs £ gin(mnna ‘/7771)7

Sy nnam—nn
forn =pM,...,pM + M — 1, and m, =0,
Vén:0,forn:pM+M,...7pM+N—1.

2) Calculate Vg, and mg, by

V%n = Z |[(I)p]nm|2v§ma

m

3) Calculate

~

me, = Yout (m&n Yn, Vén)a

4) Calculate V;, and rm,, by

Z | mn| ‘/Cm )

mnn - mén + V’?n Z[q)p];krmmCm

m

End For
End For

(4.56)

(4.57)

(4.58)

(4.59)

(4.60)

(4.61)
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Given the input and output scalar functions, the iterative GAMP algorithm for
updating the estimates of £, and s,, is summarized in Algorithm 11.

Note that the complexity of the GAMP algorithm is O(N?), 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 log N) thanks to the FFT. Specifically,
by using the approximation FND(V§p)F% R~ (%1%“\7%)1]\;, Eq. (4.57) can be

rewritten as

Ve = [H,Fy[’V, = DHE,FyD(V, )FNH )1y

Sp
1 A
~ (Nlﬁlegp)Hprleu (4.62)
where the squared magnitude is taken componentwisely, Vs = [Vs /o Vi1
Oiv—an]" and Ve = [V, Vesarow ] Also, we have
me = H,Fym, — Ve O (4.63)
where mﬁp £ [mépM’ S 7m§p1&l+N71]T7 mﬁp = [mspM7 s 7m5pM+1\/171701><(N7M)]T7 and
mcpé[mcpM oo,y Similarly, by using the approximation F%HfD(VCP)HpFH
R~ tr(HED(Vgp)Hp), (4.60) can also be represented in a vector form, i.e.,
1N><1‘/vnp - |F%Hf){|2v§p
= D(FNH!D(V¢ JH,F )1y
1 - _
~ (N B H Ve ) v 2 6, v, (4.64)
where V,, 2 Wipnrs -+ Virran ) and Ve, £ Veours s Ve )t Hence, (4.61)
is reduced to the following equation
m, =g + 3, FyH me | (4.65)
where xiy, =[] and g i, e, )T Tt 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 s, are approximately calculated as rhgp and Vgp7
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respectively. Thereby, the posterior pdf of t, can be approximated to be Gaussian,

ie., q(t,) o< No(ty; thy,, Vi), with

mg, = Fngp,

(4.66)

Sp

A ~ 1 ~

th = FNV%F% ~ MtI‘(V )IN
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, V, and m,, are separated from the a priori of the data symbols s,,

n

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

Vsp = D([Vﬁpnw SO ‘777pM+M71]T>7 (4 67)
Ihsp = [man7 ce ’man+M—1]T

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 y, requiring
P N-point FFTs operations with complexity PN log N. 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) Ly-point FFTs are needed for the calculation of (4.43), one Lj-
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 {msp,vsp} from (4.56) instead of (4.30).
4:  — Outer iteration:

5: Calculate the extrinsic information {V , g, } by

(4.67) instead of (4.33).
6: @ R-GAMP-JCED: The same as R-JCED except for the two modifications:

7. — Inner iteration:

%3

Update {msp,\?sp} from (4.56) instead of (4.30), then

parse them into U subvectors with the uth subvec-

tor denoted by my, , and \A/‘tpyu, respectively.

9:  — Quter iteration:

10 Calculate the extrinsic information {V , g, } 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 log N 2N log N
GAMP-JCED 5N log N 2N log N
R-JCED 4N log N (2U — 1)Ly log Ly, + N log N
R-GAMP-JCED 5N log N (2U — 1)Ly log Ly, + N log N
VB-approx 4N log N 2N log N
EM-based 4N log N (2U —1)Llog L + Nlog N
LS-based 4N log N (2U —1)Llog L + Nlog N
CP-based (CP-based-w) 2N log N -
Overlap-based 2N log N -
IB-DFE 2N log N -

and overlap-based [58] algorithms requires 2NV log N complexity for equalization with
known CSI. In EM-based [110] and LS-based [124] algorithms, the complexity of the
channel estimation is (2U — 1)Llog L + Nlog N and that of detection is 4N log N.
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For VB-approx [125], the complexity of the channel estimation and the detection
are 2N log N and 4N log N, respectively.

4.4 Simulation Results

In this simulation, a rate-1/2 LDPC code’ with block size 4896 and a QPSK signal
with Gray mapping is considered. The root raised cosine filter with a roll-off factor
a = 0.5 is implemented for both the transmitting and the receiving filters. The
packing ratio in the range from 7 = 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 ps 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 L, = 64, if not specified
otherwise. The power delay profile is chosen as 1 = [1,e % ... e 01 Ea=D]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 ¢ = 1/10. The corresponding power loss due to the superimposed
training sequence is about 0.4 dB, which has been considered in Ej/Ny. At the
receiver, the value of v 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 X; = 0.0005 + 0.2285X + 0.0857X2 +
0.6857X7 and X, = 0.2290X7 4 0.7710X 8, 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, M fpT, = 0.065), while M = 175 for other
FTN cases (i.e., P = 14, TM fpTs = 0.088)%. 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". 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 ¢ 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
7 = 0.6 at BER=107%, 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., 7 = 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 7 = 0.8 and 7 = 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
a = 0.5 by employing the proposed R-GAMP-JCED algorithm in FTN system,
with negligible BER performance loss in terms of Ej,/Nj. 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 Vhp employed
in [125] delivers poor performance in high FEj,/Ny due to the fluctuation of the
amplitude of the entries in my .

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 Ej /Ny 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
Ey/Ny. By exploiting the correlations between the elements in c,, 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 F'TN 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 « = 0.1 to 0.5 in Fig. 4.5. It is observed that, for
a fixed packing ratio 7, the BER performance degrades while reducing the roll-off
factor. Note that this BER loss is especially obvious for low-7 scenarios. However,
the spectral efficiency gain is obtained for lower packing ratio and roll-off factor.
For example, compared with {r = 0.8,a = 0.5} (n = 0.83 bits/s/Hz), about 80%
spectral efficiency gain is obtained by using {r = 0.6, « = 0.1} (n =1.52 bits/s/Hz),
with about 0.3 dB E, /N loss at BER= 10~¢ 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

¢ = 1/10 to ¢ = 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 7 and code rate.

accurate channel estimation obtained®. However, further increasing the ratio of
pilots to 25% or the power ratio to ¢ = 1/3 lead to performance loss, since the
improvement in channel estimation becomes marginal and the loss in E,/N, 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 ¢ = 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 7 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 7 = 0.8 and 7 = 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 E,/Ny. On the other hand, if
the spectral efficiency is fixed atp = 0.67, the BER performance can be improved
by reducing both 7 and code rate, e.g., about 0.2 dB gain can be obtained with
7 = 0.8 and code rate 2/5 compared with the Nyquist counterpart. However, further

decreasing 7 and code rate may lead to performance loss, e.g., 7 = 0.5 and code rate

hNote that the power loss due to the training sequence has been taken into account in £ /No
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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
IST 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., L, = 61, and the length of the subblock M €&
{105, 166, 227,410}, i.e., TM fpTs € {0.053,0.083,0.114,0.205}. The packing ratio
for FTN signalling is set to 7 = 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 E,/Ny. 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 prior:
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 posterior: 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 F'TN 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 o = 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(Nlog N) with the length of observations NN, which is attractive for
long IST 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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