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Abstract

Future wireless networks will have applications that require many devices to be
connected to the network. Non-orthogonal multiple access (NOMA) is a promising multiple
access scheme that allows more users to simultaneously transmit in a common channel than
orthogonal signaling techniques. This overloading allows for high spectral efficiencies which
can support the high demand for wireless access. One notable NOMA scheme is low-density
spreading (LDS), which is a code domain multiple access scheme. Low density spreading
operates like code division multiple access (CDMA) in the sense that users use a spreading
sequence to spread their data, but the spreading sequences have a low number of nonzero chips,
hence the term low-density. The message passing algorithm (MPA) is typically used for multi-
user detection (MUD) of LDS systems. The MPA detector has complexity that is exponential
to the number of users contributing to each chip. LDS systems suffer from two inherent
problems: high computational complexity, and vulnerability to multipath channels. In this
thesis, these two problems are addressed. A lower complexity MUD technique is presented,
which offers complexity that is proportional to the number of users squared. The proposed
detector is based on minimum mean square error (MMSE) and parallel interference
cancellation (PIC) detectors. Simulation results show the proposed MUD technique achieves
reductions in multiplications and additions by 81.84% and 67.87% with a loss of about 0.25
dB with overloading at 150%. In addition, a precoding scheme designed to mitigate the effects
of the multipath channel is also presented. This precoding scheme applies an inverse channel
response to the input signal before transmission. This allows for the received signal to eliminate

the multipath effects that destroy the low-density structure.
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Chapter 1

Introduction

1.1 Motivation and Background

The evolution from Fourth Generation (4G) to Fifth Generation (5G) cellular mobile
communication systems is not incremental. The goal for 5G systems is to increase the aggregate
data rate in a network 1000 times and increase cell edge rates 100 times compared to current
4G systems [1]. In addition, roundtrip latencies should be reduced by a factor of 15 to meet the
demands of low latency applications such as two-way gaming, and cloud-based technologies
[1]. To meet these high demands for increased data rates, 5G developers will have to find new
technologies and methodologies for mobile networks. Some of these new technologies include
device-centric architectures, millimeter waves (mmWave), massive multiple input multiple
output (MIMO), smarter devices, and native support for machine-to-machine (M2M)

communication [2].

Typical cellular systems have relied upon cell-centric models, where devices would
enter and leave cells depending on their location. Devices would establish a connection to
centralized base stations and would send data via uplink and receive data via downlink. The
introduction of more devices, and increased spectrum with 5G will make it difficult to continue
this cell-centric structure. Device-centric architectures will look to tackle these issues [3].
There is an enormous amount of unused spectrum in the mm wave bands (30-300 GHz) that
can potentially be used for 5G [4]. MmWaves have not been considered for previous cellular
networks due to their high propagation losses in outdoor conditions. But, new signal processing
techniques and technologies are changing that notion [5]. Massive MIMO will use large
amounts of antennas at base stations to allow for more advanced beamforming, spatial

multiplexing, and spatial modulations [6].

The number of connected devices to a network could be in the tens or hundreds of

billions due to applications such as Internet of Things (IoT), smart cities and devices, vehicle



to everything (V2X) and M2M communications that will need to be supported in 5G [1], [7].
The massive increase in devices on a network will require improvements to previous multiple

access methods.

Determining how to allocate resources to users and how to allow users to access these
resources is the core of cellular network design. Users access shared resources depending on
the multiple access method implemented. In first-generation (1G) cellular networks, frequency
domain multiple access (FDMA) was used. In this method, non-overlapping frequency
channels were assigned to each user to separate them. Analog frequency modulation was used
to transmit users’ voice conversations on their respective channel. Second generation (2G)
networks mainly used time domain multiple access (TDMA) to separate users. TDMA assigned
time slots for different users, and each user could only transmit during its own time slot. This

enhancement allowed for digital signaling and the introduction of mobile internet applications.

Advances in internet applications created the need for even higher data rates, and that
is when third generation (3G) networks were introduced. 3G networks used code division
multiple access (CDMA), which assigned users unique codes to spread their information. These
unique codes have rates much higher than the signal bandwidth. These codes have good cross-
correlation and autocorrelation properties which allowed users signals to be separable in the
code domain. The development of 4G allowed for applications with high bandwidth
requirements such as streaming and gaming applications. 4G systems make use of an advanced
form of FDMA, orthogonal frequency domain multiple access (OFDMA). OFDMA allowed

users to transmit their data on overlapping orthogonal subcarriers, in the frequency domain.

The multiple access methods described do not utilize any overloading, and in some
cases, take advantage of orthogonality in the resources in which they use. The multiple access
schemes that do take advantage of orthogonality between resources are referred to as
orthogonal multiple access (OMA). OMA methods are attractive as they, when implemented
correctly, can perfectly separate users without any multiple access interference (MAI). The
downside to OMA schemes is that the maximum capacity is limited to the number of

orthogonal resources. When the number of users exceeds this limit, MAI is inevitable.

To meet the data rate and capacity requirements for 5G systems, techniques beyond
OMA will need to be explored. Non-orthogonal multiple access (NOMA) is a promising
alternative that will be able to meet these demands [8]. NOMA allows for more users than
orthogonal resources, and thus, each user’s data will overlap over these resources, and they can

no longer be orthogonal to one another. NOMA schemes are uniquely designed to limit the
2



MAI in a multiple access system. NOMA offers key features over OMA such as high spectral

efficiency, ultra-high connectivity, and low transmission latency [9].

NOMA schemes can be broken down into 3 categories: power-domain NOMA, NOMA
multiplexing in multiple domains and code-domain NOMA [9]. Power-domain NOMA is
novel compared to other multiple access schemes due to how it separates users in the power
domain instead of separation done typically in the time, frequency or space domains. Power-
domain NOMA assigns users different power levels, based on each user’s channel conditions,
and will separate them through successive interference cancelation (SIC) [10]. SIC will
estimate the transmitted information of the strongest user first, and then subtract that user’s
contribution to the total received signal. With the strongest user’s signal eliminated, the second
strongest user will be estimated next and so forth until each user’s symbols have been
estimated. NOMA multiplexing in multiple domains brings subcategories such as pattern
division multiple access (PDMA) and lattice partition multiple access (LPMA). Pattern
division multiple access uses nonorthogonal patterns in the code, power and space domains to
use SIC [11]. The various domains used allow for the receiver to use a mix of different detection
schemes. LPMA uses the power domain and code domain to multiplex users [12]. The
difference between PDMA and LPMA is that LPMA assigns users multilevel lattice codes and

power levels based on their channel state information.

Code-domain NOMA is similar to CDMA, in the sense that users share the same time-
frequency resources but are assigned different codes to separate them [13]. Low-density
spreading CDMA (LDS-CDMA) uses time domain resources for spreading, while low density
spreading orthogonal frequency domain multiplexing (LDS-OFDM) spreads the symbols from

each user on orthogonal subcarriers.

LDS was first introduced in [14] in a downlink scenario, but the primary advantages of
LDS lie capability in uplink scenarios. Conventional CDMA systems have spreading sequences
which consist of chips that are all nonzero. At the receiver, each sampled chip will then have a
contribution from every user that is transmitting. LDS-CDMA differs in the sense that majority
of the spreading chips are zero, with a few being nonzero [15]. Hence why it is termed low
density. At the receiver of an LDS-CDMA scheme, each sampled chip will now only have

contribution from a few users, instead of every user.

LDS-CDMA or LDS-OFDM is extended further to another code-domain NOMA
scheme called sparse code multiple access (SCMA). SCMA still uses low density spreading

sequences to spread each user’s information, like LDS-CDMA, but combines modulation and
3



spreading into one functional unit, as shown in Figure 1.1 [16]. The combined symbol mapping
and spreading block will take m bits and assign them to a spreading signature from a given
codebook. Each user is given a unique codebook which contains 2™ codewords, one for each
possible sequence of m message bits. Figure 1.1 shows an example of an SCMA system that
has 6 users and 4 chips. 2 bits are mapped to a low density codeword which in this case, has 2

nonzero chips.

Codebook 1Codebook 2 Codebook 2 Codebook 4 Codebook 5Codebook &

Bit streams
are mapped !H
to sparse

codewords :|.
(0,0) (0,0)
Six sparse codewords MUD
are transmitted over based on
four orthogonal resources MPA

Figure 1.1: SCMA transmission [13]

The codebooks are designed such that each position of non-zero chips in a signature is
fixed for every codeword in a codebook. This allows the receiver in a multiuser system to
always know which users are contributing to each chip, like the LDS-CDMA structure. One of
the advantages of SCMA in comparison to LDS-CDMA is that the codebooks can be designed
to achieve a coding/shaping gain that the LDS-structure cannot achieve. The maximum
achievable shaping gain with an optimized codebook is 1.53 dB [16]. Design of optimal
codebooks is still an open problem, and some suboptimal design methods have been studied in
[16], [17], [18]. A main focus of some suboptimal methods involve the design of a mother
constellation, and performing operations on the mother constellation, such as phase rotation,
complex conjugate, or vector permutations to derive the constellations used for the different
codebooks [17], [18]. Other methods include designing codebooks based on permutation and

have different nonzero positions for each codeword in a given codebook [19].



1.2 Thesis Objectives

LDS systems are being considered for 5G networks because of their high spectral
efficiency. The overloading capability of LDS systems allow them to use less resources than
current multiple access schemes. With the massive increase in connected devices on the
network expected with 5G, this efficient spectrum usage is crucial. In addition, they offer near
optimal MUD with reduced complexity, compared to the MAP detector. These benefits make
LDS systems very attractive for 5G and other future networks. With these great benefits to
LDS systems, there are still limiting factors to LDS-CDMA implementation. The two biggest

limitations LDS systems face are:

e The high complexity involved with the detection of LDS systems using the message
passing algorithm (MPA)
e Multipath fading channels

In this thesis, both of these problems with LDS systems will be addressed. The

objectives of this thesis are:

e To find an alternative to the current MPA detection scheme that offers a reduction in

computational complexity while keeping near bit error rate (BER) performance.

e To develop a scheme to allow for LDS systems to operate in multipath channels with

acceptable BER performance.

1.3 Contribution of Thesis

The following are the main contributions of this thesis:

e An alternative MUD for LDS systems that doesn’t involve MPA is proposed. This
MUD is based on the joint linear minimum mean square error (MMSE) and parallel
interference cancellation (PIC) detectors. The received signal is despread, and then
separated into real and imaginary parts. From here, the PIC-MMSE detector operates
on each user’s decision variables after despreading. This detector has much lower

complexity compared to the exponential complexity of MPA.

e An approximate BER is derived for the proposed PIC-MMSE detector.



e Simulations and complexity analysis are presented for the proposed PIC-MMSE and
MPA detectors.

e A precoding scheme to combat LDS-CDMA signals in multipath environments based
on frequency domain equalization (FDE) is introduced. Each user’s signal is precoded

such that the effects of the multipath channel are suppressed.

¢ Simulation results for the precoding scheme are presented to test its BER performance
using the PIC-MMSE and MPA detectors. Errors in channel state information are also

included in the simulation results.

In addition, the work in this thesis has led to a publication to the Canadian Conference

on Electrical and Computer Engineering (CCECE) 2019.
1.4 Thesis Organization

The remainder of this thesis is organized as follows:

Chapter 2 gives an overview of LDS systems. This overview includes the motivation
behind the low-density structure, and the various factors that play into the performance of LDS
systems. The design of spreading and the derivation of the MPA algorithm is also given. The

BER performance is given through simulations for various system models and channel types.

Chapter 3 introduces the proposed PIC-MSE detector. In addition, other conventional
detectors such as the MMSE, zero forcing (ZF) and PIC detectors are applied to LDS systems.
An approximate expression for the BER is derived and verified through simulation results.
Other simulation results for the BER performance in the AWGN and frequency-nonselective
fading channels of the conventional detectors are given for various numbers of users and

spreading factors.

Chapter 4 introduces a proposed precoding scheme designed for multipath channels.
The precoding scheme introduced removes the effects of the multipath channel by applying an
inverse channel frequency response to the transmitted signal. The BER performance of the
precoding scheme is tested for the MPA and proposed PIC-MMSE detector through simulation

results.

Chapter 5 gives conclusions and future work.



Chapter 2
Message Passing Algorithm for the
Detection of Low Density Spread Signals

2.1 Introduction

Low density signatures offer advantages compared to their dense counterparts. LDS
systems are a NOMA scheme which allows for overloading of orthogonal resources. The
overloaded LDS systems are attractive for 5G due to the high spectral efficiency they offer,
with relatively low complexity detection using MPA. The MPA algorithm, although less

complex than maximum likelihood detection, still has complexity that is exponential.

The optimal MUD scheme is to find the joint maximum a posteriori probability (MAP)
density function of all the transmitted symbols. The MAP detector must search every possible
combination of symbols for each user. This search algorithm has complexity O(MX), where M
is the constellation size and K is the total number of users. The complexity of the optimal MUD
scheme is unfeasible and is too high for practical systems. Therefore, a suboptimal MUD

scheme known as the message passing algorithm (MPA) is typically used [15].

This chapter provides a detailed description of LDS systems. This includes the system
model for both the additive white Gaussian noise (AWGN) and frequency-nonselective fading

channels, spreading code design, MPA detection and simulation results.

2.2 System Model

In this section, the general system model will be given for both the AWGN and

frequency-nonselective fading channels.



2.2.1 AWGN Channel

Consider a fully synchronous CDMA system with K users and the spreading sequences
are complex with a length of N chips. The discrete time system model for an LDS system is
modelled as shown in (2.1), where r = [ry,73,..7y]T € CV is the received signal, s; =
[sl,k,sz,k SN'k]T € CN is user k’s spreading code, x; € X} is the symbol user k is
transmitting and n = [ny,n, ...ny]7 € CV is the complex additive white Gaussian noise with
covariance matrix o2I, where Iy is the identity matrix with size N by N. The amplitude for

user k is Ag.

K

r= z SkAkxk +n (21)

k=1

Each user’s symbols are taken from the same constellation, such that X}, = X, k =
1,2, ... K and the constellation size is given as M = |X|. This thesis will deal with overloaded

systems, in other words, systems with a load factor n = % > 1. The signal model can be written

in a compact vector/matrix notation as:

r =SAx+n (2.2)

where S = [s4, S, ...Sg]T € CV*K is the sparse spreading matrix, X = [x, x5, ... xx |7 € XK is

the vector of each user’s symbols, and A is a diagonal matrix with each user’s amplitude and

1s given as:
A, 0 0 (2.3)
{0 A, 0
A= i 0 - 0
0 - 0 Ag

The block diagram for the transmitter model for an LDS system is shown in Figure 2.1.



Aq1bq ®
Asb, é@ r

Sk

AKbK ®

Figure 2.1: Transmitter diagram for an LDS-CDMA system in the AWGN channel

2.2.2 Frequency-Nonselective Fading Channel

The system model in (2.1) and (2.2) is altered by including the channel gains. The
transmitter model is given in Figure 2.2. These channel gains are complex Gaussian random
variables with zero mean and unit variance. The magnitude of the channel gains are Rayleigh
distributed, and their phase is uniformly distributed on [0,27t]. The system model in the

frequency-nonselective fading channel is:

K

r= Z SkhkAka +n (24)
k=1

where hy, is the channel gain for user k. The received signal can be written in a compact

vector/matrix notation as:

r = SHAx +n (2.5)



where H is a diagonal matrix containing the channel gains from each user, and is given

as:
h, 0 0
o n, 0 26
H=1: 0 ~ o (2:6)
0 0 hy
S1 hy
Ayby ——0)
S,

AZbZ éé

Agbg ®

Figure 2.2: Transmitter diagram for an LDS-CDMA system in the frequency-nonselective
fading channel

2.3 Spreading Sequence Design

The spreading sequences set used for an LDS system is crucial to its BER performance.

There are important factors that go into designing spreading sequence set. These are:
1. The location and number of nonzero chips in each spreading code
2. Unique decodability

3. Minimum distance between possible received signals

10



To indicate the location and positions of nonzero chips, an indicator matrix is used.
This indicator matrix shows the location of nonzero chips for different users. For example,
(2.7) shows an indicator matrix G4, for a 6 user, 4 chip overloaded LDS system. The columns
represent each user’s spreading code, and the rows show which users are contributing to that
chip. For example, with the indicator matrix in (2.7), chip 2 (row 2) has contributions from
users 2, 3 and 6 (columns 2, 3 and 6). The set of users that contribute to chip n is given by ¢,
and the set of nonzero chips in user k’s spreading code is given by {;. When examining the
indicator matrix, &, is the number of 1s in row n, and {; is the number of 1s in column 1. In

this example, &; = {1,3,5} and {5 = {1,3}.

2.7)

Gyxe =

=
N e R =)
oOR oR
RO RO
N R R
oOR RO

Indicator matrices can also be grouped depending on the number of nonzero values in
each row and column. A regular indicator matrix has the same number of 1’s in each row (each
chip has the same number of users contributing to it) and each column has the same number of
1’s (each spreading code contains the same number of nonzero chips). Otherwise, the indicator
matrix is irregular. For regular indicator matrices, let d,, represent the number of nonzero chips
per spreading code and dy represent the number of users contributing to each chip. Using the
example indicator matrix in (2.7), d,, = 2 and dy = 3. In addition, a regular indicator matrix

must also satisfy that the ratio between the number of nonzero chips per code, and number of

interfering users per chip must be equal to the overloading factor:

_% 2.8)
dy

2=

n:

Desirable properties of an indicator matrix are very similar to the requirements of low-
density parity check codes (LDPC) [15]. LDPC codes were first introduced by Gallager in [20],
and are widely used today. The design of LDPC matrices has been extensively researched since
its conception [21]. In most cases, these LDPC matrices can be used as indicator matrices for

LDS systems.

11



Choosing the positions of the nonzero chips in LDS systems highly depends on the
decoding algorithm being used. A desirable property of an LDPC matrix is the girth of the
matrix. The girth measures the minimum number of cycles in the Tanner graph representation
of the LDPC matrix. The larger the girth, the better the performance. The MPA detector which
is typically used in LDS systems, is based on the sum product algorithm which is also used in
the decoding of LDPC codes. The similar decoding/detection scheme between LDS systems
and LDPC codes means the girth is also a desirable quality for indicator matrices in LDS
systems [22]. We will further discuss the impact that the girth plays in the detection of LDS
systems later in this chapter. When other detectors besides the typical MPA detector are used,

better performance can be obtained by using different designs.

The sequences chosen must be uniquely decodable. Uniquely decodable codes ensure
that in a noiseless transmission, no two combinations of input symbols yield the same received
signal [23]. That is VX4,X, € X and (X; # X;), then (Sx; # SX,). No matter the decoding
scheme used, uniquely decodable codes are necessary to separate users’ symbols. It is proven

in that [24] that uniquely decodable systems exist for highly overloaded systems.

However, uniquely decodable codes does not ensure desirable performance. A set of
codes may be uniquely decodable, but the distance between two possible received signals may
be small. In a noisy channel, it will be harder to distinguish between possible sets of symbols
if the distance between their received noiseless signal is small. The values of the nonzero chips
in the codes helps maximize the distance between two possible codes. While the value of the
nonzero chips should be chosen to maximize the distance between possible received signals,
these values may also affect the unique decodability. A tradeoff for chip values was presented

in [23], where the nonzero values in each row are chosen to be:

21
cq=wpo?d) i=01,..d—1 (2.9)

with P chosen such that:
P = Md; (2.10)

The spreading matrix for the example indicator in (2.7) that uses these values for the

nonzero chips matrix would become:

12
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2.4 MUD Detection of LDS Systems using Message
Passing Algorithm

2.4.1 AWGN Channel

The block diagram for the receiver model is shown in Figure 2.3. The received signal
that is received at the base station is decoded using the iterative message passing algorithm.
This suboptimal MPA MUD scheme is very similar to the sum product algorithm described in
[25]. MPA detection is derived from the optimal MAP detector.

M, (b) Compute Ly L (B)
Function Node Make Decision F—
Messages

Compute Initial
Metrics

o pid

L (b)

Ug = fn

Compute
Variable Node
Messages

Figure 2.3: MPA detection diagram for an LDS-CDMA system
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MAP detection maximizes the joint a posteriori probability mass function. This is done
by exhaustive search, shown in (2.12), where X is the estimated symbol vector, and p(*) is the

probability mass function.

% = argmax(p(x|r)) (2.12)
x € XK

Using Bayes rule, the probability mass function in (2.12) can be rewritten as:

where P (+) is the probability function. In addition, P(r) = }},cxx p(r|x) P(x). Because
the noise vector is uncorrelated and identically independently distributed (i.i.d.), the total

channel observation function can be rewritten as:

N

p(r|x) = l_[p(mx) (2.14)

n=1

where p(1;,]X) is the observation at chip n and is:

K 2
1
p(rnlx) = eXp __2 T'n - Z Sn,khkAkxk (2.15)
o2 20
k=1
By assuming the signals sent from each user are equiprobable, that is P(x) = %, and

dropping redundant terms, the MAP detector in (2.12) simplifies to:

N
X = argmax{ p(rnlx)} (2.16)
X € XX 1_[

n=1

This allows for the MAP detection done in (2.12) to be rewritten as a marginalized
product of functions. Due to the signatures spreading the user symbols being low density, the

number of users contributing to chip n decreases from N to df, and (2.15) can be rewritten as:

2

1
P\ T oe2 [T ; SnicArXe (2.17)
ESn

P %) = ——=
o

14



This allows for the number of unique metrics to be decreased from MX to M%r. This
reduction of metrics does simplify the MAP detection, but the exhaustive search of MX possible

combinations of user’s symbols is still highly complex in practical implementations.

MPA uses belief propagation to approximate the marginalized product of functions in
(2.16). MPA is broken down into function nodes and variable nodes. There are N function
nodes, representing each received chip, and K variable nodes, representing each user’s symbol.
A factor graph is a bipartite graph in which function nodes and variable nodes are connected
by edges, and pass messages to each other through these edges. A variable and function node
are connected by an edge if the symbol represented by that variable node contributes to the
chip represented by that function node. This can also be seen by examining the indicator matrix.
A visual example of a factor graph is shown in Figure 2.4, where 6 users spread their data onto
spreading sequences which have a length of 4 chips. As can be seen, each variable node is

connected to d,, = 2 function nodes, and each function node is connected to dy = 3 variable

nodes.

Variable
Nodes

Function
Nodes

Figure 2.4: Factor graph representation of an LDS system with 6 users and 4 chips

The MPA detector works iteratively where the function and variable nodes send
messages to each other along the edges that connect them. These messages represent the
inference of a user’s symbol and measure the reliability of this inference with soft-values. In
the general case, the message sent from function node n to variable node k at iteration ¢ is
LlEn_’uk’ and is represented by a vector, of length M, for each possible symbol value. The

message L]tcn_,uk includes the local inference made at node n, M, (x), as well as the product

t—1

g - £, (X), which are

from the messages received from the other connected variable nodes, £

15



.. . ) . ) 1
from the previous iteration. During the first iteration, when t = 1, Lgk S fa (x) = " The local

inference made at node n is simply p(7,|X). At each variable node, an estimate of that user’s
symbol can be made based on the product of all the received messages from the connected
function nodes. After an estimate has been made at each variable node, the variable nodes send
messages back to the function nodes. This ends one iteration. The message equations are shown
in (2.19) and (2.20). The iterative algorithm is repeated until a fixed number of iterations has

been reached, or all the messages exchanged have saturated.

2

1
Mn(x) = exp _F rn - z Sn,kAkxk (2.18)
keén
Lo, (1) = Z My, (%) 1_[ LY - (%) (2.19)
XXp=x ke&n\k
Lftk —)fn(x) = ﬂ L;n_)uk(X) (2'20)
ﬁe(k
~ arg max
X = gf H Lf 0, () (2.21)
nedy

2.4.2 Frequency-Nonselective Fading Channel

The messages sent from function nodes to variable nodes L}n_,uk (x), and from variable
nodes to function nodes Lﬁk S £, (x) are the same as shown in (2.19) and (2.20) respectively for

the AWGN channel, with a slight change to how the initial metrics in (2.18) are computed.

This alteration is to include the channel gains:

M,(x) = exp —ﬁ Th — Z hkAkSn,kxk (2.22)

16



2.5 Complexity of the MPA Detector

The sparse structure of LDS allows for each function node to only be connected to a
few variable nodes, and hence, reduces the number of possible combinations of symbols
interfering at that given chip. With conventional structure, every user would have contributed
to that chip, and this increases the complexity of the algorithm exponentially. If each chip

contains dy number of contributing users, the MPA MUD scheme has complexity O(M ar )

compared to O (MX) that optimal MAP detection uses. For very sparse signatures, d, < K the
reduction in complexity is significantly reduced [15]. In fact, the suboptimal MPA after a
certain number of iterations will asymptotically approach the optimal MAP detection scheme

[26].

Although the receiver complexity of LDS-CDMA/OFDM or SCMA systems is reduced
drastically with the use of MPA rather than MAP detection, the complexity is still exponential
to the number of interfering users at each chip. For very large systems, this still may be
impractical. Even if df is kept low while number of user’s increases, the girth of the factor
graph increases. While this increase in girth results in better performance, it requires more
iterations, and therefore more computations. Various adjustments to the MPA MUD have been
made to either reduce the number of iterations or reduce the number of computations required
per iteration. Channel coding is one means of reducing computational complexity [27]. By
feeding the soft outputs from each user’s channel decoder back into the factor graph, less MPA
iterations are needed. Depending on how the channel coding is implemented, higher latencies
may occur. Grouping users based on their signatures, or other properties, is another means of
reducing computational complexity [28], [29]. In addition to grouping and channel coding,
improvements can be made by applying weight factors to codewords with higher probability
and smaller factors to codewords with lower probability [30]. An author of [31] proposes using
an irregular indicator matrix, which can allow for MPA to act as a SIC detector. The irregular
structure allows for some users to use fewer active chips in their spreading codes, which means
those active chips have more energy, assuming each spreading code is normalized to have the
same energy. This difference in energy per chip between users means some messages from
stronger users being passed will be more reliable than the messages being passed by weaker
users. These stronger users will have their messages trickle down to assist in the interference
removal of weaker users, like SIC detection. The problem with this is that errors can propagate

to weaker users if strong users have unreliable messages.
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2.6 Simulation Results

In this section the performance of the MPA detector is discussed. MATLAB was used

for simulations, and the following assumptions are made:
e Each user transmits with unit energy per bit
e For the frequency nonelective fading channel simulations:

o All channel gains are independent complex Gaussian random variables with

zero mean and unit variance that are constant during each signaling interval
o The channel gains are known perfectly at the receiver
o BPSK modulation is used

In the performance analysis, 2 different spreading matrices were considered. The first
is a 9 user 6 chip system (150% loading) from [23] shown in (2.23) and the second is a 16 user
12 chip (133% loading) system in (2.24) whose indicator matrix is from [10], but the values
for each chip in the spreading sequence are chosen following the methodology described in

[23].

S6X9=kao 0 0 0 aq 0 0 0 a] (2.23)
0 0
0 0
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0O 0 bp 0O 0O 0 O b, O b, 0 O b O 0 O
0O 0 0 bhyb 0O 0 B, O O O O O b, O by O
0O bp 0O O b, 0 b, O O by 0 O O O 0 O
O 0 0 bhyb O b, 0 O O O b, O O by 0 O
0O 0 bhp 0 0 0 0 O b, O 0 O O O b, by
s by 0 0 0 0 b, O 0 0 b, 0 0 O O by O
12x16=1 9 0 0 b, O O O b, b O 0O by O 0O 0 O
O bbp 0 0 0 b, 0 O O O O b, O O O by
bb 0 0 0 0 b, 0O O O O O O O b, O by
0O 0 byb O bby 0 0 0O O O O b, O by 0 O
O bb 0 0 0 0 0 O a O b, O by O 0 O
bb 0 0 O b, 0 0 b, O 0O by O O O 0 O
(2.24)

where by, =1, b; = exp (j %), b, = exp (j g), and b; = exp (j %”)

Figure 2.5 and Figure 2.6 show the BER for both the 6x9 and the 12x16 systems over
the AWGN channel while varying the number of iterations used by the MPA detector. It is
evident how important the number of iterations is to the BER of MPA detection. At least 2
iterations are required for both the 6x9 and 12x16 systems to achieve acceptable performance.
In fact, both the 6x9 and 12x16 systems converge to the single user bound. Both the 6x9 system

and the 12x16 systems converge after 3 iterations.

Figure 2.7, and Figure 2.8 show the BER of the 6x9 and the 12x16 systems over the
slow, frequency-nonselective fading channel as well as the single user bound for both cases.
The performance improves compared to the AWGN channel, and both systems converge to the
single user bound in less iterations compared to the AWGN channel. This is because the fading
applied to each user gives diversity at the receiver. Different users will have different signal

strengths, and this helps separate them.
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Figure 2.5: BER performance of the MPA detector of a system with 9 users and 6 chips in the

AWGN channel with varying numbers of iterations
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Figure 2.6: BER performance of the MPA detector of a system with 16 users and 12 chips in

the AWGN channel with varying numbers of iterations
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Figure 2.7: BER performance of the MPA detector of a system with 9 users and 6 chips in the

frequency-nonselective fading channel with varying numbers of iterations
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Figure 2.8: BER performance of the MPA detector of a system with 16 users and 12 chips in
the frequency-nonselective fading channel with varying numbers of iterations
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2.7 Summary

This chapter discussed the present work done with LDS systems. The system model,
spreading sequence design, MPA detector, complexity analysis and simulation results were
discussed. LDS systems use spreading sequences that have a small number of nonzero chips.
This small number of chips allows for effective MUD in overloaded systems with the MPA

detector.

The MPA detector is a well performing detection scheme, that uses belief propagation
to estimate the optimum MAP detector. The complexity of the MPA detector is reduced from
0(MX¥) to O(M ar ) compared to the MAP detector. The MPA detector provides great
performance, as with system loads of 133% and 150% it approaches the single user bound in

both the AWGN and frequency-nonselective fading channels.
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Chapter 3
PIC-MMSE Detector for Low Density
Spread Signals

3.1 Introduction

Multiuser detection in CDMA systems has been widely researched for the past few
decades [32]. Conventional MUD methods start by despreading the received signal with each
user’s spreading code. This despreading creates decision variables for each user which contain
the desired symbol from that respective user, as well as MAI and noise. The goal of a MUD is
to take these decision variables and manipulate them to mitigate the MAI and noise and achieve

better performance.

These detectors can be separated into linear and nonlinear detectors. Linear detectors
will take the decision variables and apply a linear function, typically matrix multiplication.
Some linear detectors include the decorrelating and MMSE detectors. Linear detectors offer
good performance compared to optimum detectors with lower complexity. The problem with
using linear detectors is that they give poor performance in overloaded conditions. Decision
driven detection schemes such as PIC or SIC are examples of nonlinear detectors. The
performance of these detectors rely heavily on the quality of the initial estimates being used

for interference cancellation.

In this chapter, an alternative MUD technique for LDS systems is proposed. This
proposed detector is based off the MMSE and PIC detectors. It combines them in a multistage
manor, where the MMSE detection is done first, and the PIC detector uses the decision
variables from the MMSE detector to cancel out the interference. This proposed detector has

complexity that is much less than the MPA detector, and provides the same spectral efficiency.
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3.2 Preprocessing: Despreading and Separation of Real

and Imaginary Parts

3.2.1 AWGN Channel

The received signal is despread for the conventional detectors as well as the proposed
PIC-MMSE detector. This despreading is done by correlating the received signal with each
user’s spreading code to get a decision variable for each user. Also, the detectors described in
this chapter are for BPSK modulation. In this chapter, the transmitted symbol for user k, x; will
be changed to by, where by, € {—1, +1} is the bit to be transmitted from user k. The decision

variable for user k is:

Uy = sir

K
3.1
= Akbk + z Rk,iAibi + S]I;In ( )
i=1

ik
where (-)¥ is the Hermitian transpose operator and the term R, ; is the correlation

between user k’s spreading code and user i’s spreading code. The vector notation for all K

decision variables is:

U = SHr
= SHSAb + Sfn

(3.2)

where U is a K X 1 vector of the decision variables. The correlation matrix R contains

the cross correlations between the spreading codes from all the users and is defined as:
R = S*S (3.3)

The despreading applied has less terms than conventional CDMA systems because
those spreading sequences contain all nonzero values and LDS systems contain only a few

chips that are nonzero.
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The ZF, MMSE and PIC detectors in the next sections are altered from their original
counterparts and are intended for BPSK modulation. The major difference is to separate the
real and imaginary parts of U, such that:

~  [R(U)
U=
[S(U)

[ s scaml * e e 13

(3.4)

where R(-) and J(-) denote the real and imaginary parts respectively. (3.4) can be

rewritten in a more compact form:

0= 28] ab +s[E0)

(R) (n) (3.5)
= RAb + Sii
where:

R = [BR) 3.6
R= [S(R) (3.6)

= R(S™) —S(S”)]_[ER(ST) 3(ST) (3.7)

T ssE) Rt 1T =38 R(ST)

~ _ [R(n) (3.8)
n= [S(n)

The separation of real and imaginary parts gives an extra dimension for the detectors to
use to get a better estimate on each user’s symbol. In addition, the correlation matrix R will
rank, that is at most, equal to N. This is because the spreading matrix S will have at most, N
independent spreading codes due to the system being overloaded. In general, when the rank of
R is less than K, the BER performance using linear detectors is reduced. The separation of real
and imaginary parts produces the updated correlation matrix R which will have at most, a rank
of 2N. If there are N spreading codes that are orthogonal, and the overloading factor is less

than 200%, the rank of R will be greater than K, and the system will be separable.
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3.2.2 Frequency-Nonselective Fading Channel

The adjustment for the frequency-nonselective fading channel is shown in this
subsection. The notation ()" throughout this chapter identifies this variable is for the
frequency-nonselective channel. In addition to despreadng, the decision variables are
multiplied by the conjugate of the channel gains. After despreading, the decision variable for

user k is:

U'y = hsir

u ; (3.9)
= Ieldiby + ) Riihihidib; + hisfn
ik
where (+)* is the conjugation operator. The vector of decision variables is:
U’ = HS#r
= HAS#SHADb + H”S#n (3.10)
= HYRHADb + H”S"n
After the separation of real and imaginary parts of U’
o =[O
3(U) 3.11)
_ [ER(H”RH) —S(HHRH)] [SR(Ab)] N [ER(HHSH) —S(HHSH)] [iR(n)
T IS(HYRH)  RMHIRH) | [3Ab)] T I3(HESHE)  RHESH) | [S(n)
(3.11) can be rewritten in a more compact form:
17/ ER(HHRH)] Q/ [ER(D)
= Ab +S
J(H"RH) > 5 (3.12)
=R'Ab + S’
where:
H
R = [9‘(“ RH) (3.13)
I (HYRH)
< _ [RETST) —J(HASH) (3.14)

S' =
J(HASH)  RHHSH)
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3.3 Conventional Multiuser Detectors

In this section, some conventional multiuser detectors are presented. The first
subsection describes linear detectors such as the ZF, or decorrelating detector, and the MMSE

detector. The second subsection describes a nonlinear detector known as the PIC detector.

3.3.1 Zero Forcing and Minimum Mean Square Error Detectors

This section describes the ZF and MMSE filters to apply to the decision variables in
(3.2). Both detectors are linear and apply a matrix multiplication as filtering. The forms of these

detectors are:
UZF = WZFﬁ (315)

Unmse = WumseU (3.16)

The ZF was first described in [33]. The ZF detector linearly transforms the decision
variables by applying the inverse of the correlation matrix, if it is invertible. When the
correlation matrix is invertible, the ZF detector completely removes the MAI, and decorrelates
each user from each other. In the case of overloaded systems, the correlation matrix will be
rank deficient, and won’t be invertible. The separation of real and imaginary parts adds another

dimension to the correlation matrix that will increase its rank. The ZF detector has the form:
Wz = (§)+ (3.17)

where (+)* is the Moore-Penrose pseudoinverse. The ZF decision variables are:
Uz = Ab+ (R) 'R (3.18)

With the ZF detector, the MAI is eliminated. At first glance, this appears to be ideal,
but the multiplication of the inverse correlation matrix with the noise vector increases the noise

variance.

The MMSE detector on the other hand looks to minimize the minimum mean square
error between the transmitted bits and the filtered signal, like the MMSE equalizer used to
suppress inter-symbol interference (ISI) in fading channels [34]. The MMSE detector has been
proven to show that in the case of overloaded systems, the detector is unable to achieve an

acceptable BER [35]. The minimum mean square error is achieved by minimizing:
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WuMse = arg min {E [|b — Wﬁ|2]} (3.19)
w

where E|[-] is the expectation operator. It is shown in [36] the minimization required in
(3.19) can be found by forcing the error vector (b — WMMSEﬁ) to be orthogonal to the vector

of split decision variables U:
= E |Ab(RAD + $f) — W5z (RAb + 571 (RAD + 57) |
= E[AbbTATﬁT + Abfi’S” (3.20)
— Wymse(RAbbTATRT + RAbATST + Sfib”ATR” + Sfn’S”)|

~ - 0%
= PRT - WMMSE <RPRT + 7SST>

The MMSE filter has the result:

e o2\
Wyumsg = PRT <RPRT + 7ssT> (3.21)
where P is:
P = AAT

A2 0 - 0
0 42 o0 : (3.22)

10 0

0o - 0 Af(

The MMSE filter for user k, is the kth row in Wyysg:
o’ *
w, = PRE (ﬁPﬁT + 7§§T> (3.23)
where RY, is row k in R”.

3.3.2 Parallel Interference Cancellation

Subtractive interference cancellation is a nonlinear detection scheme that uses bit

estimates to subtract out the MAI [37]. Interference cancellation can be broken down into two
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categories, successive interference cancelation, and parallel interference cancellation [38]. SIC
will subtract out each user’s MAI sequentially, starting with the user with the highest power
level. After the user with the highest power has had its interference removed, then the user with
the next highest power level will have its interference removed. This continues until every user
has had their interference removed. PIC detection on the other hand subtracts each user’s
interference all at once in parallel. The decision variables after the parallel removal can be fed
back into the detector, allowing for PIC in multiple stages. In general, the PIC detector takes
the initial estimates of the decision variables after despreading and uses these estimates to

subtract each user’s interference from each other. The PIC detector has the form:

Upic, = Uk — ) Ryidib; (3.24)

where b; is the estimated bit from user i to be used for interference cancellation. The
estimated bits used for interference cancellation can either be hard or soft bits. Soft bits allow
for the PIC detector to cancel only partial amounts of the MAI in the case that the estimated
bits are not reliable. This is found to perform better than hard bits, as hard bits can increase

MALI when the estimated hard bits are incorrect [38].

Figure 1.1 shows the different decision methods used for PIC detection. These are hard,

soft linear or soft nonlinear [39].
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Figure 3.1: Various decision functions used for bit cancellation in PIC detectors. (a) is the
linear function, (b) is the hard decision and (c) is the nonlinear hyperbolic tangent function

3.4 Proposed PIC-MMSE Detector

The proposed detector combines the MMSE detector described in (3.21) and the PIC
detector in (3.24). The block diagram for the complete detection process is shown in Figure

3.2.

The block that computes the soft bits takes the decision variables from the MMSE filter,
Uypmsg and converts them to the soft bits bg,p. The values of bg,s are normalized such that

bsott, € [—1, 1]. In fact, bsys approximates the probability of each bit.

The following subsections will describe the PIC-MMSE detector in the AWGN and

frequency-nonselective fading channels.
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Figure 3.2: Block diagram of the proposed PIC-MMSE detector.

3.4.1 AWGN Channel

The computation of by starts with first finding the likelihood and probability of each

bit. The decision variables after the MMSE detector are:

Ummse = WMMSEU
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The decision variable for user k can be written as:
Ummse, = WkI~J
K
= Wk(ﬁ’I];)TAkbk + z Wk(ﬁ]i")TAibi + Wkgﬁ
i=1
=k (3.26)

K

= Pribr + Z Pr,ib; + w, Sh
=1
i%k

= Brxbr + Iumse, + Nmmsk,

The term (ﬁDT is column k of R. The definition of the other terms in (3.26):

Br,i = Wi (ﬁ?)TAi

0_2 + r (3.27)
_ PRI <PkﬁﬁT + 7§§T> (RDY' A
K
hwwse, = ) Bribi (3.28)
i=1
i*k
NMMSEk = wkgﬁ (329)

The log likelihood ratio can then be computed and from there, the probabilities of each
bit to be used by the PIC detector. Unfortunately, the noise between each user’s decision
variables are correlated, and MAI also remains in the MMSE decision variables. To simplify
the probabilities, it is assumed the residual MAI after the MMSE detector is modelled as a
Gaussian random variable that is independent of the noise. This leads to the estimated mean

and variance of each decision variable conditioned on by, to be:

HUMMSE, = Bk bk (3.30)

UI\Z/IMSEk =E [(IMMSEk + NMMSER)Z]

= E[II%/IMSER] + ZE[IMMSEkNMMSEk] + E[NI\Z/IMSER]

(3.31)
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The cross correlation between the interference and the noise is 0 as they are

independent:

OMMSE;, = E[II\Z/IMSER] + E[NI\%IMSER]

2
K (3.32)

Each users bit is independent of one other, and to the noise, that is E [bibj] =0,i#]j

2
and E [b;fi] = 0. Utilizing the fact that E[b?] = 1 and E[A@T] = % I, the variance becomes:

K
OMMSE;, = z BZ E[b?] + w, SE[Af"]S"w]
i=1

i#k (3.33)

K
2 o 2 ~~
= Zlﬁk’il + 7wkSSTw,f
i=1
izk
This assumption is valid as can be seen by the simulation results. This leads to the log

likelihood ratio of Uymsg, to be:

p(UMMSEklbk = +1)>
p(UMMSEklbk = —1)

( 1 — exp -— (UMMSEk - .UMMsEk)Z-w

207
/ 2 MMSE
2T OyMsE, 4

1 —_ (UMMSEk + .uMMSEk)Z—

———————exp 5
/ 20 3.34
27701\2/1M5Ek MMSE}, ] (3.34)

_ (Ummse, — ,Bk,k)z (Ummse, + .Bk,k)z
- +

LLR(Ummsg,,) = log<

= log

2 2
20\MsE, 20\msE,
_ 2Bk kUmmsk,

2
OMMSEy,

= axUmmsg,
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where:

2Bk
X =3
Ol
4By (3.35)
255, |Bri|” + 02w, SSTW]
izk
The probability that b, = +1 is:
exp (LLR(Ups,))
Pk =
1+ exp (LLR(UMMSEk)) (336)
_ exp(akUMMSEk)
1+ exp(akUMMSEk)
With the probabilities computed, the soft bits are given by:
bsoftk =2p—1 (3.37)
Or in vector notation:
bsore =2p — 1 (3.38)

where p = [py, P2, ... Px]T and 1 is a column vector that is all ones with size K X 1. The

soft bits in (3.38) can be rewritten as:

U
boort, = 2( exp(ay MMSEk) > _1
1+ eXp(akUMMSEk)

_ exp(akUMMSEk) -1 (339)
eXp(akUMMSEk) +1

akUMMSEk>
2

= tanh (

This result can be seen as taking the decision variables from the MMSE detector and
applying a scaled sigmoid function, which in this case, is the hyperbolic tangent operator. The
nonlinearity of the hyperbolic tangent operator offers partial interference cancellation
depending how accurate the outputs of the MMSE detector are. When the decision variables
after the MMSE detector are strong, the hyperbolic tangent operator will approach +1 and most

of the MAI is cancelled. On the other hand, if the decision variables after the MMSE detector
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are weak, then only partial amounts of MAI are cancelled. This is beneficial compared to hard
PIC detectors. When the decision variables are weak for hard PIC detection, poor performance
arises as likelihood of a wrong decision increases. Higher chances of wrong decisions results

in the higher chances of doubling the MAI after the PIC detector.

The performance of this transformation also relies heavily on the values of aj. The
value of a;, shows how reliable the MMSE decision variables should be, relative to the channel
conditions and multiple access interference. As a; increases, the hyperbolic tangent operator
approaches a sgn function, meaning the MMSE decision variables are expected to be accurate
and will almost fully cancel the MALI for that respective user. On the other hand, if ay is low,
the decision variables from the MMSE detector are not expected to be accurate. This causes
the hyperbolic tangent operator to have a lower slope at the origin and it requires the magnitude
of the decision variables to be high to cancel more of the MAI for that user. To illustrate this,
consider Figure 3.3 which shows the hyperbolic tangent operator for various values of SNR in
an AWGN channel. As the SNR decreases, hyperbolic tangent operator’s rate of change gets
lower around the origin. On the other hand, as the SNR increases, the rate of change at the
origin gets higher, and the detector starts to approach the hard decision detector. This means
the decision variables after the MMSE detector are most likely to be correct and can be used to

cancel more interference.

The PIC detector produces the final decision variables:

K
Upicy = Ui = ) RicAibsos (3.40)
i=1
i#k
Finally, a final hard estimate of the bits is made. This is shown for user k and in vector

noatation:

bie = sgn (R(Upic,.)) (3.41)

b= sgn(R(Up;c)) (3.42)
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Figure 3.3: Plot of the nonlinear decision device used after the MMSE detector for various
SNR

3.4.2 Frequency-Nonselective Fading Channel

The PIC-MMSE detector for the frequency-nonselective fading channel is very similar
to that of the AWGN channel, except the received signals now have complex gains associated
with them, which alters the derivation slightly. The major difference is the frequency-
nonselective fading channel uses the correlation matrix R’ defined in (3.13) as opposed to the
R correlation matrix used for the AWGN channel. The MMSE filter for the frequency-

nonselective fading channel is derived following the same procedure as before and is given as:
a? ¥
Wymsg = PR <ﬁ’Pﬁ'T + 7S'§'T) (343)
and the MMSE filter for user k is:

o o - _\"
w', = PR} (R’PR’T + 7S'S'T> (3.44)
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The decision variables after the MMSE detector are:

! _ ! Y/
U MMSE — w MMSEU

2 >+ (3.45)

The MMSE decision variable for user k can be written as:
U’MMSEk =w', U’
K
= W’k(ﬁ”}lg)TAkbk + Z W,k(ﬁ”{)TAibi + Wkglﬁ
=1
t#k (3.46)

K

= Bk kb + Z B'kib; + w' S'f
=1
izk

= B’k xbk + I'vimsg, + N'MusE,

where:

B,k,i = w,k (ﬁ"{)TAi

) + (3.47)
D'T| D'DD'T 4 c'o!/'T o'T T
= PR’ | RPRT + —-S'S (R'T) 4
K
I'vmse, = Z B'ibi (3.48)
i=1
izk
N’MMSEk = W,kglﬁ (349)
After the MMSE detector, the soft bits are computed and are of the form:
a' U
o, = tanh (w) (3.50)
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where

a'y = A 3.51
2588l + 0P W SSTWT oD
izk
The PIC detector produces the final decision variables using the soft bits:
K
U'icy, = U’k — Z Ry ihichiAib'soft,; (3.52)
ik
Finally, a final hard estimate of the bits is made:
B,k = sgn (ER(U'pICk)) (353)
b’ = sgn(RWU'p()) (3.54)

3.5 Approximate Bit Error Rate

In this section, the theoretical BER is presented. The exact BER of the proposed PIC-
MMSE detector is very difficult to obtain because of the nonlinearity of the computations of
the soft bits before the PIC detection from the hyperbolic tangent operator. In addition, the
residual MALI is not Gaussian like the added noise. This combination of added Gaussian noise
and MAI makes the exact BER expression difficult to obtain. Instead, various assumptions and
approximations throughout the derivation are made to simplify some calculations. The biggest
of which is assuming the residual MALI after the PIC detector is Gaussian distributed. This
assumption is done by others for PIC detectors [40], [41], and the simulation results prove it

to be accurate under certain conditions [42].

The analysis will be conducted under the AWGN channel, and with all users received
power levels equal such that A, = A, k =1,2,...K . The decision variables after the PIC

detector are:
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K
UPICk =R Abk + ZARk,i(bi — bSOfti) + S,ﬁ’n
i=1

ik

K
a, U
= x| 4b, + z ARy, [bi — tanh (wﬂ +sin
i=1

2 (3.55)
ik
K
a, U
= Abk + z Ak,i [bl — tanh (%)] + NPICk
=1
ik
= Aby + Ipic,, + Npic,
where:
Ari = R(ARy,) (3.56)
K
a, U
Ipic, = Z Ak,i [bi — tanh (—k l;MSE’()] (3.57)
=1
ik
Npic, = R(sin) (3.58)

Ipic, is the residual MAI after cancellation and Npyc, is the noise seen by user k. The

estimated bits after the PIC detector are:

Ek = sgn (ER(UpIckD

K

=sgn|R| Uy — Z Rk,iAbsofti (3.59)
i=1
i*k

= Sgn(Abk + IPICk + NPICk)

The probability of error assumes that the residual MAI is Gaussian distributed. The

probability of error for user k is:
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1 1
Pe,k = EP(IPICIC + NPICk > A ) + EP(IPICIC + NPICk < —A)

(3.61)
o <A - E[lplck]>
OPICy
where Q(*) is the Q function defined as:
1 (® u?
= — - 3.62
Q(x) \/E-L exp< 2>du (3.62)

The effective variance oﬁlck is:
OPic, = Var(Ipic, + Neic,,)
= Var(lplck) + Var(NpICk) + ZCOV(IPICk'NPICk)
T
= E |(Ipic, — Elleic,]) (pic, — Elleic,])' | + E[Nerc Nic, ] (3.63)
+ ZE[(IPICk - E[Iplck])Nglck]
2
= E[I3ic, | + E[Npic, Noic, | + 2E [Ieic, Neic, | — Elleic, ]
As can be seen from (3.63), the variance seen by user k depends on the MAI, the noise
and the cross correlation between the noise and the MAI, as the noise affects decision variables
from the MMSE detector. The following subsections go into detail determining the various

expectations in (3.63). It is important to note that the expectations required in (3.63), are all

computed with the condition b, = —1, thatis E[-] = E[- |b, = —1].

. T
3.5.1 Computing E [N pleNPICk]
Before computingE [Npic, Nfic, |, Neic, is reformatted:

Npic, = R(sin)
= RARGHRM) + IEHIM] +j[-IEHRM) + REHIM]) G649
= R(sDHRM) + I(sHI(n)

This result is just row k in § multiplied by the noise vector fi.

Npic,, = S, il (3.65)
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And the expectation is:

(3.66)

The multiplication of S, and its transpose is just the energy of user k’s spreading code

which is normalized to be 1.

3.5.2 Computing E [I PICk]

Next the mean of the residual MAI, E [Ip[ck] is computed.

K
a;U ,
E[IPICk] =F Z/lk,i [bl — tanh (%MSEl)]
i=1

ik (3.67)
d a;U
= D (s — 2 [ann (=25 )
i=1
i#k
The expected value of b; is zero due to it taking equal possible values of +/- 1 with
equal probability.
K
a;U .
E[Ip[ck] = — Z /1k,l' E [tanh (%MSEL)]
i=1

ik

(3.68)

K K
a.
= - Z Ak, E { tanh ?l —Bix + Z Biibi + Nvimsk;
i=1 =1

ik l#k

Note that the —p;, term is present due to the conditional expectation including
b, = —1. The expectation required in (3.68) is taking the expectation of a Gaussian random

variable transformed by the hyperbolic tangent operator. (3.68) can be rewritten as:

41



K
E[lpic,] = - z Ayoi E [tanh (- % B+ )| (3.69)
i=1

ik

where @ is a Gaussian random variable with zero mean and variance:
2
2 = ZL0N g + 2w SSTw] (3.70)
Op = Bi. w; Wi :

The expectation in (3.69) can be written as:

E [tanh (== iy + @) = f_ " tanh (=50 + ) fo (@)do (3.71)

where f(¢) is the Gaussian probability density function which is:

2
exp <— ¢—2> do (3.72)

fo(d)dx = 202

1
\2mo?

The tanh(-) part of the integral makes it difficult to compute. To estimate the integral,

the hyperbolic tangent operator with a scaled error function is substituted:

tanh(x) ~ erf <g x) (3.73)
where the error function is defined as:
X
erf(x) = if e tdt (3.74)
vm 0

This approximation is valid given the plot of both functions shown in Figure 3.4.
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Figure 3.4: Plot of the hyperbolic tangent and scaled error function used for approximations

The expectation in (3.71) can be approximated as:
a .
E [tanh (— ?lﬁi,k + CD)]

7 WE, @ 1 »? (3.75)
<[ e [7 (~7hu+ "5)1 Nerrrhi (‘E) @

By using the following result from [43]:

@ s C3Cy — C4C
j erflc;x + ;] exp(—(c3x + ¢4)?) dx = £erf Iw (3.76)
—o0 C3 1/ C32 + C12

In this case:

Using this result, the integral in (3.75) is:
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— ‘/Eai I
J202n 4 202"
= er
V2mag 1 (3.77)
202114
[ ]
| —VmaB |
0,
|4 /1 +=2]
With this result, and the fact that erf(—a) = — erf(a), E[I]
K | |
—/ma;;
E[Iplck] = z Ak,i erfI —ll'kI
=1 41+ 05 |
e 2 (3.78)
|

[ \/_alﬁlk
41+ ”gd’

As can be seen from this result, there is importance on the value of f; . When the

Zlklerf

l;tk

MMSE detector does a good job mitigating the MAI, f; , will be relatively small. When ; , is

small, the error function will approach 0, and so will E [I p ICk]'

3.5.3 Computing E [I %Ick]:

Next, E [IIEIC k] is computed, which is a bulk of the MAI variance added to the noise:
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.
a;U :

= | (b (225

K i-1

a; U , a:U .
+2 Z Z Akiti E [(bi — tanh (%)) (bj — tanh <—] l\;MSEf))]

i=2 j=1
I#K j+k

(3.79)

The variance of the MAI is broken down into 2 parts, the squared residual MAI and the

cross correlation between residual MAI Starting with the expectation in the first term:

2
a; U . a:U ' a:U .
E <bz—tanh (%)) = E[b? — 2b;tanh (—l I\;MSE‘>+tanh2 (—‘ “;MSEL>

a;U , a;U .
=1-2E [bitanh (%MSE‘H +E [tanh2 (%MSE‘H

(3.80)

U . . L .
Finding E [bitanh (%)] first by expanding the expectation into conditional

expectations:
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a;U ,
E [bitanh (%)]

a;U .
= P(b; = 1)E [tanh (%) |b; = 1]
a;U .
— P(b; = —-1)E [tanh (%) |b; = —1]

1 a;U . 1 a;U .
= EE [tanh (%) |b; = 1] _EE [tanh (%) |b; = _1]

2
T : \
= EE J| tanh|?l| —PBix + Bii + z Brabi + Nuuse, | | IL
S il
L e
EE 4 tanh|% —PBix — Pii t z Br,ibi + Nmmsk; | ¥
=1 |
. k )

(3.81)

In both terms of (3.81), the residual MAI and the noise can be grouped together and be

approximated as Gaussian noise. This results in:

a;U .
E [bitanh (—l D;MSEL)]

= %E [tanh (% (=Bir + Bii) + cb)] (3.82)

— %E [tanh (% (—ﬁi,k - ﬁi,i) + qp)]

where @ is a Gaussian random variable with zero mean and variance:
2[ &, g2 w
oh = | D lul + 5 wiSS w] (3:83)
I=1
aiUMMSE . .. .
The expectation E [b tanh (T)]can be written in integral notation:
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a;U .
E [bitanh (%)]

1= i
- Ef tanh (% (=Bix + Bii) + ‘{b) fo(d)de (3.84)

~5 [ tanh (F (b= i) + ) foras

By taking the error function approximation as done when computing E[I;] in (3.73):

a;U .
E [bitanh (%)]

1 [Vroa 1 1 ¢?

T2 f—oo ert 7 (? (o + i) + ¢)_ 2nad P <_ E) @
17  [Vroa 1 1 ¢?

- E—[—oo erf 7 (? (—Bix — Bii) + ¢)_ \/mexp <— R) d¢

(3.85)

And following the result from (3.76), the integral E [b tanh (M%)] results in:

E [bitanh (%)]
o1, [\/_“k( ﬁm"‘ﬁu)] 1., [\/E“k( —Bi — ﬁii)]

I P R G

Now for the second expectation in (3.80), E [tanh2 (%)]

(3.86)

E [tanh2 (%)] E [tanh2 ( ( Bij + Xi=1 Biibi + Numisk, >>] (3-87)

£k

Again, by taking the residual MAI and noise and grouping it together as Gaussian noise:
a; UmmsE;
E [tanh2 (—)] E [tanh2 (— —ﬁlk + dD)] (3.88)

The variance of @ is:
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2
o? .
& =— E |,8i,l|2 + 7wiSSTwiT (3.89)

The expectation in integral form:

E [tanh2 (%)] = f_oo tanh? (— %ﬁi,k + ¢) fo(Pp)ded (3.90)

The integral required does not have a closed form solution. Even if the error function
approximation as done in (3.73), the result still does not have a closed form solution. For the
sake of this approximation, (3.90) is computed numerically. The result of this

integral/expectation is left as:

E[tanhz( U, )] A, D) (3.91)

iU NP
The result for E [(bi — tanh (%)) l is:

2
a;U .
. (bi  anh (%))

(3.92)
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Next is to compute the cross terms in (3.79):

a;U , a;U .
2 2
a; U ) a;U . a;U
2 2 2
a;Ummse;
- |pytanh (<=5

(3.93)

. a;UMMSE;
Computing E [tanh(UMMSEi)tanh (—)] first, and assuming the interference in

the MMSE decision variables is Gaussian:

g ltanh (“"Mﬂ) canh <M)l
2 2 (3.94)
a; aj
=F [tanh (— 7ﬁi,k + q)l) tanh (_?ﬁj,k + (D])]

where the variance of @; and ®@; and correlation coefficient pg, o are:
K
2 2
ai 2 o ~~ T
O'qzji = T Zlﬁi;ll + 7WiSSTWi (395)
=1
£k

, (3.96)

a; ~
03, =+ Z|ﬁ,l| + w8
l:#k

Cov(d;, @) (3.97)

Po,o; =
O'(DiO'(DJ.

UJI
VJI
bﬂ

;o Zﬁ B
40'¢O'¢ il jl
l;tk

This integral form of E [tanh (— %Bi,k + CIDi) tanh (—%,Bj,k + CI)j)] is
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E[ranh (=2 B+ ;) tanh (= 2 g, + @)

oo

a; aj
= ﬂ tanh (— ?Bi,k + q)i) tanh (_?ﬁj,k + q)j) ftbi,dDj(qbi' ¢;)dp;de;
(3.98)
where the joint distribution fcpi,q)j (¢i, ) j) is:
1 1 ¢.2 ¢2
ffbi,d)j(¢i: ¢j) = €xp <_ 2(1 2 ) |:20_12 + 20_]2
204,00, /1 _ péi,CDi Po,, D; D;
_ 2P0,0,Pi®;
O-‘Dio-‘bj

(3.99)

The double integral in (3.98) does not have a closed form solution and is computed

numerically. It is given the notation:

E [tanh (—% B + @) tanh (—% B+ @) = Aa D) (3.100)

aiUu . iU .
The 2 cross terms in (3.93) involving b; and tanh (%) or b; and tanh (%)

can be derived from the same result from (3.73), except adjusting which fs are in the

numerator.
a;Ummsk;
E |bjtanh | ————
2
(3.101)
1 Ve (=B +Bii)| 1 |Vrai(=Bjx = Bj.)
=3 erf — —erf

2 2 2
nog, n0g,
4 [1+—— | _ 4 11+——
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a; U AT
o (232

3.102
Vra;(—Bix + Bij) _ Lo Vra;(—Bix — Bij) ( :

2 2
nog, nog,
| 2 | | 2

3.54 Computing E[IPICkNPle] .

Lastly, the cross correlation between the residual MAI and the noise are computed.

K U (3.103)
a; UMMSE;
E[NPICkIPICk] = E { Npic, Z Ak,i (bi — tanh (lT))
ik
K
a;Ummsk;
- s e o (25
i=1
i+k
The noise and b; are uncorrelated, and (3.103) simplifies to:
a;UmmsE;
E[Npic Ipic, | = — Z A E [Nplcktanh (lTﬂ (3.104)
izk
Taking the expectation:
a;UmmsE;
E [Nplcktanh <—2 )]
K (3.105)
a.
= E { Npc, tanh ?l —Bix + Z Biibi + Numsk;
12k
By grouping the interference and noise inside the hyperbolic tangent:
alUMMSE (3.106)
E | Npig,tanh (——2"2 )| = E [ Npic, tanh (—— Buc+ @) :

where the variance of @ is:
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2
a; :: 2 o ~~
O'c% = ?l |Bi,l| + 7WLSSTWLT (3107)
#

The noise Npyc, , and @ are correlated, as @ contains the noise term Nymsg, = w;SHi and

Npic, = Sifi. Their cross-correlation coefficient is:

_ COV(NPICk, (I))

pNPIck,q} - O-NPICkO—(D
o (3.108)
_ SkSTW;TO'
V208
The joint distribution between Npyc, and @ is:
prIck,fD (nPICk’ ¢)
1 1 ng N P>
= exp| — > >
ZnaNPICkaq, 1- pNPle;q)z 2 (1 - prlck,cDZ) ZO-NPICk 204
ZprICk,Cbnkd)
O0ONpyc,
(3.109)
Therefore, E [NPIC tanh (— % Bix + dD)] can be written in integral notation as:
a;UmmsE;
B | gy tanh (=52
oo (3.110)
Ay
= ff npic, tanh (— 731',1( + ¢) prICk,q> (nPICk' ¢)an1ckd¢

Again, this integral does not have a closed form solution and will be computed

numerically. It is represented by:

a;U .
E [Nplcktanh (%MSE)] = As(k, D) (3.111)
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3.6 Complexity Analysis

Table 3.1 highlights the computational complexity of the proposed PIC-MMSE

detector as well as the MPA detector. The complexity analysis for the MPA detector was taken

from the work done in [44]. In addition, the complexity analysis for the PIC-MMSE and the

MPA detectors are done in the AWGN channel and with equal received power from each user.

It is assumed in the computational analysis that each complex multiplication requires 4 real

multiplications and 2 real additions, while a complex addition requires 2 real additions.

The complexity of the PIC-MMSE detector can be broken down into each stage of

processing:

1.

The first stage involves the received chips being despread to the initial decision
variables in (3.2). This despreading is a matrix multiplication between the spreading
codes and the received signal. The spreading codes used to despread only contain d,,
nonzero chips, and thus each dot product in the matrix multiplication will only contain
d, terms. This results in Kd, complex multiplications and K(d, — 1) complex

additions, or 4K d,, real multiplications and 2K d,, + 2K (d,, — 1) real additions.

The second stage is the splitting of the real and complex parts, which is does not use

any computations.

The third stage is applying the MMSE filter. Note, the PIC-MMSE detector does not
need to compute Wy s every signaling interval, as it can be computed beforehand
with prior knowledge of the spreading sequences of each user and the SNR. The MMSE
filter is simply a matrix multiplication to the split decision variables. The size of Wyvsg
is K x 2K and U is 2K x 1. This results in 2K? real multiplications and K (2K — 1)

real additions.

The fourth stage is computing the probabilities of the MMSE decision variables as is
done in (3.36). The quantity a;, in the exponential terms again can be precomputed for
the same reasons as the MMSE filter in stage 3. There is a multiplication between a;,
and Uuwmsg,, and the division of exponentials is counted as another multiplication.
There is a single addition that occurs in the denominator. Thus, the total number of real
multiplications is equal to 2K, the total number of real additions is K and the number

of exponentials is also K.
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5. The fifth stage is the conversion of probabilities to soft bits as is done in (3.38). This

requires K real multiplications and K real additions.

6. The sixth and final stage is the PIC detector as is done in (3.40). For each user, the sum
contains K — 1 complex terms, each with one complex multiplication. The sum is then
subtracted from the initial decision variable, which is counted as a single complex
addition. In total, there are 4K (K — 1) real multiplications, and 2K (K — 1) + 2K? real

additions.

Table 3.1: Complexity Analysis between the proposed PIC-MMSE and MPA detectors

PIC-MMSE MPA

Real 6K + 4Kd, — K tmaxNd M (2d; + 1)
Multiplications + taKd,M(d, — 2)
Real Additions 6K? + 4Kd, — 4K tmaxNdf[(df + 1)MY — M|
Exponentials K tmaxNdsM s

The total number of multiplications, additions and exponentials for both MPA and the
proposed PIC-MMSE detectors are listed in Table 3.1. As can be seen, the complexity of the
proposed algorithm is O (K?), compared to the complexity of O(M ar ) with the MPA detector.
The PIC-MMSE detector limits its complexity to the fact that it only performs linear filtering
on the received signal. It does not require any search computations like MPA detection, which

brings exponential complexity.

It may appear that as K increases, the computational complexity of the PIC-MMSE
detector becomes greater than that of the MPA detector. But, as K increases, the number of
required iterations also increases, as well as dy which in turn, increases the number of
computations required per iteration. Even if d; is kept relatively low, such that the number of
computations per iteration are relatively low, more iterations will have to be performed to share
the inferences of each user’s symbol with every function and variable node. The proposed PIC-

MMSE detector does not have this trade-off between the number of iterations and df.
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When dealing with the frequency-nonselective fading channel, the analysis gets a little
more complicated due to the updated correlation matrix R’ which contains the complex channel
gains. With the AWGN channel, the pseudoinverse required for the MMSE filter was needed
to be computed once, due to no changes in the channel conditions. In the frequency-
nonselective fading channel, this inverse will need to be recomputed as the channel gains
change, which depends how often the channel is changing. One alternative to this is to use an
adaptive algorithm to obtain the pseudoinverse. If the channel is not changing drastically, a
method such as recursive least squares, or least means squares can be used to update the inverse.
In addition, the MPA will also require some additional processing to adjust for the changing

channel conditions.

3.7 Simulation Results

In this section, the performance of the PIC-MMSE detector is presented. BER plots as
well as tables indicating the number of computations required are included. The assumptions
made for the simulations are the same assumptions in Chapter 2. In addition, both the 6x9 and

12x16 spreading matrices given in (2.23) and (2.24) respectively are used.

Figure 3.5 and Figure 3.6 show the BER performance of the MPA detector using 3
iterations, and other conventional detectors, including the proposed PIC-MMSE detector. The
conventional detectors include the single user detector, MMSE, ZF and PIC detectors. The PIC
detector uses the decision variables after the single user detector. The MPA and PIC-MMSE
detectors perform best, as expected. The other conventional detectors are not enough to handle

the overloading that is present in these systems.
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Figure 3.5: BER plot of the various conventional detection schemes for a system load of 9

BER

Figure 3.6: BER plot of the various conventional detection schemes for a system load of 16
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Figure 3.7 and Figure 3.8 show the PIC-MMSE detector BER performance with various
decision functions after the MMSE detector. This includes the linear, hard, and hyperbolic
tangent decision devices that were presented in Figure 3.1. The nonlinear hyperbolic tangent
operator proposed outperforms both the linear and hard decision devices which are used in
typical PIC detectors. But as the SNR increases, the gap between the hard decision function
and the hyperbolic tangent function, especially for the 9 user 6 chip system, decreases. This
can be attributed to the hyperbolic tangent function approaching the hard detector as the SNR

increases, due to the scaling factor a;, also increasing, as can be seen in Figure 3.3.
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Figure 3.7: BER performance for different decision functions after the MMSE detector with
the proposed PIC-MMSE detector for the 6 chips 9 user system
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Figure 3.8: BER performance for different decision functions after the MMSE detector with
the proposed PIC-MMSE detector for the 12 chips 16 user system

Figure 3.9 and Figure 3.10 show the approximate BER derived in the previous section
with the simulation results for the 6 chip 9 user and 12 chip 16 user systems, respectively. The
approximation is not perfect, as can be seen by the overshooting in the low SNR region. The
various Gaussian assumptions made during the derivation are the main cause of this overshoot
with both systems. But, the approximation gets tighter as the SNR increases. This is because
of the multiple access interference decreasing, and the approximation is having less effect on

the BER performance.
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Figure 3.9: Approximate BER performance for the 6 chips 9 user system
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Figure 3.10: Approximate BER performance for the 12 chips 16 user system
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Figure 3.11 and Figure 3.12 compare the number of computations used by both
detectors. Table 3.2 and Table 3.3 give the complexity analysis as well as required SNR to
achieve a BER of 10, The number of multiplications, additions and exponentials are computed
by substituting the system parameters into the expressions given in Table 3.1. The reduction in
computations is drastically reduced compared to the MPA detector. The difference in
computational complexity between both LDS systems shows how heavily the MPA detector
relies on the number of interfering users per chip, d¢. The 9 user 6 chip system has dr = 3 and
the 16 user 12 chip system has dy = 4. Due to the MPA detector having complexity that is
exponential to ds, even slight increases in df cause the number of computations required

increase quickly, as can be seen in these simulations.
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Figure 3.11: Computational complexity of the PIC-MMSE and MPA detectors for the 9 users
6 chips system.
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Table 3.2: Required SNR to achieve BER of 107 and the number of computations required
for the 6 chip 9 user system

PIC-MMSE MPA (3 iterations) Difference
SNR 7.25 dB 6.97 dB -0.28 dB
Real Multiplications 549 3024 -81.84%
Real Additions 522 1620 -67.87%
Exponentials 9 432 -97.92%
o5 % 10* |
I VPA (L =3)
I PIC-MMSE
2r |
151 q
1r i
05+ 2
: |
Additions Exponents Multiplications

Figure 3.12: Computational complexity of the PIC-MMSE and MPA detectors for the 16 user
12 chips system

Table 3.3: Required SNR to achieve BER of 107 and the number of computations required
for the 12 chip 16 user system

PIC-MMSE MPA (3 iterations) Difference
SNR (dB) 7.63 7.07 dB -0.56 dB
Real Multiplications 1712 21024 -91.86%
Real Additions 1664 11232 -85.19%
Exponentials 16 2304 -99.31%

61




BER

---©--- MPA
Single User Bound

| |-~ -+ PIC-MMSE

10-3 1 l 1
0 5 10 15 20

SNR (dB)

Figure 3.13: BER plot of the PIC-MMSE and MPA detectors for a system load of 9 users and
6 chips
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Figure 3.14: BER plot of the PIC-MMSE and MPA detectors for a system load of 16 users
and 12 chips
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Figure 3.13 and Figure 3.14 show the BER performance of both the PIC-MMSE and
MPA detectors in the frequency-nonselective fading channel. As can be seen, both detectors
perform well in the frequency-nonselective fading channel and approach the single user bound.
The independent channel gains create additional diversity, and this helps separate the symbols

with the PIC detector.

3.8 Summary

This chapter presented the proposed PIC-MMSE detector as well as analyzed other
conventional detectors that are typically used in CDMA systems and applied them to LDS
systems. An approximate expression for the BER of the PIC-MMSE detector was also
presented. The approximate BER expression was compared to simulation results, and was
shown to be valid, especially at high SNR. In addition, the complexity analysis of the proposed
PIC-MMSE detector was presented and compared to the complexity of the MPA detector. It
was shown that the proposed detector has complexity of O(K?) compared to O(M ar ) of the
MPA detector.

Simulation results of the BER performance were presented between conventional
detection techniques, the proposed PIC-MMSE and MPA detectors for various system loads
and sizes. It was shown the PIC-MMSE detector had massive reductions in computations

compared to the MPA detector, with losses of about a fraction of a dB.
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Chapter 4
Precoding Scheme for LDS Systems in

Frequency-Selective Channels

4.1 Introduction

Most of the research on LDS or SCMA systems has been done under the simple
AWGN channel, or the frequency-nonselective fading channel. This is important especially
for channels using mmWaves. When research is extended to the frequency selective channel,
the spreading sequences are implemented on orthogonal subcarriers, like OFDM or
multicarrier CDMA (MC-CDMA) [45]. OFDM or MC-CDMA systems can handle the
frequency-selectivity due to their subcarriers having bandwidth that is smaller than the
coherence bandwidth [46]. This allows for each subcarrier to experience flat fading, which
makes detection easier. The downside to using OFDM over CDMA is OFDM has a relatively
high peak to average power ratio (PAPR) which may cause saturation in the power amplifiers
[47]. Unfortunately, LDS-CDMA is unable, without the help of external processing, to
overcome the multipath channel. Due to the requirement of synchronous chip level processing,
multipath channels will spread the chips across each other, destroying the low-density
structure. Standard CDMA can overcome multipath channels with the use of a RAKE receiver,
which uses diversity combining to sum the delayed components produced from the multipath
channel coherently [48]. Other equalization methods that were applied to standard CDMA that
can be extended to LDS systems include FDE [49], and blind equalization methods [50].

In this chapter, a precoding scheme for LDS systems that is designed to overcome the
multipath channel is proposed. This precoding applies the inverse channel frequency response
to the transmitted signal before transmission, such that the multipath degradation is reduced.
The precoding scheme can be applied to mmWave channels as well. Simulation results show

this precoding scheme results in better performance for both the MPA and the proposed PIC-
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MMSE detector in the multipath channel. Simulations where channel errors are present are

also included.

4.2 System Model

The system model for LDS systems in the presence of frequency-selective fading is
introduced in this section. The system model assumes a CDMA system with K users and the
spreading sequences are complex with a length of N chips. The discrete time system model for

the system is shown in (4.1), where r = [r;, 1, ..7y]T € CV is the received signal,
T . . . .
Sk = [51,10 Sok ...SN'k] € CN is user k’s spreading code, X, € X is the symbol user k is

transmitting and n = [ny,n, ...ny]" € CV is the complex additive white Gaussian noise with

covariance matrix o2l

The multipath channel is modelled by a tap delay line finite impulse response (FIR)

filter of length L chips. The signal generated from each user is convolved through the multipath

1

channel, where h;, = 7 [hl,k: ha ks .. hL_k]T is the impulse response of the multipath channel

for user k. Each element in h, is a Gaussian random variable with zero mean and unit variance.

The \/LZ factor is added to keep the energy the channel applies to the transmitted signal on

average at unity. The channel impulse responses between users are assumed to be independent

from one another. The system model is:

K
r= Z hy * (sgx,) +n (4.1)
=1

where * is the convolution operator.

4.3 Precoding Scheme

The block diagram for the proposed precoding scheme is given in Figure 4.1. Initially,

each user spreads Ngyr,s symbols with their spreading code, which results in NNy, chips.
The N Ngyms chips are passed to a serial to parallel converter and a Discrete Fourier Transform

(DFT) is applied. After the DFT, the inverse channel frequency response is applied, and this

frequency response is normalized such that the power transmitted from each user is constant
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and does not fluctuate. Fluctuating transmit power is undesirable as it reduces amplifier
efficiency. This is a common problem with OFDM, and applying a normalized channel
frequency response keeps the transmit power constant. Next, an Inverse Discrete Fourier
Transform (IDFT) is applied to get the sequence back to the time domain. A cyclic prefix (CP)
is added such that the convolution between the transmitted signal and the channel impulse
response appears as circular convolution after the removal of the cyclic prefix, similar to

OFDM transmission.

Sl,kx}(cl)
Input ) - _
Bits sixxd Serial- SarXp Discrete
— ¥ Spreading Parallel Fourier
Converter Transform
NS ms
SwAX IE yms)
Y | Yk - Yienper
\ 4 A
Normalized Inverse
Channel Frequency
Response
Zra| Zr2| - ZinNper
Zka
To
Inverse
Channel Add Cyclic Zyi Parallel- Zyo Discrete
] i
Prefix Serial Fourier
Converter
Transform
Zk,Nppr

Figure 4.1: Block diagram of the proposed precoding scheme for LDS systems in multipath
channels

The precoding for user k begins with spreading Ngy s bits and running them through a

serial to parallel converter. This signal is represented by y; and is:
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T
1 1 1 2 2 (Nsyms) 4.2
Vi = [Sl,kx,(c ), Sz’kxl(( ), SN’kxl(( ), Sl,kx,(( ), Sz’kx](( ), "'SN,kxk y ] ( )

where x,(ci) represents the ith symbol for user k. Next, a DFT is applied to y, where
DFTy,..{'} is the DFT operation with length Npgr = N Ngy,s. The result after taking the DFT

of the spread bits is:

Yy = DFTy .. {yi}

— F(NDFT)yk

(4.3)

where Yy is of size N Ngyn,s and is the frequency domain signal of the spread symbols.

Fyppp 18 the DFT matrix which is defined as:

1 1 1 1 ]
1 1 w w? wWpFT—1) |
F(WorFr) = [ 1 w? w? w2Wprr—1) | (4.4)
VNper | ; : : . : |
ll wWprr=1  )2(Nppr—1) ... w(NDFT_l)(NDFT_l)J

j2m

where w = exp (— ) The ith frequency bin of Yy is row i in Fy . multiplied by

NpFr

the time domain signal yj,.
Vi = By, (4.5)

At frequency bin i, the normalized channel impulse response frequency bin is

multiplied to Yy ;

Zy;i = Hinvy, Yii (4.6)
where the normalized channel frequency response at bin i is:

Hind_i
invy; \/7
Ey.
ank
4.7)
1

Enypy, Hiei

where Hy,; is the ith frequency bin of Hy which is the DFT of the channel impulse

response:
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Hk = DFTNDFT{hk} (48)
and EHinvkis the energy of the inverse channel frequency response and is given by:

NpFT

1 1
Eu = E (4.9)
Hmvk NDFT |Hk‘l- |2

i=1
The vector notation of (4.6) can be represented by:

Zy = Hipy, O Yy (4.10)

where (O represents element-wise multiplication. After applying the inverse channel

response, the IDFT is applied to get the signal back to the time domain:

z, = IDFT{Z
* (2 4.11)
— F(NDFT)_lzk

where IDFT{-} is the inverse DFT operation, z; is the precoded signal in the time

. -1, . . . . ..
domain, and FWoFT) g the inverse DFT matrix which is also the Hermitian transpose of

F (VorF1).
l:'(IVDFT)_1 — F(NDFT)H (4.12)

The last step of the precoding procedure is to add a cyclic prefix like in OFDM and SC-
FDMA systems. This is to ensure that the output of the convolution with the channel impulse

response results in circular convolution. The transmitted symbol for user k becomes:

(4.13)

- T
Zy = [Zk;NDFT—NCP‘Fl’Zk,NDFT—NCP’ = Zk,Nppr? Zk,10 Zk, 20 == Zk:NDFT]

where Ncp is the length of the cyclic prefix, which must be larger than L — 1. The
following transmission precoding and reception after the channel can now be represented by

circular convolution:

(4.14)

K
r=2hk*ik
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K
= zhk ® zZ
k=1

where (® 1is the circular convolution operator. Circular convolution results in

multiplication in the discrete frequency domain., and (4.14) can be rewritten as:

K
F=th®zk

ForD ™ (H, O Z)

I
Mx

&

=1

=

_1 ~
= Z F (NDFT) (Hk ©) Hiny, ©) Yk)

1

&
Il

(4.15)
F(Nprr) ™ [(Hk ® Hmvk) © (F(NDFT)y )]

1

Yk
1 /EHinvk
K
= Z Vk¥k
k=1

The transmitter precoding has transformed the multipath channel into a single path

P T

&
Il

channel. The equivalent single path channel for user k has a gain y;, = J;— which is a

Hinvk

random variable that is dependent on the tapped delay line channel, h,. The exact distribution
of y, is very difficult to determine theoretically due to the various operations performed. For
this thesis, hy, is a tapped delay line where each tap is a complex Gaussian random variable,
but other channel models could be used, such as each channel tap having exponentially

decaying amplitudes.

Yi is a block of Ngym of spread symbols for user k. The complete received signal for

just one symbol in this block is:

r= Z YrkSkXk +n (416)
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r=SIx+n (4.17)

where T is a diagonal matrix with elements:

y. O 0
_[0 2 0 4.18
F={: o -~ o @18
0 0 vk

To view the properties of y;, simulations with 100,000 random generations of a
channel vector with length L taps and a single Rayleigh random variable are done. Histograms
of y, with varying L, and a Rayleigh random variable as a refeence are plotted to see their
approximate distributions. These results are shown in Figure 4.2, Figure 4.3 and Figure 4.4. As
the channel length increases, the mean and variance of the distribution of ¥, both decreases.
This is due to the precoding essentially averaging the channel taps. This causes the randomness

of y to decrease. The downfall of this is that y, has a mean that is approximately 0.5.
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Figure 4.2: Histogram of y;, and a Rayleigh random variable with L = 3 channel taps
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Figure 4.3: Histogram of y; and a Rayleigh random variable with L = 5 channel taps
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Figure 4.4: Histogram of y; and a Rayleigh random variable with L = 7 channel taps
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4.3.1 The Example of a Single Tap Multipath Channel
(Frequency-Nonselective Fading)

When the channel is frequency-nonselective, the tapped delay line channel model
simplifies to a single tap complex Gaussian random variable. The system model is now:
hk = hk
= |y | exp(j&y)

(4.19)

where |h; | is the magnitude of h;, which has a Rayleigh distribution and 6}, is the phase
of the single tap channel and has a uniform distribution between [0,27]. Assuming Ngypms = 1,

the received signal becomes:

K
r=2hk* (skxx) +n
k=1 (4.20)

K

= z Skhkxk +n

k=1

When the precoding is applied to this type of channel, the discrete frequency spectrum
will be flat with a gain that is Rayleigh distributed. The DFT of the channel response is:

= hklNDFT

where 1 1s a vector of all 1’s. The inverse of the channel at bin i is:

1 (4.22)
Hinvk‘i = h_k

The energy of the inverse channel frequency response:

NpFT

5 1 Z 1
Hinvk - NDFT |Hk'l- |2

= (4.23)

1
- Rl?

This leads to the normalized channel response at bin i to be:
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~ Hierk'l'

Hinvk‘i -
’ EHinvk

_
hy

= exp(—jby)

(4.24)

What this result shows is that with a single tap channel, the precoder will just apply the
phase correction to the spread bits. After applying this phase correction, the received signal
will now be a sum of each user’s spread data with a varying real gain. As will be shown in the
simulation results, this improves performance by giving some diversity between the users.

More on the effects of the precoding scheme in the following section.

4.4 The Effects of Precoding on Multiuser Detectors

After each user transmits through the channel with precoding, the multipath fading is
eliminated. The received signal is a sum of each user’s signal, except each user is now
attenuated. This will affect the performance of the various LDS detectors. The MPA and PIC-
MMSE detectors are affected in a similar manner to how the frequency-nonselective fading
channel affected the detectors. How the precoding affects these detectors is presented in this

section.

4.4.1 MPA Detector

The alterations required for the MPA detector are minimal, and only change the metrics
computed at the function nodes. The metrics in (2.18) are changed to include the effective

channel gains:

2

1
M, (x) = exp 552 |Yn T Z SnkAkY KXk (4.25)
keén

The messages passed between function nodes and variable nodes are the same, as

shown in (2.19) and (2.20).
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4.4.2 PIC-MMSE Detector

The PIC-MMSE detector also has minimal changes compared to the AWGN channel.
The notation ()"’ throughout this chapter identifies this variable is for the frequency-selective

channel with precoding. The split decision variables after despreading become:

U, =sgr
S ; (4.26)
= ViArby + z RyviAib; + sin
izk
And in vector notation:
"m _ cH
U =5t (4.27)
= RATIb + S¥n
Then splitting real and imaginary parts:
= _ [RU)
U’ =
[S(U)
_ [ER(R) —S(R)] [iR(Al‘b)] N [SR(SH) —S(SH)] [ER(n) (4.28)
S(R)  RR) [I3(Arb)] * [3(S¥) R(SH) 113(n)
= RATb + Si

The MMSE filter for the multipath channel with precoding is derived in a similar
manner to that of the AWGN channel. The MMSE filter is:

(e \T
W'umse = YRT <RYRT + 7ssT> (4.29)

where the amplitudes and effective channel gains are grouped together to form:

P,lZA% 0 0 ]
Y —_

0 yz4; O (4.30)

; 0o - oJ
0 0 VI%AIZ(

The filter for user k is:
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I - B
w', = AZyER}, <RYRT + 7ssT> (4.31)
The decision variables in vector form after the MMSE detector are:
U mmse = W vmseU”’
ol e\
= YR” (RYRT + 7SST) u”
o2 __\* ~ (4.32)
= YR (ﬁyﬁT + 7ssT> (RATD + Sh)
e o2\ e o2\
=YRT (RYRT + TSST> RATD + YRT <RYRT + 7SST> Si
The decision variable for user k after the MMSE detector can be written as:
U'"mmsg, = W' 0"
K
n D T n D T I ooy
=W k(R’I];) YkAkbk + Z w k(RZw) yiAibi +w kSn
=1
ik (4.33)
K
="k kbi + z B"1ibi + w' ;. Sh
i=1
i#k
= B"kxbr + I"mmsg, + N vmsg,
where:
144 n T T
B"ri=w'(RT) vi4
;2 + (4.34)
o [~ ~~ T
= P.yZRYE (RYRT + 7ssT> (RT) v:4;
K
I"vmsg,, = Z B" kibi (4.35)
=1
i#k
N”MMSEk = W”kgﬁ (436)

After the MMSE detector, the soft bits are computed and are of the form:
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al’ UII
b o, — tanh <w> 4537)

2
where
'y = e 438
k= — .
2 Zf:llﬁnk,i |2 + O'ZW”kSSTW”’}; ( )
ik
The PIC detector produces the final decision variables using the soft bits:
K
U'pic, = U"k — Z Ri kAivib" sof; (4.39)
ik
Finally, a final hard estimate of the bits is made:
B”k = sgn (m(U”PICk)) (440)
B,, = Sgn(m(Uuplc)) (441)

4.5 Channel Estimation Errors

The performance of the proposed precoding scheme directly relies on the channel state
information. Multipath fading channels are constantly changing and can vary depending on the
environment and application of the communication link. Depending how often the channel
state information is updated, the channel state information may not be accurate relative to the
actual channel conditions. The proposed precoding scheme also relies on the receiver
communicating the channel state information back to the transmitter. This backwards
communication will have to be done over a reliable channel. This also causes delays to the
accuracy of the channel state information used and the actual channel. In addition, how the
channel state information is obtained varies depending on the estimation scheme used. With all
these variables affecting the quality of the channel state information, it is beneficial to view the

performance of the precoding scheme in the presence of channel estimation errors.

The error added to the channel state information depends heavily on the method used

to estimate the channel state information. In this thesis, the specific channel estimation methods
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such as pilot insertion or blind schemes are not investigated. Instead, Gaussian noise is added
to the channel state information to test this. In simulations, the variance of the noise will be
varied to show the performance in the presence of inaccurate channel state information. The

estimated channel vector at tap i for user k is:

~

hi,k = hi,k + Ei,k (442)

where €; j, 1s a Gaussian random variable with zero mean and variance O’é .

4.6 Simulation Results

In this section, the BER performance of the precoding scheme will be examined. The
performance of the precoding scheme is analyzed by varying different parameters which
include the multipath channel length and decoding methods. In addition, the BER performance

in the presence of estimation errors is examined. The simulation parameters are:
e The 6 chip 9 user system in (2.24) is used for all simulations.
e BPSK modulation is used.
e Each user transmits with unit energy per bit

e The number of symbols (bits) grouped together in parallel is Ngyms = 100 for all
simulations. This leads to NgymsN = (6)(100) = 600 chips used for the DFT and

IDFT operation.
e The multipath channel is assumed to remain constant during each precoding instance.
e The multipath channel is zero padded to a length of 600 for the DFT operation.

In Figure 4.5, Figure 4.6, Figure 4.7, and Figure 4.8, the precoding scheme is applied
to a multipath channel with varying channel lengths of L = 1,3,5,7. The MPA, and PIC-MMSE
detector as well as the single user bound in the frequency-nonselective fading channel are
presented. For the single tap channel, both the MPA and PIC-MMSE detectors approach the
single user bound. As was shown in section 4.3.1, the precoding removes the phase of the
complex channel gains. The effective channel gain for each user will be independent, which

allows for additional diversity between them.
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As the channel length increases, the performance of the precoding scheme starts to
saturate for both the MPA and PIC-MMSE detectors. Longer channel vectors result in more
multipath rich environments, which negatively impacts performance. But, the precoding

scheme can handle these harsher channels which is very beneficial.

BER
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1072

Figure 4.5: The MPA and PIC-MMSE detectors with precoding for a multipath channel with
L = 1 number of taps
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Figure 4.6: The MPA and PIC-MMSE detectors with precoding for a multipath channel with
L = 3 number of taps
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Figure 4.7: The MPA and PIC-MMSE detectors with precoding for a multipath channel with
L = 5 number of taps
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Figure 4.8: The MPA and PIC-MMSE detectors with precoding for a multipath channel with
L = 7 number of taps

Next, the performance of the precoding scheme in the presence of channel estimation
errors is examined, as discussed in section 4.5. To simulate this, zero mean Gaussian noise is
added to the channel vector with varying variance. Figure 4.9, Figure 4.10 and Figure 4.11
show the BER performance with varying levels of noise added to the channel vector, and
varying channel lengths. As the channel length increases, it is evident that the effect of the

estimation errors becomes more severe, as expected.
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Figure 4.9: BER performance in the presence of channel estimation errors to the MPA and
PIC-MMSE detectors with a multipath channel of L = 1 taps
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Figure 4.10: BER performance in the presence of channel estimation errors to the MPA and
PIC-MMSE detectors with a multipath channel of L = 3 taps
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Figure 4.11: BER performance in the presence of channel estimation errors to the MPA and
PIC-MMSE detectors with a multipath channel of L = 5 taps

4.7 Summary

In this chapter, a precoding scheme designed for multipath channels was presented. The
low-density structure of LDS systems makes them even more susceptible to the effects of
multipath fading compared to regular spread spectrum systems. The proposed precoding
scheme applies a normalized inverse channel frequency response to the spread chips. When
this precoded signal passes through the multipath channel, the delayed components of the
multipath channel are eliminated. This effectively transforms the multipath channel into a

single path channel.

In addition, the MPA and PIC-MMSE detectors were altered to improve their
performance in the presence of precoding and multipath fading. Simulation results were
presented to test the BER performance of the precoding scheme for both the MPA and PIC-
MMSE detectors. It was shown that as the number of channel taps increased, the BER
performance saturated, which shows the precoding scheme to be effective even in harsh

multipath conditions.
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Chapter 5

Conclusions and Potential Future Work

5.1 Conclusion

NOMA schemes have become a popular alternative for future wireless networks,
including 5G, compared to typical OMA schemes due to the high spectral efficiencies they
offer. Code-domain NOMA is among this popular group and include schemes like LDS and
SCMA. LDS systems use MPA detection for MUD, which has complexity exponential to the
number of interfering users per chip. In addition, LDS systems require full synchronization as
MPA detection is a chip-level iterative algorithm. A multipath environment will destroy the
LDS structure and MUD is difficult. These two inherent issues of high computational

complexity and multipath channels are addressed in this thesis.

In chapter 2, LDS systems were discussed and examined in detail. The system model
for LDS systems was presented for both the AWGN and frequency and frequency-nonselective
channels. The design of spreading sequences and their important properties as well as the
derivation of the MPA were also discussed. Simulation results show the MPA detector

approaches the single user bound after a few iterations.

Chapter 3 introduced the proposed PIC-MMSE MUD technique. The PIC-MMSE
detector combines the standard MMSE and PIC detectors, in a multistage manner. It is shown
the PIC-MMSE detector offers a drastic reduction in computational complexity compared to
the MPA detector and has computational complexity that is quadratic to the number of users in
the systems. In addition, an approximate BER expression is derived and closely matches the
simulated BER. Simulation results showed the PIC-MMSE detector is able to achieve
reductions in multiplications and additions by over 65% while suffering a loss of a fraction of

a dB.

In chapter 4, the proposed precoding scheme for multipath channels was introduced.
The precoding applies an inverse channel frequency response to a block of spread chips. The

received signal with precoding appears at the receiver with no ISI, and the multipath channel
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is transformed into a single tap channel. The PIC-MMSE and MPA detectors in this channel
model have a similar structure to the frequency-nonselective channel. Simulation results show
the precoding scheme is effective and reliable communication is possible, even in harsh

multipath conditions.

5.2 Potential Future Work

While this thesis presented an alternative MUD and precoding scheme to combat

multipath channels, there are further areas to explore.

Error control coding was not studied in this thesis but is a necessity in all
communication systems. It would be advantageous to explore how the PIC-MMSE and
precoding impact the performance with error control coding. Typically, the channel decoding
is done after the received signal is demodulated. A possibility would be to implement a soft
decoder after the MMSE detector, just before the PIC detector. This way, the channel decoder

and PIC detector could manipulate the bits, like a turbo decoder.

Minimal work has been done for LDS systems employing multiple-input multiple-
output (MIMO) systems. MIMO has been researched with SCMA systems [51], to improve
BER as well as spectral efficiency. Like the SCMA system proposed in [19], LDS can be used
to employ permutation spreading, in which message bits are not spread to the same code, but
instead are used to select a certain code from a group of codes of possible. While SCMA
employs this same concept of selecting a codeword from a given codebook, what can be done
instead is have this mapping extended to different spreading sequences chosen for each transmit

antenna based on the message bits.

The spreading codes used in simulations were from other external sources and were not
designed. The MPA and PIC-MMSE detectors use very different detection techniques, and the
spreading codes used may be optimal for one detector but not another. The design of spreading
codes specifically for the PIC-MMSE detector should look to minimize the cross correlations
between codes, as this will help separate them and decrease the MAI In addition, irregular
indicator matrix designs could be implemented which would help the performance of the PIC

part of the PIC-MMSE detector.
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