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UNIVERSITY OF SOUTHAMPTON

ABSTRACT
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A thesis submitted in partial fulfilment of the requirements for the award of Doctor of Philosophy

Particle Swarm Optimization aided MIMO transceiver design

by Wang YAO

In this treatise, we design Particle Swarm Optimization (PSO) aided MIMO transceivers. The employ-

ment of multiple antennas leads to the concept of multiple-input multiple-output (MIMO) systems, which

constitute an effective way of achieving an increased capacity. When multiple antennas are employed at the

Base Station (BS), it is possible to employ Multiuser Detection (MUD) in the uplink.However, in the down-

link (DL), due to the size as well as power consumption constraints of mobile devices, so-called Multiuser

Transmission (MUT) techniques may be employed at the BS for suppressingthe multiuser interference

before transmissions, provided that the DL channel to be encountered may be accurately predicted.

The MUT scheme using the classic MMSE criterion is popular owing to its simplicity. However, since

the BER is the ultimate system performance indicator, in this treatise we are more interested in the Mini-

mum BER MUT (MBER-MUT) design. Unlike the MBER-MUD, the MBER-MUT design encounters a

constrained nonlinear optimization problem due to the associated total transmit power constraint. Sequential

Quadratic Programming (SQP) algorithms may be used to obtain the precoder’scoefficients. However, the

computational complexity of the SQP based MBER-MUT solution may be excessive for high-rate systems.

Hence, as an attractive design alternative, continuous-valued PSO wasinvoked to find the MBER-MUT’s

precoder matrix in order to reduce its computational complexity.

Two PSO aided MBER-MUTs were designed and explained. The first onemay be referred to as a

symbol-specific MBER-MUT, while the other one may be termed as the averageMBER-MUT. Our simu-

lation results showed that both of our designs achieve an improvement in comparison to conventional linear

MUT schemes, while providing a reduced complexity compared to the state-of-art SQP based MBER-MUT.

Later, we introduced discrete multi-valued PSO into the context of MMSE Vector Precoding (MMSE-

VP) to find the optimal perturbation vector. As a nonlinear MUT scheme, the VPprovides an attractive BER

performance. However, the computational complexity imposed during the search for optimal perturbation

vector may be deemed excessive, hence it becomes necessary to find reduced-complexity algorithms while

maintaining a reasonable BER performance. Lattice-Reduction-aied (LRA)VP is the most popular approach

to reduce the complexity imposed. However, the LRA VP is only capable of achieving a suboptimum BER

performance, although its complexity is reduced. Another drawback of LRA VP is that its complexity is

fixed, which is beneficial for real-time implenebtations, but it is unable to strikea trade-off between the target

BER and its required complexity. Therefore, we developed a discrete multi-valued PSO aided MMSE-VP

design, which has a flexible complexity and it is capable of iteratively improvingthe achievable.



In Chapter 5, our contributions in the field of Minimum Bit Error Rate Vector Precoding (MBER-VP)

are unveiled. Zero-Forcing Vector Precoding (ZF-VP) and MMSE Vector Precoding (MMSE-VP) had al-

ready been proposed in the literature. However, to the best of our knowledge, no VP algorithm was proposed

to date based on the direct minimisation of the BER. Our improved MMSE-VP design based on the MBER

criterion first invokes a regularised channel inversion technique and then superimposes a discrete-valued

perturbation vector for minimising the BER of the system. To further improve the system’s BER perfor-

mance, an MBER-based generalised continuous-valued VP algorithm wasalso proposed. Assuming the

knowledge of the information symbol vector and the CIR matrix, we consider the generation of the effective

symbol vector to be transmitted by directly minimising the BER of the system. Our simulation results show

the advantage of these two VP schemes based on the MBER criterion, especially for rank-deficient systems,

where the number of BS transmit antennas is lower than the number of MSs supported. The robustness of

these two designs to the CIR estimation error are also investigated. Finally, the computational complexity

imposed is also quantified in this chapter.

With the understanding of the BER criterion of VP schemes, we then considered a new transceiver

design by combing uniform channel decomposition and MBER vector precoding, which leads to a joint

transmitter and receiver design referred as the UCD-MBER-VP scheme.In our proposed UCD-MBER-VP

scheme, the precoding and equalisation matrices are calculated by the UCD method, while the perturbation

vector is directly chosen based on the MBER criterion. We demonstrated thatthe proposed algorithm

outperforms the existing benchmark schemes, especially for rank-deficient systems, where the number of

users supported is more than the number of transmit antennas employed. Moreover, our proposed joint

design approach imposes a similar computational complexity as the existing benchmark schemes.
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Chapter1
Introduction

Compared to conventional Single-Input-Single-Output (SISO) systems employing a single transmit and a

single receiver antenna, Multiple-Input-Multiple-Output (MIMO) systems [1] are capable of achieving a

higher spectral efficiency. Since their conception, MIMOs have foundnumerous applications [2–5], and

since the characteristics of MIMO channels are pivotal in their study, in thenext section we provide a

rudimentary introduction to the subject.

1.1 MIMO Channels

The family of MIMO channels may be grouped into three types, namely point-to-point, multipoint-to-single-

point and point-to-multipoint channels, as detailed below.

1. Point-to-point.

The classic point-to-point MIMO system is represented by a transmitter and receiver pair, where

both the transmitter and the receiver use several antennas, each associated with a separate modulator

and demodulator. Naturally, the antennas potentially interfere with each other, hence interference

cancelation techniques have been proposed for the mitigation of the inter-antenna-interference (IAI)

[6–8]. Fig. 1.1 shows a typical point-to-point MIMO scenario.

2. Multipoint-to-singlepoint.

The classic multipoint-to-singlepoint MIMO system is represented by decentralised uplink transmit-

ters and a single central receiver. The uplink of multiuser mobile communicationsystems constitutes

an example of MIMO systems of this type, therefore, it is also often referred to as a multiple access

channel. The joint receiver at the base station has to recover the individual users’ signals from its

received signal, and since a number of users transmit at the same time in the same band, this re-

ceived signal is the superposition of all the active users’ signals. This leads to the so-called multiuser

detection (MUD) problem, which has attracted substantial research interests [9–12], hence it is not

1
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Figure 1.1: MIMO system associated with a point-to-point MIMO channel.’TX’ stands for transmitter,

while ’RX’ means receiver.

concerned in this treatise. The block diagram of the MIMO multiple access channel is shown in Fig.

1.2.

Figure 1.2: MIMO system with decentralised MS transmitters and centralBS receiver (MIMO multiple

access channel). ’TX’ stands for transmitter, while ’RX’ means receiver.

3. Point-to-multipoint.

The classic point-to-multipoint MIMO system is represented by a central transmitter and decentralised

receivers. An example of this MIMO system is constituted by the downlink of multiuser mobile com-

munication systems, which is also often termed as a MIMO aided broadcast system. It is character-

ized by the fact that the end-points of the channels over which the transmission takes place are not

co-located but distributed. Hence the employment of MUD at the MSs is not feasible. As a design

alternative, the signal to be transmitted to all the users has to be pre-processed, hence this technique is

referred to as multiuser transmission (MUT). In this thesis, we will focus ourattention on the family

of MIMO broadcast systems and discuss several schemes designed for MUT. The block diagram of

the MIMO broadcast channel is depicted in Fig. 1.3.
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Figure 1.3: MIMO system with central BS transmitter and decentralised MS receivers (MIMO broadcast

channel). ’TX’ stands for transmitter, while ’RX’ means receiver.

1.2 Motivation and Novel Contributions

As stated above, numerous designs have been proposed for multiuser MIMO point-to-point communica-

tions [6–8], and for multiuser MIMO multi-point to single-point communications [13–17]. One of the

methodologies that all these designs share in common is that they would all try to eliminate the multiuser

interference (MUI) at the receiver side. However, this is not particularly practical for multiuser downlink

(DL) MIMO single-point to multi-point communications. Considering a multiuser mobile broadcast sys-

tem, where there is naturally no cooperation between the MSs at the DL receiver, the multiuser interference

encountered at the MSs cannot be readily mitigated. Hence, the performance of the system is limited due

to the desired signal contamination imposed by the multiuser interference. Therefore we need other tech-

niques of improving the attainable system performance in this scenario. This motivates the research of

MUT schemes that are capable of mitigating the MUI at the DL transmitter, namely atthe Base Station

(BS), so that the signals received at the MS are only noise-contaminated,but free from MUI. Another re-

lated advantage of DL-MUT techniques is that they allow us to use low-complexity MSs, which require

low-power-consumption single-user-detectors to detect the received signals. This is important, because in

the wireless Internet a large proportion of the data transmission would happen in the downlink. Hence, even

if cooperation was allowed among MSs at the receiver side, the employment of high-complexity MUDs at

the MSs would still remain unattractive for the operator companies, becausethe charge that can be stored

in the MS’s battery is limited. Hence the MS’s battery would have to be recharged frequently, if high-

complexity detection devices are embedded in the MS. Although one may argue that systems employing

MUT techniques impose an increased power consumption at the BS, which mayincrease the expenses of

the operator company, the company’s profit might still be increased, sinceit may benefit from a higher

increase in its revenue than in its expense, owing to supporting more users.Moreover, in the context of co-

operative mobile communications, MSs may act as relay stations and the employment of MUT techniques

may reduce the power consumed at the MS’s detector. The third advantageof MUT is that it reduces the

signal latency at the MS caused by high-complexity detection at the cost of amodest signal latency at the

BS, which is imposed by transmit pre-processing required.
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Based on the above-mentioned arguments, the advantages and importance of employing MUT tech-

niques in a DL broadcast system have been made plausible. Fig.1.4 shows the family tree of MUT schemes,

which may be grouped into linear and nonlinear classes. Linear MUT schemes include classic zero-focing

Multiuser Transmission (ZF-MUT) [18], Minimum Mean Square Error Multiuser Transmission (MMSE-

MUT) [18] and Minimum Bit Error Rate Multiuser Transmission (MBER-MUT) [5, 19–21]. The MBER-

MUT class may be further divided into symbol-specific MBER-MUTs [19–21] and average MBER-MUTs

[5]. Both of these MBER-MUT algorithms will be detailed in Chapter 3. In terms of nonlinear MUTs, two

popular schemes are constituted by the Tomlison-Harashima precoders (THP) [22] and by Vector Precoding

techniques (VP) [23]. Similar to linear MUDs, linear MUTs tend to impose a low computational complexity,

but exhibit a modest BER performance, while nonlinear approaches achieve an attractive BER performance,

but tend to suffer from a high computational complexity [24].

Figure 1.4: The family-tree of MUT schemes. MUT: multiuser transmission, MBER: for minimum bit error

rate, THP: Tomlison-Harashima precoding.

Following our literature review in Chapter 2, we will highlight the open research areas in the field of

MUT, with particular emphasis on the following two main aspects:

1. Computational complexity reduction in linear and nonlinear MUT algorithms;

2. Novel MUT algorithms will be designed, which are capable of improving theoverall system perfor-

mance.

In the field of linear MUT algorithms, MMSE-MUT schemes [25] are designedto minimize the mean

square error between the legitimate transmitted signal and received signal. They are popular owing to their

appealing simplicity. However, since we are more interested in the achievable BER performance, than in

the achievable MSE, a better strategy is to directly minimize the system’s BER. This motivates the design of

MBER-MUT algorithms [19,20]. The MBER-MUT design is detailed later in Chapter 2, which constitutes
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a constrained nonlinear optimization problem [5, 26], where the SequentialQuadratic Programming (SQP)

algorithm of [27] may be used for generating the precoder’s coefficients for the MBER-MUT [5, 24, 26].

Moreover, the computational complexity of this algorithm may become excessive for employment in a

real-time system [24]. This motivated our work reported in [28] in the field ofMBER-MUT, where the

Particle Swarm Optimization (PSO) [29, 30] technique was invoked for finding the near-optimal MBER-

MUT weights, despite substantially reducing the computational complexity imposed.

On the other hand, nonlinear MUT techniques were found to be more powerful in terms of approach-

ing the maximum attainable rate of the optimum dirty paper coding (DPC) scheme [31] than linear MUT

schemes. Vector Precoding (VP) [23] constitutes a promising technique, which achieves a substantial sys-

tem performance gain compared to linear MUT algorithms. The family of classic VP algorithms based on

the traditional zero forcing criterion (ZF-VP) [23] and on the MMSE criterion (MMSE-VP) [32] employs

a so-called sphere encoding algorithm [23] to find the optimal pertubation vector, which will be introduced

in detail in Chapter 4. To elaborate a little further, the sphere encoding algorithm may be deemed to be

the counterpart of the reduced-complexity sphere decoding (SD) [33]algorithm, which is a popular near-

ML MUD algorithm. Despite dispensing with the brute-force full-search ML strategy, the computational

complexity imposed by the sphere encoding algorithm was shown to be relatively high [23] and hence at

the time of writing it may not be suitable for real-time systems [4]. Although several complexity reduc-

tion algorithms have been proposed [4, 34] at the cost of sacrificing the attainable system performance, our

motivation is that of proposing a powerful algorithm, which achieves a similar system performance as that

obtained by the high-complexity sphere encoding algorithm, while reducing thecomputational complexity

imposed.

Although ZF-VP and MMSE-VP constitute state-of-the-art algorithms in the field of VP, yet, precod-

ing schemes designed based on the MBER criterion by directly minimizing the BER of the system may

be deemed attractive, since the BER is the ultimate system performance indicator. Linear MBER-MUT

schemes were proposed in [19,20]. An advanced VP scheme was conceived in [35] for improving the BER

in a quasi-static fading environment, which was based on the assumption that the BER may be expressed

as a direct function of the average MSE, hence this solution naturally doesnot lead to the true BER ex-

pression, since the MUI distribution is typically non-Gaussian. Therefore, we embark on deriving the BER

expression for the system and demonstrate that the perturbation vector mayindeed be chosen based on the

MBER criterion [36]. Then, based on these findings, we will proceed to propose the design of the MBER

criterion based vector precoding technique, which we referred to as thegeneralized MBER vector precoding

algorithm (G-MBER-VP) in [37].

As a promising technique, VP has also been invoked in nonlinear MIMO transceiver designs [8, 38]

in order to mitigate the interference at the transmitter. A nonlinear transceiverdesign based on the geo-

metric mean decomposition (GMD) technique was proposed in [6]. The GMD is achannel decomposition

algorithm, which was proposed as an improvement of the traditional singular value decomposition (SVD)

algorithm [39]. The GMD technique was also shown to be capable of beneficially diagonalizing the MIMO

channel matrix, leading to identical diagonal elements, hence offering identical subchannel gains. As a

further advance, uniform channel decomposition (UCD) was proposed in [7] for improving the GMD. The
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UCD maintains the highest possible capacity at any signal-to-noise ratio (SNR), and it achieves the maxi-

mal attainable diversity gain [7]. A brief introduction to the GMD and the UCD algorithms can be found

in Chapter 2, where their advantages over the traditional SVD scheme are also discussed. The solutions

proposed in [8] extended the idea of [6] to a GMD MMSE-VP (GMD-MMSE-VP) based transceiver design

by invoking the MMSE-VP algorithm. Again, the schemes designed by directly minimizing the BER of the

system may be deemed attractive. It is also expected that a UCD based VP design will outperform a GMD

based VP design, since the UCD algorithm may be deemed to be an improved GMDscheme based on the

MMSE criterion. Although the authors of [7] proposed a UCD based THP design (UCD-THP), to the best

of our knowledge, no UCD aided VP transceiver design was proposedto date in the open literature. Against

this background, we propose a novel joint UCD-MBER-VP transceiver design by combining the UCD and

the MBER based VP [38].

In summary, the novel contributions of this thesis are listed as follows:

• In Chapter 3, we demonstrate that the employment of PSO in deriving both the symbol-specific and

the average linear MBER-MUT precoder’s coefficients is capable of substantially reducing the com-

putational complexity, when compared to their counterparts using the traditional SQP approach [27],

which is achieved without eroding the system performance [28,40,41].

• In Chapter 4, we invoke the PSO algorithm in order to find the optimal perturbation vector of both

ZF-VP and MMSE-VP. We demonstrate that our approach achieves a similarperformance to that of

using the potentially excessive-complexity sphere encoding algorithm [23], at a reduced computa-

tional complexity. The proposed solution will be contrasted to several benchmark schemes found in

the literature [4, 34], which aim for reducing the computational complexity imposed at the cost of

achieving a sub-optimum performance, when compared to that of the sphere encoding algorithm.

• In a practical communication system, the BER is the ultimate indicator of the attainable system perfor-

mance, hence algorithms designed based on the MBER criterion by minimizing the BER of the system

are attractive [19–21]. There are numerous MBER MUD algorithms in the literature [12,42–44]. Sev-

eral contributions based on the MBER criterion can also be found in the research literature of linear

MUTs [19,20]. Yet, to the best of our knowledge, no VP algorithm was proposed to date based on the

direct minimization of the BER in the open literature. Against this background, we propose a novel

G-MBER-VP design based on directly minimizing the BER of the system [36, 37,45]. The resultant

G-MBER-VP design turns out to be a non-convex continuous-valued optimization problem. Hence,

we adopt the PSO algorithm for efficiently solving this challenging nonlinear MUT design problem.

• In Chapter 5, we extend our proposed G-MBER-VP concept into MIMO transceiver designs and

propose a joint UCD-MBER-VP transceiver by combining the UCD and the MBER based VP [38].

• In Chapter 6, we also demonstrate that our proposed G-MBER-VP and UCD-MBER-VP designs

are capable supporting more users than the number of transmit antennas employed at the BS, which

constitutes a pratical rank-deficient scenario, where the number of MSssupported is higher than the

number of transmit antennas employed [37, 38, 45]. We demonstrate that our design outperforms
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all the benchmark designs, especially in the challenging rank-deficient scenario, where the number

of DL transmit antennas is lower than the number of users supported. The simulations demonstrate

that in such challenging scenarios, conventional algorithms encounter error floors, while the proposed

schemes do not.

1.3 Thesis Outline

Chapter 1

Introduction

Chapter 2

Preliminaries

Chapter 3

Chapter 4 Chapter 6

Chapter 5

Chapter 7

Conclusion

PSO Aided Minimum Bit
Error Rate Multiuser
Transmission

PSO Aided
Vector Precoding

PSO Aided Minimum Bit
Error Rate Vector

Precoding

UCD Aided MBER VP
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Continous-valued PSO

Discrete-valued

PSO

Figure 1.5: The structure of the thesis.

The structure of the thesis can be seen in Fig. 1.5. An overview of both linear and nonlinear MUT

schemes is provided in Chapter 2. In Section 2.1, we describe several classic MUT algorithms and compare

both their achievable BER performance as well as their computational complexity. Generally speaking,

nonlinear MUT algorithms are capable of achieving better BER performances than their linear MUT coun-

terparts, while linear MUT algorithms benefit from a lower computational complexity. In other words, there

is always a trade-off between the achievable BER performance and the computational complexity imposed

by the MUT, which is similar to the trade-offs observed for MUDs. An introduction to PSO is provided

in Section 2.2, which constitute a population based stochastic optimization method inspired by the social

behaviour of bird flocks or fish schools. They are capable of substantially reducing the search space, hence

have the ability to rapidly converge and they are also capable of ’steering clear’ of local minima. More
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specifically, our introduction covers the family of both continous-valued aswell as discrete-valued PSO.

Finally, Section 6.2 is devoted to the provision of the foundamental knowledgeconcerning the GMD and

UCD algorithms, both of which are based on the well-known SVD scheme.

The computational complexity reduction issues of linear MBER-MUTs are addressed in Chapter 3.

Since the state-of-the-art SQP algorithm [27] imposes a high complexity, when calculating the coefficients

of both the symbol-specific and of the average MBER-MUT precoders, we propose continuous-valued PSO

aided symbol-specific MBER-MUT solutions in Section 3.4.1 and continuous-valued PSO assisted aver-

age MBER-MUT designs in Section 3.4.2. It is shown in Section 3.7 that our approaches are capable of

achieving the same BER performance as the SQP algorithm [27] while imposing alower computational

complexity.

In Chapter 4, we focus our attention on the computational complexity reductionof the nonlinear VP

MUT alogrithm. Deriving the best pertubation vector in VP is challenging, which was solved by using

the sphere encoding algorithm of [23], which imposes a potentionally excessive computational complexity.

Although several complexity reduction schemes have been proposed in theliterature [4,34], again, they can

only achieve a sub-optimum BER performance, when compared to that achieved by invoking the sphere

encoding algorithm. We show that by using our proposed discrete-valuedPSO approach, we may achieve a

similar BER performance to that of the sphere encoding algorithm, while imposinga significantly reduced

computational complexity.

The architecture of the ZF-VP and MMSE-VP is then further developed to conceive the VP based MBER

scheme in Chapter 5. More specifically, in Section 5.2 we first introduce the MBER criterion for the design

of VP scheme, then show how to find the perturbation vector based on this novel MBER criterion, noting

that the calculation of the precoding matrix still follows the approach of MMSE-VP. In Section 5.3, we

propose the direct generation of the effective symbol vector based onthe proposed MBER criterion, given

the knowledge of the channel state information and the current information symbol vector to be transmitted,

rather than using the previously proposed two-step optimization process ofthe ZF-VP and MMSE-VP. It is

shown in Section 5.5 that our approach achieves a better BER performance than the benchmark algorithms

and it is capable of supporting rank deficient systems, where the number of users supported in the DL is

higher than that of the antennas employed at the DL transmitter.

The previously proposed MIMO transceiver designs based on GMD [6] and UCD [7] all assumed that

the number of antennas employed at the transmitter is equal to or larger than thenumber of antennas em-

ployed at the receiver. In other words, practical rank-deficient scenarios have not been considered. It is

shown in Section 6.6 that all the benchmark algorithms proposed in the literatureare unable to support rank

deficient systems, hence result in error floors. Against this background, in Section 6.4 we further extend

the employment of our proposed MBER criterion based VP into MIMO transceiver designs. More specif-

ically, in our proposed UCD-MBER-VP scheme, the precoding and equalization matrices are calculated

by the UCD method, while the perturbation vector is chosen based directly on the MBER criterion. We

demonstrate that our proposed algorithm outperforms the existing benchmark schemes, especially for rank-

deficient systems, which is achieved at a similar computational complexity as thatof the existing benchmark

schemes.
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The thesis is concluded in Chapter 7, along with a range of future work suggestions.



Chapter2
Preliminaries

In this chapter, the underlying fundamentals of this thesis are introduced. These cover the three major

aspects of multiuser transmission (MUT), particle swarm optimization (PSO) as well as geometric mean

decomposition (GMD) and uniform channel decomposition (UCD). A rudimentary introduction to MUT is

provided in Section 2.1, where we commence from introducing classic linear MUT algorithms in Section

2.1.1, namely ZF-MUT and MMSE-MUT. Linear MUT schemes benefit from implementational simplicity,

but they achieve a limited BER performance, when compared to that of their nonlinear MUT counterparts.

One of the promising nonlinear MUT schemes known as vector precoding orvector perturbation (VP)

is introduced next in Section 2.1.2, followed by the characterization of our powerful optimization tool,

namely the PSO algorithm in Section 2.2. More specifically, the continous-valued PSO scheme, which is

more suitable for solving continous-valued optimization problems, is introducedin Section 2.2.1, while the

introduction of the discrete-valued PSO algorithm invoked for solving combinatorial optimization problems

is covered in Section 2.2.2. This chapter is concluded in Section 2.3.

2.1 Multiuser Transmission

Motivated by the achievable performance gains of MUD [9, 10] in the uplink(UL), in recent years the

so-called transmitter preprocessing philosophy was conceived for MUT, in order to mitigate the multiuser

interference at the transmitter by pre-compensating for the effect of the channel to be encountered for the

downlink (DL) at the transmitter, which has drawn wide attention [3,18,46–49]. The advantages of employ-

ing MUT techniques were discussed in Section 1.2, but again, one of its mostsubstantial benefit is that it is

possible to employ low-complexity single-user matched-filter (MF) based receivers at the MSs for mobile

broadcast channels [50]. However, in MUT, the transmitter requires theknowledge of the DL channels asso-

ciated with each of the MSs in order to carry out transmit preprocessing. The assumption that the downlink

channel’s impulse response is known at the BS may be deemed valid in time division duplex (TDD) systems,

such as for example in combined TDD-code division multiple access (TDD-CDMA, [51]) or in time divi-

sion aided CDMA (TD-CDMA, [52]). This is because the UL and the DL share the same frequency band.

Thus in the absence of strong interference, all channel parameters are similar for the UL and DL [53–55],

10
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provided that the coherence time [56] of the channel is sufficiently long, so that the channel estimate of the

UL receiver is still valid, when it is used by the DL transmit preprocessing algorithm.

Since the broadcast DL channels spanning from the BS to MSs can be estimated by exploiting its reci-

procity with respect to the multiple access UL channels spanning from the MSsto the BS, MUT may be

deemed suited for DL transmission in a cellular wireless communications system using TDD. By contrast,

for systems using for example frequency division duplex (FDD), wherethe uplink and downlink channels

may not be considered reciprocal, CSI feedback is required from the MS’s receivers to the BS’s transmit-

ter. To elaborate a little further, the DL MUT techniques may also be viewed as the DL counterpart of the

UL SDMA arrangements. More explicitly, in the UL a MUD is employed at the BS to detect all of theK

UL signals by exploiting the unique, user-specific Channel Impulse Responses (CIR) for differentiating the

users. The same principle may be exploited for uniquely and unambiguously differentiating theK users

also at the BS’s DL MUT, provided that all theK users signal their CIRs back to the BS.

In the next section, some well-established MUT techniques, including linear MUTs and nonlinear MUT

algorithms are briefly reviewed.

2.1.1 Linear Multiuser Transmission

We commence by introducing the system model of linear MUT algorithms, which maybe classified accord-

ing to the family-tree of Fig. 1.4.

2.1.1.1 System Model

The DL of a SDMA system supporting non-cooperative mobile receiversis considered here. The BS is

equipped withN DL transmit antennas and communicates withK MSs, each employing a single receive

antenna. The corresponding system model is depicted in Fig. 2.1.

Figure 2.1: Schematic of the SDMA DL using linear preprocessing based MUT at the BS. The system

employsN transmit antennas to communicate withK non-cooperative MSs.

The vector ofK-element information symbolsx transmitted in the DL is given by

x = [x1, x2, · · · , xK ]T , (2.1)
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wherexk, 1 ≤ k ≤ K denotes the transmitted symbol of thekth MS, and the symbol energy is given

by E[|xk|2] = σ2
x, for 1≤k≤K, wherexk is an independently and identically distributed (i.i.d.) uniform

random variable.E[•] denotes the expectation operator.

The (K ×N )-element channel matrixH is given by

H = [h1,h2, · · · ,hK ]T , (2.2)

wherehk, 1≤k≤K is thekth user’s CIR also referred to as the spatial signature, which is given by

hk = [hk,1, hk,2, · · · , hk,N ], k = 1, 2, · · · ,K. (2.3)

We assume that the CIR tapshk,i, for 1≤k≤K and1≤i≤N are independent of each other and obey the

complex Gaussian distribution associated withE[|hk,i|2] = 1.

The (N ×K)-element MUT precoding matrixP is given by

P = [p1,p2, · · · ,pK ], (2.4)

wherepk, 1 ≤ k ≤ K represents the precoder coefficient vector to be used for thekth user’s data stream.

More explicitly, given the knowledge of all CIRs, theK precoding vectors pre-compensate for the DL MUT

at the BS, so that the MS can use a single-user MR-based receiver.

Given a total transmit powerET at the BS, an appropriate scaling factor should be used after precodingto

fulfill our transmit power constraint of having an identical transmit power tothat of the traditional transmitter

dispensing with MUT.

At the receiver, the reciprocal of the scaling factor, namelyα−1, is employed to compensate for this

power scaling at the receiver invoking for example a classic automatic gain control mechanism, so that

unity-gain transmission is ensured.

The Gaussian noise vectorn is given by

n = [n1, n2, · · · , nK ]T , (2.5)

wherenk, 1≤k≤K is a complex Gaussian random variable associated with a zero mean andE[|nk|2] =
2σ2

n = No. Thus, the baseband model of the system can be described as

y = HPx+ α−1n, (2.6)

wherey = [y1 y2 · · · yK ]T denotes the received signal vector, andyk, 1 ≤ k ≤ K, constitutes sufficient

statistics for thekth MS to detect the transmitted data symbolxk. Finally, the detector simply subjects the

symbols to hard-decisions according to the modulated signal constellation forsymbol estimation.

2.1.1.2 Zero Forcing Multiuser Transmission

Similar to ZF-MUD, the aim for Zero forcing MUT (ZF-MUT) is to eliminate the interference at the re-

ceivers, which is imposed by transmitting

z = αzfPzfx, (2.7)
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wherex is the original information symbol vector,Pzf is the precoding matrix of the ZF-MUT scheme,

which is given by [25]

Pzf = HH(HHH)−1, (2.8)

yielding,

HPzf = I. (2.9)

The role of the normalization factorαzf is to fullfill the sum-power constraintET at the transmitter, which

is given by

αzf =

√

ET

tr[(HHH)−1Rx]
, (2.10)

where the covariance matrix ofx is defined asRx = E[xxH ].

Therefore, an example can be provided for the purpose of demonstration. We consider the transmission

of a symbol vector of a simple(2×2)-element MIMO system, when QPSK modulation scheme is employed.

The information bit of the first user is[0 1], while the information bit of the other user is[1 1]. Thus, the

information symbol vector isx = [−0.5 + j0.5, 0.5 + j0.5]T . The transmissions take place over a flat

Rayleigh fading channel, whereH can be expressed as:

H =

[

−0.06 + j0.39 0.10− j0.00

−0.76 + j0.45 − 0.35 + j0.87

]

When the system is operating atEb/No=6 dB, the instantaneous noise vector may be expressed asn =

[0.005− j0.03,−0.16− j0.28]T .

The ZF criterion based precoding matrix can be computed according to Equation 2.8, yielding:

Pzf = HH(HHH)−1 =

[

−1.06− j2.53 0.20− j0.21

−0.63 + j2.53 − 0.67− j0.94

]

.

Suppose the transmit power constraintET is normalized to be 1, namelyET = 1, then the value of the

normalization factorαzf can be computed according to Equation 2.10, yielding:

αzf =

√

ET

tr[(HHH)−1Rx]
= 0.30.

Hence, the received signaly can be calculated according to Equation 2.6 as:

y = α−1HαPx+ α−1n = x+ α−1n

= [−0.48 + j0.37, − 0.05− j0.43]T .

The resultant bits for the two users are then decoded by simply retaining the polarity of the signals,

yielding [0 1] and[0 0], respectively. Two errors may be observed amongst the four transmittedbits.
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It is worth noting that since the ZF MUT assumes that the only signal-contamination is the MUI, in

the presence of AWGN it imposes a performance degradation owing to the classic noise-amplification phe-

nomenon.

Fig.2.2 shows the BER performance of the zero-forcing MUT and MUD under the assumption of perfect

CIR knowledge. We considered a(4 × 4)-element MIMO system communicating over an independent flat

Rayleigh fading channel, when a QPSK modulation scheme is employed. In the presence of perfect CSI

knowledge, the two schemes share the same BER performance.

2.1.1.3 MMSE Multiuser Transmission

In MMSE multiuser transmission, the aim is to preprocess the transmitted signal in order to minimize the

MSE between the original information symbol vector and the received signal. Hence, the optimization

problem to be solved may be formulated as

{Pmmse, αmmse} = argmin
P,α

E[‖α−1(HPx+ n)− x‖2]; s.t. : E[‖Px‖2] = ET. (2.11)

To solve this problem, we may introduce the Lagrange multiplierλ and then find the minimum of the

following function:

L{P, α, λ} = E[‖α−1(HPx+ n)− x‖2] + λ{E[‖Px‖2]− ET}

= tr(α−2HPRxP
HHH +Rx + α−2Rn − α−1HPRx − α−1RxP

HHH

+λPRxP
H)− λET, (2.12)

where we defineRn = E[nnH ]. By setting this Lagrangian function’s gradient with respect toP to zero,

after some manipulations we arrive at [24]:

(α−2HHH+ λI)P = α−1HH . (2.13)

Then, the precoding matrix can be expressed as:

Pmmse = αHH(HHH + α2λI)−1. (2.14)

The gradient of the Lagrangian function with respect toα can be expressed as

▽αL{P, α, λ} =
∂L{P, α, λ}

∂α
= tr(2α−3HPRxP

HHH + 2α−3Rn

−α−2HPRx − α−2RxP
HHH), (2.15)

setting the above gradient to zero and then using the power constraintE[‖Px‖2] = tr(PRxP
H) = ET, we

may arrive at

α2λ =
tr(Rn)

ET
. (2.16)

Thus, the solution of the optimization problem formulated in Equation 2.11 becomes[25]

Pmmse = αmmseH
H(HHH +

2σ2
n

ET
I)−1, (2.17)
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where the normalization factorαmmse of Equation 2.11 is given by [24]

αmmse =

√

ET

tr(FFH)
, (2.18)

whereF = HH(HHH + 2σ2
n

ET
I)−1.

Let us now return to the example provided in Section 2.1.1.2. According to Equation 2.18, the normal-

ization factorαmmse may be calculated as:

αmmse =

√

ET

tr(FFH)
= 0.57, (2.19)

while the MMSE criterion based precoding matrix can be computed according toEquation 2.17, yielding:

Pmmse = αmmseH
H(HHH +

2σ2
n

ET
I)−1 =

[

−0.54− j1.35 − 0.10− j0.22

−0.28 + j1.24 − 0.42− j0.69

]

.

Hence, the received signaly can be calculated according to Equation 2.6 as:

y = HPmmsex+ α−1
mmsen

= [−0.18 + j0.18, 0.10− j0.03]T .

The resultant bits for the two users are then decoded by simply retaining the polarity of the signals,

yielding [0 1] and [1 0], respectively. In contrast to the ZF-MUT example, there is now only one error

amongst the four transmitted bits.

Fig.2.2 portrays the BER performance of the MMSE MUT and MUD. We considered a(4× 4)-element

MIMO system communicating over flat Rayleigh fading channels, when a QPSK modulation scheme was

employed. As expected, in the presence of perfect CIR knowledge, theMMSE MUT and MUD exhibit the

same BER performance.

2.1.1.4 MBER Multiuser Transmission

The MMSE-MUT was designed to minimize the mean square error between the legitimate transmitted signal

and received signal. However, we are more interested in minimizing the BER, rather than the MSE. Hence

we set out to directly minimize the system’s BER. This motivates the design of the MBER-MUT. There

are two basic types of MBER-MUT. One of them is a symbol-by-symbol MBERmultiuser transmission

scheme [21], which frequently updates the MUT array weights, namely foreach new symbol vector. The

other scheme is the so-called average MBER-MUT, which minimizes the BER averaged over the entire

legitimate signals. This is the direct counterpart of the MBER-MUD, which is a generalized MBER-MUT

[5]. They will be detailed in Section 3.4.1 and Section 3.4.2, respectively.

In the next section, we will briefly highlight some of the seminal contributions in the open literature up

to date on linear MUT schemes.
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Figure 2.2: BER performances of the several linear MUTs and MUDs. The scenario of a(4 × 4)-element

MIMO system communicating over an independent flat Rayleighfading channel is considered and QPSK

modulation scheme was employed. The single-user BER performances of transmitting over Gaussian and

Rayleigh fading channels are also included.

2.1.1.5 Contributions in linear MUT design

A range of novel concepts were introduced in [57] for establishing the relationship between MUDs and

MUTs, arguing that for any linear MUD scheme, there exists a linear MUT counterpart, which can be

readily designed from the original linear MUD. In the rest of this subsection, some linear MUT schemes are

reviewed. Table 2.1 and Table 2.2 briefly show the evolution of linear MUT techniques.

2.1.2 Nonlinear Multiuser Transmission

One of the most promising and popular nonlinear MUT techniques is known asvector precoding [35] or vec-

tor perturbation [66] (VP). In this section, a brief rudimentary introducation on VP is provided commencing

from the system model.

2.1.2.1 System Model

The DL of an SDMA system supporting non-cooperative mobile receivers is considered here, where the

BS is equipped withN DL transmit antennas and transmits over frequency-flat fading channelsto K non-

cooperative MSs. Each MS employs a single receive antenna and a modulodevice, which will be introduced

later. The corresponding system model is depicted in Fig. 2.3.
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Table 2.1: Selected contributions on linear MUT algorithms (Part 1)

Year Author(s) Contributions

1998 [58] Vojc̆ić Proposed a transmitter preprocessing scheme, which represents a linear

and Jang transformation of the transmitted signals, where the mean squared errors

recorded at the output of all the MS receivers are minimized. It was shown

that when either a conventional MF-based single-user receiver or a

RAKE receiver is employed, both the multiple access and the intersymbol

interference can be eliminated. The authors also discussed the possibility

of including a specific transmit power constraint, hence the resultant

solution was referred to as the constrained MMSE transmit filter.

1999 [59] Karimi, Introduced the concept of the transmit Wiener filter method. The transmit

Sandell MMSE filter was obtained by simply incorporating a weighted identity

and Salz matrix in the transmit zero-forcing solution in an intuitive way.

2001 [60] Barreto Two precoding schemes were proposed for the downlink of CDMA

and Fettweis systems, which assist in reducing the multiuser interference by jointly

preprocessing the transmitted signal based on the knowledge of the

downlink channel. Also proposed an unequal transmit power constraint

and stated that the resultant optimization problem has no closed

form solution.

2002 [25] Derived the transmit Wiener filter concept for DS-CDMA systems,

Johamet al. which takes into account the noise power encountered at the receivers.

Demonstrated that the transmit Wiener filter converges to the transmit

matched filter and to the transmit zero-forcing filter

for low and high SNRs, respectively.

2003 [19] A MBER-MUT scheme was proposed for the TDD code-division

Irmeret al. multiple-access DL designed for frequency-selective channels.

2003 [21] Extended the symbol-specific MBER transmission to multiple transmit

Irmeret al. and receive antennas. The multiple antenna aided MUT schemes were

compared, when combined with the application of PreRAKE, RAKE

and Singular Value Decomposition (SVD) aided eigen-mode preprocessing.



2.1.2. Nonlinear Multiuser Transmission 18

Table 2.2: Selected contributions on linear MUT algorithms (Part 2)

Year Author(s) Contributions

2004 [2] Extended the symbol-specific MBER transmission concept from the

Irmeret al. symbol-by-symbol optimization to the more general chip-by-chip

MBER concept using a phase-only MUT scheme, which imposes a

considerably reduced computational complexity.

2005 [5] Hjørungnes Proposed an average MBER prefilter design for wireless Finite

and Diniz Impulse Response (FIR) MIMO communication systems.

2005 [49] Compared three different types of linear transmit processing

Johamet al. schemes designed for MIMO systems.

2007 [61] Proposed a new framework for the unconstrained optimization of

Habendorf systems obeying a fixed transmit power constraint. The linear MBER

and Fettweis MUT was also extended to higher-order modulation schemes.

2007 [57] Yang Introduced novel concepts for finding the relationship between

MUDs and MUTs. For any given linear MUD scheme, there exists

a linear MUT counterpart, which can be readily designed from the

original linear MUD.

2008 [62] Considered the spread-spectrum TDD-CDMA downlink using

Richteret al. 4-QAM transmission.

2009 [63] Azzam Developed an effective linear precoding algorithm for multiuser,

and Adve multi-cell, MIMO systems.

2009 [64] Masouros Introduced a novel channel inversion (CI) based precoding schemefor

and Alsusa the DL of phase shift keying (PSK)-based MIMO systems.

2010 [65] Proposed a linear MUT scheme for the DL of cellular

Ryu systems replying on a decode and forward (DF) based relaying, wherethe

and Choi available information at a BS and a relay station (RS) is asymmetric.

When we compare the system model seen in Fig. 2.3 to the linear MUT seen in Fig.2.1, we can find

that there are two new components here. At the transmitter, we have a new component which is used to

perturb the information vector, in order to find its most appropriate perturbed version is the sense of the CF

used. Its effect will be removed at the receiver by the modulo device, which is the other new component in

Fig. 2.3. The combined effect of these two new components will be explainedwith the aid of Fig. 2.4 later

in this section.

Our goal is now to find a simple way of modifying or perturbing the symbol vectorby exploiting the

knowledge of the CIRs in a conducive way, which allows us to minimize the detrimental impact of MUI at

the receiver. More explicitly, the information symbol vector to be perturbedis given by

x = [x1, x2, · · · , xK ]T , (2.20)

wherexk denotes the transmitted symbol destined for thekth MS, and the symbol energy is given by
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Figure 2.3: Schematic of the SDMA DL using ZF-VP (and/or MMSE-VP) at the BS. The system employs

N transmit antennas to communicate withK decentralized non-cooperative MSs. It is worth noting that,

when compared to the linear MUT schematic of Fig. 2.1, there are two new components. One of them is the

perturbation component in the dashed-dot at the transmitter which perturbs the information vector, while the

other is the modulo component in the dashed-dot at the receiver, which removes the effect of the perturbation

imposed at the transmitter.

E[|xk|2] = σ2
x, for 1≤k≤K, wherexk is an i.i.d. uniform random variable.

The perturbed symbol vectoru having a dimension ofK as can be seen in Fig. 2.3 is given by

u = x+ ω, (2.21)

so supposex = [0.5 + j0.5] andω = [2 − j2], then we haveu = x + ω = [2.5 − j1.5]. Hereω is the

perturbation vector found by using a certain criterion, such as the ZF criterion in [23], the MMSE criterion

of [32], etc. The perturbation vectorω may be chosen to be [23]

ω = τζ, (2.22)

whereζ is a complex-valued vector, whose components area+jb, with a andb being integers. For example,

ζ = [1− j1], τ = 2, thenω = [2− j2].

The (K ×N )-element channel matrixH is given by

H = [h1,h2, · · · ,hK ]T , (2.23)

wherehk, 1≤k≤K is thekth user’s CIR, which is given by

hk = [hk,1, hk,2, · · · , hk,N ], k = 1, 2, · · · ,K. (2.24)

The CIR tapshk,i, for 1≤k≤K and1≤i≤N are independent of each other and obey the complex Gaussian

distribution associated with E[|hk,i|2] = 1.

The (N ×K)-element precoding matrixP is given by

P = [p1,p2, · · · ,pK ], (2.25)

wherepk, 1 ≤ k ≤ K represents the precoder coefficient vector derived for thekth user’s data stream.
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Given a total transmit power ofET at the BS, an appropriate power scaling factor should be used after

precoding in order to fulfill our transmit power constraint of having an identical transmit power to that of

the classic case of dispensing with MUT.

At the receiver, the reciprocal of the scaling factor, namelyα−1 is invoked, in order to compensate for

the MUT’s power scaling action at the receiver, so that unity-gain transmission is ensured.

The Gaussian noise vectorn is given by

n = [n1, n2, · · · , nK ]T , (2.26)

wherenk, 1≤k≤K is a complex Gaussian random variable associated with a zero mean andE[|nk|2] =
2σ2

n = No. Thus, the received signal vector before the modulo operation can be described as

ŷ = HPu+ α−1n. (2.27)

The received signal vectory = [y1 y2 · · · yK ]T after the modulo operation is given by

y = modτ
(

ŷ
)

, (2.28)

andyk, 1 ≤ k ≤ K, constitutes sufficient statistics for thekth MS to detect the transmitted information

symbolxk.

The simple transmit-symbol perturbation of Equation (2.21) and the low-complexity nonlinear modulo

operation invoked at the receiver side for eliminating the perturbation is capable of facilitating substantial

performance gains. Explicitly, the effect of the perturbation vector of Equation (2.21) can be removed by

the modulo operator employed at the receiver. To elaborate a little further, the modulo operator of Fig. 2.3

maps any element of the received signal vector into the fundamental Voronoi region ofν = {a + ib|a, b ∈
[−τ/2, τ/2)}. Its operation can be described by [23]

modτ
(

ŷk
)

= ŷk − ⌊
ℜ[ŷk] + τ/2

τ
⌋τ − j ⌊ℑ[ŷk] + τ/2

τ
⌋τ, (2.29)

where⌊ • ⌋ denotes the largest integer less than or equal to its argument, andτ is a positive number deter-

mined as a function of the modulation constellation employed. This tehcnique was suggested by the authors

of [23] based on their simulations to be chosen according to

τ = 2(|c|max +∆/2), (2.30)

where|c|max is the absolute value of the original unperturbed modulated symbol having the largest magni-

tude and∆ is the spacing between the constellation points seen in Fig. 2.4.

Then, a certain degree of freedom is provided at the transmitter for minimizingthe MUI at the MS’s

receiver by appropriately choosing any of the perturbed phasers representing the same original symbol

in Fig. 2.4. More explicitly, a set of perturbed alternative symbols represent the same original 4-QAM

data [32]. Therefore, the original 4-QAM constellation may be viewed as being periodically extended, as

seen in Fig. 2.4.
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Figure 2.4: Standard 4-QAM constellation and the periodically extended 4-QAM constellation when using

vector precoding. All symbols from the extended constellation associated with the same marker represent

the same data [67]. The filled points of0.5 + 0.5i and2.5− 1.5i are plotted in grey for illustration.

More specifically, consider the original 4-QAM scheme of Fig. 2.4 having the amplitude of{±1/2}2

for the complex-valued model. The values of|c|max and∆ are|c|max = 1
2 and∆ = 1, respectively. Hence,

according to Equation (2.30), we haveτ = 2.

Let us considerζ = [1− i] when the original information symbol isx = [0.5+0.5i]. Then, the discrete

perturbation vector of Equation (2.22) becomesω = τζ = [2− 2i]. Hence, the perturbed transmitted signal

in Fig 2.4 becomesu = x+ ω = [2.5− 1.5i].

Assuming that transmissions take place over an ideal channel, the received signal becomeŝy = [2.5 −
1.5i]. Then, taking the modulo function according to Equation (2.29) we havey = [0.5 + 0.5i], which is

the same as the transmitted signalx. This example demonstrated that the perturbed constellation points of

2.5− 1.5i and0.5 + 0.5i seen in Fig. 2.4 indeed represent the same data, when taking the modulo function

of Equation (2.29) into account.

By contrast, if the transmission channel is not ideal, the contaminated received signal may become

ŷ = [2.1 − 0.9i]. Then, after the modulo operation of Equation (2.29), we havey = [0.1 − 0.9i]. Hence,

compared to the value ofx = [0.5+0.5i], we can see that a quadrature-phase component error occurs. Hence

the received signal is mapped into the wrong fundamental Voronoi regionof ν = {a+ib|a, b ∈ [−τ/2, τ/2)}
after the modulo operation.

2.1.2.2 Zero-Forcing Vector Precoding

The concept of ZF-VP was proposed in [23], where the authors observed that the problems imposed by

inverting the channel’s attenuation in a linear ZF-MUT whenN = K are due to the inverse of the nor-

malization factorα−1, which often becomes large owing to the large singular values in the inverse of the

channel matrixH. This may result in an amplified effective additive noise. The authors then found a way of

overcoming this problem by ’perturbing’ the data in a symbol-dependent way. More specifically, the inten-

tion is to form a perturbed vector ofu = x + ω from the information symbol vectorx, so thatz = H−1u
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has a norm, which is much smaller than the norm ofH−1x, while the entries ofu can still be individually

decoded at the receivers. As we have shown in Section 2.1.2.1, the degree of freedom in choosingu = x+ω

to convey the information symbols is provided by invoking the modulo operation seen in Fig. 2.4. Another

interpretation of this method is to choose a perturbed vector ofu = x + ω, which minimizes the required

transmission power.

Hence, the cost function of ZF-VP may be formulated as [23]:

ωZF = argmin
ω
‖HH(HHH)−1(x+ ω)‖22, (2.31)

whereω = τζ and τ is a constant for a fixed modulation scheme. Hence the above equation may be

re-written as [23]:

ζZF = argmin
ζ
‖HH(HHH)−1(x+ τζ)‖22. (2.32)

Interestingly, the authors of [32] demonstrated that the VP scheme proposed in [23] is actually a zero-

forcing VP scheme. More explicitly, the authors of [32] considered the transmission of a block ofNB data

symbols, during which the scaling factorα is kept constant. The received symbols are

ŷ = α−1Hz+ α−1n. (2.33)

The transmit power constraint is then imposed by averaging over the block of NB symbols as follows:

1

NB

NB
∑

n=1

‖ z ‖22≤ ET, (2.34)

where we have

z = αPu = αP(x+ ω). (2.35)

The error to be minimized at the receiver by appropriately selecting the MUT weights is defined as the

difference between the desired virtual symbolu and the received symbol̂y before the modulo operation of

Fig. 2.4, when the interference is completely cancelled, i.e. when we have

α−1Hz = u. (2.36)

Then, the MSE evaluated for a given data symbol block by averaging the symbol-based MSE over the entire

NB-symbol block is given by:

ε(ω, z, α−1) =
1

NB

NB
∑

n=1

E
[

‖ ŷ − u ‖22| x
]

(2.37)

= α−2tr(Rn).

Hence, the optimization problem becomes

{ωZF , zZF , α
−1
ZF } = arg min

{ω,z,α−1}
ε(ω, z, α−1); s.t. :

1

NB

NB
∑

n=1

‖ z ‖22≤ ET. (2.38)
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Upon invoking the method of Lagrangian multipliers, the authors of [32] found the following solutions

for zZF andα−1
ZF :

zZF = αHH(HHH)−1u, (2.39)

and

α−1
ZF =

√

∑NB

n=1 u
H(HHH)−1u

NBET
. (2.40)

Thus, Equation (2.37) can be re-written as

ε(ω, z, α−1) =
tr(Rn)

NBET

NB
∑

n=1

{(x+ ω)H(HHH)−1(x+ ω)}. (2.41)

Therefore, the optimum perturbation vector should satisfy [32]:

ωZF = argmin
ω
‖HH(HHH)−1(x+ ω)‖22, (2.42)

which is identical to Equation (2.31). Hence the solution provided in [23] indeed, constitutes a ZF-VP.

Let us now return again to the example provided in Section 2.1.1.2. When the ZF-VP scheme is invoked,

the precoding matrix is identical to that of ZF-MUT:

P = H−1 =

[

−1.06− j2.53 0.20− j0.21

−0.63 + j2.53 − 0.67− j0.94

]

.

The perturbation vectorωZF may be chosen to beωZF = [0 + j0, − 2− j2]T .

Then, the scaling factorα can be calculated to beα = 0.47. Therefore, the received signal may be

expressed as:

y = modτ
[

α−1HαP(x+ ωZF ) + α−1n
]

= [−0.48 + j0.42, 0.14− j0.09]T .

The resultant bits for the two users are then decoded by simply retaining the polarity of the signals,

yielding [0 1] and[1 0], respectively. There is one error among the four transmitted bits.

2.1.2.3 MMSE Vector Precoding

The concept of MMSE vector precoding was proposed in [32]. In [32], the authors considered the trans-

mission of a block ofNB data symbols, during which the scaling factorα was kept constant. The received

symbols are

ŷ = α−1Hz+ α−1n. (2.43)

The transmit power constraint was imposed by averaging over the block ofNB data symbols as follows:

1

NB

NB
∑

n=1

‖ z ‖22≤ ET, (2.44)
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where we have:

z = αPu = αP(x+ ω). (2.45)

The error to be minimized at the receiver by appropriately selecting the MUT weights is defined as the

difference between the desired virtual symbolu = x + ω and the received symbol̂y before the modulo

operation. Then, the MSE evaluated for a given data symbol block by averaging the symbol MSE over the

whole block becomes

ε(ω, z, α−1) =
1

NB

NB
∑

n=1

E
[

‖ ŷ − u ‖22| x
]

. (2.46)

This can be further expanded to

ε(ω, z, α−1) =
1

NB

NB
∑

n=1

(uHu− 2α−1ℜ(uHHz) + α−2zHHHHz) + α−2tr(Rn). (2.47)

Hence the MMSE VP optimization problem becomes

{ωMMSE , zMMSE , α
−1
MMSE} = arg min

{ω,z,α−1}
ε(ω, z, α−1); s.t. :

1

NB

NB
∑

n=1

‖ z ‖22≤ ET. (2.48)

Our approach is then to find the joint optimum of{ωMMSE , zMMSE , α
−1
MMSE} in two steps. Firstly,

we assume thatω are given and then minimize the MSE of Equation (2.46) over bothzMMSE andα−1, by

taking the transmit power constraint into account. This process would require the application of Lagrangian

multipliers. It may be shown that these conditions lead to a unique solution [23].Secondly, the MSE of

Equation (2.46) is minimized by searching over the legitimate range ofω under the assumption of a specific

z andα−1.

The corresponding Lagrangian function can be formulated as

L(ω, z, α−1, λ) = ε(ω, z, α−1) + λ(
1

NB

NB
∑

n=1

zHz− ET), (2.49)

whereλ is the Lagrangian multiplier. When we set the derivatives of Equation (2.49)with respect toz and

α−1 to zero, the following optimality conditions are obtained:

∂L

∂z
=

1

NB
(−α−1HTu∗ + α−2HTH∗z∗ + λz∗) = 0N , (2.50)

and

∂L

∂α−1
=

1

NB
(−2ℜ(uHHz) + 2α−1zHHHHz) + 2α−1β = 0, (2.51)

while the third optimality condition is that

λ(
1

NB

NB
∑

n=1

zHz− ET) = 0. (2.52)



2.1.2. Nonlinear Multiuser Transmission 25

Taking the transpose of Eq.(2.50) and multiplying it from the right withzNBα, we then arrive at

−uHHz+ α−1zHHHHz+
λ

α−1
zHz = 0. (2.53)

The Lagrangian multiplier may then be expressed from Equation (2.50) as follows:

λ = α−2 tr(Rn)
1

NB

∑NB

n=1 z
Hz

= α−2 tr(Rn)

ET
= α−2ξ, (2.54)

whereξ = tr(Rn)
ET

.

Upon substituting Equation (2.54) into Equation (2.50) and Equation (2.51), we then arrive at:

zMMSE = αHH(HHH + ξIc)
−1u, (2.55)

whereIc is the complex-valued identity matrix, and

α−1
MMSE =

√

∑NB

n=1 u
HHHH(HHH + ξIc)−2u

NBET
. (2.56)

The authors of [32] pointed out that regardless of what the best desired virtual symbol vectorsu = x + ω

are, the optimum transmit symbols can be obtained by linearly filteringu with the aid of an appropriate MF,

where only the scaling factorα−1
MMSE depends onu, but not the structure of the MF.

Assuming that the optimum gain factor and MUT vectors are obtained, the MSE function of Equation

(2.46) can be simplified to

ε(ω, zMMSE , α
−1
MMSE) =

1

NB

NB
∑

n=1

(uHu− uHHHH(HHH + ξIc)
−1u) (2.57)

=
ξ

NB

NB
∑

n=1

uH(HHH + ξIc)
−1u

=
ξ

NB

NB
∑

n=1

(x+ ω)H(HHH + ξIc)
−1(x+ ω).

Upon introducing the notation of

LHL = (HHH + ξIc)
−1, (2.58)

whereL can be obtained via Cholesky factorisation [39], the problem of finding the optimum MMSEω

value can be written as

ωMMSE = argmin
ω
‖L(x+ ω)‖22. (2.59)

Again, whenτ is given, the above equation may be re-written as:

ζMMSE = argmin
ζ
‖L(x+ τζ)‖22. (2.60)

The search for the optimal perturbation vector in both the ZF and MMSE vector precoding schemes

finds the legitimate virtual transmit symbol, which is closest to the would-be received symbol, given the
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CSI, as suggested in [23] and [32]. Instead of using the brute-forcefull-search based ML solution, the

MUT-based counterpart of the SD may be invoked, which is referencedto as the so-calledsphere encoding

(SE) algorithm [23]. The conceptually appealing SE philosophy is that depending on the SINR experienced,

virtual contellation points are tentatively tested within the SE’s search radius inorder to find the best virtual

transmit symbol.

Let us continue the example provided in Section 2.1.1.2. When the MMSE-VP scheme is invoked, the

precoding matrix can be computed from Equation (2.55):

P = HH(HHH + ξIc)
−1 =

[

−0.48− j1.21 − 0.13− j0.22

−0.24 + j1.09 − 0.39− j0.66

]

.

The perturbation vectorωMMSE may be chosen to beωMMSE = [0 + j0, − 2 + j0]T .

Then, the scaling factorα can be calculated to beα = 0.70, therefore, the received signal can be

expressed as:

y = modτ
[

α−1HαP(x+ ωMMSE) + α−1n
]

= [−0.26 + j0.37, 0.28 + j0.03]T .

The resultant bits for the two users are then decoded by simply retaining the polarity of the signals,

yielding [0 1] and[1 1], respectively. There are now no errors amongst the four transmitted bits.

2.1.2.4 Simulation Results

In this section, the BER performances of several algorithms invoked in a(4 × 4)-element MIMO system

employing QPSK modulation for communicating over an independent flat Rayleigh fading channel are

examined in Fig. 2.5.

From Fig. 2.5, it is clear that the nonlinear ZF-VP is capable of achieving a substantial SNR gain over

the linear ZF-MUT, especially at high SNRs. This shows the BER performance advantage of the nonlinear

MUT schemes over the class of linear MUT schemes. Yet again, this performance gain is obtained at the

expense of a significantly higher computational complexity. It can also be observed in Fig. 2.5 that the

MMSE-VP algorithm outperforms the ZF-VP scheme at all SNRs by a margin of2 dB SNR gain.

2.1.2.5 Contributions in Vector Precoding Design

VP was proposed in [23], and it has become a hot research topic since itsconception. Selected contribu-

tions on vector precoding are summarized in Table 2.3 and Table 2.4. Detailed discussions on our novel

contributions of this treatise can be found in Chapter 4 and Chapter 5.
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Table 2.3: Selected contributions on vector precoding algorithms (Part 1)

Year Author(s) Contributions

2005 [23] This pioneering contribution proposed VP, which was later termed as

Hochwaldet al. zero-forcing VP in [32].

2005 [32] Proposed a new VP framework based on minimizing the MSE,

Schmidtet al. which may be deemed to be the predominant MMSE VP scheme.

2006 [66] Kim et al. Proposed another VP precoder design which minimize the total MSE.

2006 [68] The statistical properties of the VP scheme were analyzed and guidelines

Yuen for choosing its parameters in a systematic manner were provided. These

and Hochwald properties suggest that a large perturbation-parameter is capable of

improving the attainable performance at low SNRs. The benefit of these

improvements is that the scheme operates approximately 1.5 dB closer

to capacity than ZF-VP.

2006 [35] Proposed an algorithm to minimize the MSE instead of the transmit

Callardet al. power in VP, and improvements of about 2 dB were reported in a

rapidly fading propagation scenario.

2006 [69] Proposed to estimate the search radius in VP based on the statistics

Habendorfet al. of the preceded symbols in order to reduce the number of legitimate

transmit symbol combinations. The computational complexity was

shown to be reduced.

2007 [70] Designed suboptimum VP schemes having an upper bounded

Habendorfet al. complexity.

2007 [4] Proposed a lattice-reduction-aided (LRA) MMSE VP for multiple

Liu et al. input multiple output (MIMO) systems.

2007 [71] Proposed an algorithm, which was capable of finding a continuous-

Chuaet al. valued perturbation vector that minimizes the MSE of the received signal.

2008 [72] Provided a new lattice-theoretic approach for analyzing the performance

Ryanet al. of VP in the presence of Rayleigh fading.

2008 [73] Proposed a rapidly-converging least-squares solution-seeker algorithm

Rico et al. for finding the perturbation vector of VP, which reduced the

computational complexity.
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Table 2.4: Selected contributions on vector precoding algorithms (Part 2)

Year Author(s) Contributions

2008 [74] Minimized the transmit energy by selecting the transmitted symbols

Muller et al. from an increased alphabet for precoding, which preserved the

minimum distance of the transmitted symbols. The average energy

savings achieved for the transmission over random MIMO channels

under the assumption of a large system were estimated. It was found

that significant gains can be achieved.

2009 [75] Proposed both lattice-theoretic and rate-distortion based approaches

Ryanet al. for analyzing the performance of VP systems, taking into account the

practical restrictions imposed by limited CIR feedback and pilot-based

CIR-estimation training. Showed that the attainable performance was

primarily determined by the ratio between the number of users and the

number of transmit antennas.

2009 [76] Studied the symbol error ratio (SER) performance of VP aided systems

Lu et al. using quantized channel feedback.

2009 [77] Proposed an improved VP technique having a low complexity for

Hanet al. the downlink of a MIMO system.

2009 [78] Proposed different convex alphabet relaxation schemes for VP using

de Miguelet al. binary, quaternary and octal modulation. An alternative channel inversion

technique was proposed, which assited purely real-valued binary alphabets

in performing similarly well to their complex-valued extensions, resulting

in reduced optimization complexity.

2010 [79] Derived expressions for the sum rate in terms of the average energy of

Raziet al. the precoded vector, and used this to derive a closed-form upper bound

for the high-SNR region. Proposed a modification of VP, where different

transmission rates could be allocated to different users. Also proposed a

low-complexity user selection algorithm that attempted to maximize the

high-SNR sum- rate upper bound.

2010 [80] Addressed the scenario of MUTs having less antennas than the number of

de Miguelet al. users supported for the transmission over MIMO channels. while keeping

the received signal free from interference with a certain probability.
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Figure 2.5: BER performances of the ZF-MUT, MMSE-MUT, ZF-VP and MMSE-VP. The scenario of a

(4× 4)-element MIMO system communicating over an independent flatRayleigh fading channel is consid-

ered and a QPSK modulation scheme is employed. The single-user BER performances of transmitting over

Gaussian and Rayleigh fading channels are also included.

2.2 Particle Swarm Optimization

Optimization plays an important role in our daily life, since many problems in our regular activities, social

life, scientific, as well as in economic and engineering problems have parameters that can be tuned to

produce a more desirable result. Given the fact that the complexity of the problems we attempt to solve has

been increasing over the past few decades, there is a need for improved optimization algorithms. Hence,

numerous optimization techniques have been proposed to solve the above-mentioned diverse problems,

some of which drew their inspiration by mimicking processes found in nature. In this treatise, we invoke a

relatively novel optimization technique, namely Particle Swarm Optimization (PSO).

PSO was originally proposed by Eberhart and Kennedy [29,30] in the context of optimizing continuous

nonlinear functions, and it was discovered through simulation of a bird flock trying to find food. To elab-

orate a little further, numerous scientists investigated various interpretations of the movement of organisms

in a bird flock or fish school before Eberhart and Kennedy. Both Reynolds [85] and Heppner [85] studied

the model of bird flocks based on their oberservation and understandingof large numbers of birds flying

synchronously, often changing direction suddenly, then scattering andregrouping, etc. These models relied

heavily on manipulation of the ’inter-individual’ distances. The synchronous flocking behavior was thought

to be a function of the birds’ efforts to maintain an ’optimum’ distance between themselves and their neigh-

bors. However, as observed by Wilson [86] in fish schooling, any particle in the school should benefit from

the discoveries and previous experience of all other members of the school during the search for food. More
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Table 2.5: Selected contributions related to PSO in the research field of wireless communications.

Year Author(s) Contributions

2004 [17] Proposed a new binary PSO algorithm (BEPD) and applied it to

Lu and Yan solve multiuser detection problems in a CDMA system.

2005 [16] Presented a novel MUD based on the PSO algorithm

El-Moraet al. (MUDPSO).

2005 [15] Focused on the problem of MUD using the modified PSO algorithm

Zhao and for direct-sequence code-division multiple-access (DS-CDMA)

Zheng systems with STBC.

2007 [13] PSO was used to develop a suboptimal MUD strategy, where the

Sooet al. decorrelating detector or linear minimum mean square error

detector was used as the first stage to initialize the PSO-based MUD.

2008 [81] Proposed a PSO-based MUD for receive-diversity aided STBC

Liu and Li systems.

2008 [11] Advocated a near-optimal, reduced-complexity turbo multiuser receiver

Xu for space-time block-coded MC-CDMA uplink systems operating over

frequency- selective fading environments based on the PSO algorithm.

2008 [82] Presented an algorithm capable of efficient decoding of convolutional

Huanget al. codes, which were based on PSO. The algorithm decided the number

of decoding paths to be explored by appropriately adjusting the

population sizeM in order to reduce the search complexity of the

trellis-based decoding. Hence it was deemed beneficial for decoding

high-constraint length convolutional codes.

2009 [83] A new grouping strategy based on PSO was proposed for the multiuser

Hei et al. MIMO downlink.

2009 [28] PSO was invoked to solve the constrained nonlinear optimization

Yaoet al. problem for the MBER MUT.

2010 [84] Proposed an algorithm based on an improved discrete PSO technique

Gaoet al. (I-DPSO) for the PAPR reduction of OFDM systems.
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Figure 2.6: Number of publications related to PSO from 1995 to 2009. Results were obtained from IEE-

EXplore.

explicitly, the social sharing of the information among all the particles should betaken into account, which

is the motivation of PSO.

In contrast to popular gradient-based optimization algorithms, such as for example the Conjugate Gra-

dient (CG) algorithm [87] and the family of quasi-Newton algorithms [88, 89], but similarly to GAs [90],

PSO also constitutes a stochastic algorithm, which does not require any gradient-related information. This

provides PSO with an advantage in challenging applications, where there are numerous local optima, or

where the gradient is either unavailable or computationally expensive to derive. Since its introduction, the

popularity of PSO has been increasing, because it is easy to implement, it hasthe ability to rapidly converge

and it is capable of ’steering clear’ of local minima. Fig. 2.6 shows the numberof publications related to

PSO from 1995 to 2009, clearly indicating its increasing popularity. More specifically, in Table 2.5 we

summarized some of the seminal contributions related to PSO in the research fieldof wireless communi-

cations. PSO was firstly invoked in wireless communications in 2004 [16, 17, 91]. Therefore, compared to

other optimization techniques, PSO is still a relatively new tool, but its benefits in solving complex wireless

communication optimization problems has already been clearly demonstrated. Thisalso motivates the work

proposed in this treatise, demonstrating that PSO is indeed an attractive optimization algorithm in the field

of wireless communications.

Generally speaking, in a PSO aided system, a swarm of individuals, knownas particles, ’fly’ through

the search space and try to find the best location quantified in terms of a given cost function (CF). PSO

algorithms typically commence their operation with the random initialization of a population of individuals
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Figure 2.7: An example illustrating how PSO operates.

representing legitimate potential solutions. These may be based on random guesses to the problem’s so-

lutions, although often more meritorious suboptimum solutions are also available.Based on a previously

defined social network structure, which determines the way each individual interacts with the rest of the

particle swarm, each particle endeavours to find a globally optimal solution by gradually adjusting its flight

trajectory towards its own best location (its own experience) and towards the best position of the entire

swarm (the experience of the entire swarm of particles) at each evolutionary optimization step.

Fig. 2.7 shows a simple illustration of the way PSO works. As seen in Fig. 2.7, there are at least

two sub-optimum solutions (local minima for instance) and one optimum solution which has the maximum

’fitness’ value in the optimization problem in terms of having the best CF value. Again, at the beginning,

several particles are randomly dropped in the search space, as seen inFig. 2.7(a). Each particle will have

its own initial search direction and speed or velocity. In the next evolutionary optimization step seen in
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Fig. 2.7(b), every particle adjusts its search direction and velocity after exchanging information with other

particles according to the communication structure of the swarm. Fig. 2.7(c) shows what happens in the

next iteration. When we compare Fig. 2.7(c) to Fig. 2.7(a), it is quite clear that the particles start to exhibit

a tendency to converge as some of them are moving towards the global optimum,while the rest are moving

towards one of the local optimum. After further adjustments and search of each particle, we can see in

Fig. 2.7(d) that the particles can be divided into two groups, which converge to different locations. More

specifically, the particles in the first group converge towards the global optimum, while the particles in the

other group converge to a local optimum. The optimization process does not stop here, however. In the

next evolutionary optimization step observed in Fig. 2.7(e), the group of particles that converged to the

local optimum starts to move towards the global optimum, after the particles exchanged their information,

while the group of particles that already converged to the global optimum is wandering around the global

optimum. This shows the ability of PSO to abandon a local optimum. Finally, every particle in the swarm

converges to the global optimum, as shown in Fig. 2.7(f), and the optimization process is concluded here.

The employment of PSO is not limited to the solution of continuous-valued optimizationproblems.

It can also be invoked in the field of solving discrete-valued optimization problems by using its discrete-

valued version. Let us commence by highlighting the operation of continuous-valued PSOs, and then move

to discrete-valued PSO.

2.2.1 Continuous-valued Particle Swarm Optimization

2.2.1.1 Contributions on Continuous-valued Particle Swarm Optimization

Continuous-valued PSO is the most popular form of PSO. Contributions on the development of continuous-

valued PSO are summarized in Table 2.6, Table 2.7, Table 2.8 and Table 2.9. Aswe may observe in the

example shown in Fig. 2.7, there are several parameters that control the behavior of the particles. Let us

now commence our more detailed discourse by introducing the parameters of the PSO algorithm.

2.2.1.2 Parameters of Particle Swarm Optimization

Numerous parameters may be used in PSO, some of which are basic core parameters, while others may be

used optionally to enhance the attainable performance of PSO.

• Basic parameters of PSO

1. Population sizeS;

Represents the total number of particles used in a single iteration of the PSO algorithm, which is

typically kept constant. The population size might be interpreted as, for example, the number of

birds flying in a specific formation before they change direction during theirnext synchronisation

iteration. In the example seen in Fig. 2.7, there are eleven particles, soS = 11;

2. Fitness value of a particle{F (P̌
(l)
i )}Si=1;
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Table 2.6: Selected contributions on the development of continuous-valued PSO (Part 1).

Year Author(s) Contributions

1995 [29,30]

Eberhart The original contributions which introduced PSO.

and Kennedy

1997 [92] Introduced PSO and invoked it in the context of neural networks. PSO

Kennedy was shown to be capable of optimizing network weights.

1997 [93] PSO was invoked for parsing natural language phrases.

Salerno

1998 [94] The parameter referenced to as inertia weight was introduced into PSO.

Shi and Simulations showed the beneficial impact of this parameter on the

Eberhart attainable performance of PSO.

1998 [95] PSO was invoked to implement knowledge acquisition from input-output

Heet al. samples in a four-layer fuzzy neural network.

1999 [96] The performance of PSO was empirically studied in the context of four

Shi and different benchmark functions in conjunction with asymmetric initial

Eberhart search range settings. Suggested to use an adaptive inertia weight for

improving the achievable PSO performance in the vicinity of the optimum.

1999 [97] Presented a low-complexity iterative PSO algorithm, which relied on a

Clerc single equation and a social parameter.

2000 [98] The performance of particle swarm optimization using an inertia weight

Eberhart was compared to that of five benchmark functions.

2001 [99] Provided a review on the applications of PSO in engineering and

Eberhart computer science

and Shi

It quantifies the fitness value of theith particle at thelth iteration based on the related cost func-

tion. For a specific minimization problem, a particle position yielding a reduced costfunction

value is regarded as having a higher fitness;

3. {Pb
(l)
i }Si=1

It identifies the best position that theith particle has ever visited until thelth iteration, yielding

the highest fitness value so far for this particle. More explicitly, it represents the best experience

of theith particle during the optimization process;

4. Gb(l)

It represents the best particle position that any of the particles has ever visited until thelth

iteration, i.e. the position exhibiting the best CF value so far for all particles. It provides the

’social information’, which is shared among all the particles in the swarm;

5. The velocity of a particle{V(l)
i }Si=1;
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Table 2.7: Selected contributions on the development of continuous-valued PSO (Part 2)

Year Author(s) Contributions

2001 [100] Designed a fuzzy system for dynamically adapting the inertia weight of

Shi and the PSO. The experimental results showed that the adaptive fuzzy PSO

Eberhart was a particularly promising optimization method for dynamic problems

2002 [101] Extended the heuristic PSO to deal with multi-objective optimization

Coello problems by using the concept of Pareto dominance to determine the

and Lechuga most beneficial flight direction of a particle.

2002 [102] Introduced an improvement in the PSO in order to overcome premature

Krink et al. convergence to a local optimum in iterative optimization.

2003 [103] A hierarchical version of the PSO method (H-PSO) was introduced,

Janson and where the particles are arranged in a dynamic hierarchy used for

Middendorf defining a neighborhood structure. Depending on the quality or

fitness of their so far best value, the particles are encouraged to move

in the most promising direction in the hierarchy to ensure that the

highest-fitness particles have a higher influence on the entire swarm.

2003 [104] Proposed the improvement of mutations in PSO in order to speed up

Staceyet al. convergence and to escape from local minima.

2004 [105] Presented an approach for effectively finding the global minimum

Parsopouloset al. with the aid of PSO.

2004 [106] Exploited the cooperative behavior of the particles, in order to signifi-

van den Berghet al. cantly improve the attainable performance of the original PSO algorithm.

2004 [107] Time-varying acceleration coefficients (TVAC) were introduced in

Ratnaweeraet al. addition to the time-varying inertia weighting factors in PSO. Based on

TVAC, two different strategies were discussed in order to improve the

performance of the PSO. Firstly, mutation-based PSO was combined

with TVAC (MPSO-TVAC); secondly, the concept of ”self-organizing

hierarchical particle swarm optimization” was combine with

TVAC (HPSO-TVAC).
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Table 2.8: Selected contributions on the development of continuous-valued PSO (Part 3)

Year Author(s) Contributions

2005 [108] Based on this proposal, each particle adjusted its position according

Yang to both its own previous worst solution and based on its group’s

and Simon previous worst solution to find the optimal particle position.

2005 [109] Transformed PSO into a self-adaptive algorithm based on specific

Breaban and swarm-inspired operators, which improved the PSO’s efficiency,

Luchian especially when applied to multimodal functions.

2005 [110] This algorithm made each wave of particles partially independent,

Hendtlass hence the algorithm advocated became suitable for problems having

multiple local optima.

2006 [111] Proposed a hybrid algorithm combining PSO and simulated

Yanget al. annealing [112].

2006 [113] Proposed two hybrid algorithms based on the PSO and the so-called

Maeda and simultaneous perturbation optimization method [114].

Kuratani

2006 [115] Presented a hybrid PSO algorithm, which relied on some element

Peiet al. of the simplex optimization algorithm designed for nonlinear

bilevel programming.

2007 [116] Defined so-called gravitation field model and proposed a new PSO

Kanget al. algorithm based on this model.

2007 [117] A hybrid evolutionary optimization algorithm based on the

Xie et al. combination of PSO and GAs was presented to solve the

biclustering problem [118].

2008 [119] The Orthogonal PSO (OPSO) concept was proposed for solving

Ho et al. otherwise intractable large parameter optimization problems.

It is the velocity of the moving particles, i.e. birds. At thelth iteration, the velocity of theith

particle is denoted byV(l)
i . It is updated from iteration-to-iteration, while at the initial stage, it

is common to set{V(0)
i }Si=1 = 0.

6. The position of a particle{P̌(l)
i }Si=1;

It represents a candidate solution to the corresponding optimization problem.At the lth iteration,

the position of theith particle is denoted by̌P(l)
i , which is updated at every iteration.

7. The acceleration coefficientsc1, c2;

The acceleration coefficients represent the weighting of the stochastic acceleration terms in order

to move the particle towards its best individual visted location{Pb
(l)
i }Si=1 and towards the best

ever visited location of the entire swarmGb(l). Low acceleration coefficients ofc1 andc2 allow

particles to roam far from their target regions before being slowly pulled back, whereas high
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Table 2.9: Selected contributions on the development of continuous-valued PSO (Part 4)

Year Author(s) Contributions

2008 [120] A novel formula was introduced for updating the particle velocity,

Fanget al. allowing the majority of the particles to adjust their movements

during the search process.

2008 [121] Introduced the concept of cultural cooperative PSO based on a beneficial

Chenet al. combination of the cooperative PSO and the cultural algorithm [122].

2009 [123] Proposed to use PSO in solving multi-stage stochastic financial

Wu et al. optimization problems.

2009 [124] Presented a hybrid PSO by applying a novel adaptive

Tang and mutation operator. Experimental results demonstrated the

Zhao efficiency of the proposed algorithm.

2009 [125] Proposed an improved PSO algorithm which exhibited both global

Hao and local search capabilities. As part of the global search process,

and Hu the algorithm also enhanced the local search capability by

improving random perturbations on the local search.

2010 [126] Presented an improved PSO algorithm by using a novel learning

Bai and strategy. Namely, each particle relies on its own experiences, such as its previous

Ding best individual position and previous swarm best position.

2010 [127] Proposed to partition the swarm into a set of composite particles based

Liu et al. on their similarity and demonstrated its efficiency in solving dynamic

optimization problems.

values result in abrupt tugging movement toward or away from the target region. If c1 < c2

holds for theith particle, then the movement of particlěPi will be directed more towards the

best position found so far by the whole swarm, namely, towardsGb rather than towards its own

best positionPbi, and vice versa for the case ofc1 > c2.

• Control parameters of Particle Swarm Optimization

1. Inertia weightw(l);

It is used to control the impact of the velocity of previous iterations on the velocity of the current

iteration. This parameter balances the global and local exploration capabilities of the particle and

controls the smoothness of the exploration trajectory, of a single bird, whensearching for food.

For the initial stage of the search process, employing a large inertia weight isrecommended in

order to enhance the global exploration capability, whereas for later stages, the inertia weight is

reduced for the sake of achieving an improved local exploration.

2. Maximum velocityVmax;

The particle velocity is limited by the maximum velocityVmax, which determines the resolution

of the search. The value ofVmax is usually selected empirically.



2.2.1. Continuous-valued Particle Swarm Optimization 38

3. Maximum value of legitimate particle positionsPmax;

This parameter limits the search to the legitimate search space.

2.2.1.3 Search Process of Particle Swarm Optimisation

Let us consider a general complex-valued optimization problem, rather thana real-valued optimization

problem, since the complex-valued one is more general. The optimum solution is the one, which minimizes

the CFF (P̌) formulated as:

P̌opt = argmin
P̌

F (P̌); s.t. : P̌ ∈ SN×K , (2.61)

whereP̌ is aS = (N ×K)-element complex-valued particle-position matrix to be optimized, and

S = [−Pmax, Pmax] + j[−Pmax, Pmax], (2.62)

defines the search range for each element of theS-element particle-position matrix̌P. The flow chart of the

PSO algorithm is shown in Fig. 2.8. A swarm of particles{P̌(l)
i }Si=1 which represents the set of legitimate

potential solutions is evolved across the entire search spaceSN×K , whereS is the swarm size and the index

l denotes the iteration index. The search process of PSO proceeds as follows:

1) The swarm initialization. With l = 0, the initial particles,{P̌(0)
i }Si=1, are randomly generated in the

search spaceSN×K as seen in block 1 of Fig. 2.8.

2) The swarm evaluation. Each particle positioňP(l)
i has a fitness valueF (P̌

(l)
i ) associated with it, which

is evaluated in block 2 of Fig. 2.8 according to the cost function. Each particle at positionP̌(l)
i remembers

its best position visited so far, denoted asPb(l)i , which provides the so-called cognitive information. Every

particle is also assumed to know the best position visited so far by the entire swarm, denoted asGb(l), which

resulted in the best CF value. This provides the so-called social information. The best particle and swarm

position{Pb(l)i }Si=1 andGb(l) are updated at each iteration as follows:

For (i = 1; i ≤ S; i++)

If (F (P̌
(l)
i ) < F (Pb(l)i )) Pb(l)i = P̌

(l)
i ;

End for;

i∗ = argmin1≤i≤S F (Pb(l)i );

If (F (Pb(l)i∗ ) < F (Gb(l))) Gb(l) = Pb(l)i∗ ;

3) The swarm update. Each particle positioňP(l)
i is associated with a velocity, denoted asV

(l)
i , which

determines its flight-speed. The velocity and position of theith particle are updated in each iteration in

block 3 of Fig. 2.8 according to [92]:

V
(l+1)
i = w(l) ·V(l)

i + rand() · c1 · [Pb
(l)
i − P̌

(l)
i ]

+rand() · c2 · [Gb(l) − P̌
(l)
i ], (2.63)

P̌
(l+1)
i = P̌

(l)
i +V

(l+1)
i , (2.64)
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Figure 2.8: Flow chart of PSO algorithm

whererand() denotes a uniform by distributed random number between 0 and 1. The physical interpretation

of Equation 2.63 is that in its first term, we take into account the weighted velocityV
(l)
i of thelth iteration,

which is then randomly adjusted by taking into account the particles’ deviation[Pb
(l)
i − P̌

(l)
i ] from its best

ever position according to the 2nd term, after weighting it by the accelarationc1. The third term is the

dual pair of the 2nd one, where the deviation[Gb(l) − P̌
(l)
i ] from the overall best position is weighted by

c2. In order to avoid the excessive roaming of particles beyond the searchspace [128], a velocity range,

V = [−Vmax, Vmax] + j[−Vmax, Vmax], is imposed on each element ofV
(l+1)
i so that we have

If (ℜ[V(l+1)
i |p,q] > Vmax) ℜ[V(l+1)

i |p,q] = Vmax;

If (ℜ[V(l+1)
i |p,q] < −Vmax) ℜ[V(l+1)

i |p,q] = −Vmax;

If (ℑ[V(l+1)
i |p,q] > Vmax) ℑ[V(l+1)

i |p,q] = Vmax;

If (ℑ[V(l+1)
i |p,q] < −Vmax) ℑ[V(l+1)

i |p,q] = −Vmax.

Moreover, if the velocity approaches zero, it is reinitialised proportionallyto Vmax with the aid of a

small scaling factor as follows:γ

V
(l+1)
i |p,q = ±rand() · γ · (Vmax + jVmax). (2.65)
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Similarly, each element of̌P(l+1)
i is checked to ensure that it stays inside the search spaceS:

If (ℜ[P̌(l+1)
i |p,q] > Pmax)

ℜ[P̌(l+1)
i |p,q] = rand() · Pmax;

If (ℜ[P̌(l+1)
i |p,q] < −Pmax)

ℜ[P̌(l+1)
i |p,q] = −rand() · Pmax;

If (ℑ[P̌(l+1)
i |p,q] > Pmax)

ℑ[P̌(l+1)
i |p,q] = rand() · Pmax;

If (ℑ[P̌(l+1)
i |p,q] < −Pmax)

ℑ[P̌(l+1)
i |p,q] = −rand() · Pmax.

That is, if a particle is outside the search space, it is randomly moved back inside the search space, rather

than forcing it to stay at the border. This is similar to the scheme proposed in [128].

4) Termination condition check. If the maximum number of iterations,Imax, is reached, terminate the

algorithm with the solutionGb(Imax); otherwise, setl = l + 1 and go to Step2) of Fig. 2.8.

2.2.1.4 Particle Update Examples
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Figure 2.9: An example to show the particle update operation, which is based on block 3 of Fig. 2.8.

The core operations of PSO are based on Equation (2.63) for the particlevelocity update and on Equation

(2.64) for the particle position update. In Equation (2.63), the termrand() · c1 · [Pb
(l)
i − P̌

(l)
i ] is associated
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with cognition, since it only takes into account the individual particle’s own experiences. Hence, if the

PSO algorithm is constructed in such way that it only makes use of the cognitive information, then we have

c2 = 0 and Equation (2.63) would be simplified to:

V
(l+1)
i = w(l) ·V(l)

i + rand() · c1 · [Pb
(l)
i − P̌

(l)
i ]. (2.66)

Moreover, the performance obtained by the simplified PSO model of Equation(2.66), which is based

on the cognition-only model, is substantially improved by the model of Equation (2.63), because the latter

exploits the interaction between different particles. More explicitly, the termrand() · c2 · [Gb(l) − P̌
(l)
i ] in

Equation (2.63) represents the social interaction amongst the particles.

It should be pointed out that in a complex-valued optimization problem, the velocity is also complex-

valued, but the update of the real and imaginary parts of the velocity shouldbe carried out seperately, since

there should be no correlation between the real and imaginary parts. In thefollowing, a simple example is

used for demonstrating, how the particle update is implemented, as detailed in Fig.2.9.

Let us now consider a complex-valued optimization problem. We assume that theposition of a particle

in Fig. 2.9 at thelth iteration isP̌(l) = 1+ j4 and that its best ever visited position isPb
(l)
i = 2+ j4, while

the best ever visited position of the entire swarm isGb(l) = 3+j3. We firstly proceed to the velocity update

operation of block 3 in Fig. 2.8, letw(l) = 0. Then the impact of the previous velocity on the current one is

minimized. Then Equation (2.63) is simplified to:

V
(l+1)
i = rand() · c1 · (Pb

(l)
i − P̌

(l)
i ) + rand() · c2 · (Gb(l) − P̌

(l)
i ). (2.67)

Furthermore, letc1 = c2 = 2, the two variables returned by the functionrand() are randomly chosen to

be 0.80 + j0.25 and0.91 + j0.43 respectively. Then the value of the cognitive information part can be

calculated as:

rand() · c1 · [Pb
(l)
i − P̌

(l)
i ] = 0.51 + j0, (2.68)

where again, the update of the real and imaginary parts is carried out seperately, while the value of the social

information is calculated as:

rand() · c2 · [Gb(l) − P̌
(l)
i ] = 1.72− j1.82. (2.69)

Then the velocity for this specific particle is adjusted according to Equation (2.63) and block 3 of Fig. 2.8

as:

V
(l+1)
i = rand() · c1 · [Pb

(l)
i − P̌

(l)
i ] + rand() · c2 · [Gb(l) − P̌

(l)
i ] (2.70)

= 2.24− j1.82.

Let us now proceed to the update of the particle’s position in Fig. 2.9. According to Equation (2.64) and

block 3 of Fig. 2.8, the new particle position can be calculated as:

P̌
(l+1)
i = P̌

(l)
i +V

(l+1)
i = 3.24 + j2.17. (2.71)
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Table 2.10:Particle positions during the optimization process

Particles 1 2 3 4

Initialized positions 4.41 -2.31 2.45 4.09

Positions in iteration 1 2.41 -2.31 0.99 2.09

Positions in iteration 2 1.52 -0.31 0.99 1.67

Positions in iteration 3 -0.47 -0.31 0.76 0.54

Positions in iteration 4 -0.40 -0.31 -1.22 -0.17

Positions in iteration 5 -0.15 -0.25 0.01 -0.17

Positions in iteration 6 0.11 -0.02 0.01 -0.08

Positions in iteration 7 -0.04 0.05 0.01 0.03

Positions in iteration 8 0.02 -0.04 0.01 -0.00

Positions in iteration 9 0.01 -0.02 -0.00 -0.00

Positions in iteration 10 0.00 0.01 -0.00 -0.00

Personal best position 0.00 0.01 -0.00 -0.00

This particle’s update during thelth iteration is then completed, as also seen in Fig. 2.9, where the distances

covered by the particles are proportional to the velocity calculated in Equation (2.70).

After the review of the position and velocity update of a single particle, now a simple one-dimensional

search problem is formulated, in order to show how the entire swarm of particles acts in unison, in order to

find the global optimum.

As a rudimentary example, the minimization of the objective functiony = x2 is considered, where

S = 4 particles are used, which are initialized randomly in the range of[−5, 5], andVmax is set to 2,

c1 = c2 = 2 andw = 0. The positions of the particles during the optimization process based on Fig. 2.8 are

listed in Table 2.10.

It can be seen from Table 2.10 that the particles gradually improve their position in terms of finding the

optimal point. We may notice that at early stages of the search, the velocities are typically large, hence the

particles are wandering across a relatively large area attempting to find a better position associated with an

improved CF. The positions of the four particles at initialization as well as at, the3rd, 6th and 10th iteration

are plotted in Fig. 2.10. It may be observed that the PSO algorithm rapidly converges to the optimal point.

2.2.2 Discrete-valued Particle Swarm Optimization

In the previous section, we imposed no constraint on the value of the particles. However, many real world

optimization problems have to operate on discrete values, hence there is an increasing demand for devel-

oping algorithms regarding this type of optimization problems. The contributions on the development of

discrete-valued PSO are summarized in Table 2.11.
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Table 2.11:Selected contributions on the development of discrete-valued PSO

Year Author(s) Contributions

1997 [129] The discrete binary version of the particle swarm

Kennedy and algorithm was proposed.

Eberhart

2004 [130] A discrete PSO algorithm was derived for solving the

Panget al. travelling salesman problem.

2005 [131] A binary particle swarm optimization method based

Afshinmaneshet al. on the theory of immunity in biology was advocated.

2006 [132] Discrete PSO was combined with GA-style mutation to

Huang and Tung solve optimization problems.

2007 [133] Proposed a cellular learning automata [134] based discrete

Jafarpouret al. PSO.

2007 [135] Presented an effective, discrete, multi-valued PSO, which

Veeramachaneniet al. used probabilistic transition rules to move from one discrete

value to another.

2008 [136] A discrete PSO based on quantum evolution concept [137]

Li et al. was introduced.

2008 [138] Designed an improved discrete PSO based on cooperative

Xu et al. swarms, which partition the search space into lower-

dimensional subspaces in order to reduce the complexity.

2009 [139] Presented a multi-level, discrete-valued PSO algorithm and

Songet al. demonstrated its performance compared to genetic algorithm.

2010 [140] Proposed a PSO algorithm featuring two beneficial chara-

Chenet al. cteristics. Firstly, the set-based representation sche-

me allow the PSO to characterize the discrete search space

of combinatorial optimization problems. Secondly, the

candidate solution and velocity were defined as a crisp set,

and a set with possibilities, respectively.
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Figure 2.10: A PSO example minimizing the functiony = x2. (a): Initial particle positions. (b): Positions

at 3rd itertion. (c): Positions at 6th itertion. (d): Positions at 10th itertion.

2.2.2.1 Binary Particle Swarm Optimization

PSO was firstly designed for solving nonlinear optimization problems, in orderto find the optimum con-

tinuous value [30]. With the aim of extending its applications to discrete optimizationproblems, Kennedy

proposed a discrete binary version of PSO [129], which may be invokedfor example to find aK-bit BPSK

vector in a MUD or MUT problem, as detailed later in this section. The velocity{V(l)
i }Si=1 of a particle

may be updated according to the same equation as that used for continuous-valued PSO, namely Equation

(2.63), which is repeated here for convenience [129]:

V
(l+1)
i = V

(l)
i + rand() · c1 · [Pb

(l)
i − P̌

(l)
i ]

+rand() · c2 · [Gb(l) − P̌
(l)
i ].

The velocity is then transformed into a number within the range of[0 · · · 1], where the resultant nor-

malized velocity is then used for updating the particle’s position. This transformation may be carried out for
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Table 2.12:The parameter values of theith particle

P̌
(l)
i V

(l)
i c1 rand() c2 rand() Pb

(l)
i Gb(l)

1 0.67 2 0.54 2 0.97 1 0

example by using the sigmoid function given by [129]:

sig(V
(l+1)
i ) =

1

1 + e−V
(l+1)
i

, (2.72)

which is plotted in Fig. 2.11. Then, the particle’s position update may be carriedout according to [129]:

P̌
(l+1)
i =

{

0, if z ≥ sig(V
(l+1)
i ),

1, if z < sig(V
(l+1)
i ),

(2.73)

wherez is a random uniformly distributed number assuming the binary values of[0, 1].
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Figure 2.11: Sigmoid function value.

The decision regarding the position and velocity update of the particle at position P̌i is now probabilistic,

implying that the higher the value of the velocityVi, the higher the value ofsig(Vi) becomes, albeit it

still remains within the continuous range of[0, · · · 1]. Hence the probability of opting for ’1’ forsi|q is

increased. Again, the sigmoid function is plotted in Fig. 2.11. We may observe several properties of the

sigmoid function from the figure, namely, that forx→∞, we havesig(x)→ 1; whenx = 0, sig(x) = 1
2 ;

and forx→ −∞, sig(x)→ 0.

Let us now consider an example, demonstrating the velocity and position update of theith particle in a

specific iteration. The parameter values considered are listed in Table 2.12.
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According to Table 2.12, the new velocity can be calculated as:

V
(l+1)
i = V

(l)
i + rand() · c1 · [Pb

(l)
i − P̌

(l)
i ] + rand() · c2 · [Gb(l) − P̌

(l)
i ]

= −1.27. (2.74)

Then we have

sig(V
(l+1)
i ) =

1

1 + e−V
(l+1)
i

= 0.2178. (2.75)

Assuming that the uniformly distributed random number in Equation (2.73) isz = 0.4529, therefore, the

new position for this particle becomešP(l+1)
i = 0.

The discrete binary PSO has been invoked for example for MUD [16,17]. Next, a simple MIMO MUD

example is considered in order to demonstrate the operation of the discrete binary PSO algorithm. Let us

consider the transmission of a symbol vectorx = [x1 x2 x3 x4 x5]
T in a(5×5)-element MIMO system

employing BPSK modulation communicating over an independent flat Rayleigh fading channel, where the

received signaly can be expressed asy = Hx+ n. The related parameters are summarized in Table 2.13.

Note that in the step of calculating the particle’s fitness in block 2 of Fig. 2.8 according to the ML fitness

function based on the ML detection formula of:

F (x) = ‖y −Hx‖22, (2.76)

the positions of the particles have to be mapped to a BPSK symbol, namely,0→ −1 and1→ 1.

When the first iteration commences, we have:

1. For particle 1: According to block 3 of the flow-chart in Fig. 2.8,

• For the 1st element, we have:

The velocity isV1
(1,1) = V

(0)
(1,1)+rand() ·c1 · [Pb

(0)
(1,1)−P̌

(0)
(1,1)]+rand() ·c2 · [Gb(0)−P̌

(0)
(1,1)] =

0+2 · 0.91 · 0+2 · 0.45 · −1 = −0.91. Then according to Equation (2.72),sig(V1
(1,1)) = 0.82,

and assuming that the random number isz = 0.90, the new particle position becomes now

P̌
(1)
(1,1) = 0.

• For the 2nd element:

The velocity becomesV1
(1,2) = 0+2 ·0.29 ·0+2 ·0.78 ·1 = 1.56. Thensig(V1

(1,2)) = 0.2863,

the random number isz = 0.05, hence, the new position is now̌P(1)
(1,2) = 1.

• For the 3rd element:

The velocity isV1
(1,3) = 0+ 2 · 0.21 · 0 + 2 · 0.77 · 0 = 0. Thensig(V1

(1,3)) = 0.5, the random

number isz = 0.6968, hence the new position becomes nowP̌(1)
(1,3) = 0.

• For the 4th element:

The velocity isV1
(1,4) = 0+ 2 · 0.90 · 0 + 2 · 0.60 · 0 = 0. Thensig(V1

(1,4)) = 0.5, the random

number isz = 0.5446, hence the new position is now̌P(1)
(1,4) = 0.
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Table 2.13:The parameters of theK = 5-user MUD example

Related parameters Value

SNR 10dB

Symbol vectorx [1 1 − 1 1 − 1]T

Received signaly



















−2.3794− j1.5611

−0.0936 + j0.4151

1.7978 + j1.3970

0.5584 + j0.5969

1.9298 + j0.9380



















Fitness funcionF (x) ‖y −Hx‖22
c1 2

c2 2

Size of particle swarmS 4

Initial position for particle 1:P̌(0)
1 [1 0 1 0 0]T

Initial fitness value for particle 1 7.83

Initial position for particle 2:P̌(0)
2 [0 0 1 0 1]T

Initial fitness value for particle 2 9.09

Initial position for particle 3:P̌(0)
3 [0 1 1 0 0]T

Initial fitness value for particle 3 6.25

Initial position for particle 4:P̌(0)
4 [0 0 1 1 0]T

Initial fitness value for particle 4 6.69

Initial global best position:Gb(0) [0 1 1 0 0]T

Initial fitness value forGb(0) 6.25

Maximum velocity|Vmax| 6

• For the 5th element:

The velocity isV1
(1,5) = 0+ 2 · 0.75 · 0 + 2 · 0.87 · 0 = 0. Thensig(V1

(1,5)) = 0.5, the random

number isz = 0.8938, hence the new position is now̌P(1)
(1,5) = 0.

Therefore, the position for the 1st 5-bit particle at the 1st iteration isP̌
(1)
1 = [0 1 0 0 0]T .

The associated fitness function value calculated according to Equation (2.76) becomes then 5.71.

Since this CF value is lower than the previous value of 7.83 in Table 2.13 for the1st particle, the

best visited position of this particle is updated from[1 0 1 0 0]T toPb
(1)
1 = [0 1 0 0 0]T .

2. For particle 2: According to block 3 of the flow-chart in Fig. 2.8,

• For the 1st element:

The velocity isV1
(2,1) = V

(0)
(2,1)+rand() ·c1 · [Pb

(0)
(2,1)−P̌

(0)
(2,1)]+rand() ·c2 · [Gb(0)−P̌

(0)
(2,1)] =

0 + 2 · 0.85 · 0 + 2 · 0.68 · 0 = 0. Then according to Equation (2.72),sig(V1
(2,1)) = 0.5,

and assuming that the random number isz = 0.40, the new particle position becomes now

P̌
(1)
(2,1) = 1.
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• For the 2nd element:

The velocity becomesV1
(2,2) = 0 + 2 · 0.04 · 0 + 2 · 0.23 · 1 = 0.47. Thensig(V1

(2,2)) = 0.61,

the random number isz = 0.01, hence the new position is now̌P(1)
(2,2) = 1.

• For the 3rd element:

The velocity isV1
(2,3) = 0+ 2 · 0.38 · 0 + 2 · 0.90 · 0 = 0. Thensig(V1

(2,3)) = 0.5, the random

number isz = 0.30, hence the new position becomes nowP̌(1)
(2,3) = 1.

• For the 4th element:

The velocity isV1
(2,4) = 0+ 2 · 0.86 · 0 + 2 · 0.14 · 0 = 0. Thensig(V1

(2,4)) = 0.5, the random

number isz = 0.30, hence the new position is now̌P(1)
(2,4) = 1.

• For the 5th element:

The velocity isV1
(2,5) = 0+ 2 · 0.41 · 0 + 2 · 0.21 · −1 = −0.42. Thensig(V1

(2,5)) = 0.39, the

random number isz = 0.76, hence the new position is now̌P(1)
(2,5) = 0.

Therefore, the position for the 2nd 5-bit particle at the 1st iteration isP̌
(1)
2 = [1 1 1 1 0]T .

The associated fitness function value calculated according to Equation (2.76) becomes 3.59.

Since this CF value is lower than the previous value of 9.09 in Table 2.13 for the2nd particle, the

best visited position of this particle is updated from[0 0 1 0 1]T toPb
(1)
2 = [1 1 1 1 0]T .

3. For particle 3: According to block 3 of the flow-chart in Fig. 2.8,

• For the 1st element:

The velocity isV1
(3,1) = V

(0)
(3,1)+rand() ·c1 · [Pb

(0)
(3,1)−P̌

(0)
(3,1)]+rand() ·c2 · [Gb(0)−P̌

(0)
(3,1)] =

0 + 2 · 0.24 · 0 + 2 · 0.88 · 0 = 0. Then according to Equation (2.72),sig(V1
(3,1)) = 0.5, and

assuming that the random number isz = 0.29, the new particle position is now̌P(1)
(3,1) = 1.

• For the 2nd element:

The velocity isV1
(3,2) = 0+ 2 · 0.19 · 0 + 2 · 0.72 · 0 = 0. Thensig(V1

(3,2)) = 0.5, the random

number isz = 0.95, hence the new position is now̌P(1)
(3,2) = 0.

• For the 3rd element:

The velocity isV1
(3,3) = 0+ 2 · 0.90 · 0 + 2 · 0.70 · 0 = 0. Thensig(V1

(3,3)) = 0.5, the random

number isz = 0.81, hence the new position is now̌P(1)
(3,3) = 0.

• For the 4th element:

The velocity isV1
(3,4) = 0+ 2 · 0.86 · 0 + 2 · 0.88 · 0 = 0. Thensig(V1

(3,4)) = 0.5, the random

number isz = 0.23, hence the new position is now̌P(1)
(3,4) = 1.

• For the 5th element:

The velocity isV1
(3,5) = 0+ 2 · 0.62 · 0 + 2 · 0.24 · 0 = 0. Thensig(V1

(3,5)) = 0.5, the random

number isz = 0.44, hence the new position is now̌P(1)
(3,5) = 1.

Therefore, the position for the 3rd 5-bit particle at the 1st iteration isP̌
(1)
3 = [1 0 0 1 1]T .

The associated fitness function value calculated according to Equation (2.76) becomes 6.33.

Since this CF value is higher than the previous value of 6.25 in Table 2.13 for the 3rd particle,

the best visited position is stillPb
(1)
3 = [0 1 1 0 0]T .
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4. For particle 4: According to block 3 of the flow-chart in Fig. 2.8,

• For the 1st element:

The velocity isV1
(4,1) = V

(0)
(4,1)+rand() ·c1 · [Pb

(0)
(4,1)−P̌

(0)
(4,1)]+rand() ·c2 · [Gb(0)−P̌

(0)
(4,1)] =

0 + 2 · 0.78 · 0 + 2 · 0.71 · 0 = 0. Then according to Equation (2.72),sig(V1
(4,1)) = 0.5, and

assuming that the random number isz = 0.24, the new particle position is now̌P(1)
(4,1) = 1.

• For the 2nd element:

The velocity isV1
(4,2) = 0 + 2 · 0.73 · 0 + 2 · 0.90 · 1 = 1.81. Thensig(V1

(4,2)) = 0.86, the

random number isz = 0.84, hence the new position is now̌P(1)
(4,2) = 1.

• For the 3rd element:

The velocity isV1
(4,3) = 0+ 2 · 0.97 · 0 + 2 · 0.14 · 0 = 0. Thensig(V1

(4,3)) = 0.5, the random

number isz = 0.85, hence the new position is now̌P(1)
(4,3) = 0.

• For the 4th element:

The velocity isV1
(4,4) = 0+ 2 · 0.76 · 0 + 2 · 0.76 · −1 = −1.52. Thensig(V1

(4,4)) = 0.17, the

random number isz = 0.4594, hence the new position is now̌P(1)
(4,4) = 0.

• For the 5th element:

The velocity isV1
(4,5) = 0+2 · 0.38 · 0+ 2 · 0.10 · 0 = 0. Thensig(V1

(4,5)) = 0.39, the random

number isz = 0.12, hence, the new position is now̌P(1)
(4,5) = 1.

Therefore, the position for the 4th 5-bit particle at the 1st iteration isP̌
(1)
4 = [1 1 0 0 1]T .

The associated fitness function value calculated according to Equation (2.76) becomes 5.28.

Since this CF value is lower than the previous value of 6.69 in Table 2.13 for the4th particle,

the best visited particle position is updated from[0 0 1 1 0]T toPb
(1)
4 = [1 1 0 0 1]T .

5. Update ofGb(1)

Since now the best ever visited position isPb
(1)
2 = [1 1 1 1 0]T , which is associated with a

fitness value of 3.59 and hence it is lower than that ofGb(0) given by 6.25 in Table 2.13. Therefore,

the global best ever visited position after the 1st iteration is updated toGb(1) = [1 1 1 1 0]T .

Then the algorithm proceeds to its 2nd iteration:

1. For particle 1:

The position for the 1st 5-bit particle at the 2nd iteration is found to beP̌
(2)
1 = [1 1 1 0 0]T .

The associated fitness function value calculated according to Equation (2.76) becomes 5.82. Since

this CF value is higher than the previous value of 5.71 for the 1st particle, thebest visited position is

still Pb
(2)
1 = [0 1 0 0 0]T .

2. For particle 2:

The position for the 2nd 5-bit particle at the 2nd iteration is found to beP̌
(2)
2 = [0 1 1 0 0]T .

The associated fitness function value calculated according to Equation (2.76) becomes 6.25. Since

this CF value is higher than the previous value of 3.59 for the 2nd particle, thebest visited position is

still Pb
(2)
2 = [1 1 1 1 0]T .
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3. For particle 3:

The position for the 3rd 5-bit particle at the 2nd iteration is found to beP̌
(2)
3 = [0 1 0 0 1]T .

The associated fitness function value calculated according to Equation (2.76) becomes 7.65. Since

this CF value is higher than the previous value of 6.25 for the 3rd particle, thebest visited position is

still Pb
(2)
3 = [0 1 1 0 0]T .

4. For particle 4:

The position for the 4th 5-bit particle at the 2nd iteration is found to beP̌
(2)
4 = [1 0 0 0 0]T . The

associated fitness function value calculated according to Equation (2.76) becomes 5.15. Since this CF

value is lower than the previous value of 5.28 for the 4th particle, the best visited position is updated

toPb
(2)
4 = [1 0 0 0 0]T .

5. Update ofGb(2)

Since now the best ever visited position is stillPb
(2)
2 = [1 1 1 1 0]T , which is associated with

a fitness value of 3.59 which is equal to that ofGb(1), therefore, the global best ever visited position

after 2nd iteration stays the same, which isGb(2) = [1 1 1 1 0]T .

The algorithm then proceeds to its 3rd iteration:

1. For particle 1:

The position for the 1st 5-bit particle at the 3rd iteration is found to beP̌
(3)
1 = [0 1 0 1 1]T .

The associated fitness function value calculated according to Equation (2.76) becomes 7.91. Since

this CF value is higher than the previous value of 5.71 for the 1st particle, thebest visited position is

still Pb
(3)
1 = [0 1 0 0 0]T .

2. For particle 2:

The position for the 2nd 5-bit particle at the 3rd iteration is found to beP̌
(3)
2 = [1 1 1 1 0]T .This

is its best visited position, soPb
(3)
2 = [1 1 1 1 0]T .

3. For particle 3:

The position for the 3rd 5-bit particle at the 3rd iteration is found to beP̌
(3)
3 = [0 1 1 1 0]T . The

associated fitness function value calculated according to Equation (2.76) becomes 5.49. Since this CF

value is lower than the previous value of 6.25 for the 3rd particle, the best visited position is updated

from [0 1 1 0 0]T toPb
(3)
3 = [0 1 1 1 0]T .

4. For particle 4:

The position for the 4th 5-bit particle at the 3rd iteration is found to beP̌
(3)
4 = [1 1 1 1 1]T .

The associated fitness function value calculated according to Equation (2.76) becomes 6.02. Since

this CF value is higher than the previous value of 5.15 for the 4th particle, the best visited position is

still Pb
(3)
4 = [1 0 0 0 0]T .

5. Update ofGb(3)

Since now the best ever visited position is stillPb
(3)
2 = [1 1 1 1 0]T , which is associated with
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a fitness value of 3.59 which is equal to that ofGb(2), therefore, the global best ever visited position

after 3rd iteration stays the same, which isGb(3) = [1 1 1 1 0]T .

The algorithm then proceeds to its 4th iteration:

1. For particle 1:

The position for the 1st 5-bit particle at the 4th iteration is found to beP̌
(4)
1 = [0 0 1 1 0]T .

The associated fitness function value calculated according to Equation (2.76) becomes 6.69. Since

this CF value is higher than the previous value of 5.71 for the 1st particle, thebest visited position is

still Pb
(4)
1 = [0 1 0 0 0]T .

2. For particle 2:

The position for the 2nd 5-bit particle at the 4th iteration is found to beP̌
(4)
2 = [1 1 0 1 0]T . The

associated fitness function value calculated according to Equation (2.76) becomes 0.54. Since this CF

value is lower than the previous value of 3.59 for the 2nd particle, the best visited position is updated

from [1 1 1 1 0]T toPb
(4)
2 = [1 1 0 1 0]T .

3. For particle 3:

The position for the 3rd 5-bit particle at the 4th iteration is found to beP̌
(4)
3 = [1 1 1 1 0]T . The

associated fitness function value calculated according to Equation (2.76) becomes 3.59. Since this CF

value is lower than the previous value of 5.49 for the 3rd particle, the best visited position is updated

from [0 1 1 1 0]T toPb
(4)
3 = [1 1 1 1 0]T .

4. For particle 4:

The position for the 4th 5-bit particle at the 4th iteration is found to beP̌
(4)
4 = [1 1 1 0 0]T .

The associated fitness function value calculated according to Equation (2.76) becomes 5.82. Since

this CF value is higher than the previous value of 5.15 for the 4th particle, the best visited position is

still Pb
(4)
4 = [1 0 0 0 0]T .

5. Update ofGb(4)

Since now the best ever visited position becomesPb
(4)
2 = [1 1 0 1 0]T , which is associated with

a fitness value of 0.54 and hence it is lower than the value ofGb(3). Therefore, the global best ever

visited position after the 4th iteration is updated toGb(4) = [1 1 0 1 0]T . We may also notice

that the solution is the ML solution, hence the optimum position (solution) has beenfound in the 4th

iteration.

The above example shows how the discrete binary PSO algorithm operates and the entire update process

is summarized in Table 2.14. Let us now consider some other aspects of this algorithm. In the above

example, it took the algorithm of Fig. 2.8I = 4 iterations to find the ML solution. However, since PSO

constitutes a stochastic optimization algorithm, the number of iterations it needs to find the optimum solution

may vary in each single simulation. Hence, a histogram showing the number of iterations the discrete

binary PSO algorithm required to find the ML solution may help us to arrive at abetter understanding of the

capabilities of this algorithm, which can be seen in Fig. 2.12. The parameter values are the same as in Table

2.13.
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Table 2.14:Particles update process

1st particleP̌1 2nd particleP̌2

Initial position (fitness) Pb
(0)
1 = [1 0 1 0 0]T (7.83) Pb

(0)
2 = [0 0 1 0 1]T (9.09)

Best position after 1st iteration (fitness) Pb
(1)
1 = [0 1 0 0 0]T (5.71) Pb

(1)
2 = [1 1 1 1 0]T (3.59)

Best position after 2nd iteration (fitness)Pb
(2)
1 = [0 1 0 0 0]T (5.71) Pb

(2)
2 = [1 1 1 1 0]T (3.59)

Best position after 3rd iteration (fitness)Pb
(3)
1 = [0 1 0 0 0]T (5.71) Pb

(3)
2 = [1 1 1 1 0]T (3.59)

Best position after 4th iteration (fitness)Pb
(4)
1 = [0 1 0 0 0]T (5.71) Pb

(4)
2 = [1 1 0 1 0]T (0.54)

3rd particleP̌3 4th particleP̌4

Initial position (fitness) Pb
(0)
3 = [0 1 1 0 0]T (6.25) Pb

(0)
4 = [0 0 1 1 0]T (6.69)

Best position after 1st iteration (fitness) Pb
(1)
3 = [0 1 1 0 0]T (6.33) Pb

(1)
4 = [1 1 0 0 1]T (5.28)

Best position after 2nd iteration (fitness)Pb
(2)
3 = [0 1 1 0 0]T (6.33) Pb

(2)
4 = [1 0 0 0 0]T (5.15)

Best position after 3rd iteration (fitness)Pb
(3)
3 = [0 1 1 1 0]T (5.49) Pb

(3)
4 = [1 0 0 0 0]T (5.15)

Best position after 4th iteration (fitness)Pb
(4)
3 = [1 1 1 1 0]T (3.59) Pb

(4)
4 = [1 0 0 0 0]T (5.15)

Global best particle

Initial position (fitness) Gb(0) = [0 1 1 0 0]T (6.25)

Best position after 1st iteration (fitness)Gb(1) = [1 1 1 1 0]T (3.59)

Best position after 2nd iteration (fitness)Gb(2) = [1 1 1 1 0]T (3.59)

Best position after 3rd iteration (fitness)Gb(3) = [1 1 1 1 0]T (3.59)

Best position after 4th iteration (fitness)Gb(4) = [1 1 0 1 0]T (0.54)
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Figure 2.12: The histgram showing the number of iterations the discrete binary PSO algorithm needs to find

the ML solution. 50 random simulation runs are used to obtainthe result.
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Table 2.15:Pairs of MUT shemes and MUD schemes

MUD algorithms MUT algorithms

Linear approaches ZF-MUD ZF-MUT

MMSE-MUD MMSE-MUT

MBER-MUD MBER-MUT

Nonlinear approaches VP SD

A total of 50 simulations were carried out in order to generate Fig. 2.12. It can observed that 14 of

them needed as few as three iterations to find the ML solution, while nine of themrequired four iterations.

On average, it may take the algorithm around four iterations to find the ML solution. However, we also

note that it requires more than eight iterations to guarantee that the ML solutionis found. Bearing in mind

that more iterations impose an increased computational complexity, there is naturally a tradeoff between the

computational complexity imposed and the achievable performance when usingPSO.

2.2.2.2 Integer Particle Swarm Optimization

This discrete binary PSO algorithm [129] is specifically designed for a binary system. It can be argued that

arbitrary multi-level discrete variables can be transformed into an equivalent binary representation, and then

the binary PSO can be used. However, the range of the discrete variables often does not match the upper limit

of the equivalent binary representation. For example, a discrete variable assuming values of [0,1,2,3,4,5]

requires a three-bit binary representation, which ranges between [0-7]. Thus, special measures are required

to handle the values outside the original range of the discrete variable. Secondly, the Hamming distance

between two discrete values undergoes a nonlinear transformation, whenan equivalent binary representation

is used instead. This often increases the complexity of the search process. The third reason is that the above-

mentioned binary representation increases the dimension of the particle. Forthese reasons, an extension to

the original discrete, but binary-valued PSO converting it to a discrete multi-valued PSO is necessary.

Several researchers have proposed discrete multi-valued PSO algorithms [135, 139]. In our work, we

follow the proposal in [135] and invoke their discrete multi-valued PSO algorithm in the context of vector

precoding, which is detailed in Chapter 4.

2.3 Conclusions

In this chapter, the preliminary knowledge required for the detailed discussions of this treatise was provided.

More specifically, in Section 2.1, we offered a rudimentary introduction to MUT covering the family of lin-

ear MUT schemes, namely ZF-MUT, MMSE-MUT and MBER-MUT, as well asthe nonlinear VP MUT

algorithm. The MUD counterparts of the MUT algorithms can be seen in Table 2.15. It has been shown

in [57] that several linear MUT schemes may be readily designed from theirlinear MUD counterparts, in-

cluding the ZF-MUT and MMSE-MUT provided that the number of antennas at the BS is no less than that of
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the MSs supported. Generally speaking, nonlinear MUT schemes are capable of achieving a better attainable

BER performance than linear MUT algorithms at the expense of higher computational complexity as stated

in Section 2.1. In Section 2.2, the PSO algorithm was introduced, where it wassplited into two parts, focused

on continuous-valued PSO and discrete-valued PSO, respectively. More specifically, the continuous-valued

PSO scheme which is more suitable for solving continuous-valued optimization problems, was introduced

in Section 2.2.1, while Section 2.2.2 covered the introduction of the discrete-valued PSO algorithm invoked

for solving combinatorial optimization problems. The PSO algorithm is a promising optimization tool and

has been invoked in our research intensively, which will be discussed inlater chapters. In the next chapter,

we are going to address the computational complexity reduction issues in linearMBER-MUTs, namely in

the context of the symbol-specific MBER-MUT scheme and average MBER-MUT algorithm.



Chapter3
Particle Swarm Optimization Aided

Minimum Bit Error Rate Multiuser

Transmission

3.1 Introduction

In this chapter, an MBER-MUT designed for the Down-Link (DL) of SDMAsystems will be discussed.

More explicitly, PSO is invoked for deriving the MUT precoder’s coefficients with the aim of directly mini-

mizing the system’s BER as well as for reducing the related computational comlexity imposed by using the

state-of-the-art SQP algorithm.

The MMSE-MUT has been introduced in Chapter 2, where the coefficientsof the precoder are chosen

to minimize the mean square error between the transmitted signal and received signal. Since the BER is the

ultimate system performance indicator, the research community’s interest in MBER based MUT techniques

has increased recently. More specifically, in [19, 20], an MBER-MUT was proposed for the Time Division

Duplex Code Division Multiple Access (TDD-CDMA) DL communicating in frequency-selective channels.

Later, this work was extended to multiple transmit and receive antennas in [21]. Then, a chip-level MBER-

MUT scheme was proposed in [2], and a phase-only chip-level MBER-MUT scheme having a reduced

computational complexity was also conceived in [2]. Reference [141] showed that the number of spatio-

temporal dimensions given by the number of transmit antennas and time-slots can be exceeded in certain

circumstances by using the MBER-MUT, for the sake of supporting more users in the DL than the number of

transmit antennas. The array-weights of these MBER-MUT techniques were designed for the given MIMO

transmit symbol vector and therefore the coefficients of the precoder have to be specifically calculated for

every transmit symbol vector. An MBER-MUT design minimizing the average BER was proposed for

Binary Phase Shift Keying (BPSK) in [5] and for Quadrature Phase Shift Keying (QPSK) in [26], where the

coefficients of the precoder only have to be re-calculated, when the channel coefficients have changed.

We will show in Section 3.4 that the MBER-MUT design constitutes a constrainednonlinear optimiza-
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tion problem [5, 26], and the SQP algorithm [27] may be used to obtain the precoder’s coefficients for the

MBER-MUT [5,24,26]. However, the computational complexity of this algorithm may be deemed excessive

at the time of writing for a real-time system [24]. This motivates the work introduced in this chapter in the

field of MBER-MUT, with the aim of finding an efficient algorithm which imposesa reduced computational

complexity by invoking the PSO algorithm [30].

In Section 3.2, the MBER criterion is introduced. The system model used throughout this chapter is

detailed in Section 3.3, followed by the description of the cost functions of thesymbol-specific MBER-

MUT and the average MBER-MUT in Section 3.4, respectively. The PSO aided MBER-MUT method is

introduced in Section 3.5. Section 3.6 quantifies the computational complexity of the SQP approach and

of our PSO approach for both the symbol-specific MBER-MUT and for theaverage MBER-MUT. Our

simulation results are provided in Section 3.7, followed by our discussions and the chapter conclusions in

Section 3.8.

3.2 Minimum Bit Error Rate Criterion

Let us continue with a simple example to demonstrate the importance of the MBER criterion.

Figure 3.1: Symbolxk of a QPSK constellation with the interference-contaminated expectation̄yk of the

estimated signalyk and the PDFs of the in-phase and quadrature-phase componentof the estimated signal.

Consider a QPSK system associated with the constellation of±1
2 ± j 12 , where the desired user’s sym-

bol xk is 1
2 + j 12 . Fig. 3.1 shows the desired symbolxk, the interference-contaminated expectationȳk of

the estimated signalyk and the Probability Density Functions (PDF) of the in-phase and quadrature-phase

component of the estimated signal. The error probabilities of the in-phase and quadrature-phase component

are denoted byPeI ,k andPeQ,k, respectively, whilePe,k denotes the average error probability of the system.

We commence from the calculation of the in-phase error probabilityPeI ,k. When the real part of the

received symbolℜ[yk] falls in the interval of(−∞, 0] due to the effect of the Gaussian noise, we have
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sgn(ℜ[xk])ℜ[yk] < 0, therefore it is clear that an error occurs. Hence,PeI ,k is given by [26]:

PeI ,k = Prob{sgn(ℜ[xk])ℜ[yk] < 0}, (3.1)

whereℜ[•] denotes the real part, while when the imaginary part of the received symbol ℑ[yk] falls in the

interval of(−∞, 0] due to the effect of the Gaussian noise, we have sgn(ℑ[xk])ℑ[yk] < 0, hence again, an

error occurs. Thus,PeQ,k is given by [26]:

PeQ,k = Prob{sgn(ℑ[xk])ℑ[yk] < 0}, (3.2)

whereℑ[•] denotes the imaginary part.

Then the error probability of this QPSK systemPe,k can be obtained by averagingPeI ,k andPeQ,k,

which is given by [26]:

Pe,k = (PeI ,k + PeQ,k)/2 . (3.3)

3.3 System Model

The system to be considered throughout Chapter 3 will be introduced here, where the DL of a SDMA

system supporting non-cooperative mobile receivers is considered. The BS is equipped withN DL transmit

antennas and communicates withK MSs, each employing a single receive antenna. The corresponding

system model is depicted in Fig. 2.1 . The vector of information symbolsx transmitted in the DL is given

by

x = [x1, x2, · · · , xK ]T , (3.4)

wherexk, 1 ≤ k ≤ K denotes the transmitted symbol of thekth MS, and the symbol energy is given by

E[|xk|2] = σ2
x, for 1≤k≤K.

The (N ×K)-element MUT precoder matrixP is given by

P = [p1,p2, · · · ,pK ], (3.5)

wherepk, 1 ≤ k ≤ K represents the precoder coefficient vector for thekth user’s data stream, as exampli-

fied in Equation (2.8) and Fig. 2.1.

Given a total transmit power ET at the BS, an appropriate scaling factor should be used after precoding

to fulfill our transmit power constraint of having an identical transmit powerto that of the scenario operating

without a precoder, which is defined as

α =

√

ET

E[‖Px‖2] , (3.6)

for the average MBER-MUT, and as

α =

√

ET

‖Px‖2 , (3.7)
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for the symbol-specific MBER-MUT.

At the receiver, the reciprocal of the scaling factor, namelyα−1, is used to scale the received signal to

ensure unity-gain transmission. The channel matrixH is given by

H = [h1,h2, · · · ,hK ]T , (3.8)

wherehk, 1≤k≤K is thekth user’s CIR, which is given by

hk = [hk,1, hk,2, · · · , hk,N ], k = 1, 2, · · · ,K. (3.9)

The CIR tapshk,i, for 1≤k≤K and1≤i≤N are independent of each other and obey the complex Gaussian

distribution associated withE[|hk,i|2] = 1.

The Gaussian noise vectorn is given by

n = [n1, n2, · · · , nK ]T , (3.10)

wherenk, 1≤k≤K is a complex Gaussian random variable with zero mean andE[|nk|2] = 2σ2
n = No. The

SNR of the DL is defined asSNR = Eb/No, whereEb = ET/(N log2M) is the energy per bit per antenna

for M -ary modulation. Thus, the baseband model of the system can be described as

y = HPx+ α−1n, (3.11)

wherey = [y1 y2 · · · yK ]T denotes the received signal vector, andyk, 1 ≤ k ≤ K, constitutes sufficient

statistics for thekth MS to detect the transmitted data symbolxk. Finally, the detector simply subjects the

symbols to hard-decision according to the phase constellation for symbol estimation.

Two main MBER-MUT strategies exist in the literature. The first design may be referred to as the

symbol-specific MBER MUT [24], while the other one may be referred to as the average MBER MUT

[5,26], which are outlined below.

3.4 Cost Functions of the Minimum Bit Error Rate Multiuser Transmission

Algorithms

In this section, the cost functions of both the symbol-specific MBER-MUT and of the average MBER-MUT

algorithms derived for BPSK and QPSK systems are introduced. We show that the resultant opmization

probelms are constrained by the transmit power constraint, hence a penaltyfunction approach is adopted to

convert the constrained optimization processes into unconstrained ones and to automatically perform power

allocation in order to meet the transmit power constraint. This approach is quitesimilar to the Lagrange

multiplier based method used in [26].

3.4.1 Symbol-specific MBER-MUT

The symbol-specific MBER-MUT approach was developed based on the fact that the information symbols

to be transmitted are known exactly at the transmitter. Given the knowledge of the CIRs to be encountered by
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the individual antenna elements, the precoding matrix can be specifically chosen for the givenK-component

MIMO symbol vectorx so that the BER is minimized. In the rest of this subsection, we will provide the

derivation of the cost function of the symbol-specific MBER-MUT.

First, let us consider a BPSK system. Based on the system model establishedin Section 3.3, only the

real part of the received signaly should be taken into account. According to the MBER criterion depicted

in Section 3.2, when the real part of the received signalℜ[yk], 1 ≤ k ≤ K falls in the interval of(−∞, 0],

namely, when we have sgn(ℜ[xk])ℜ[yk] < 0, 1 ≤ k ≤ K, errors occur. Hence, the error probabilityPeI ,k

of the in-phase component associated with thekth user, where1 ≤ k ≤ K, is given by [26]:

PeI ,k = Prob{sgn(ℜ[xk])ℜ[yk] < 0} (3.12)

= Prob{zkR < 0},

wherezkR is the signed decision variable given by:

zkR = sgn(ℜ[xk])ℜ[yk]. (3.13)

p(zk

R)

z
k

R
0

Figure 3.2: Probability density function of the decision variablezkR, where the shaded area represents the

BER.

The decision variablezkR, according to central limit theorem, obeys the Gaussian distribution associated

with the mean ofckR = sgn(ℜ[xk])ℜ[hkPx], its probability density function (PDF) can be seen in Fig. 3.2.

More explicitly, the PDF of the decision variablezkR is given by [26]:

p(zkR) =
1

σn
√
2π

exp

(

−(zkR − ckR)
2

2σ2
n

)

. (3.14)

The erroneous decision events are associated with the area under the PDF curve in the interval(−∞, 0],

namely, the shaded area shown in Fig. 3.2. Hence, Equation (3.12) can berewritten as [26]:

PeI ,k = Prob{zkR < 0} =
∫ 0

−∞
p(zkR)dz

k
R (3.15)

= Q

(

ckR
σn

)

,

whereQ(•) is the standard Gaussian error function.

As we mentioned, in the symbol-specific MBER-MUT, the precoding matrixP is specifically chosen

for the currentK-component MIMO symbol vectorx. Hence, given the symbol vectorx to be transmitted,

the average BER of the in-phase component at the receiver is [19]

PeI ,x =
1

K

K
∑

k=1

Q

(

ckR
σn

)

. (3.16)
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Thus, the BER of BPSK signalling is given by

Pe,x = PeI ,x. (3.17)

Let us now consider a QPSK system, where the BER of the in-phase component has already been

introduced above, and the BER of the quadrature-phase component can be derived in a similar way. Let us

furthermore introduce the notation of

zkI = sgn(ℑ[xk])ℑ[yk], (3.18)

ckI = sgn(ℑ[xk])ℑ[hkPx], (3.19)

then, the error probabilityPeQ,k of the quadrature-phase component associated with thekth user, where

1 ≤ k ≤ K, is given by [26]:

PeQ,k = Prob{sgn(ℑ[xk])ℑ[yk] < 0} (3.20)

= Prob{zkI < 0}

=

∫ 0

−∞
p(zkI )dz

k
I

= Q

(

ckI
σn

)

,

where we have

p(zkI ) =
1

σn
√
2π

exp

(

−(zkI − ckI )
2

2σ2
n

)

. (3.21)

Hence, given the symbol vectorx to be transmitted, the average BER of the quadrature-phase component

of y is [19]:

PeQ,x =
1

K

K
∑

k=1

Q

(

ckI
σn

)

. (3.22)

Thus, the BER of QPSK signalling is given by

Pe,x = (PeI ,x + PeQ,x)/2. (3.23)

Therefore, the solution of the symbol-specific MBER-MUT weight optimizationis defined as

PTxMBER,x = argmin
P

Pe,x (3.24)

s.t. ‖Px‖2 = ET .

As we mentioned, the so-called penalty function approach is adopted here toconvert the constrained

optimization process of Equation (3.24) into an unconstrained one and to perform power allocation for the

sake of meeting the transmit power constraint. To introduce the cost functionfor this optimization problem,

we define the following penalty function for the power constraint

F (P) = Pe,x(P) +Gx(P) (3.25)
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with the penalty function given by

Gx(P) =

{

0, ‖Px‖2 − ET ≤ 0,

λ(‖Px‖2 − ET ), ‖Px‖2 − ET > 0,
(3.26)

where the penalty factorλ > 0 should be chosen appropriately so that the symbol-specific MBER-MUT

design of Equation (3.24) becomes the following unconstrained optimization

PTxMBER,x = argmin
P
{Pe,x(P) +Gx(P)}. (3.27)

3.4.2 Average MBER-MUT

The problem associated the symbol-specific MBER-MUT approach is that for every transmitted symbol

vectorx, the precoder matrixP must be calculated by solving our optimization problem of Equation (3.27),

which imposes a high computational complexity in the long run, as discussed laterin Section 3.6.

To avoid the computational complexity associated with theK-component MIMO symbol-specific MBER

MUT scheme, in this section we introduce the average MBER-MUT, where theprecoder matrix remains op-

timal in terms of minimizing the average BER for all the legitimate transmission symbol vectors.

Let us commence by considering a BPSK system. As stated in Section 3.4.1, when we introduce the

definitions of

zkR = sgn(ℜ[xk])ℜ[yk], (3.28)

ckR = sgn(ℜ[xk])ℜ[hkPx], (3.29)

then, the error probabilityPeI ,k of the quadrature-phase component associated with thekth user, where

1 ≤ k ≤ K, is given by [26]:

PeI ,k = Q

(

ckR
σn

)

, (3.30)

where we have

p(zkR) =
1

α−1σn
√
2π

exp

(

−(zkR − ckR)
2

2σ2
nα

−2

)

. (3.31)

In the average MBER-MUT, the precoder matrix remains optimal in terms of minimizing the average

BER for all the legitimate transmission symbol vectors. Therefore, the average BER of the in-phase com-

ponent ofy at the receiver can be shown to be [142]

PeI =
1

KMK

MK
∑

q=1

K
∑

k=1

Q

(

sgn(ℜ[x(q)k ])ℜ[hkPx(q)]

σn

)

. (3.32)

HereMK is the number of equiprobable legitimate transmit symbol vectorsx(q) for M -ary PSK sig-

nalling andx(q)k is thekth element ofx(q), with 1 ≤ q ≤MK . Thus, the BER of BPSK signalling is

Pe = PeI , (3.33)
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with MK = 2K .

Similarly, the average BER of the quadrature-phase component ofy is given by [142]

PeQ =
1

KMK

MK
∑

q=1

K
∑

k=1

Q

(

sgn(ℑ[x(q)k ])ℑ[hkPx(q)]

σn

)

, (3.34)

and the BER recorded for QPSK signalling is given by

Pe = (PeI + PeQ)/2, (3.35)

with MK = 4K .

Hence, the average MBER MUT solution is defined as

PTxMBER = argmin
P

Pe (3.36)

s.t. E[‖Px‖2] = ET .

To introduce our cost function used for this optimization problem, we define the following penalty

function for incorporating the power constraint

G(P) =

{

0, E[‖Px‖2]− ET ≤ 0,

E[‖Px‖2]− ET , E[‖Px‖2]− ET > 0,
(3.37)

which assists us, when the precoder’s output powerE[‖P∗x‖2] exceeds the total power constraint, for every

possible symbol vector{xi}M
K

i=1 .

Then the cost function is given by

F = Pe + λG(P), (3.38)

which allows us to convert Equation (3.36) into the unconstrained optimization of

PTxMBER = argmin
P
{Pe + λG(P)}, (3.39)

whereλ is the penalty factor and its value should be chosen to ensure rapid convergence.

3.5 PSO assisted MBER-MUT

In this section, PSO assisted symbol-specific (PSO-SS) MBER-MUT and PSO assisted average (PSO-A)

MBER-MUT algorithms are proposed.

The process of the proposed PSO aided MBER-MUT algorithm may be decribed by the flow chart seen

in Fig. 2.8. A swarm of particles,{P̌(l)
i }Si=1, that represents the set of potential solutions is evolved in the

search spaceSN×K , where

S = [−Pmax, Pmax] + j[−Pmax, Pmax] (3.40)

is the square area in the complex plane that defines the search range for each element of the precoder

coefficient matrix,S is the swarm size andl denotes the iteration index. Our empirical results suggest that
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the search limit can be set toPmax = 1 for our application, as shown quantitatively in Section 3.7.Let us

briefly revisit Fig. 2.8 here with reference to the specifically numbered blocks as follows:

1) The swarm initialization-block 1 of Fig. 2.8.

With l = 0, setP̌(0)
1 to the MMSE-MUT solution, while the rest of the initial particles,{P̌(0)

i }Si=2, are

randomly generated in the search spaceSN×K . Another potential solution might be using ’hill-climbing’,

where every single bit of the MMSE-MUT is inverted and as a result, if the CFwas improved, the related

solution is retained.

2) The swarm evaluation-block 2 of Fig. 2.8.

Each particleP̌(l)
i has a costF (P̌

(l)
i ) associated with it, which is evaluated according to either Equation

(3.27) or Equation (3.39), depending on whether the symbol-specific or the average MBER-MUT design is

considered. Each particlěP(l)
i remembers its best position visited so far, denoted asPb(l)i , which provides

the cognitive information. Every particle also knows the best position visited so far when considering all

individuals of the entire swarm, denoted asGb(l), which provides the social information.{Pb(l)i }Si=1 and

Gb(l) are updated at each iteration.

Firstly, the entire particle set’s position{Pb(l)i }Si=1 is updated. For theith particle, where we have

1 ≤ i ≤ S, the CF value ofF (P̌
(l)
i ) and that ofF (Pb(l)i ) are compared as in block 2 of Fig. 2.8, and if the

value ofF (P̌
(l)
i ) is equal to or higher than that ofF (Pb(l)i ), this means that the new position visited by the

ith particle at thelth iteration yields a higher CF value. This higher CF value represents a lowerfitness in

our case, hence the most recently visited position is no better than theith particle’s previously visited best

position during the previous (l − 1) iterations. Hence the value ofF (Pb(l)i ) andPb(l)i will remain at their

previous values, namely atF (Pb(l−1)
i ) andPb(l−1)

i , respectively. If, however, the value ofF (P̌
(l)
i ) is lower

than that ofF (Pb(l)i ), the new position that theith particle visited at thelth iteration yields a reduced CF

value. This corresonds to an increased fitness, hence the new visited position is better than theith particle’s

previously visited best position during its (l − 1) previous iterations. As a result, the value ofF (Pb(l)i ) and

Pb(l)i will be replaced by those ofF (Pb(l)i ) andPb(l)i , respectively in block 2 of Fig. 2.8.

Following the update of{Pb(l)i }Si=1, Gb(l) is also updated in block 2 of Fig. 2.8. The best individual

particle positionPb(l)i∗ found at thelth iteration provides the lowest CF value, namely the highest fitness

value. Then, the CF value ofF (Pb(l)i∗ ) is compared to that ofF (Gb(l)) in block 2 of Fig. 2.8. If the CF

value ofF (Pb(l)i∗ ) is found to be lower than that ofF (Gb(l)), the best position that all members of the whole

swarm ever visited at thelth iteration results in a lower CF value, namely a higher fitness value. Hence the

individual particle position ofPb(l)i∗ results in a better CF value than the whole swarm’s previously visited

best positionGb(l−1) during its previous (l−1) iterations. Consequently, the CF value ofF (Gb(l)) andGb(l)

will be replaced by those ofF (Pb(l)i∗ ) andPb(l)i∗ , respectively. Otherwise,F (Gb(l)) andGb(l) will remain as

those ofF (Gb(l−1)) andGb(l−1), respectively. The related pseudocode explicitly describing the operations

is as follows:

For (i = 1; i ≤ S; i++)

If (F (P̌
(l)
i ) < F (Pb(l)i )) Pb(l)i = P̌

(l)
i ;

End for;
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i∗ = argmin1≤i≤S F (Pb(l)i );

If (F (Pb(l)i∗ ) < F (Gb(l))) Gb(l) = Pb(l)i∗ ;

3) The swarm update-block 3 of Fig. 2.8.

Each particleP̌(l)
i has a velocity, denoted asV(l)

i , which controls its ’flight’. The velocity and position of

theith particle are updated in each iteration according to Equation (2.63) and Equation (2.64), respectively.

It was reported in [107] that using a time varying acceleration coefficient(TVAC) enhances the attainable

performance of PSO. We adopt this mechanism, in whichc1 decreases from 2.5 to 0.5 andc2 varies from

0.5 to 2.5 during the iterative procedure according to [107]:

c1 = (0.5− 2.5) · l/Imax + 2.5,

c2 = (2.5− 0.5) · l/Imax + 0.5.
(3.41)

This TVAC mechanism was found to perform well in our application. We also remove the influence of the

previous iteration’s velocity by settingw = 0, as suggested in [107].

In order to avoid the excessive roaming of particles beyond the search space [128], we limit the velocity

range according toV = [−Vmax, Vmax] + j[−Vmax, Vmax]. Given this choice of particle positions, the

velocity limit can be set toVmax = 1, which is imposed on each element ofV
(l+1)
i so that when the velocity

exceeds its limit, it would be constrainted to its maximum legitimate range, namely to:

If (ℜ[V(l+1)
i |p,q] > Vmax) ℜ[V(l+1)

i |p,q] = Vmax;

If (ℜ[V(l+1)
i |p,q] < −Vmax) ℜ[V(l+1)

i |p,q] = −Vmax;

If (ℑ[V(l+1)
i |p,q] > Vmax) ℑ[V(l+1)

i |p,q] = Vmax;

If (ℑ[V(l+1)
i |p,q] < −Vmax) ℑ[V(l+1)

i |p,q] = −Vmax .

Moreover, if the velocity in Equation (2.63) approaches zero, it is reinitialized proportional by toVmax with

the aid of a scaling factorγ

V
(l+1)
i |p,q = ±rand() · γ · (Vmax + jVmax), (3.42)

where an appropriate value of the scaling factorγ in Equation (3.42) which would allow us to avoid having

a zero velocity was found to beγ = 0.1 in our experiments to be detailed in Section 3.7. The reason for

avoiding zero velocity is quite plausible, since a zero velocity at this iteration would imply that the particle

will not move, hence discarding an opportunity to explore the search space and, as a result, potentially would

delay convergence.

Similarly, each element of̌P(l+1)
i is checked to ensure that it stays inside the search spaceS. More

explicitly, if a particle is outside the search space, it is moved back inside the search space to a random

position, rather than forcing it to stay at the border. This is similar to the philosophy of the scheme proposed

in [128]. The related pseudocode of block 3 in Fig. 2.8 is as follows:

If (ℜ[P̌(l+1)
i |p,q] > Pmax)

ℜ[P̌(l+1)
i |p,q] = rand() · Pmax;
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If (ℜ[P̌(l+1)
i |p,q] < −Pmax)

ℜ[P̌(l+1)
i |p,q] = −rand() · Pmax;

If (ℑ[P̌(l+1)
i |p,q] > Pmax)

ℑ[P̌(l+1)
i |p,q] = rand() · Pmax;

If (ℑ[P̌(l+1)
i |p,q] < −Pmax)

ℑ[P̌(l+1)
i |p,q] = −rand() · Pmax;

4) Termination condition check-block 4 of Fig. 2.8.

Still referring to Fig. 2.8, if the maximum number of iterations,Imax, is reached, terminate the algorithm

with the solutionGb(Imax); otherwise, setl = (l + 1) and go to Step2) of Fig. 2.8.

The corresponding pseudocode of the algorithm can be written as follows:

Step (1). Initialize the positions of the particles,{P̌(0)
i }Si=1, set all the{F (Pb0i )}Si=1 andF (Gb0i ) to a large

positive number;

For (l = 0; l < Imax; l++)

Step (2). Evaluate{F (P̌
(l)
i )}Si=1 for all the particles according to Equation (3.27) in PSO-SS MBER-MUT

optimization or Equation (3.39) in PSO-A MBER-MUT optimization;

Step (3). For (i = 1; i ≤ S; i++)

If [F (P̌
(l)
i ) < F (Pb

(l)
i )]

Pb
(l)
i = P̌

(l)
i ;

End if;

End for;

i∗ = argmin1≤i≤S F (Pb
(l)
i );

If [F (Pb
(l)
i∗ ) < F (Gb(l))]

Gb(l) = Pb
(l)
i∗ ;

End if;

c1 = (0.5− 2.5) · l/Imax + 2.5 ;

c2 = (2.5− 0.5) · l/Imax + 0.5 ;

For (i = 1; i ≤ S; i++)

V
(l+1)
i = w ·V(l)

i + rand() · c1 · [Pb
(l)
i − P̌

(l)
i ] + rand() · c2 · [Gb(l) − P̌

(l)
i ] ;

If (V(l+1)
i |p,q == 0)

If (rand() < 0.5)

V
(l+1)
i |p,q = rand() · γ · (Vmax + jVmax);

Else

V
(l+1)
i |p,q = −rand() · γ · (Vmax + jVmax);

End if;

End if;

If (ℜ[V(l+1)
i |p,q] > Vmax)

ℜ[V(l+1)
i |p,q] = Vmax;

End if;

If (ℜ[V(l+1)
i |p,q] < −Vmax)
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ℜ[V(l+1)
i |p,q] = −Vmax;

End if;

If (ℑ[V(l+1)
i |p,q] > Vmax)

ℑ[V(l+1)
i |p,q] = Vmax;

End if;

If (ℑ[V(l+1)
i |p,q] < −Vmax)

ℑ[V(l+1)
i |p,q] = −Vmax;

End if;

P̌
(l+1)
i = P̌

(l)
i +V

(l+1)
i ;

If (ℜ[P̌(l+1)
i |p,q] > Pmax)

ℜ[P̌(l+1)
i |p,q] = rand() · Pmax;

End if;

If (ℜ[P̌(l+1)
i |p,q] < −Pmax)

ℜ[P̌(l+1)
i |p,q] = −rand() · Pmax;

End if;

If (ℑ[P̌(l+1)
i |p,q] > Pmax)

ℑ[P̌(l+1)
i |p,q] = rand() · Pmax;

End if;

If (ℑ[P̌(l+1)
i |p,q] < −Pmax)

ℑ[P̌(l+1)
i |p,q] = −rand() · Pmax;

End if;

End for;

End for;

3.6 Computational Complexity

In this section the computational complexity of the symbol-specific MBER-MUT and of the average MBER-

MUT algorithms using SQP and PSO are studied. Our computational complexity calculation follows the

suggestions in [26]:

”For the sake of fair comparisons of the MUD algorithms, the number of real-valued operations is used

as the unit of complexity, and the complexities imposed by a real-valued multiplication and a real-valued

addition might be considered equivalent. A single complex-valued addition’s complexity is equivalent to

that of two real-valued operations, and a complex-valued multiplication’s complexity is equivalent to that

of six real-valued operations.”

3.6.1 Symbol-specific MBER-MUT

The computational complexity per iteration of the SQP-based symbol-specific MBER MUT scheme, ex-

tracted from [26] and that of our proposed PSO-SS MBER MUT scheme,are listed in Table 4.4 for QPSK
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modulation. The total computational complexity equals the number of iterations thatthe algorithm required

in order to arrive at a globally optimal solution multiplied by this complexity per iteration.

Table 3.1: Computational complexity per iteration of two symbol-specific MBER MUT designs for QPSK

signalling, whereN is the number of transmit antennas,K is the number of mobile users, andS is the

particle size.

Algorithm Flops

SQP O[8 ·K3 ·N3] + 8 ·K3 ·N2 + 8 ·N2 ·K2 + 22 ·K2 ·N + 8 ·K ·N2

+14 ·K2 + 18 ·K ·N − 2 ·N2 + 2 ·K +N + 11

PSO (38 ·N ·K + 8 ·N + 7 ·K + 3) · S + 8

More explicitly, a detailed complexity calculation table for our proposed PSO-SS MBER MUT scheme

per iteration is listed in Table 3.2, which considers the most complex operations.Naturally, the total com-

plexity depends on the number of transmit antennasN , the number of usersK and on the size of the swarm

S, which is often set betweenS =20 and 40.

Table 3.2: Detailed computational complexity per iteration for PSO-SS MBER MUT designs for QPSK

signalling, whereN is the number of transmit antennas,K the number of mobile users, andS is the particle

size. The numbers in () indicate the index of the corresponding block in Fig. 2.8.

Stage Flops

Evaluate fitness (2) (8 ·N ·K + 7 ·K) · S
Updatec1, c2 (3) 4 · 2
Update velocities (3) 2 · 7 ·N ·K · S
Update positions (3) 2 ·N ·K · S

3.6.2 Average MBER-MUT

The computational complexity per iteration of the SQP-based average MBER MUT algorithm, extracted

from [26] and that of our proposed PSO-A MBER MUT scheme, are listedin Table 3.3 for QPSK mod-

ulation. The total computational complexity equals the number of iterations multiplied by the complexity

per iteration. It should be pointed out that for the symbol-specific MBER-MUT the precoding matrix has

to be recalculated for every symbol vector to be transmitted, while for the average MBER-MUT, the pre-

coding matrix only has to be recalculated when the channel’s complex envelope has changed. Hence the

symbol-specific MBER-MUT exhibits a significantly higher computational complexity. On the other hand,

it is expected that the symbol-specific MBER-MUT design provides a slightly better performance, which

will be demonstrated in Section 3.7.

More explicitly, the detailed complexity calculations for our proposed PSO-A MBER MUT algorithm

per iteration are listed in Table 3.4. Naturally, its complexity depends on the number of transmit antennas

N , the number of usersK, the size of symbol constellationM and the sizeS of the swarm.
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Table 3.3: Computational complexity per iteration of two average MBERMUT designs for QPSK sig-

nalling, whereN is the number of transmit antennas,K is the number of mobile users,M = 4 is the size of

symbol constellation andS is the particle size.

Algorithm Flops

SQP K × (8 ·N2 ·K2 + 6 ·N ·K + 6 ·N + 8 ·K + 4) ·MK

+O[8 ·N3 ·K3] + 8 ·N2 ·K2 + 16 ·N ·K2 + 8 ·N2 ·K
+12 ·N ·K + 6 ·K2 − 2 ·N2 +N − 2 ·K + 11

PSO [(16 ·N ·K + 7 ·K + 6 ·N + 1) ·MK + 20 ·N ·K + 2] · S + 8

Table 3.4: Detailed computational complexity per iteration for PSO-AMBER MUT designs for QPSK

signalling, whereN is the number of transmit antennas,K is the number of mobile users,M = 4 is the

size of the symbol constellation andS is the particle size. The numbers in () indicate the index of the

corresponding block in Fig. 2.8.

Stage Flops

Evaluate fitness (2) [(16 ·N ·K + 7 ·K + 6 ·N + 1) ·MK + 2] · S
Updatec1, c2 (3) 4 · 2
Update velocities (3) 2 · 7 ·N ·K · S
Update positions (3) 2 ·N ·K · S

3.7 Simulation Results and Discussion

In this section, our simulation results are provided along with our related discussions. Since the terms

“TxMBER” and “TxMMSE” can also be seen in the literature [24], the nomenclature “TxMBER” and

“MBER-MUT” are used interchangeably, and so are “TxMMSE” and “MMSE-MUT”.

3.7.1 The choice ofPmax

The appropriate choice ofPmax for the PSO-SS MBER-MUT and PSO-A MBER-MUT algorithms is con-

sidered here. The distribution of the absolute value ofP̌i|p,q recorded for the PSO-SS MBER-MUT scheme

can be seen in Fig. 3.3, where 100 PSO-SS MBER-MUT precoding matriceswere taken into account for

the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat

Rayleigh fading MIMO channels. It can be seen that among all theN ·K · 2 · 100 = 3200 absolute values,

2496 fall in the interval of(0, 0.5], 704 fall in the interval of(0.5, 1.0], while none of them exceeds 1.0.

This suggests that setting the value ofPmax to be|Pmax| = 1 for the PSO-SS MBER-MUT scheme should

be appropriate.

The distribution of the absolute value ofP̌i|p,q of the PSO-A MBER-MUT scheme can be seen in Fig.

3.4, where 100 PSO-A MBER-MUT precoding matrix are taken into accountfor the system employing

N=4 transmit antennas to supportK=4 QPSK users for communicating over flat Rayleigh fading MIMO

channels. It can be seen that, among all the 3200 absolute values, 2621 fall in the interval of(0, 0.5], 579

fall in the interval of(0.5, 1.0], while none of them goes above 1.0. These suggest that setting the value of
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Figure 3.3: The distribution of the absolute value ofP̌i|p,q of the PSO-SS MBER-MUT scheme, where 100

PSO-SS MBER-MUT precoding matrices were taken into accountfor the system employingN=4 transmit

antennas to supportK=4 QPSK users for communicating over flat Rayleigh fading MIMO channels.
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Figure 3.4: The distribution of the absolute value ofP̌i|p,q of the PSO-A MBER-MUT scheme. 100 PSO-A

MBER-MUT precoding matrices were taken into account for thesystem employingN=4 transmit antennas

to supportK=4 QPSK users for communicating over flat Rayleigh fading MIMO channels. We may notice

that the result is similar to what we have seen in Fig. 3.3.
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Table 3.5: Simulation parameters summary. CSIT means CSI at the transmitter side.

Parameter Value or Type

System

Modulation scheme QPSK

Transmit antennas 4

Receive end users 4

Channel flat Rayleigh fading

CSIT knowledge perfect

Channel realizations 100

PSO

Pmax 1

Vmax 1

Pmax to be|Pmax| = 1 for the PSO-A MBER-MUT algorithm is sufficient.

3.7.2 The effect of TVAC

The effects of TVAC described in Section 3.5 on the for PSO-SS MBER-MUT and PSO-A MBER-MUT

algorithms are considered here. The simulation parameters are listed in Table 3.5.

The effect of TVAC on the performance of the PSO-SS MBER-MUT scheme for the system employing

N=4 transmit antennas for supportingK=4 QPSK users communicating over flat Rayleigh fading MIMO

channels at Eb/No=15dB can be seen in Fig. 3.5. The performances areobtained by averaging over 100

channel realizations.

It can be observed in Fig. 3.5 that, when the TVAC scheme is adopted, the PSO-SS MBER-MUT

algorithm converges to the optimal solution slightly earlier namely after around 30 iterations. This suggests

that the TVAC scheme is capable of slightly enhancing the attainable performance of our PSO-SS MBER-

MUT approach.

The effect of TVAC on the performance of the PSO-A MBER-MUT schemefor the system employing

N=4 transmit antennas for supportingK=4 QPSK users communicating over flat Rayleigh fading MIMO

channels at Eb/No=15dB can be seen in Fig. 3.6. The achieved performance was obtained averaged over

100 channel realizations. As we can see in Fig. 3.6, the PSO-A MBER-MUTalgorithm converges to the

optimal solution after around 40 iterations when the TVAC scheme is adopted, slightly earlier than without

the TVAC scheme. This shows that the TVAC scheme is capable of modestly enhancing the performance of

PSO in our PSO-A MBER-MUT approach.

3.7.3 The choice ofγ

The effect of the parameterγ described in Equation (3.42) of Section 3.5 on the for PSO-SS MBER-MUT

and PSO-A MBER-MUT algorithms is considered in this part using the simulation parameters of Table 3.5.
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Figure 3.5: The effect of TVAC on the performance of the PSO-SS MBER-MUT scheme for the system

employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat Rayleigh fad-

ing MIMO channels at Eb/No=15dB. The benchmark performanceof the symbol-specific MBER-MUT at

Eb/No=15dB which can be observed in Fig. 3.16 is also shown inthis figure. All system parameters are

summarized in Table 3.5.

The effect of the choice ofγ in Equation (3.42) on the performance of the PSO-SS MBER-MUT scheme

for the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat

Rayleigh fading MIMO channels at Eb/No=10dB is shown in Fig. 3.7. Again,the performance averaged

over 100 channel realizations. It can be seen in Fig. 3.7 that forγ = 0.1, the PSO-SS MBER-MUT

algorithm converges to the optimal solution after about 20 iterations, while requiring slightly more iterations

for γ = 0.05 andγ = 0.2. Hence, we can conclude that in this case,γ = 0.1 is the best design option.

The effect of the choice ofγ on the performance of the PSO-A MBER-MUT scheme for the system

employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat Rayleigh fading

MIMO channels at Eb/No=10dB can be seen in Fig. 3.8. The BER performance was averaged over 100

channel realizations. Again, it is clear that forγ = 0.1, the PSO-A MBER-MUT algorithm converges to the

optimal solution after about 20 iterations, while requiring slightly more iterations for γ = 0.05 andγ = 0.2.

Therefore, we can see thatγ = 0.1 is also the best choice in this case.

3.7.4 The choice ofS

The effect of the swarm sizeS for the PSO-SS MBER-MUT and PSO-A MBER-MUT algorithms are

quantified in this part using the simulation parameters of Table 3.5.

The influence of the swarm sizeS on the attainable performance of the PSO-SS MBER-MUT scheme
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Figure 3.6: The effect of TVAC on the performance of the PSO-A MBER-MUT scheme for the system

employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat Rayleigh fad-

ing MIMO channels at Eb/No=15dB. Again, the benchmark performance of the average MBER-MUT at

Eb/No=15dB which can be observed in Fig. 3.16 is also shown inthis figure. All system parameters are

summarized in Table 3.5.

for the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat

Rayleigh fading MIMO channels at Eb/No=15dB can be seen in Fig. 3.9 along with the associated compu-

tational complexity. The related performances were recorded upon averaging over 100 channel realizations.

Observe in Fig. 3.9, thatS = 10 failed to ensure convergence to the optimal solution, while the algorithm

associated withS = 20, 30 and 40 converged to the optimal PSO-SS MBER MUT solution. In conjunction

with S = 20, the algorithm converged after about 28 iterations at a complexity costof 375,984 Flops, while

for S = 30 and 40, the algorithm converged after 20 iterations at the complexity costs of 402,760 Flops and

536,960 Flops, respectively. In this case the best design choice isS = 20.

The effect of the swarm sizeS on the performance of the PSO-A MBER-MUT scheme recorded for

the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat

Rayleigh fading MIMO channels at Eb/No=15dB can be seen in Fig. 3.10, inconjunction with the related

computational complexity. The performances were obtained by averaging the results over 100 channel

realizations.

It can also be observed thatS = 10 failed to ensure convergence to the optimal solution while the

algorithm associated with S = 20, 30 and 40 converged to the optimal PSO-A MBER MUT solution. When

using S = 20, the algorithm converged after around 40 iterations at a computational cost of 63,541,120 Flops,

for S = 30, the algorithm converged after 27 iterations at the costs of 64,335,276Flops, while forS = 40,

the scheme requires 79,426,200 Flops to converge after 25 iterations. Hence, in this case, the best choice of
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Figure 3.7: The effect of the choice ofγ in Equation (3.42) on the performance of the PSO-SS MBER-MUT

scheme for the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating

over flat Rayleigh fading MIMO channels at Eb/No=10dB. The benchmark performance of the symbol-

specific MBER-MUT at Eb/No=10dB which can be observed in Fig.3.16 is also shown in this figure. All

system parameters are summarized in Table 3.5.

Table 3.6: Simulation parameters in showing the BER cost function surfaces.

Parameter Value or Type

Modulation scheme QPSK

Transmit (or receive) antennas 1

Number of users 1

Channel flat Rayleigh fading

CSIT (or CSIR) knowledge perfect

Channel [−1.09678 + j0.481258]

S is also 20.

3.7.5 Single-user BER cost function surface

Here, three types of BER CF surfaces are shown for a (1 × 1)-element system, namely, the one for the

MBER-MUD [143], the one for the average MBER-MUT as well as those of the symbol-specific MBER-

MUT concerning each of the four legitimate transmitted symbols, when the baseband received signals are

expressed in the form of Equation 3.43. The simulation parameters are listed inTable 3.6. Let us now
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Figure 3.8: The effect of the parameterγ in Equation (3.42) on the performance of the PSO-A MBER-MUT

scheme for the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating

over flat Rayleigh fading MIMO channels at Eb/No=10dB. Again, the benchmark performance of the av-

erage MBER-MUT at Eb/No=10dB which can be observed in Fig. 3.16 is also shown in this figure. All

system parameters are summarized in Table 3.5.

consider the MUD and MUT scenarios formulated as:

y = W(Hx+ n) forMUD (3.43)

y = HPx+ α−1n forMUT.

First of all, the BER CF surface of the system invoking the MBER-MUD algorithm and employing

N=1 receive antenna to supportK=1 QPSK user communicating over a flat Rayleigh fading channel at

Eb/No=5dB is shown in Fig. 3.11. Both the MMSE-MUD and the MBER-MUD solutions are characterized.

The BER CF does not have a closed-form solution for the MBER-MUD weights for transmission over

Rayleigh fading channels. Hence, an iterative strategy based on the steepest-descent gradient method can be

adopted for finding the MBER solution [26]. It is observed in Fig. 3.11 thatthe MMSE-MUD solution does

not coincide with the MBER-MUD solution, since the output of the detection is not Gaussian distributed. It

can also be observed from Fig. 3.11 that there are infinite number of MBERsolutions.

The BER cost function surfaces for the system invoking the symbol-specific MBER-MUT algorithm

and employingN=1 transmit antenna to supportK=1 QPSK user for communicating over flat Rayleigh

fading MIMO channels at Eb/No=5dB is shown in Fig. 3.13. All the BER surfaces of the four legitimate

transmission symbols can be seen. Both the MMSE-MUT and the MBER-MUT solutions are characterized.

As for the MBER-MUD characterized in Fig. 3.11, the BER CF surfaces exhibit less smoothly evolving
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Figure 3.9: (a)The effect of the choice ofS on the performance of the PSO-SS MBER-MUT scheme

for the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over

flat Rayleigh fading MIMO channels at Eb/No=15dB. The benchmark performance of the symbol-specific

MBER-MUT at Eb/No=15dB which can be observed in Fig. 3.16 is shown in this figure as well. (b) The

related computational complexity. All system parameters are summarized in Table 3.5.
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Figure 3.10: (a) The effect of the swarm sizeS on the performance of the PSO-A MBER-MUT scheme

for the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over

flat Rayleigh fading MIMO channels at Eb/No=15dB. Again, thebenchmark performance of the average

MBER-MUT at Eb/No=15dB which can be observed in Fig. 3.16 is also shown in this figure. (b) The

related computational complexity. All system parameters are summarized in Table 3.5.
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Figure 3.11: The BER cost function surface for the system invoking the MBER-MUD [143] algorithm and

employingN=1 receive antenna to supportK=1 QPSK user for communicating over flat Rayleigh fading

channel at Eb/No=5dB. The channel coefficient isH = [−1.09678+ j0.481258]. Since the cost function is

undefined whenW = [0 + j0], hence there is a blank point in the figure.

shapes than say the typical paraboloid-like MMSE surfaces. Hence we are unable to derive closed-form

solutions for the weights of the precoding matrix of the symbol-specific MBER-MUT scheme of Section

3.4.1. As a solution, an iterative strategy is used. Interestingly, we can observe in Fig. 3.13 that in this

(1 × 1)-element system, the BER cost function surfaces for the four legitimate transmitted symbol are

identical. This phenomenon suggests that in a (1×1)-element single-user system, the shape of the BER cost

function surface is only affected by the CIR as well as the SNR, namely, thenoise level.

The BER cost function surface for the system invoking average MBER-MUT algorithm of Section 3.4.2

and employingN=1 transmit antennas to supportK=1 QPSK users for communicating over flat Rayleigh

fading MIMO channels at Eb/No=5dB is shown in Fig. 3.12. This was recorded by averaging the BER cost

function surfaces of all legitimate transmission symbols. The MMSE-MUT solution is also characterized.

Again, both the symbol-specific MBER-MUT and the average MBER-MUT algorithm outperformed the

MMSE-MUT solution. It is quite interesting to see in Fig. 3.12 and Fig. 3.13 that, although there is a power

constraint, there are again infinite number of MBER solutions for the precoder’s coefficients for this1 × 1

system.
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Figure 3.12: The BER cost function surface for the system invoking the average MBER-MUT algorithm

and employingN=1 transmit antenna to supportK=1 QPSK user for communicating over flat Rayleigh

fading channel at Eb/No=5dB. The channel coefficient isH = [−1.09678 + j0.481258]. The cost function

is undefined whenW = [0 + j0], therefore there is a blank point in the figure.

3.7.6 Two-user scenario

In the above example, we showed that the BER cost function surfaces ofthe MBER-MUD, the symbol-

specific MBER-MUT and average MBER-MUT are identical for a (1×1)-element single user QPSK system,

hence resulting in the same MBER solution. The same conclusions remain valid, when more users are

supported, namely, also in the scenario when MUI is imposed. In this part, a two-user scenario is considered,

where there areMK = 42=16 legitimate transmission symbol vectors. The simulation parameters are listed

in Table 3.7. The CIRs of the (2× 2)-element system are:

H =

[

0.045 + j0.121 − 0.797− j0.435

−0.574− j0.340 − 0.262− j1.920

]

.

If the baseband received signals are expressed in the form given in Equation 3.43, for the MUD receiver

weightsWmmse, we have

Wmmse =

[

1.865− j0.004 − 0.562 + j0.726

−0.459 + j0.533 − 0.140 + j0.169

]

, (3.44)
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Figure 3.13: The BER cost function surfaces for the system invoking the symbol-specific MBER-MUT

algorithm and employingN=1 transmit antenna to supportK=1 QPSK user for communicating over flat

Rayleigh fading channel at Eb/No=5dB. The channel coefficient is H = [−1.09678 + j0.481258]. (a)
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and

Wmber =

[

1.074− j0.053 − 0.470 + j0.612

−0.328 + j0.333 − 0.115 + j0.113

]

. (3.45)

By contrast, in the case of the MMSE-MUT and the average MBER-MUT algorithms, the precoder

weights are:

Pmmse =

[

1.865− j0.004 − 0.562 + j0.726

−0.459 + j0.533 − 0.140 + j0.169

]

, (3.46)

and

Pa−mber =

[

1.074− j0.053 − 0.470 + j0.612

−0.328 + j0.333 − 0.115 + j0.113

]

. (3.47)
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Table 3.7: Simulation parameters in theK = 2 users case.

Parameter Value or Type

Modulation scheme QPSK

Transmit (or receive) antennas 2

Number of users 2

Channel flat Rayleigh fading

CSIT (or CSIR) knowledge perfect

SNR 10 dB

When the symbol-specific MBER-MUT algorithm is considered, we arrive at different results emerging

from our simulations. Whenx = [
√
2
2 + j

√
2
2

√
2
2 + j

√
2
2 ]T or x = [−

√
2
2 − j

√
2
2 −

√
2
2 − j

√
2
2 ]T or

x = [
√
2
2 − j

√
2
2

√
2
2 − j

√
2
2 ]T or x = [−

√
2
2 + j

√
2
2 −

√
2
2 + j

√
2
2 ]T , the values for the precoding matrix

are:

Pss−mber,1 =

[

1.058 + j0.090 − 0.287 + j0.496

−0.440 + j0.264 − 0.115 + j0.258

]

. (3.48)

By Contrast, forx = [
√
2
2 − j

√
2
2

√
2
2 + j

√
2
2 ]T or x = [−

√
2
2 + j

√
2
2 −

√
2
2 − j

√
2
2 ]T or x =

[
√
2
2 + j

√
2
2 −

√
2
2 + j

√
2
2 ]T or x = [−

√
2
2 − j

√
2
2

√
2
2 − j

√
2
2 ]T , the values for the precoding matrix are:

Pss−mber,2 =

[

1.118− j0.061 − 0.394 + j0.430

−0.425 + j0.398 − 0.004 + j0.252

]

. (3.49)

Forx = [−
√
2
2 + j

√
2
2

√
2
2 + j

√
2
2 ]T orx = [

√
2
2 − j

√
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√
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2 − j

√
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2 ]T orx = [

√
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√
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√
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√
2
2 ]T

or x = [−
√
2
2 − j

√
2
2 −

√
2
2 + j

√
2
2 ]T , the values for the precoding matrix are:

Pss−mber,3 =

[

1.001 + j0.180 − 0.245 + j0.872

−0.158 + j0.258 − 0.213− j0.087

]

. (3.50)

Finally, forx = [−
√
2
2 − j

√
2
2

√
2
2 + j

√
2
2 ]T or x = [

√
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2 + j

√
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√
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√
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√
2
2 ]T or x = [−

√
2
2 + j

√
2
2

√
2
2 − j

√
2
2 ]T , the values for the precoding matrix are:

Pss−mber,4 =

[

1.017− j0.258 − 0.823 + j0.365

−0.156 + j0.212 − 0.067− j0.108

]

. (3.51)

As we can see, the weights of the MBER-MUD and those of the average MBER-MUT are identical,

since they are obtained by averaging over all the 16 legitimate transmission symbol vectors. Moreover, those

of the latter are more difficult to derive in practice owing to the additional total transmit power constraint of

Equation (3.6).

For the symbol-specific MBER-MUT scheme, there are four different sets of precoding matricesP

based on the 16 legitimate transmission symbol vectors considered. This factsuggests that different sets

of legitimate transmission symbol vectors may results in the same precoding matrices. Nevertheless, this

precoding matrix is specifically designed for these sets of legitimate transmissionsymbol vectors, which
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is in contrast to the more generic average MBER-MUT solution. This explainsthe BER performance gain

of the symbol-specific MBER-MUT over the average MBER-MUT, which is achieved at the expense of an

increased computational complexity.

3.7.7 Convergence and complexity
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Figure 3.14: Convergence performance of the SQP as well as PSO-SS and PSO-A MBER-MUT schemes

for the system employingN = 4 transmit antennas to supportK = 4 QPSK mobile users over flat Rayleigh

fading channels atEb/No=10 dB and 15 dB, repsectively. All system parameters are summarized in Table

3.5.

In this section, we provide a convergence and complexity study for the SQPas well as for the PSO-SS

and PSO-A MBER-MUT schemes for the system employingN = 4 transmit antennas to supportK = 4

QPSK mobile users communicating over flat Rayleigh fading channels. The simulation parameters are listed

in Table 3.5.

Fig. 3.14 compares the convergence performance of the SQP as well as PSO based symbol-specific

and average MBER MUT schemes, operating at the SNR values of10 dB and 15 dB, respectively. For

the symbol-specific MBER MUT communicating at SNR= 10 dB, it can be seen from Fig. 3.14 that the

SQP algorithm converged to the optimal solution after 70 iterations, while its PSO counterpart arrived at

the same optimal solution after 20 iterations. In the case of the average MBER-MUT design operating at

SNR= 10 dB, the SQP algorithm converged to the optimal solution after 100 iterations, while the PSO

algorithm arrived at the same optimal solution after 20 iterations.

Fig. 3.15 shows the complexity versus iteration index for the four MBER-MUTdesigns studied at the

SNR value of 10 dB. For the symbol-specific MBER MUT communicating at SNR= 10 dB, the SQP
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Figure 3.15: Complexity versus iteration index comparison of the SQP as well as PSO-SS and PSO-A

MBER-MUT schemes for the system employingN = 4 transmit antennas to supportK = 4 QPSK mobile

users over flat Rayleigh fading channels at Eb/No=10 dB. All system parameters are summarized in Table

3.5.

algorithm required 3,180,170 Flops to converge to the optimal solution, while thePSO aided algorithm

converged to the same optimal solution at the cost of 268,560 Flops. Hence the PSO-aided symbol-specific

MBER-MUT design imposed an approximately twelve times lower complexity than its SQP counterpart

for this case. For the average MBER MUT design operating at SNR= 10 dB, the SQP algorithm needed

229,351,100 Flops to converge to the optimal solution, while the PSO aided algorithm converged at the cost

of 34,561,760 Flops. Therefore, the PSO-aided average MBER-MUT design imposed an approximately

seven times lower complexity than its SQP counterpart in the scenario investigated.

It can also be seen from Fig. 3.14 that at SNR= 15 dB the SQP based symbol-specific MBER MUT

converged after 80 iterations, which required 3,634,480 Flops, while the PSQ-aided symbol-specific MBER

MUT achieved convergence after 30 iterations, which required 402,840Flops. Thus, the PSO-aided symbol-

specific MBER-MUT design imposed an approximately nine times lower complexity than its SQP counter-

part for the SNR value of 15 dB. Similarly, it can be seen from Fig. 3.14 thatat SNR= 15 dB the SQP based

average MBER MUT algorithm took 140 iterations to converge at a total complexity cost of 321,091,540

Flops, while the PSO-aided average MBER MUT design needed 40 iterationsto converge at a total cost

of 63,541,120 Flops. It was then plausible that the PSO-aided average MBER-MUT design imposed an

approximately five times lower complexity than its SQP-based counterpart investigated in this scenario.
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Figure 3.16: BER versus SNR performance of the PSO-SS MBER-MUT and PSO-A MBER-MUT commu-

nicating over flat Rayleigh fading channels usingN = 4 transmit antennas to supportK = 4 QPSK mobile

users, in comparison with the benchmark MMSE-MUT. The channel estimation error was assumed to be

Gaussian and had a standard deviation of 0.05 er noise-dimension. All system parameters are summarized

in Table 3.5.

3.7.8 Performance and Discussions

The BER versus SNR performances of the PSO-SS MBER-MUT and PSO-A MBER-MUT schemes com-

municating over flat Rayleigh fading channels usingN = 4 transmit antennas to supportK = 4 QPSK

mobile users, can be seen in Fig. 3.16 in comparison to the benchmark MMSE-MUT scheme. The simula-

tion parameters are listed in Table 3.5.

Fig. 3.16 compares the BER performance of the MMSE-MUT scheme to those of the PSO-SS MBER-

MUT and PSO-A MBER-MUT schemes, assuming a perfect CSI knowledgeat the BS. It is seen that the

PSO-SS MBER-MUT achieved an SNR gain of 4.5 dB over the MMSE-MUT atthe target BER of10−4,

while the PSO-A MBER-MUT provided an SNR gain of 3 dB over the MMSE-MUT scheme at the same

target BER level. The robustness of the two PSO-aided MBER-MUT schemes to channel estimation error

was also investigated by adding a Gaussian white noise with a standard deviation of 0.05 per dimension to

each channel taphi,k to represent channel estimation error. The BERs of the MMSE-MUT and the two PSO

based MBER-MUT schemes under this channel estimation error are also plotted in Fig. 3.16. It can be seen

that both the PSO-SS and PSO-A MBER-MUT designs were no more sensitive to channel estimation error

than the MMSE-MUT design.
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3.8 Conclusions

Table 3.8: Computational complexity summary.

Complexity(Flops)/SNR Complexity(Flops)/SNR

SQP (Average MBER-MUT) 229,351,100/10dB 321,091,540/15dB

PSO (Average MBER-MUT) 34,561,760/10dB 63,541,120/15dB

SQP (Symbol-specific MBER-MUT) 3,180,170/10dB 3,634,480/15dB

PSO (Symbol-specific MBER-MUT) 268,560/10dB 402,840/15dB

In this chapter, we focused our attention on the computational complexity reduction of linear MBER-

MUTs, namely that of the symbol-specific MBER-MUT and of the average MBER-MUT. The MUT using

the MMSE criterion is popular owing to its implementational and concept simplicity. However, since the

BER is the ultimate system performance indicator, we are more interested in the MBER-MUT design.

Unlike the MBER-MUD, the MBER-MUT design encounters a power constrained nonlinear optimization

problem. The SQP algorithm [24] may be used to obtain the precoder’s coefficients. However, the computa-

tional complexity of the SQP based MBER-MUT solution may be excessive forhigh-rate systems. Hence,

as an attractive design alternative, in this chapter, continuous-valued PSO was invoked in order to find the

MBER-MUT’s precoder matrixP for reducing its computational complexity.

Two PSO aided MBER-MUTs were designed and characterized in this chapter. The first one may be

referred to as the symbol-specific MBER-MUT, while the other one as the average MBER-MUT. Simulation

results of Fig. 3.15 demonstrated that both of our designs provide an improvement in comparison to conven-

tional linear MUT schemes at a reduced complexity compared to the state-of-art SQP based MBER-MUT.

More explicitly, in the case of the symbol-specific MBER-MUT of Section 3.4.1, for example, in a (4× 4)-

element MIMO system communicating over flat Rayleigh fading channels at anSNR of Eb
No = 10dB when

a QPSK modulation scheme is adopted, observe in Fig. 3.14 that our PSO aidedMBER-MUT algorithm

arrives at the MBER-MUT solution at a twelve times lower complexity than the SQPbased MBER-MUT

design as seen in Table 3.8. Similarly, observe in Table 3.8 that its computationalcomplexity is nine times

lower than that of the SQP based approach when the operating SNR isEb
No = 15 dB. In the case of the aver-

age MBER-MUT scheme of Section 3.4.2, for example, in a (4×4)-element MIMO system communicating

over flat Rayleigh fading channels at an given SNR ofEb
No = 10dB when a QPSK modulation scheme is

adopted, our PSO aided MBER-MUT algorithm arrives at the MBER-MUT solution at a seven times lower

complexity than the SQP based MBER-MUT design. Similarly, its computational complexity is seen to be

five times lower in Fig. 3.14 than that of the SQP based approach, when the operating SNR isEb
No = 15dB,

again, these are summarized in Table 3.8.

These results demonstrated the efficiency of using continous-valued PSOalgorithms in deriving the

linear MBER-MUT’s precoder weights at a reduced computational complexity. In the next chapter, we will

look into the application of discrete-valued PSO algorithm in the area of the promising nonlinear MUT

scheme, namely vector precoding.



Chapter4
Particle Swarm Optimization Aided Vector

Precoding

4.1 Introduction and Relevance to Previous Chapters

In Chapter 3, we demonstrated the efficiency of using continous-valued PSO algorithms in deriving the

linear MBER-MUT’s precoder weights at a reduced computational complexity. However, the computational

complexity becomes potentially higher fir the VP considered in this chapter, which constitutes a nonlinear

MUT.

As we argued in Section 2.1.2.3, the classic sphere encoding algorithm [23], which has a similar reduced-

search philosophy to that of the sphere decoding algorithm [33] used in MUD [1], is indeed capable of

achieving the optimum performance. However, its computational complexity may become prohibitive in

high-dimensional problems. Several suboptimum algorithms have been proposed in order to reduce the

average complexity at the expense of some performance degradation. In[34], the authors adopted the lattice

reduction method [144] and Babai’s approximate closest point solution [144] for the sake of reducing the

complexity of the nonlinear VP, following a similar philosophy to those of [145] and [146]. The authors

of [4] extended these solutions to MMSE-VP based on [32].

Against this background, in this chapter we embark on designing a low-complexity search algorithm

based on the discrete-valued PSO instead of the sphere encoding algorithm of [23] for finding the optimum

perturbation vector in order to reduce the computational complexity imposed. This approach provides a flex-

ible computational complexity as a benefit of its iterative optimization, while the lattice-reduction approach

of [4] has a non-reconfigurable complexity.

The system model is introduced in Section 4.2 and we revisit the cost functions for VP in Section 4.3.

In Section 4.4, a rudimentary introduction to the discrete multi-valued PSO is provided. The discrete multi-

valued PSO aided low-complexity VP design is proposed in Section 4.5 and the corresponding computa-

tional complexity is discussed in Section 4.6. Our simulation results are providedin Section 4.7, followed

by our discussions and the chapter conclusions in Section 4.8.
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4.2 System Model

As previously detailed in the context of Fig. 2.3 in Section 2.1.2.1, the DL of an SDMA system supporting

non-cooperative mobile receivers is considered here, where the BS equipped withN transmit antennas

communicates withK non-cooperative MSs over frequency-flat fading channels, eachemploying a single

receive antenna and a modulo device. The system model used throughout this chapter is the same as the one

we introduced in Section 2.1.2.1, which is repeatly described in the following for the reader’s convenience.

TheK-element information symbol vector to be perturbed is given byx = [x1, x2, · · · , xK ]T , where

the symbol energy isE[|xk|2] = σ2
x, for 1≤k≤K, andxk is an i.i.d. uniformly distributed random vari-

able. Recall from Section 2.1.2.1 that the perturbed symbol vectoru having a dimension ofK is given

by u = x + ω, whereω is the perturbation vector given as [23]ω = τζ. The (N × K)-element

precoding matrixP is denoted asP = [p1,p2, · · · ,pK ], wherepk, 1 ≤ k ≤ K represents the pre-

coder’s coefficient vector configured for thekth user’s data stream. The (K × N )-element channel matrix

H is denoted asH = [h1,h2, · · · ,hK ]T , wherehk, 1≤k≤K is thekth user’s CIR, which is given by

hk = [hk,1, hk,2, · · · , hk,N ], k = 1, 2, · · · ,K. The CIR tapshk,i, for 1≤k≤K and1≤i≤N are independent

of each other and obey the complex-valued Gaussian distribution associated with E[|hk,i|2] = 1. The Gaus-

sian noise vectorn is given byn = [n1, n2, · · · , nK ]T , wherenk, 1≤k≤K is a complex-valued Gaussian

random variable with zero mean andE[|nk|2] = 2σ2
n = No. When the total transmit power is constrained

to beET at the BS, an appropriate scaling factor is used to fulfill this transmit power constraint, which is

defined asα =
√

ET/‖d‖2. At the receiver, the reciprocal of the scaling factor, namelyα−1, is used to

scale the received signal in order to maintain a unity-gain transmission, again, as detailed in Section 2.1.2.1.

Thus, the signal vector before the modulo operation can be described asŷ = HPu+α−1n, the received

signal vectory = [y1 y2 · · · yK ]T after the modulo operation is given byy = modτ
(

ŷ
)

, andyk, 1 ≤ k ≤ K,

constitutes sufficient statistics for thekth MS to detect the transmitted information data symbolxk through

quantization.

4.3 Cost Functions for Vector Precoding

The cost functions for ZF-VP and MMSE-VP have been introduced in Section 2.1.2.2 and Section 2.1.2.3,

respectively. More explicitly, the cost function of ZF-VP was formulated inEquation (2.31) as:

ωZF = argmin
ω
‖HH(HHH)−1(x+ ω)‖22,

while the cost function of MMSE-VP was given in Equation (2.59) as:

ωMMSE = argmin
ω
‖L(x+ ω)‖22.

The perturbation vector is given byω = τζ, whereτ is a positive number determined by the modulation

constellation employed. More explicitly, if theM -point square-shaped Gray coded quadrature amplitude

modulation (QAM) constellation of
{

± 1

2
, · · · ,±

√
M − 1

2

}

+ j
{

± 1

2
, · · · ,±

√
M − 1

2

}
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is used, the modulo operation parameter can be set toτ =
√
M [4, 32], andζ is a complex-valued vector

whose components area+ jb, wherea andb are integers.

4.4 Discrete Multi-Valued PSO

Typical discrete particle swarm optimization algorithms are designed for binary-valued optimization prob-

lems [129]. As we will show in Section 4.7, for each corresponding search space of the real and imaginary

part of theK-element complex-valuedζ may be restricted to be[−2,−1, 0, 1, 2]2×K . If the binary-valued

PSO is employed [129], this five-element set requires a three-bit binary representation, which ranges be-

tween [0-7] covering 8 integers, while we only need five of them in our case. Thus, special measures would

be required to handle the values outside the original five-element range ofthe discrete variable. Hence,

binary-valued PSO techniques are not ideal for our problem and we adopted a discrete multi-valued PSO

to solve our specific problem in this case. More explicitly, we follow the proposals outlined in [135] and

invoke the authors’ discrete multi-valued PSO algorithm after appropriate modifications in order to solve

our problem. In the next section, the original discrete multi-valued PSO algorithm proposed in [135] is

introduced.

4.4.1 Discrete Multi-Valued PSO

The discrete multi-valued PSO algorithm proposed in [135] deals with optimizationproblems, where the

range of discrete variable values spans[0, (M − 1)]. Hence, this algorithm is capable of solving a generic

discrete and complex-valued optimization problem formulated as:

P̌opt = argmin
P̌

F (P̌); s.t. : P̌ ∈ SN×K , (4.1)

whereP̌ is a(N ×K)-element discrete and complex-valued matrix to be optimized, and

S = [0, M − 1] + j[0, M − 1] (4.2)

defines the search range for each element ofP̌. The flow chart of the corresponding PSO algorithm is shown

in Fig.4.1. A swarm of particles{P̌(l)
i }Si=1, which represents the potential solutions is evolved in the search

spaceSN×K , whereS is the swarm size and the indexl denotes the iteration index. The search process of

this discrete multi-valued PSO is explained as follows:

1) The swarm initialization - block 1 of Fig. 4.1.

This step is similar to what we have introduced for block 1 of Fig. 2.8 in the context of the MBER-

MUT. In other words, the procedures of the MBER-MUT are also applicable for the VP design of this

chapter. For the reader’s convenience we repeat these procedures here. Atl = 0, the initial particles,

{P̌(0)
i }Si=1, are randomly generated in the search spaceSN×K . More explicitly, the real and imaginary part

of every element of the particles{P̌(0)
i }Si=1 is initialized to a discrete number within the range[0 M − 1].

2) The swarm evaluation - block 2 of Fig. 4.1.
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Figure 4.1: Flow chart of the discrete multi-valued PSO algorithm

Again, this part of the PSO-aided VP is identical to the one we have already introduced in block 2 of

Fig. 2.8 in Section 2.2.1.3. More explicitly, each particleP̌
(l)
i is associated with a fitness valueF (P̌

(l)
i ),

which is evaluated based on the cost function given in Equation (2.31) forthe ZF-VP and by Equation (2.59)

for the MMSE-VP. Each particlěP(l)
i is capable of remembering its best individual position visited so far,

denoted asPb
(l)
i , which provides the cognitive information. Every particle also remembers thebest position

visited so far by the entire swarm, denoted asGb(l), which provides the social information. As seen in Fig.

4.1, both{Pb
(l)
i }Si=1 andGb(l) are updated in each iteration, if a better individual particle position and an

improved swarm best position is found, respectively.

To elaborate a little further,{Pb
(l)
i }Si=1 is updated in block 2 of Fig. 4.1. For theith particle, where

1 ≤ i ≤ S, the CF values ofF (P̌
(l)
i ) andF (Pb

(l)
i ) are compared in block 2 of Fig. 4.1. If the CF value

of F (P̌
(l)
i ) is equal to or higher than that ofF (Pb

(l)
i ), this implies that the new position that theith particle

visited during thelth iteration yields a higher CF value, i. e. a reduced fitness in our case. Hence the new

visited position is no better than theith particle’s previously visited best position during its most recent

(l − 1) iterations. Therefore the CF values ofF (Pb
(l)
i ) andPb

(l)
i will remain the same as their previous

values, namelyF (Pb
(l−1)
i ) andPb

(l−1)
i , respectively. If the CF value ofF (P̌

(l)
i ) is lower than that of

F (Pb
(l)
i ), then the new position that theith particle visited during thelth iteration yields a lower CF value,



4.4.1. Discrete Multi-Valued PSO 89

i. e. an increased fitness, hence the new visited position is better than theith particle’s previously visited

best position during its last (l − 1) iterations. Consequently the CF value ofF (Pb
(l)
i ) andPb

(l)
i will be

replaced by those ofF (Pb
(l)
i ) andPb

(l)
i , respectively.

As seen in block 2 of Fig. 4.1, after the update of{Pb
(l)
i }Si=1, Gb(l) is updated. The best individual

particle position at thelth iterationPb
(l)
i∗ is the one, which provides the lowest CF value, namely the highest

fitness value. Then, the CF value ofF (Pb
(l)
i∗ ) is compared to that ofF (Gb(l)). If the value ofF (Pb

(l)
i∗ )

is lower than that ofF (Gb(l)), then the best position that the whole swarm visited during thelth iteration

results in a reduced CF value, namely an increased fitness value. Hence the position ofPb
(l)
i∗ is better than

the entire swarm’s previously visited best positionGb(l−1) during its last (l − 1) iterations. Hence the CF

value ofF (Gb(l)) andGb(l) will be replaced by those ofF (Pb
(l)
i∗ ) andPb

(l)
i∗ , respectively. Otherwise,

F (Gb(l)) andGb(l) will remain the sameF (Gb(l−1)) andGb(l−1), respectively. The related pseudocode is

as follows:

For (i = 1; i ≤ S; i++)

If [F (P̌
(l)
i ) < F (Pb

(l)
i )] Pb

(l)
i = P̌

(l)
i ;

End for;

i∗ = argmin1≤i≤S F (Pb
(l)
i );

If [F (Pb
(l)
i∗ ) < F (Gb(l))] Gb(l) = Pb

(l)
i∗ ;

3) The swarm update - block 3 of Fig. 4.1.

In contrast to block 1 and 2 of the MBER-MUT, this block of the VP design is different from what we

observed in block 3 of Fig. 2.8 in Section 2.2.1.3. The difference lies in the process of updating the position

P̌i which is detailed in the following.

Explicitly, each particlěPi has a velocityV(l)
i during thelth iteration, which controls its ’flight’. The

velocity and position of theith particle at the (l + 1)st iteration are updated according to Equation (2.63),

which is repeated here for convenience:

V
(l+1)
i = w(l+1) ·V(l)

i + rand() · c1 · [Pb
(l)
i − P̌

(l)
i ] + rand() · c2 · [Gb(l) − P̌

(l)
i ],

whererand() denotes the uniform random number between 0 and 1, andc1 = 1.0 andc2 = 1.0 are the

two acceleration coefficients,w(l+1) is the inertia weight. The inertia weight is updated from iteration to

iteration, according to the following equation [135]:

w(l) =
(wmax − 0.4) · (Imax − l)

Imax − 0.4
, (4.3)

wherewmax = 0.9 andImax is the maximum number of iterations. The effect of this time-variant inertia

weight is that in the early iterative stages, the particles would explore the entire search space, since the

particles’ momentum is preserved from the previous iteration, hence a global search is facilitated. By

contrast, during the later iterative stages, the employment of a low inertia weight value would facilitate a

rapidly converging local search. This allows the PSO algorithm to explore the entire legitimate search range,

hence avoiding premature convergence to a local optimum.
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In contrast to the approach adopted in Equation (2.64) in the context of continous-valued PSO aided

MBER-MUT which produces continous-valued position and in Equation (2.73) in the context of binary

PSO which generates binary-valued position, each element of the velocity vectorV here is transformed into

an integer number between[0, M ] using the sigmoid transformation [129]:

sig(ℜ[V(l+1)
i |p,q]) =

M

1 + e−(ℜ[V
(l+1)
i |p,q ])

, (4.4)

sig(ℑ[V(l+1)
i |p,q]) =

M

1 + e−(ℑ[V
(l+1)
i |p,q ])

.

The position of the particlěP(l+1)
i is updated also differently from Equation (2.64) as detailed below.

More explicitly, each element of the complex-valued positionℜ[P̌(l+1)
i |p,q] andℑ[P̌(l+1)

i |p,q] is generated

using the Gaussian distribution with a mean and standard deviation ofN [sig(ℜ[V(l+1)
i |p,q]), ̺(M − 1)]

or N [sig(ℑ[V(l+1)
i |p,q]), ̺(M − 1)] respectively, where̺ is a number to be chosen in order to enhance

the algorithm’s performance, and it was suggested to employ̺ = 0.2 for a ternary system in [135]. The

position of the particlěP(l+1)
i is updated according to the rules detailed in the next paragraph.

Let us consider the generation of the positionℜ[P̌(l+1)
i |p,q] as an example. We randomly pick a num-

ber from the Gaussian distribution associated with the center or mean ofsig(ℜ[V(l+1)
i |p,q]) and standard

deviation of(M − 1) · ̺. Then we “round” this number to the nearest integer. If the integer is less than

0, then the positionℜ[P̌(l+1)
i |p,q] is set to 0, else if the integer is larger than (M − 1), thenℜ[P̌(l+1)

i |p,q]
is set to (M − 1), otherwiseℜ[P̌(l+1)

i |p,q] is set to the closest integer. For example, if the search range of

the problem encompasses the integer positions in the range of[0, 4], and we haveℜ[V(l+1)
i |p,q]=0.8, then

given the mean ofsig(ℜ[V(l+1)
i |p,q])=3.4499, the center of the corresponding normal distribution is 3.4499.

Furthermore, the standard deviation is(M − 1) · ̺ = 0.2 · (5 − 1) = 0.8. Assuming that the randomly

picked number is 2, since it is in the range of[0, 4], hence we haveℜ[P̌(l+1)
i |p,q] = 2. The corresponding

pseudocode used for the VP, which has to be contrasted to Equation (2.64) of the MBER-MUT is as follows:

ℜ[P̌(l+1)
i |p,q] = round[sig(ℜ[V(l+1)

i |p,q]) + (M − 1) · ̺ · randn())] (4.5)

ℜ[P̌(l+1)
i |p,q] =

{

0, sig(ℜ[V(l+1)
i |p,q]) < 0,

M − 1, sig(ℜ[V(l+1)
i |p,q]) > M − 1,

ℑ[P̌(l+1)
i |p,q] = round[sig(ℑ[V(l+1)

i |p,q]) + (M − 1) · ̺ · randn())] (4.6)

ℑ[P̌(l+1)
i |p,q] =

{

0, sig(ℑ[V(l+1)
i |p,q]) < 0,

M − 1, sig(ℑ[V(l+1)
i |p,q]) > M − 1,

whererandn() is a random number generated from a standard normal distribution.

Observe from the above equations that both the real and imaginary value of the position is a discrete

number between[0, M − 1]. Then, for any given value of the position, there is a certain probability for

choosing a number between[0, M − 1], which decreases as a function of its distance from the given value.

4) Termination condition check - block 4 of Fig. 4.1.

This block is also similar to block 4 of Fig. 2.8 in Section 2.2.1.3, which consideredthe MBER-MUT.

If the maximum number of iterations,Imax, is reached, terminate the algorithm with the solutionGb(Imax).
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Another optional termination criterion is constituted by a pre-defined cost function value, namely, when we

haveF (Gbl) < r, wherer is the pre-defined cost function value. If the stopping criterion is not satisfied,

setl = l + 1 and proceed to Step2) of Fig. 4.1.

As we mentioned, each element of the velocity vectorV is transformed into an integer number between

[0, M ], which will be the average of the normal distribution used for generating thecorresponding position,

while our search space for the position is[0, M − 1]. We will show in Section 4.7 that the approach of

transforming each element of the velocity vectorV into a number between[0, M ] rather than between

[0, M − 1] may limit the performance of the algorithm, since the latter approach provides animproved

performance in our case. More explicitly, the velocity vector elements determine, how far a particle may

move from its central position, which relates the velocity to the positions.

4.4.2 Example

Let us now use a simple example to show how this algorithm described by Fig. 4.1operates. The two

dimensional problem to be minimized is‖x− 2‖22, where the corresponding search space is defined as any

integer between[0, 5]2, it is clear that the global minimal point isx = [2 2] associated with a fitness

function value ofF (x) = 0. The related parameters are summarized in Table 4.1.

We would like to mention that a simple MUD example has been provided in Table 2.13 of Section 2.2.2.1

which used binary PSO. Therefore, the difference between these two examples is the that in the previous

example, the search space is 0 or 1, while in the example below, the search space is defined as any integer

between[0, 5]2.

When the first search iteration starts, the value of the inertia weight isw(1) = (0.9−0.4)·(5−1)
5−0.4 = 0.43,

1. For particle 1:

• For 1st element:

The velocity is calculated from Equation (2.63) asV1
(1,1) = 0.43 ·0+1 ·0.74 ·0+1 ·0.39 ·−3 =

−1.17. Then we havesig(V1
(1,1)) = 1.41, and after the “rounding” action, the new position

becomešP(1)
(1,1) = 0.

• For 2nd element:

The velocity is calculated from Equation (2.63) asV1
(1,2) = 0.43 ·0+1 ·0.55 ·0+1 ·0.73 ·−1 =

−0.73. Hence we havesig(V1
(1,2)) = 1.94, and after the “rounding” action, the new position is

P̌
(1)
(1,2) = 1.

Therefore, the position for the 1st particle at the 1st iteration isP̌
(1)
1 = [0 1]. The associated

fitness function value is thenF = 5. Since this value is lower than the previous one ofF = 8 in

Table 4.1 for the 1st particle, the personal best visited position is updated toPb
(1)
1 = [0 1].

2. For particle 2:

• For 1st element:

The velocity is calculated from Equation (2.63) asV1
(2,1) = 0.43 ·0+1 ·0.61 ·0+1 ·0.58 ·0 = 0.
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Table 4.1: The related parameters of the optimization example using the algorithm proposed in [135].

Please note that a similar example has been provided in Table2.13 of Section 2.2.2.1 which used binary

PSO. However, we are using discrete multi-valued PSO here.

Related parameters Value or Type

Fitness functionF (x) ‖x− 2‖22
Inertia weightw(l) (wmax−0.4)·(Imax−l)

Imax−0.4

Maximum number of iterationsImax 5

c1 1

c2 1

̺ 0.2

Search space for each dimension [0, 5]

Size of particle swarmS 4

Initial position for particle 1:P̌(0)
1 [4 4]

Initial fitness value for particle 1 8

Initial position for particle 2:P̌(0)
2 [1 0]

Initial fitness value for particle 2 5

Initial position for particle 3:P̌(0)
3 [1 3]

Initial fitness value for particle 3 2

Initial position for particle 4:P̌(0)
4 [3 0]

Initial fitness value for particle 4 5

Initial global best position:Gb(0) [1 3]

Initial fitness value forGb(0) 2

Thensig(V1
(2,1)) = 3, and after the “rounding” action, the new position becomesP̌

(1)
(2,1) = 2.

• For 2nd element:

The velocity quantified by Equation (2.63)V1
(2,2) = 0.43 · 0 + 1 · 0.07 · 0 + 1 · 0.37 · 3 = 1.12.

Then we havesig(V1
(2,2)) = 4.52. Following the “rounding” action, the new position becomes

P̌
(1)
(2,2) = 5.

Therefore, the position for the 2nd particle at the 1st iteration isP̌
(1)
2 = [2 5]. The associated

fitness function value is thenF = 9. Since this value is higher than the previous value ofF = 5

for the 2nd particle, the best individual position still remainsPb
(1)
2 = [1 0].

3. For particle 3:

• For 1st element:

The velocity is calculated from Equation (2.63) asV1
(3,1) = 0.43 ·0+1 ·0.03 ·0+1 ·0.40 ·0 = 0.

Then we havesig(V1
(3,1)) = 3, and after the “rounding” action, the new position becomes

P̌
(1)
(3,1) = 4.

• For 2nd element:

The velocity is calculated from Equation (2.63) asV1
(3,2) = 0.43 ·0+1 ·0.65 ·0+1 ·0.57 ·0 = 0.
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Thensig(V1
(3,2)) = 3, and after the “rounding” action, the new position isP̌

(1)
(3,2) = 2.

Therefore, the position for the 3rd particle at the 1st iteration isP̌
(1)
3 = [4 2]. The associated

fitness function value is thenF = 4. Since this value is higher than the previous value ofF = 2

for the 3rd particle, the individual best visited position remainsPb
(1)
3 = [1 3].

4. For particle 4:

• For 1st element:

The velocity is calculated from Equation (2.63) asV1
(4,1) = 0.43 ·0+1 ·0.97 ·0+1 ·0.44 ·−2 =

−0.88. Thensig(V1
(4,1)) = 1.75, and after the “rounding” action, the new position becomes

P̌
(1)
(4,1) = 3.

• For 2nd element:

The velocity is calculated from Equation (2.63) asV1
(4,2) = 0.43 · 0+1 · 0.77 · 0+1 · 0.56 · 3 =

1.70. Then we havesig(V1
(4,2)) = 5.07, following the “rounding” action, the new position is

P̌
(1)
(4,2) = 5.

Therefore, the position for the 4th particle at the 1st iteration isP̌
(1)
4 = [3 5]. The associated

fitness function value is then 10. Since this value is higher than the previous one 5 for the 4th

particle, the personal best visited position is stillPb
(1)
4 = [3 0].

5. Update ofGb(1)

Since now the best individual ever visited position is stillPb
(1)
3 = [1 3], associated with a fitness

value ofF = 2, which is identical to that ofGb(0). Therefore, the global best ever visited position

after the 1st iteration is updated toGb(1) = [1 3].

Then the algorithm proceeds to its 2nd iteration, while the value of the inertia weightw(2) = 0.32,

1. For particle 1:

The position for the 1st particle at the 2nd iteration is found to beP̌
(2)
1 = [5 2]. The associated fitness

function value is thenF = 9. Since this value is higher than the previous value for the 1st particle,

the best individual visited position is stillPb
(2)
1 = [0 1].

2. For particle 2:

The position for the 2nd particle at the 2nd iteration is found to beP̌
(2)
2 = [1 0]. The associated

fitness function value is thenF = 5. Since this value is identical to the previous one for the 2nd

particle, the individual best visited position still remainsPb
(2)
2 = [1 0].

3. For particle 3:

The position for the 3rd particle at the 2nd iteration is found to beP̌
(2)
3 = [1 5]. The associated fitness

function value is thenF = 10. Since this value is higher than the previous value for the 3rd particle,

the best individual visited position is stillPb
(2)
3 = [1 3].

4. For particle 4:

The position for the 4th particle at the 2nd iteration is found to beP̌
(2)
4 = [5 1]. The associated fitness
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function value is thenF = 10. Since this value is higher than the previous one for the 4th particle,

the individual best visited position is stillPb
(2)
4 = [3 0].

5. Update ofGb(2)

Since now the best individual ever visited position is stillPb
(2)
3 = [1 3], associated with a fitness

value ofF = 2, which is equal to that ofGb(1). Therefore, the global best ever visited position after

the 2nd iteration stays the same, which isGb(2) = [1 3].

Then the algorithm proceeds to its 3rd iteration, while the value of the inertia weightw(3) = 0.21,

1. For particle 1:

The position for the 1st particle at the 3rd iteration is found to beP̌
(3)
1 = [0 2]. The associated fitness

function value is thenF = 4. Since this value is lower than the previous value for the 1st particle, the

best individual visited position is stillPb
(3)
1 = [0 2].

2. For particle 2:

The position for the 2nd particle at the 3rd iteration is found to beP̌
(3)
2 = [3 4]. The associated fitness

function value is thenF = 5. Since this value is identical to the previous one for the 2nd particle, the

personal best visited position is stillPb
(3)
2 = [1 0].

3. For particle 3:

The position for the 3rd particle at the 3rd iteration is found to beP̌
(3)
3 = [3 1]. The associated fitness

function value is thenF = 2. Since this value is identical to the previous one for the 3rd particle, the

best individual visited position is stillPb
(2)
3 = [1 3].

4. For particle 4:

The position for the 4th particle at the 3rd iteration is found to beP̌
(3)
4 = [2 4]. The associated fitness

function value is thenF = 4. Since this value is lower than the previous one for the 4th particle, the

individual best visited position is updated to bePb
(3)
4 = [2 4].

5. Update ofGb(3)

Since now the best individual ever visited position is stillPb
(3)
3 = [1 3], associated with a fitness

value ofF = 2 which is equal to that ofGb(2). Therefore, the global best ever visited position after

3rd iteration stays the same, which isGb(3) = [1 3].

Then the algorithm proceeds to its 4th iteration, while the value of the inertia weight w(4) = 0.10,

1. For particle 1:

The position for the 1st particle at the 4th iteration is found to beP̌
(4)
1 = [3 3]. The associated fitness

function value is thenF = 2. Since this value is lower than the previous value for the 1st particle, the

individual best visited position is updated to bePb
(4)
1 = [3 3].

2. For particle 2:

The position for the 2nd particle at the 4th iteration is found to beP̌
(4)
2 = [0 0]. The associated fitness
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function value is thenF = 8. Since this value is higher than the previous value for the 2nd particle,

the individual best visited position is stillPb
(4)
2 = [1 0].

3. For particle 3:

The position for the 3rd particle at the 4th iteration is found to beP̌
(4)
3 = [2 5]. The associated fitness

function value is thenF = 9. Since this value is higher than the previous one for the 3rd particle, the

best individual visited position is stillPb
(4)
3 = [1 3].

4. For particle 4:

The position for the 4th particle at the 4th iteration is found to beP̌
(4)
4 = [5 3]. The associated fitness

function value is thenF = 10. Since this value is higher than the previous value for the 4th particle,

the best individual visited position is stillPb
(4)
4 = [2 4].

5. Update ofGb(4)

Since now the best individual ever visited position is stillPb
(4)
3 = [1 3], associated with a fitness

value ofF = 2 which is equal to that ofGb(3). Therefore, the global best ever visited position after

4th iteration stays the same, which isGb(4) = [1 3].

Then the algorithm proceeds to its 5th iteration, while the value of the inertia weight w(5) = 0,

1. For particle 1:

The position for the 1st particle at the 5th iteration is found to beP̌
(5)
1 = [0 4]. The associated fitness

function value is thenF = 8. Since this value is higher than the previous value for the 1st particle,

the best individual visited position is stillPb
(5)
1 = [3 3].

2. For particle 2:

The position for the 2nd particle at the 5th iteration is found to beP̌
(5)
2 = [5 3]. The associated fitness

function value is thenF = 10. Since this value is higher than the previous value for the 2nd particle,

the individual best visited position still remainsPb
(5)
2 = [1 0].

3. For particle 3:

The position for the 3rd particle at the 5th iteration is found to beP̌
(5)
3 = [2 2]. The associated fitness

function value is thenF = 0. Since this value is lower than the previous one for the 3rd particle, the

best individual visited position is updated to bePb
(5)
3 = [2 2].

4. For particle 4:

The position for the 4th particle at the 5th iteration is found to beP̌
(5)
4 = [0 1]. The associated fitness

function value is thenF = 5. Since this value is higher than the previous value for the 4th particle,

the individual best visited position still remainsPb
(5)
4 = [2 4].

5. Update ofGb(5)

Since now the best individual ever visited position isPb
(5)
3 = [2 2], associated with a fitness value

of F = 0, which is lower than that ofGb(4). Therefore, the global best ever visited position after 5th

iteration isGb(5) = [2 2]. We may also notice that this is the optimum solution, hence the optimum

position (solution) has been found in the 5th iteration.
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4.5 Discrete Multi-Valued PSO Aided VP

In this section, the appropriately adapted discrete multi-valued PSO algorithm isinvoked for finding the

optimum perturbation vector of the ZF-VP and MMSE-VP algorithms.

As we will show in Section 4.7, for each of the corresponding search spaces of the real and imaginary

part of theK-element complex-valuedζ, its value may be restricted to the reduced-search-complexity range

of [−2,−1, 0, 1, 2]2×K rather than searching through the entire legitimate range. This search-range reduc-

tion is reminiscent of the action of the sphere decoder or encoder. It is interesting to see that a similar con-

clusion was made in [68]. Hence, to make the discrete multi-valued PSO algorithmapplicable, the following

mapping should be employed in the optimization process:−2 −→ 0,−1 −→ 1, 0 −→ 2, 1 −→ 3, 2 −→ 4.

Hence, the search space now becomes[0, 1, 2, 3, 4]2×K .

The search procedure is identical to that of Fig. 4.1 introduced in Section 4.4, but we appropriately

adapted the original algorithm proposed in [135] in order to enhance its performance, which will be demon-

strated in Section 4.7. The modifications are highlighted as follows:

1. Value ofc1 andc2, as defined in Equation (2.63)

The original algorithm [135] suggested the choice ofc1 = c2 = 1, yet in our case, it was found that

c1 = c2 = 0.5 would provide a better performance;

2. Modification of Equation (4.4)

We may notice in Equation (4.4), that the number generated from the corresponding velocity by

using the sigmoid function may reside within the range of[M − 1, M ] when our search space is

[0, M − 1]. Moreover, when we are searching for a number from the range of 1,2 and 3 for example,

there is certainly no point in trying 4 during the search procedure. Hence, in our approach, we changed

Equation (4.4) based on our empirical results to be detailed in Section 4.7 as follows:

sig(ℜ[V(l+1)
i |p,q]) =

(M − 1)

1 + e−(ℜ[V
(l+1)
i |p,q ])

, (4.7)

sig(ℑ[V(l+1)
i |p,q]) =

(M − 1)

1 + e−(ℑ[V
(l+1)
i |p,q ])

,

by replacingM with (M −1) in Equation (4.4), so that the number generated from the corresponding

velocity always assumes an integer, which falls within the range of[0, M − 1]. This solution will be

shown to be capable of providing a better performance in Section 4.7;

3. Modification of the inertia weight update equation

We also modified the time-variant inertia weight update of Equation (4.3) to be [96]:

w(l) = (wmax − wmin)
(Imax − l)

Imax
+ wmin, (4.8)

wherewmax = 0.9 andwmin = 0.4.

In order to augment the effects of these two different inertia weight update equations, we may consider

an example. Let the maximum number of iterations beImax = 5, while the values of the inertia weight
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Table 4.2: An example showing the inertia weight values at different iterations when Equation (4.3) [135]

and Equation (4.8) [96] are used for the inertia weight update, provided thatImax = 5.

Variable or Iteration index wmax wmin 1 2 3 4 5

Equation (4.3) (original) 0.9 N/A 0.43 0.32 0.21 0.10 0

Equation (4.8) (modified) 0.9 0.4 0.8 0.7 0.6 0.5 0.4

at different iterations are shown in Table 4.2. We can see, that of the original equation is used, the

values of the inertia weight would decrease iteration by iteration to a final valueof 0. By contrast,

when the modified scheme is adopted, the values of the inertia weight would decrease iteration by

iteration to a final value of 0.4. This implies that at the early stages, the values for the inertia weight

of the latter approach are always larger than the ones using the original equation. Hence, the latter

approach is capable of providing a better global search capability in the early stages [96]. Therefore,

this modification slightly improves the algorithm’s performance, which is further detailed in Section

4.7.

We already mentioned that during the update of the particle positions, such asℜ[P̌i|p,q] for example,

for a given mean ofsig(ℜ[Vi|p,q]), there is a certain probability of choosing a number between[0 4] in our

case. The probability of selecting a specific number monotonically decreases based on its distance from the

mean ofsig(ℜ[Vi|p,q]). In the following part, the relationship between the mean ofsig(ℜ[Vi|p,q]) and the

probability of picking discrete values is discussed.

For a given mean ofsig(ℜ[Vi|p,q]), the probability of assigningℜ[P̌i|p,q] = 0 is given by the integral

of the probability over the interval(−∞, 0.5], namely by

Pℜ[P̌i|p,q] = 0 | sig(ℜ[Vi|p,q]) =
∫ 0.5
−∞ g(x)dx

= 1−Q(
0.5−sig(ℜ[Vi|p,q ])

4·̺ ),
(4.9)

whereg(x) is

g(x) =
1

√

2π̺242
e

−(x−sig(ℜ[Vi|p,q ]))
2

2̺242 . (4.10)

Similarly, the probability ofℜ[P̌i|p,q] = 1 is given by the integral over the interval(0.5, 1.5], namely

by

Pℜ[P̌i|p,q] = 1 | sig(ℜ[Vi|p,q]) =
∫ 1.5
0.5 g(x)dx

= Q(
0.5−sig(ℜ[Vi|p,q ])

4·̺ )−Q(
1.5−sig(ℜ[Vi|p,q ])

4·̺ ).
(4.11)

On the same note, the probability ofℜ[P̌i|p,q] = 2 is determined by integrating over the interval of

(1.5, 2.5], yielding

Pℜ[P̌i|p,q] = 2 | sig(ℜ[Vi|p,q]) =
∫ 2.5
1.5 g(x)dx

= Q(
1.5−sig(ℜ[Vi|p,q ])

4·̺ )−Q(
2.5−sig(ℜ[Vi|p,q ])

4·̺ ).
(4.12)
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Table 4.3: An example showing the probabilities of choosing differentvalues forℜ[P̌i|p,q] when the original

algorithm proposed in [135] and our modified algorithm are used, provided thatℜ[Vi|p,q] =-0.8 and̺ =

0.2.

Value sig(ℜ[Vi|p,q]) 0 1 2 3 4

Original algorithm [135] 1.55 0.09 0.38 0.40 0.11 0.00

Modified algorithm 1.24 0.17 0.44 0.31 0.05 0.00

Again, the probability ofℜ[P̌i|p,q] = 3 is quantified by the corresponding integration over the interval

of (2.5, 3.5], which is formulated as:

Pℜ[P̌i|p,q] = 3 | sig(ℜ[Vi|p,q]) =
∫ 3.5
2.5 g(x)dx

= Q(
2.5−sig(ℜ[Vi|p,q ])

4·̺ )−Q(
3.5−sig(ℜ[Vi|p,q ])

4·̺ ).
(4.13)

Finally, the probability ofℜ[P̌i|p,q] = 4 is corresponding the integrate over the interval of(3.5, ∞),

yielding:

Pℜ[P̌i|p,q] = 4 | sig(ℜ[Vi|p,q]) =
∫∞
3.5 g(x)dx

= Q(
3.5−sig(ℜ[Vi|p,q ])

4·̺ ).
(4.14)

Let us now consider an example of showing the probabilities of choosing different values forℜ[P̌i|p,q],
when the original algorithm proposed in [135] and our modified algorithm are used, which can be seen in

Table 4.3. The value ofℜ[Vi|p,q] is assumed to be -0.8 and we have̺ = 0.2.

We can observe the difference between the results of the two algorithms. Compared to the result of the

modified algorithm, the original algorithm always opts for larger integers. Inthe example, “1” is most likely

to be chosen as the new position in the modified algorithm, while “2” is most likely to bechosen as the new

position in the original algorithm.

Table 4.4: Computational complexity of the MMSE-VP using sphere encoding and our discrete multi-

valued PSO approach for QPSK signalling, whereN is the number of transmit antennas,K is the number

of mobile users,I is the number of iterations,DMMSE−VP denotes the extended constellation points visited,

andS is the particle size.

Algorithm Flops

Sphere encoding (73 ·K3 + 13 ·K2 + 13 ·K − 1)DMMSE−VP + 9 ·K2 ·N − 2 ·K2

PSO (7 ·K2 · S + 31 ·K · S + 4) · I + 7
3 ·K3 + 9 ·K2 ·N + 7 ·K2 · S

−K · S − 2 ·K2

4.6 Computational Complexity

The computational complexity of the MMSE-VP using sphere encoding and ofour discrete multi-valued

PSO approach is studied in this section. More explicitly, a detailed complexity summary of our proposed

PSO aided MMSE-VP scheme per iteration is listed in Table 4.5, which most criticaldepends on the number
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Table 4.5: Detailed computational complexity per iteration for the highest-complexity techniques within

the PSO aided MMSE-VP design for QPSK signalling, whereK is the number of mobile users, andS is the

particle size. The numbers in () indicate the index of the corresponding block in Fig. 4.1.

Stage Flops

Update of inertia weight (3) 4

Update of velocities (3) 9 · 2 ·K · S
Calculate the sigmoid function (3) 3 · 2 ·K · S
Update positions (3) 3 · 2 ·K · S
Evaluate fitness (2) 2 ·K · S + (7 ·K2 −K) · S

Table 4.6: Simulation parameters employed

Parameter Value or Type

System

Modulation scheme QPSK

No. of transmit antennas 4

No. of users 4

Channel flat Rayleigh fading

CSIT knowledge perfect

Channel realizations 100

PSO

c1, c2 0.5

̺ 0.2

Swarm sizeS 40

Imax 40

of usersK and on the size of the swarmS. However, it may be observed in the flow chart of Fig. 4.1 that

the computational complexity of the discrete multi-valued PSO aided MMSE-VP depends not only on the

number of usersK and the size of the swarmS, but also on the number of iterations the algorithm requires

to converge to the optimum point. This will be discussed in more detail in Section 4.7with the aid of our

simulation results.

4.7 Simulation Results and Discussions

In this section, we mainly focus our attention on the MMSE-VP scheme, since it iscapable of achieving a

significantly better performance than the ZF-VP scheme, while imposing a similar computational complex-

ity as that of the ZF-VP scheme. Hence at the time of writing, it may be more amenable to employment in

practical systems.
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Figure 4.2: The distribution of the value ofℜ(ζ) of the MMSE-VP scheme. 100 chosen perturbation vectors

were taken into account for the system employingN=4 transmit antennas to supportK=4 QPSK users for

communicating over flat Rayleigh fading MIMO channels. All system parameters were summarized in Table

4.6.

4.7.1 MMSE-VP’s search space forζ

Recall that the search space of the PSO-aided MBER-MUT was defined inEquation (3.40) and discussed

in Section 3.7.1. The MMSE-VP’s search space defined in the context of Equation (2.60) forζ is discussed

here. The search space in an optimization problem is closely related to its computational complexity. If

the search space is large, the number of the legitimate candidates may be large leading to substantial search

complexity. On the other hand, if the search space is appropriately small, thenthe corresponding complexity

may be reduced. Hence, we are interested in finding the appropriate search space forζ, in order to reduce

the related computational complexity.

In Fig. 4.2, we considered the search space forℜ(ζ) in a system employingN=4 transmit antennas to

supportK=4 QPSK users for communicating over flat Rayleigh fading MIMO channels. 100 perturbation

vectors generated by the MMSE-VP in 25 different SNR scenarios fromEb
No = 5dB to Eb

No = 29dB were

taken into account. Since there was four elements in each perturbation vector presenting the value chosen

for each user, there was100 × 4 = 400 values. Explicitly, amongst the resultant 400 values, the relative

frequency of choosing 0 was341400=0.85, choosing 1 was23400=0.05, choosing -1 was31400=0.08 and choosing

2 and -2 were 3
400=0.007 and 2

400=0.005, respectively.

The search space forℑ(ζ) was considered in Fig. 4.2. Again, 100 perturbation vectors generated by

the MMSE-VP in 25 different SNR scenarios fromEb
No = 5dB to Eb

No = 29dB in a system employing

N=4 transmit antennas to supportK=4 QPSK users for communicating over flat Rayleigh fading MIMO

channels were taken into account. It may be observed from Fig. 4.2 that the relative frequency of choosing 0



4.7.2. The effect of modified sigmoid function 101

−4 −3 −2 −1 0 1 2 3 4
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Value for ℑ(ζ)

R
el

at
iv

e 
fr

eq
ue

nc
y

Figure 4.3: The distribution of the value ofℑ(ζ) of the MMSE-VP scheme. 100 chosen perturbation vectors

were taken into account for the system employingN=4 transmit antennas to supportK=4 QPSK users for

communicating over flat Rayleigh fading MIMO channels. All system parameters were summarized in Table

4.6. The result is similar to that shown in Fig. 4.2.

was 349
400=0.87, choosing 1 was21400=0.05, choosing -1 was27400=0.08 and choosing 2 and -2 were1400=0.002

and 2
400=0.005, respectively.

By considering all the above results, it becomes clear that it may be a reasonable assumption that the

value forℜ(ζ) andℑ(ζ) would only fall outside the range of[−2,−1, 0, 1, 2] with a vanishingly low prob-

ability. Therefore, we may restrict the search space to[−2,−1, 0, 1, 2]2×K without any undue performance

degradation.

4.7.2 The effect of modified sigmoid function

The effects of using the original sigmoid function of Equation (4.4) and the modified one of Equation (4.7)

are discussed here. The related system parameters are shown in Table 4.6, and the attainable performance

of the MMSE-VP is characterized in Fig. 4.4, which was evaluated by averaging over 100 different channel

realizations.

The test environment is the DL of a multiuser (N×K)-element MIMO system employingN=4 transmit

antennas at the BS, supportingK=4 QPSK users. Perfect CSI knowledge was assumed at the BS for

transmission over the (N ×K)-element flat Rayleigh fading MIMO channel. The MMSE-VP MUT scheme

is adopted for precoding. The size of the swarm here was chosen to beS=40 for the PSO algorithm, the

maximum number of iterations wasImax=40, and we used̺=0.2.

As we can observe from Fig. 4.4, our approach using Equation (4.7) to carry out the velocity transfor-
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Figure 4.4: The achievable BER performance of using the original sigmoid function of Equation (4.4) and

of the modified one in Equation (4.7) for finding the perturbation vector of the MMSE-VP for the system

employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat Rayleigh fading

MIMO channels. A total number ofS = 40 particles are used with a maximum number ofImax = 40

iterations. All system parameters were summarized in Table4.6. The performance of the MBER-MUT

recorded in the same scenario was shown in Fig. 3.16.

mation outperforms the originally proposed approach of Equation (4.4) forthe velocity transformation at all

SNRs. More explicitly, at the target BER of10−4, our approach is capable of achieving a 1dB SNR gain

over the original approach proposed in [135]. This performance enhancement is achieved by focussing the

search scope to the range of[0, M − 1].

4.7.3 The effect of modified inertia weight update equation

The effect of using different inertia weight update schemes in Equation (4.3) and Equation (4.8) is discussed

here. Again, the related system parameters are shown in Table 4.6, and theperformance of the MMSE-VP

can be seen in Fig. 4.5, which was recorded again by averaging over 100 different channel realizations. The

only difference in comparison to the scenario considered in Fig. 4.4 is that we adopted Equation (4.7) as the

velocity transformation equation.

A marginally better performance can be observed by using the modified inertiaweight update formula

of Equation (4.8) in Fig. 4.5 in comparison to Equation (4.3). These results showed that by using a larger

inertia weight at the early stages is capable of improving the global search capability of the discrete multi-

valued PSO algorithm, and hence provides a slightly better performance.
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4.7.4 The choice ofc1, c2

The appropriate choice ofc1, c2 defined in Equation (2.63) is considered here. More explicitly, four sets of

the values ofc1, c2 are tested, namely,c1 = c2 = 1 as suggested in [135],c1 = c2 = 0.2, c1 = c2 = 0.5

andc1 = c2 = 1.5. The related parameters are shown again in Table 4.6, while the attainable performance

can be seen in Fig. 4.6. The only difference in comparison to the scenario considered in Fig. 4.5 is that we

used(wmax−0.4)·(Imax−l)
Imax−0.4 to update the inertia weight.

It can be seen from the figure that the choices ofc1 = c2 = 0.5 andc1 = c2 = 1 provide similar BER

performances, while the performance recorded forc1 = c2 = 0.2 is slightly worse than that achieved by the

former two. The worst performance obtained amongst the four settings is associated withc1 = c2 = 1.5.

This suggests that settingc1 = c2 = 0.5 is a good choice.

4.7.5 The choice of̺

The beneficial choice of̺ is considered here. First of all, let us re-consider the example providedin Table

4.3, where we considered the probabilities of choosing different valuesfor ℜ[P̌i|p,q] in conjunction with

ℜ[Vi|p,q] =-0.8, andsig(ℜ[Vi|p,q]) = 1.2401, when the modified velocity transformation equation is used.

Here, we are interested in studying the effect of using different valuesfor ̺ this time.

The relative frequency histogram ofℜ[P̌i|p,q] recorded for different values of̺is portrayed in Fig. 4.7.
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Figure 4.5: The achievable BER performance of using the original inertia update equation shown in Equa-

tion (4.3) and the modified inertia update equation shown in Equation (4.8) in MMSE-VP for the system

employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat Rayleigh fading

MIMO channels. A total number ofS = 40 particles are used with a maximum number ofImax = 40 itera-

tions. All system parameters were summarized in Table 4.6. The performance of the MBER-MUT recorded

in the same scenario was shown in Fig. 3.16.
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Table 4.7: An example showing the probabilities of choosing differentvalues forℜ[P̌i|p,q] when different

values for̺ are taken into account, provided thatsig(ℜ[Vi|p,q]) = 1.24.

Value for̺ sig(ℜ[Vi|p,q]) 0 1 2 3 4

0.1 1.24 0.03 0.70 0.25 8.1704 · 10−4 8.0341 · 10−9

0.2 1.24 0.17 0.44 0.31 0.05 0.002

0.3 1.24 0.26 0.31 0.26 0.11 0.02

0.4 1.24 0.32 0.24 0.22 0.13 0.07

We can see that as the value of̺ increases, the probability of choosing other values forℜ[P̌i|p,q] rather than

“1” is increasing, and this can also be seen from Fig. 4.7. It should be pointed out that based on what we

can see from Fig. 4.7 and Table 4.7, the value of̺ should be appropriately chosen. Too small a value of

̺ would limit the value ofℜ[P̌i|p,q] and hence would limit the algorithm’s performance. By contrast, an

excessive value of̺ seems too random, as seen in Table 4.7, where the probability of choosing “0” as the

new position becomes even higher than the probability of choosing “1”, despite the fact that the center of

this distribution is more close to “1”, when we have̺=0.4.

Let us now characterize the performance of choosing the above-mentioned four different values of̺

in the context of MMSE-VP for the DL of a multiuser (N × K)-element MIMO system employingN=4

transmit antennas at the BS, for supportingK=4 QPSK users. Perfect CSI knowledge was assumed at the
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Figure 4.6: The performances of using four different choices for the value of c1, c2 in MMSE-VP for

the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat

Rayleigh fading MIMO channels. A total number ofS = 40 particles are used with a maximum number

of Imax = 40 iterations. All system parameters were summarized in Table4.6. The performance of the

MBER-MUT recorded in the same scenario was shown in Fig. 3.16.
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Figure 4.7: The relative frequency histogram ofℜ[P̌i|p,q] for different values of̺ .

Table 4.8: The computational complexities when different swarm sizesare considered.

Value forS 20 30 40 50

Required iterations to converge 90 60 40 40

Complexity (Flops) 428,010 428,970 382,770 478,250

BS for transmission over the (N ×K)-element flat Rayleigh fading MIMO channel. The size of the swarm

was again chosen to beS=40 for the PSO algorithm. The maximum number of iterations wasImax=40.

All the parameters of the system are shown in Table 4.6. The only difference in comparison to the scenario

considered in Fig. 4.6 is that we usedc1 = c2 = 0.5.

Four different choices of̺, namely̺ = 0.1, ̺ = 0.2, ̺ = 0.3 and̺ = 0.4 are tested. The corresponding

performances are show in Fig. 4.8. It is clear to see from this figure, thatthe performances when̺= 0.2

and̺ = 0.3 are the best among the four, while the performance when̺ = 0.1 is slightly worse than that

achieved by the former two. The worst performance obtained among the four settings is̺ = 0.4. This

suggests that setting̺= 0.2 or ̺ = 0.3 are both good choices.

4.7.6 The choice ofS

The choice of the swarm sizeS is considered here. The related system parameters are shown in Table 4.6,

while the only difference in comparison to the scenario considered in Fig. 4.8is that we used̺ = 0.3 and the

associated performance can be observed in Fig. 4.9. As seen from Fig.4.9 that, at the targetEb/No = 10dB

and for a swarm size ofS = 20, it took the algorithm aroundI = 90 iterations to converge; when the swarm

size was increased toS = 30, it took the algorithm aroundI =60 iterations to converge. When further

increasing the swarm size toS = 40, the algorithm required around 40 iterations to converge. Finally, for

the swarm size ofS = 50, it took the algorithm also around 40 iterations to converge. The corresponding

computational complexities, which were calculated based on Section 4.6, are summarized in Table 4.6.

It becomes clear that the choice ofS = 40 provides the lowest complexity, and hence it constitutes an

attractive choice.
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Figure 4.8: The performances obtained using four different choices forthe value of̺ in MMSE-VP for

the system employingN=4 transmit antennas to supportK=4 QPSK users for communicating over flat

Rayleigh fading MIMO channels. A total number ofS = 40 particles are used with a maximum number

of Imax = 40 iterations. All system parameters were summarized in Table4.6. The performance of the

MBER-MUT recorded in the same scenario was shown in Fig. 3.16.

4.7.7 Convergence and complexity

The covergence behavior of the proposed discrete multi-valued PSO aided MMSE-VP and the corresponding

complexities are considered here. The parameters of the scenario considered are listed in Table 4.6. We,

again, consider the DL of a multiuser (N ×K)-element MIMO system employingN=4 transmit antennas

at the BS, supportingK=4 QPSK users. Perfect CSI knowledge was assumed at the BS for transmission

over the (N ×K)-element flat Rayleigh fading MIMO channel. The convergence of the proposed discrete

multi-valued PSO aided MMSE-VP algorithm characterized in the context of thesystem employingN = 4

transmit antennas for supportingK = 4 QPSK mobile users over flat Rayleigh fading channels at both

Eb/No=6 dB and 10 dB are shown in Fig. 4.10. The swarm size wasS = 40.

We can see from Fig. 4.10 that at the operating SNR ofEb/No=6 dB, the proposed algorithm needs

I =30 iterations to converge, while it requiresI =40 iterations to converge atEb/No=10 dB. As shown

in Section 4.6, the associated complexity was 288,330 and 382,770 Flops respectively. On the other hand,

the averaged number of visited nodes, when sphere encoding was adopted, was 3193 and 3172, leading to

1,304,400 and 1,295,671 Flops, respecitvely. This implies that atEb/No=6 dB, our proposed scheme is

capable of reducing the computational complexity by1 − 288,330
1,304,400 = 77.9%, while atEb/No=10 dB by

1− 382,770
1,295,671 = 70.46%. More explicitly, the complexity was reduced to22.1% and29.5%.
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Figure 4.9: The BER versus iteration index performance obtained using different choices for the swarm

sizeS in the MMSE-VP for the system employingN=4 transmit antennas to supportK=4 QPSK users for

communicating over flat Rayleigh fading MIMO channels whenEb/No = 10dB. The benchmark perfor-

mance of the MMSE-VP at Eb/No=10dB which can be observed in Fig. 2.2 is also shown in this figure.

All system parameters were summarized in Table 4.6. The performance of the MBER-MUT recorded in the

same scenario was shown in Fig. 3.16.

4.7.8 Algorithmic performance

In this section, the performance of the MMSE-VP using the best parameter configurations found in our

previous investigations for the proposed discrete multi-valued PSO aided scheme for transmission over the

DL of the system employingN = 4 transmit antennas to supportK = 4 QPSK mobile users over flat

Rayleigh fading channels was considered. The related system parameters are summarized in Table 4.6. The

BER performance results were obtained by averaging over 100 channel realizations, which are shown in

Fig. 4.11.

It is clear by seen in Fig. 4.11 that our proposed discrete multi-valued PSO aided approach is capable

of achieving the optimum sphere encoder based performance. More explicitly, in the scenario characterized

in Fig. 4.11, whereS = 40 particles andImax=40 maximum iterations are used, no SNR loss is observed

for our approach when compared to the optimum performance of the MMSE-VP at the target BER of

10−5, despite the fact that our approach benefits from a significantly lower computational complexity. For

example, at the SNR ofEb/No = 10dB, our approach is capable of achieving the optimum sphere encoder

based performance, at about30% of the complexity compared to that imposed by sphere encoding as shown

in Section 4.7.7.
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Figure 4.10: Convergence performances of the proposed PSO aided MMSE-VPalgorithm for the system

employingN = 4 transmit antennas to supportK = 4 QPSK mobile users over flat Rayleigh fading

channels atEb/No=6 dB and 10 dB, repsectively.S = 40 particles are used. The benchmark performance

of the MMSE-VP at Eb/No=6dB and Eb/No=10dB which can be observed in Fig. 2.2 is also shown in this

figure. All system parameters were summarized in Table 4.6.

4.7.9 Performances at different maximum number of iterations

Let us now consider the achievable performance of our proposed discrete multi-valued PSO aided MMSE-

VP scheme at different maximum number of iterations, when transmitting in the DL of the system employing

N = 4 transmit antennas to supportK = 4 QPSK mobile users over flat Rayleigh fading channels. The

swarm size wasS=40. The system parameters are summarized in Table 4.6, while the associatedperfor-

mance can be seen in Fig. 4.12.

We can see from Fig. 4.12 that as the number of iterations increases, the BER curve approaches the

optimum one, especially at high SNRs. Interestingly, we can see that at the target BER of10−5, the per-

formance attained, when usingI =10 iterations is only about 1 dB away from the optimum sphere encoder

based performance, while the computational complexity imposed is only 7.68% ofthat imposed by sphere

encoding.

When we compare the curves associated withI = 10 and I = 40, it becomes clear that there is a

less than 1 dB gap at all SNRs, hence whenI = 10 is used for our proposed algorithm, a near optimum

performance can be achieved, while we benefit from a significantly reduced computational complexity. In

order to approach the optimum sphere encoder based performance, thenumber of iterations has to be further

increased. For example, at the SNR ofEb/No=6 dB, the optimum performance may be closely approached

by increasing the number of iterations toI =30.

This also means that our approach is capable of providing a flexible performance versus computational

complexity trade-off, as a benefit of its iterative optimization regime. This feature is important, when there



4.8. Conclusions 109

0 2 4 6 8 10 12
10

−5

10
−4

10
−3

10
−2

10
−1

Eb/No(dB)

B
E

R

 

 

MMSE−VP

PSO: S=40, I=40

Single−user Gaussian

Figure 4.11: The performances of the MMSE-VP with optimum performance and our proposed discrete

multi-valued PSO aided scheme where swarm sizeS=40, maximum iteraion numberImax=40. The DL of

the system employingN = 4 transmit antennas to supportK = 4 QPSK mobile users over flat Rayleigh

fading channels is considered. All system parameters were summarized in Table 4.6. The performance of

the MBER-MUT recorded in the same scenario was shown in Fig. 3.16.

is a limited affordable computational complexity With the aid of our proposed algorithm, it is possible to

tune the complexity to the affordable limit, while maintaining a near-optimum performance.

4.8 Conclusions

In Chapter 3 we successfully reduced the computational complexity imposed by linear MBER-MUTs by us-

ing PSO. Bearing in mind that the complexity reduction issue is more important in nonlinear MUTs, which

are capable of achieving substantial BER performance improvement at theexpense of a high complexity,

in this chapter, we proposed discrete multi-valued PSO aided VP designs. More specifically, as a nonlinear

MUT scheme, VP provides an attractive BER performance. However, thecomputational complexity im-

posed by the optimum shpere-encoder during the search for the optimal perturbation vector may become

excessive. Hence it becomes necessary to find a reduced-complexity algorithm, while maintaining a near-

optimum BER performance. Against this background, we developed a discrete multi-valued PSO aided

MMSE-VP design, which was shown to be capable of approaching optimum sphere-encoder’s performance

at a significantly reduced computational complexity compared to that imposed bythe sphere encoder. The

system model was introduced in Section 4.2. Based on the system model, we mayhave the cost function

in Equation (2.59) in Section 4.3. A rudimentary introduction to discrete multi-valued PSO algorithm was

then provided in Section 4.4, followed by the description of the proposed discrete multi-valued PSO aided

VP technique in Section 4.5. The corresponding computational complexity wasdiscussed in Section 4.6. In

Section 4.7, the simulation results were provided.
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Figure 4.12: The performances of our proposed discrete multi-valued PSOaided MMSE-VP when different

maximum number of iterations (I = 10 − 40) are considered, the swarm sizeS=40 and keeps constant.

The DL of the system employingN = 4 transmit antennas to supportK = 4 QPSK mobile users over

flat Rayleigh fading channels is considered. All system parameters were summarized in Table 4.6. The

performance of the MBER-MUT recorded in the same scenario was shown in Fig. 3.16.

Table 4.9: Computational complexity summary.

Complexity(Flops)/SNR Complexity(Flops)/SNR

sphere encoder 1,304,400/6dB 1,295,671/10dB

PSO 288,330/6dB 382,770/10dB

We focused our attention on the performance of the MMSE-VP in Section 4.7.The simulation results

of Section 4.7.7 characterized the attainable performance in the case of employing N=4 transmit antennas

at the BS for supportingK=4 QPSK users, while communicating over flat Rayleigh fading MIMO channel.

Our approach is capable of finding the optimum perturbation vector at a reduced complexity of about 20%

compared to that imposed by the sphere encoding atEb/No = 6 dB. Similarly, the complexity compared

to that imposed by sphere encoding was about 30% atEb/No = 10 dB, while the total number of nodes in

the search space was58 = 390625. This is summarized in Table 4.9. Hence, we conclude that our approach

may be deemed to be a low-complexity near-optimum VP algorithm. Moreover, ourapproach can also strike

a flexible BER performance versus complexity trade-off thanks to its iterative optimization.

Although MMSE-VP is an attractive nonlinear MUT design, which is capable of achieving a good BER

performance, an improved design which directly minimizes the system’s BER is conceptionally superior.

Hence, in the next chapter, we will propose VP designs based on the MBER criterion.



Chapter5
Minimum Bit Error Rate Vector Precoding

5.1 Introduction and Relevance to Previous Chapters

In previous chapters, we demonstrated the efficiency of PSO in solving optimization problems encountered

in the context of wireless communications. More specifically, in Chapter 3 we successfully reduced the

computational complexity imposed by linear MBER-MUTs by using continuous-valued PSO, the discrete

multi-valued PSO was adopted in reducing the computational complexity imposed in MMSE-VP by sphere

encoder [23] in Chapter 4. Compared the linear MUT algorithms family with the nonlinear VP schemes

family we may notice that there is no VP algorithm proposed based on the MBER criterion. More explicitly,

in ZF-VP, the precoding matrix was chosen to pre-equalize the channel using the zero-forcing criterion,

while the perturbation vector was chosen to minimize the total transmit power. As an improvement of the

ZF-VP, the MMSE-VP minimizes the total MSE of the system. However, since the BER is the ultimate

system performance indicator, the concept precoding schemes designed by minimizing the MBER criterion

is attractive. Despite its potential, to the best of our knowledge, no VP algorithm was proposed in the open

literature based on the direct minimization of the BER.

Against this background, in this chapter, VP designs based on the MBER criterion were proposed to

improve the BER performance of the system. We commence our discourse by introducing an improved

MMSE-VP design based on the MBER criterion in Section 5.2. This transmit preprocessing scheme first

invokes a regularized channel inversion and then superimposes a discrete-valued perturbation vector in order

to minimize the BER of the system as an improvement of the well-known MMSE-VP scheme. To further

improve the system’s BER performance, an MBER-based continuous-valued generalized VP algorithm was

proposed in Section 5.3. Given the knowledge of the information symbol vector and the CIR matrix, we

consider the generation of the effective symbol vector to be transmitted by directly minimizing the BER of

the system. The computational complexities of these two proposed algorithms arestudied in Section 5.4.

Simulation results are also provided in Section 5.5 in order to demonstrate the advantages of these two VP

schemes based on the MBER criterion, especially for rank-deficient systems where the number of BS’s

transmit antennas is lower than the number of MSs supported. The robustness of these two designs to the

CIR estimation error is also investigated.
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5.2 Improved MMSE-VP Design Based on the MBER Criterion

In this section, the improved MMSE-VP design based on the MBER criterion is proposed. We firstly detail

our system model in Section 5.2.1, continue by the introduction of the MBER criterion when modulo devices

are employed at the non-cooperative MS receivers in Section 5.2.2. Finally, our proposed design is discussed

in Section 5.2.3.

5.2.1 System Model

The schematic of the system model used throughout in this section is similar to the one we introduced in

Section 2.1.2.1. It can be seen in Fig. 2.3 , which is repeated here for convenience, as in Fig. 5.1. However,

in contrast to Fig. 2.3 , where the perturbation vectorζ is chosen based on the MMSE criterion, the MBER

criterion is used here and it remains the MMSE criterion in deriving the precoding matrixP.

The DL of an SDMA system supporting non-cooperative mobile receivers is considered here, where

the BS equipped withN transmit antennas communicates over frequency-flat fading channels withK non-

cooperative MSs, each employing a single receive antenna and a modulo device.

TheK-element information symbol vector of Fig. 5.1 to be perturbed is denoted byx = [x1, x2, · · · , xK ]T ,

the symbol energy is given byE[|xk|2] = σ2
x, for 1≤k≤K, wherexk is an i.i.d. uniform random variable.

The perturbed symbol vectoru having a dimension ofK is given byu = x + ω, whereω is the pertur-

bation vector given as [23]:ω = τζ. The (N ×K)-element precoding matrixP of Fig. 5.1 is denoted as

P = [p1,p2, · · · ,pK ], wherepk, 1 ≤ k ≤ K represents the precoder coefficient vector for thekth user’s

data stream. The (K × N )-element channel matrixH of Fig. 5.1 is denoted asH = [h1,h2, · · · ,hK ]T ,

wherehk, 1≤k≤K is thekth user’s CIR, which is given byhk = [hk,1, hk,2, · · · , hk,N ], k = 1, 2, · · · ,K..

The CIR tapshk,i, for 1≤k≤K and1≤i≤N are independent of each other and obey the complex-valued

Gaussian distribution associated with E[|hk,i|2] = 1. The Gaussian noise vectorn is given byn =

[n1, n2, · · · , nK ]T , wherenk, 1≤k≤K is a complex-valued Gaussian random variable with zero mean and

E[|nk|2] = 2σ2
n = No. When the total transmit power is constrained to beET at the BS, an appropriate

scaling factor is used to fulfill this transmit power constraint, which is definedasα =
√

ET/‖d‖2. At the

receiver, the reciprocal of the scaling factor, namelyα−1, is used to scale the received signal in order to

maintain a unity-gain transmission.

Note that the system model introduced above leads to a constrained optimizationproblem. The authors

of [61] proposed a technique of transforming this constrained optimization problem into an unconstrained

one by introducing the concept of effective noise. Since the signal vector before the modulo operation of

Fig. 5.1 can be described asŷ = HPu+ α−1n, let us introduce the notation of̂n = α−1n, wheren̂ is the

effective noise. The reason for using this effective noise term is explained as follows. If the potential choice

of ω may result in the transmit power exceeding the power limit, thenα would be assigned a relatively small

value, leading to an amplified effective noise, which results in an increasedBER. This choice ofω is less

likely to lead to the optimum perturbation vector. Therefore the perturbation vector chosen by using this

effective noise based method should also satisfy the power constraint, hence now arrive at an unconstrained
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optimization problem.

Again, the received signal vectory = [y1 y2 · · · yK ]T of Fig. 5.1 after the modulo operation is given by

y = modτ
(

ŷ
)

, andyk, 1 ≤ k ≤ K, constitutes sufficient statistics for thekth MS to detect the transmitted

information data symbolxk.

Figure 5.1: Schematic of the SDMA DL using the proposed ImMMSE-VP algorithm at the BS. The system

employsN transmit antennas to communicate withK decentralized non-cooperative MSs. It is worth noting

that in contrast to the schematic of Fig. 2.3, where the perturbation vector is chosen based on the MMSE

criterion, here the MBER criterion is used.

5.2.2 The MBER Criterion combined with Modulo Devices
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Figure 5.2: Probability density function of the decision variableskR when the modulo operation is not used
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explained with the aid of Fig. 2.4 is employed at the receiver. The shaded areas represent all the erroneous

decision regions.
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Here we only consider the MBER criterion combined with modulo device for the in-phase component.

Its application to the quadrature-phase is straightforward. The description of the MBER criterion in the

context of the in-phase component, when no modulo operation of Fig. 5.1 is employed at the receiver was

already detailed in Section 3.4. Let the real part of the received signal before the modulo operation be

denoted byℜ[ŷk], while ℜ[yk] represents the real part of the received signal after the modulo operation.

When we have sgn(ℜ[xk])ℜ[yk] < 0, 1 ≤ k ≤ K, errors occur and according to the basic MBER criterion,

we have:

PeI ,k(ω) = Prob{sgn(ℜ[xk])ℜ[yk] < 0} = Prob{zkR < 0}, (5.1)

wherezkR = sgn(ℜ[xk])ℜ[yk].

Hence, if we can estimate the distribution ofzkR, the MBER detection problem of a modulo based

receiver may be solved. However, this is not straightforward, since thetransformation imposed by the

modulo operation on the input signal is non-linear. Nonetheless, we can take advantage of the distribution

of the signed decision variableskR = sgn(ℜ[xk])ℜ[ŷk]. Similar to Section 3.4, according to central limit

theorem, the distribution of the decision variableskR obeys the Gaussian distribution associated with the

mean ofckR = sgn(ℜ[xk])ℜ[hkPu]. The corresponding PDF can be seen in Fig. 5.2, which is formulated

as:

p(skR) =
1

α−1σn
√
2π

exp

(

−(skR − ckR)
2

2σ2
nα

−2

)

. (5.2)

Observe that Equation (5.2) is different from Equation (3.14), since here we invoked the effective noise of

α−1σn.

Then, the relationship between the received signal before the modulo operation of Fig. 5.1 and the error

probability should be explored in order to understand the nature of the MBER criterion in conjunction with

the modulo operation. The following simple examples may be used to illustrate the solution to the problem,

when we have say sgn(ℜ[xk]) = 1,

Example 1: if we haveℜ[ŷk] = 1.75τ , the signed decision variable isskR = 1.75τ , and after the modulo

operation of Fig. 5.1, it is then mapped tozkR = sgn(ℜ[xk])ℜ[yk] = −0.25τ . This means thatskR falls in

the erroneous shaded area of Fig. 5.3, and an error occurs.

Example 2: ifℜ[ŷk] = −0.75τ , the signed decision variableskR = −0.75τ , after the modulo operation

of Fig. 5.1, it is then mapped tozkR = sgn(ℜ[xk])ℜ[yk] = 0.25τ , which meansskR falls in the the error-free

area of Fig. 5.3, and no error.

Therefore, based on these two examples, we can see that encounteringan error depends on whereskR
would be after the modulo operation. IfzkR = modτ (s

k
R) falls in the interval of(−∞, 0], then an error

occurs. Otherwise, whenzkR = modτ (s
k
R) falls in the interval of(0, ∞), there is no error.

Let us now extend this idea further. It is clear that whenskR is in the intervals[2m+1
2 τ, (m + 1)τ) for

−∞ < m < ∞, thenzkR = modτ (s
k
R) would fall into the interval of(−∞, 0], and errors occur. Again,

Fig. 5.3 shows the erroneous areas forskR after the modulo operation. Therefore, the BER of the in-phase
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component associated with userk is

PeI ,k(ω) =
∞
∑

m=−∞

∫ (m+1)τ

2m+1
2

τ
p(skR)ds

k
R. (5.3)

Similarly, let us defineskI = sgn(ℑ[xk])ℑ[ŷk], the error probability of the quadrature-phase component

can be expressed as:

PeQ,k(ω) =
∞
∑

m=−∞

∫ (m+1)τ

2m+1
2

τ
p(skI )ds

k
I . (5.4)

5.2.3 Improved MMSE-VP Design

Let us now introduce our improved MMSE-VP (ImMMSE-VP) design, whichis based on the MBER cri-

terion detailed in the previous section. In this design, we are interested in choosing the perturbation vector

based on the MBER criterion, rather than on the classic MMSE criterion of [32] which can be found in

Section 2.1.2.3.

We consider a 4-QAM scheme havingM = 4, based on the system model of Fig. 5.1 established in

Section 5.2.1 and on the MBER criterion introduced in Section 5.2.2. Our goal isto set up the CF, which

can be used to find the specific discrete-valued perturbation vector minimizingthe system’s BER.
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Figure 5.4: Probability density function of the decision variableskR when the modulo operation is em-

ployed at the receivers, shaded areas represent the approximated erroneous decision regions, which can be

contrasted to the exact regions of Fig. 5.3.

Let us commence by considering the in-phase component. It was shown in the previous section that the

BER of the in-phase component associated with userk can be expressed as in Equation (5.3). However,

the calculation of this BER involves a sum of an indefinite number of terms, and hence it is impossible to

implement it in a real-time system. Hence, some form of approximation has to be employed, so that it can

be calculated at a realistic complexity. Hence we used the approximation:

PeI ,k(ω) =
∞
∑

m=−∞

∫ (m+1)τ

2m+1
2

τ
p(skR)ds

k
R ≈

∫ −3τ

−∞
p(skR)ds

k
R +

∫ −2τ

− 5τ
2

p(skR)ds
k
R +

∫ −τ

− 3τ
2

p(skR)ds
k
R

+

∫ 0

− τ
2

p(skR)ds
k
R +

∫ τ

τ
2

p(skR)ds
k
R +

∫ 2τ

3τ
2

p(skR)ds
k
R +

∫ 3τ

5τ
2

p(skR)ds
k
R, (5.5)

where the approximation occurs as we lump the integrations over all the error intervals in the range of

(−∞, −3τ) and(3τ, +∞) into a single integration over the interval(−∞, −3τ). This approximation is
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accurate owing to the close symmetry of the PDF shown in Equation (5.2) in the tworegions of(3τ, +∞)

and(−∞, −3τ), as justified by our simulation results, which will be provided in Section 5.5. Furthermore,

the last six integrates at the righthand side of the approximation are generallymuch larger than the first term.

The error probability of Equation (5.5), namelyPeI ,k(ω) can be further expressed as

PeI ,k(ω) ≈ Q

(

ckR + 3τ

α−1σn

)

+Q

(

−5τ
2 − ckR
α−1σn

)

−Q

(−2τ − ckR
α−1σn

)

+Q

(

−3τ
2 − ckR
α−1σn

)

− Q

(−τ − ckR
α−1σn

)

+Q

(

− τ
2 − ckR
α−1σn

)

−Q

( −ckR
α−1σn
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. (5.6)

Hence, the average BER of the in-phase component ofy at the receivers is given by

PeI ,x(ω) =
1

K

K
∑

k=1

PeI ,k(ω). (5.7)

Similarly, letckI = sgn(ℑ[xk])ℑ[hkPu]. Then the BER of the quadrature-phase component for thekth

user is given by

PeQ,k(ω) ≈ Q

(

ckI + 3τ

α−1σn

)

+Q

(

−5τ
2 − ckI

α−1σn

)

−Q

(−2τ − ckI
α−1σn

)

+Q

(

−3τ
2 − ckI

α−1σn

)

− Q

(−τ − ckI
α−1σn

)

+Q

(

− τ
2 − ckI

α−1σn

)

−Q

( −ckI
α−1σn

)

+Q

(

τ
2 − ckI
α−1σn

)

− Q

(

τ − ckI
α−1σn

)

+Q

(

3τ
2 − ckI
α−1σn

)

−Q

(

2τ − ckI
α−1σn

)

+Q

(

5τ
2 − ckI
α−1σn

)

− Q

(

3τ − ckI
α−1σn

)

. (5.8)

Then the average BER of the quadrature-phase component ofy at the receivers of theK MSs is given

by

PeQ,x(ω) =
1

K

K
∑

k=1

PeQ,k(ω). (5.9)

The resultant average BER for 4-QAM signalling becomes

Pe,x(ω) = (PeI ,x(ω) + PeQ,x(ω))/2. (5.10)

Hence, the optimal discrete-valued perturbation vectorωopt is found by solving the following optimiza-

tion problem

ωopt = arg min
ω

Pe,x(ω). (5.11)

This discrete-valued optimization problem can be solved either by the sphereencoding algorithm [23]

or by the proposed low complexity discrete multi-valued PSO algorithm of Chapter 4.



5.3. Generalized MBER Vector Precoder Design 117

5.3 Generalized MBER Vector Precoder Design

The MBER generalised vector precoder design is detailed in this section. First of all, a new system model

will be introduced in Section 5.3.1, where a generic vector precoder is used to replace the former precoding

matrix and perturbation vector device illustrated in Fig. 5.1. The MBER-VP design is proposed in Section

5.3.2.

5.3.1 New System Model

Figure 5.5: Schematic of the SDMA system’s DL using generalized VP at theBS. The MUT-aided system

employsN transmit antennas at the BS to communicate withK non-cooperative single-receive-antenna

aided MSs, each equipped with a modulo device. When compared to Fig. 5.1, we can see that a generic

vector precoder is used here.

As in Fig. 5.1 of Section 5.2.1, the DL of a SDMA system is considered here. The corresponding system

model is depicted in Fig. 5.5. When compared to Fig. 5.1, we can see that a generic vector precoder is used

here in Fig. 5.5. The BS equipped withN transmit antennas communicates over frequency-flat fading

channels withK non-cooperative MSs, each employing a single receive antenna and a modulo device. The

DL channel matrixH of the system seen in Fig. 5.5 is given by

H = [h1 h2 · · ·hK ], (5.12)

wherehk = [h1,k h2,k · · ·hN,k]
T , 1 ≤ k ≤ K, is thekth user’s spatial signature. The CIR tapshi,k

for 1 ≤ k ≤ K and1 ≤ i ≤ N are independent of each other and obey the complex-valued Gaussian

distribution withE[|hi,k|2] = 1, whereE[•] denotes the expectation operator. TheK-element information

symbol vector to be transmitted to theK MSs is given byx = [x1 x2 · · ·xK ]T , wherexk is the information

symbol for thekth MS.

Given the information symbol vectorx and the DL CIR matrixH of Fig. 5.5, the generic VP generates

theN -element continuous-valued effective symbol vectord = [d1 d2 · · · dN ]T , based on some criterion. In a

conventional VP design seen in Fig. 2.4 of Section 2.1.2.1, such as the ZF-VP [23] and the MMSE-VP [32],

the effective symbol vectord is expressed as

d = P(x+ ω), (5.13)
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whereP is theN ×K precoding matrix andω is theK-element discrete-valued perturbation vector. The

goal of the design is to determine bothP andω based onH andx. The generic VP precoder presented here

directly determinesd, which includes the conventional VP as a special case and, therefore,is referred to as

the generalised VP.

The DL channel’s white noise vectorn is defined byn = [n1 n2 · · ·nK ]T , wherenk, 1 ≤ k ≤ K, is a

complex-valued Gaussian random process with zero mean and a varianceof E[|nk|2] = 2σ2
n = No. Given

a total transmit power constraint ET at the BS, an appropriate scaling factor should be used to fullfill this

transmit power constraint, which is defined as

α =
√

ET/‖d‖2. (5.14)

This definition is similar to Equation (3.7) in the context of the symbol-specific MBER-MUT, but different

from Equation (3.6) in the context of the average MBER-MUT. The reason is that the value for the pertur-

bation vector depends on the current information symbol vector as well asthe current CIRs, hence it will

change whenever either of the information symbol vector or the CIRs changes which is the same as we seen

for the symbol-specific MBER-MUT in Section 3.4.1.

At the receiver, the reciprocal of the scaling factor, namelyα−1, is used to scale the received signal in

order to maintain a unity-gain transmission. This leads to the effective noisen̂ = α−1n. The energy per bit

per antenna is defined byEb = ET/N log2M for anM -ary modulation scheme.

The received signal vector̂y = [ŷ1 ŷ2 · · · ŷK ]T before the modulo operation is given by

ŷ = HTd+ α−1n, (5.15)

while the received signal vectory = [y1 y2 · · · yK ]T after the modulo operation is given by

y = modτ
(

ŷ
)

, (5.16)

andyk, 1 ≤ k ≤ K, constitutes sufficient statistics for thekth MS to detect the transmitted information data

symbolxk.

5.3.2 Generalised MBER Vector Precoding

The notations used in this section are similar to those introduced in Section 5.2.3, the difference is that the

generic design of the effective symbol vectord is considered rather than the perturbation vectorω, where

the relationship between the two is described in Equation (5.13).

Consider the 4-QAM scheme withM = 4. Commencing from the calculation of the error probability of

the in-phase component. Similar to what we have shown in Section 5.2.2 and Section 5.2.3, define the error

probability or BER encountered at the output of the receiver after the modulo operation for the in-phase

component of userk as:

PeI ,k(d) = Prob{sgn(ℜ[xk])ℜ[yk] < 0}. (5.17)

Let us define the signed decision variableskR = sgn(ℜ[xk])ℜ[ŷk], which has the PDF given by

p(skR) =
1√

2πα−1σn
exp

(

−(skR − ckR)
2

2σ2
nα

−2

)

, (5.18)
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with the mean formulated asckR = sgn(ℜ[xk])ℜ[hkd]. Note again that the decision areas are periodically

extended in theskR-axis. Therefore, the BER of the in-phase component associated with userk is

PeI ,k(d) =
∞
∑

m=−∞

∫ (m+1)τ

2m+1
2

τ
p(skR)ds

k
R ≈

∫ −3τ

−∞
p(skR)ds

k
R +

∫ −2τ

− 5τ
2

p(skR)ds
k
R +

∫ −τ

− 3τ
2

p(skR)ds
k
R

+

∫ 0

− τ
2

p(skR)ds
k
R +

∫ τ

τ
2

p(skR)ds
k
R +

∫ 2τ

3τ
2

p(skR)ds
k
R +

∫ 3τ

5τ
2

p(skR)ds
k
R. (5.19)

Similarly to our discussions in Section 5.2.2, the approximation here occurs as we lump the integrations

over all the error intervals in the range of(−∞, − 3τ) and (3τ, +∞) into a single integral over the

interval of (−∞, − 3τ). As argued in the context of Section 5.2.2, this approximation is accurate owing

to the near symmetry of the PDF shown in Equation (5.18) in the symmetric regions of (3τ, +∞) and

(−∞, − 3τ). We may notice that Equation (5.19) is different from Equation (5.5) although they share

a similar expression, since the parameter we consider in Equation (5.19) is theeffective symbol vectord

defined in Equation (5.13).

Hence, the average BER of the in-phase component ofy at the receivers is given by

PeI ,x(d) =
1

K

K
∑

k=1

PeI ,k(d). (5.20)

Similarly, he average BEP for the quadrature-phase component ofy at the receivers of theK MSs is

given by

PeQ,x(d) =
1

K

K
∑

k=1

PeQ,k(d), (5.21)

wherePeQ,k(d) represents the BEP of the quadrature-phase component for thekth user.

The resultant average BEP for 4-QAM signalling then becomes

Pe,x(d) = [PeI ,x(d) + PeQ,x(d)]/2. (5.22)

Hence, the optimal continuous-valued effective symbol vectordopt is found by solving the following

optimisation problem

dopt = arg min
d

Pe,x(d). (5.23)

The above optimization problem turns out to be a challenging non-convex continuous-valued optimiza-

tion problem, where numerous local minimas may exist, as demostrated below.

Explicitly, as seen in Fig. 5.6, at SNR=12dB, even for a simple1 × 1 system, there are several local

minimas at the complex coordinate.

In order to find either the global minimum or a reasonably ’good’ local minimum, we will adopt the

continous-valued PSO algorithm introduced in Chapter 3 to solve the optimizationproblem formulated in

Equation (5.23).
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Figure 5.6: BER surface as a function of the effective symbol vectord for the simplest 4-QAM system with

N = 1 andK = 1, given SNR= 12 dB. The channel coefficient isH = [0.7543 + J0.0419].

Table 5.1: Computational complexity of the ImMMSE-VP using sphere encoding and our discrete multi-

valued PSO approach for QPSK signalling, whereN is the number of transmit antennas,K is the number

of mobile users,I is the number of iterations,DImMMSE−VP denotes the number of extended constellation

points visited, andS is the particle size.

Algorithm Flops

Sphere encoding (73 ·K + 18 ·K ·N + 6 ·N + 4)DImMMSE−VP

PSO (4 + 30 ·K · S + (14 ·K ·N + 30 ·K + 6 ·N) · S) · I
+(14 ·K ·N + 30 ·K + 6 ·N) · S

5.4 Computational Complexity

The computational complexity of our improved MMSE-VP and of the generalized MBER-VP is discussed

in this section.

5.4.1 Computational Complexity of the ImMMSE-VP

The complexity of the most substantial contributions determining the overall complexity of finding the

ImMMSE-VP solution are summarized in Table 5.1. More explicitly, a detailed key complexity contribution

calculation table for our proposed PSO aided ImMMSE-VP scheme per iteration is listed in Table 5.2. All

of these contributions depend on the number of usersK, on the number of transmit antennasN and on the

size of the swarmS.
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Table 5.2: Detailed key computational complexity contribution per iteration for the PSO aided ImMMSE-

VP design for QPSK signalling, whereK is the number of mobile users,N is the number of transmit

antennas andS is the particle size. The numbers in () indicate the index of the corresponding block in Fig.

4.1.

Stage Flops

Update inertia weight (3) 4

Update velocities (3) 9 · 2 ·K · S
Calculate sigmoid function (3) 3 · 2 ·K · S
Update positions (3) 3 · 2 ·K · S
Evaluate fitness (2) (14 ·K ·N + 30 ·K + 6 ·N) · S

The computational complexity of the discrete multi-valued PSO aided ImMMSE-VP depends not only

on the number of usersK, the number of transmit antennasN and the size of the swarmS, but also on

the number of iterations the algorithm requires, in order to converge to the optimum point. This will be

discussed more in detail in Section 5.5 with the aid of simulation results.

5.4.2 Computational Complexity of the Generalized MBER-VP

Table 5.3: Detailed key computational complexity contributions per iteration for the PSO aided MBER-VP

design for QPSK signalling, whereK is the number of mobile users,N is the number of transmit antennas

andS is the particle size. The numbers in () indicate the index of the corresponding block in Fig. 2.8.

Stage Flops

Update system parameters (3) 6 · S
Update velocities and positions (3) 23 ·N · S
Evaluate fitness (2) (73 ·K + 7 ·N ·K) · S

The computational complexity of the proposed generalized MBER-VP algorithm designed for QPSK

signalling may be evaluated by considering Equation (5.23), yielding a total complexity of:

CGMBER−VP =
(

7 ·N + (73 + 7 ·N) ·K + (23 ·N + (73 + 7 ·N) ·K + 6)Imax

)

· S

+CImMMSE−VP + 2 ·K + 7 ·K ·N + 5 · S, (5.24)

whereN is the number of transmit antennas,K is the number of mobile users,Imax is the number of

iterations needed to converge to optimal solution,S is the particle size andCImMMSE−VP denotes the

complexity imposed by obtaining the ImMMSE-VP solution for the system. The detailed key complexity

contributions of our proposed PSO aided MBER-VP scheme per iteration are summarized in Table 5.3.

5.5 Simulations and Discussions

In this section, simulation results are provided for characterizing our solution, which are followed by cor-

responding discussions. In the following simulations, we used a swarm sizeof S = 40 for discrete-valued
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Table 5.4: Simulation parameters.

Parameter Value or Type

System

Modulation scheme QPSK

Transmit antennas 2 or 4

Receive end users 4

Channel flat Rayleigh fading

CSIT knowledge perfect

Channel realizations 100

PSO

Swarm size for discrete multi-valued PSOSdpso 40

Swarm size for continuous-valued PSOScpso 20

PSO and a swarm size ofS = 20 for continuous-valued PSO. This decision was made based on our experi-

ences with PSO shown in Section 3.7.4 and Section 4.7.6. We would like to point out that the choice of the

swarm size may not be the best, but nevertheless, constitutes a reasonable design compromise between the

performance attained and the complexity imposed.

5.5.1 Verification of the approximation

First, we considered the effects of the approximation we made in Equation (5.5) and Equation (5.19), when

designing the ImMMSE-VP and the generalized MBER-VP schemes. The related system parameters are

shown in Table 5.4, where the DL of a multiuser system employingN = 4 transmit antennas at the BS

to supportK = 4 4-QAM MSs was considered. Perfect CSI knowledge was assumed at the BS for trans-

mission over the (N × K)-element flat Rayleigh fading MIMO channel, and the results were obtained by

averaging the resultant performances over 100 channel realizations.

First of all, let us consider the effects of different approximations in the context of Equation (5.6),

when the ImMMSE-VP algorithm is adopted. Generally speaking, when more integrals are calculated over

the error intervals shown in Fig. 5.3, the related approximation would become more accurate. Naturally,

the computational complexity would also be increased. However, the overallBER performance of the

system may not be substantially improved, when more integrations are calculated over the error intervals.

In Fig. 5.7, we characterized four error probability approximations, which are:

Case 1: By observing Fig. 5.3, we approximate the integrals over all the error intervals in(−∞, − τ)

and(τ, +∞) as the single integral over the interval(−∞, − τ), which implies the assumption that the

probability of encountering errors in the range of(τ, +∞) is neglected. Furthermore, we consider the

shaded areas of(− τ
2 , 0) and τ

2 , τ in Fig. 5.3, yielding:

∞
∑

t=−∞

∫ (t+1)τ

2t+1
2

τ
p(skR)ds

k
R ≈

∫ −τ

−∞
p(skR)ds

k
R +

∫ 0

− τ
2

p(skR)ds
k
R +

∫ τ

τ
2

p(skR)ds
k
R.
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Case 2: With reference to Fig. 5.3, we approximate the integrals over all the error intervals in(−∞, −
2τ) and(2τ, +∞) as the single integration over the interval(−∞, − 2τ):

∞
∑

t=−∞

∫ (t+1)τ

2t+1
2

τ
p(skR)ds

k
R ≈

∫ −2τ

−∞
p(skR)ds

k
R +

∫ −τ

− 3τ
2

p(skR)ds
k
R +

∫ 0

− τ
2

p(skR)ds
k
R

+

∫ τ

τ
2

p(skR)ds
k
R +

∫ 2τ

3τ
2

p(skR)ds
k
R. (5.25)

Case 3: This is the approximation we opted for in our proposed design, which considers seven of the

shaded areas in Fig. 5.3:

∞
∑

t=−∞

∫ (t+1)τ

2t+1
2

τ
p(skR)ds

k
R ≈

∫ −3τ

−∞
p(skR)ds

k
R +

∫ −2τ

− 5τ
2

p(skR)ds
k
R +

∫ −τ

− 3τ
2

p(skR)ds
k
R

+

∫ 0

− τ
2

p(skR)ds
k
R +

∫ τ

τ
2

p(skR)ds
k
R +

∫ 2τ

3τ
2

p(skR)ds
k
R

+

∫ 3τ

5τ
2

p(skR)ds
k
R. (5.26)

Case 4: Again, with reference to Fig. 5.3, we approximate the integrals over all the error intervals in

(−∞, − 5τ) and(5τ, +∞) as the single integral over the interval of(−∞, − 5τ), and we consider a
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Figure 5.7: BER versus SNR performance of our proposed improved MMSE vector precoding algorithm

based on MBER criterion, while different BER approximations are considered. Case 1 refers to the integra-

tion considering the interval(−τ, τ); case 2 refers to the integration considering the interval(−2τ, 2τ);

case 3 refers to the integration considering the interval(−3τ, 3τ); case 4 refers to the integration consider-

ing the interval(−5τ, 5τ). The modulo operations are employed at the receivers. Transmissions are over

flat Rayleigh fading channels usingN = 4 transmit antennas to supportK = 4 4-QAM users. All sys-

tem parameters are summarized in Table 5.4. The performanceof the MBER-MUT recorded in the same

scenario was shown in Fig. 3.16.
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total of 11 shaded areas in Fig. 5.3, yielding:

∞
∑

t=−∞
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R ≈
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R. (5.27)
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Figure 5.8: BER versus SNR performance of our proposed generalized MBERvector precoding algorithm

based on MBER criterion, while different BER approximations are considered. Case 1 refers to the integra-

tion considering the interval(−2τ, 2τ); case 2 refers to the integration considering the interval(−3τ, 3τ);
case 3 refers to the integration considering the interval(−5τ, 5τ). The modulo operations are employed at

the receivers. All system parameters are summarized in Table 5.4. The performance of the MBER-MUT

recorded in the same scenario was shown in Fig. 3.16.

The influence of the different approximations of the desired BER is shownin Fig. 5.7. It is clear that

Case 3 strikes the best trade-off between the complexity imposed and the BERperformance attained.

Let us now consider the generalized MBER-VP algorithm. In Fig. 5.8, threedifferent BER approxima-

tions are considered. Case 1 refers to the integration considering the interval (−2τ, 2τ); Case 2 represents

the integration considering the interval(−3τ, 3τ); Case 3 refers to the integration considering the interval

(−5τ, 5τ).

Observe from Fig. 5.8 that the approximation of Case 1 is insufficiently accurate, while the performance

obtained by using the approximations of Case 2 and Case 3 are similar. Since Case 2 benefits from a lower

computational complexity, it may be deemed to be the best choice among the three approximations.
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5.5.2 Guaranteed generalized MBER-VP performance
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Figure 5.9: Performance comparison of Case 1 (all particles are randomly initialized) and Case 2(one of the

particles is initialized to be the solution of the previously proposed improved MMSE VP, while the others

are randomly initialized) communicating over flat Rayleighfading channels usingN = 4 transmit antennas

to supportK = 4 4-QAM users. All system parameters are summarized in Table 5.4. The performance of

the MBER-MUT recorded in the same scenario was shown in Fig. 3.16.

In this part, let us consider the performance gain of the continous-valuedPSO aided generalized MBER-

VP when the ImMMSE-VP solution is used as part of the initial swarm. The system parameters are listed

in Table 5.4, where the DL of a multiuser system employingN = 4 transmit antennas at the BS to support

K = 4 4-QAM MSs is considered. Perfect CSI knowledge was assumed at the BS for transmission over

an (N × K)-element flat Rayleigh fading MIMO channel and the results were obtained by averaging the

resultant performances over 100 channel realizations.

Fig. 5.9 shows the BER performance comparison of two different cases,namely where all particles

are randomly initialized in Case 1, while in Case2, one of the particles is initialized tobe the previously

proposed ImMMSE-VP solution, with the others being randomly initialized. It is clear from Fig. 5.9 that

in Case 1 only a relatively low-quality local minimum can be found, while in Case 2, when a good starting

point was provided during the initialization stage, a much better local minimum was found, which ensures

a better BER performance. This suggests that it is beneficial to use the ImMMSE-VP solution as one of

the initialization points, when the generalized MBER-VP is adopted, although naturally this increases the

system’s computational complexity.
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Figure 5.10: Convergence performance of our proposed ImMMSE-VP algorithm based on the MBER crite-

rion, while using the modulo operation at the receivers for communicating over flat Rayleigh fading channels

in different scenarios. All system parameters are summarized in Table 5.4.

Table 5.5: Computational complexity of the proposed ImMMSE-VP algorithm in different scenarios, eval-

uated from Table 5.1.

SNR 6dB (4×4) 10dB (4×4) 25dB (2×4) 30dB (2×4)

Complexity (Flops) 405,200 502,820 520,040 571,260

5.5.3 Convergence and Complexity

The covergence behavior of our proposed discrete multi-valued PSO aided ImMMSE-VP scheme, of the

continuous-valued PSO aided generalized MBER-VP algorithm and of the corresponding implementational

complexity is considered here. The parameters of the test scenario are listed in Table 5.4. The DL of a

multiuser (N ×K)-element MIMO system employingN transmit antennas at the BS is considered, when

supportingK QPSK users. Perfect CSI knowledge was assumed at the BS for transmission over the (N ×
K)-element flat Rayleigh fading MIMO channel.

Firstly, we consider the convergence of our discrete multi-valued PSO aided ImMMSE-VP algorithm.

The attainable performance can be seen in Fig. 5.10. When the system employsN = 4 transmit antennas

to supportK = 4 QPSK mobile users over flat Rayleigh fading channels, while using the swarm size

S = 40, we can see that the ImMMSE-VP algorithm requiresI =20 iteration on average to converge at

Eb/No = 6dB. The corresponding computational complexity evaluated from Table 5.1 isC =405,200,

while atEb/No = 10dB, the algorithm needsI =25 iterations on average to converge. The corresponding

computational complexity isC =502,820.
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The system was reconfigured to useN = 2 transmit antennas to supportK = 4 QPSK mobile users

over flat Rayleigh fading channels, which is a rank deficient scenario.The swarm size was kept constant at

S = 40. Observe in Fig. 5.10 that the proposed ImMMSE-VP algorithm needsI =50 iterations on average

to converge atEb/No = 25dB. The corresponding computational complexity evaluated from Table 5.1 is

C =520,040, while atEb/No = 30dB, the algorithm needsI =55 iterations on average to converge. The

resultant computational complexity isC =571,260.
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Figure 5.11: Convergence performance of our proposed generalized MBER-VP scheme, while using the

modulo operation at the receivers for communicating over flat Rayleigh fading channels in different scenar-

ios. All system parameters are summarized in Table 5.4.

Let us now consider the convergence behavior of the generalized MBER-VP algorithm, which is por-

trayed in Fig. 5.11. When the system employsN = 4 transmit antennas to supportK = 4 QPSK mobile

users over flat Rayleigh fading channels, when using a swarm size ofS = 20, we can see that the generalized

MBER-VP scheme needsI =20 iterations on average to converge atEb/No = 6dB. The corresponding

computational complexity evaluated from Table 5.3 is(CImMMSE−VP+209, 660), while atEb/No = 10dB,

the algorithm requiresI =40 iterations on average to converge, the corresponding computational complexity

is then(CImMMSE−VP + 410, 460).

Let us now reconfigure the system to operate in a rank-deficient scenario whereN = 2 transmit antennas

are used for supportingK = 4 QPSK mobile users for communicating over flat Rayleigh fading channels.

As before, we set the swarm size toS = 20. Observe in Fig. 5.11 that the proposed generalized MBER-VP

algorithm needsI =40 iterations on average to converge atEb/No = 25dB. The corresponding computa-

tional complexity evaluated from Table 5.3 is(CImMMSE−VP + 244, 760). By contrast, atEb/No = 30dB,

the algorithm requiresI =45 iterations on average to converge, when the associated computational com-

plexity is (CImMMSE−VP + 274, 760).
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Table 5.6: Computational complexity of the proposed generalized MBER-VP algorithm in different scenar-

ios, evaluated from Table 5.3.

SNR 6dB (4×4) 10dB (4×4)

Complexity(Flops) CImMMSE−VP + 209, 660 CImMMSE−VP + 410, 460

SNR 25dB (2×4) 30dB (2×4)

Complexity(Flops) CImMMSE−VP + 244, 760 CImMMSE−VP + 274, 760

5.5.4 Overall system performance

The overall BER performance of the proposed algorithms is discussed here.
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Figure 5.12: BER versus SNR performance of the MMSE-VP of [32] and of our proposed ImMMSE-

VP scheme based on the MBER criterion and generalized MBER-VP algorithm, while using the modulo

operation at the receivers for communicating over flat Rayleigh fading channels usingN = 4 transmit

antennas to supportK = 4 4-QAM users. All system parameters are summarized in Table 5.4. The

performance of the MBER-MUT recorded in the same scenario was shown in Fig. 3.16.

5.5.4.1 Full-rank system

The BER performance of the MMSE-VP of [32] and of our proposed ImMMSE-VP algorithm based on the

MBER criterion using the discrete perturbation scheme and the continous-valued PSO aided generalized

MBER-VP algorithm are compared in Fig. 5.12 for full rank systems, when using the system parameters

summarized in Table 5.4.

We considered the case ofN = 4 andK = 4. First the perfect knowledge of the DL CIR matrix

was assumed at the BS. It can be seen from Fig. 5.12 that the proposed PSO-aided generalized MBER-VP
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scheme achieved an approximately 1 dB SNR gain at the target BER of10−5 over both the MMSE-VP as

well as the ImMMSE-VP algorithm. For this full-rank system, the ImMMSE-VP andthe MMSE-VP were

seen to achieve a virtually identical BER performance, which was also demonstrated in [36]. The robustness

of the algorithms against channel estimation errors was investigated next. A complex-valued Gaussian white

noise with a variance of 0.01 was added to each channel taphi,k to model the channel estimation error. The

BERs of these three VP designs under this channel estimation error model were also depicted in Fig. 5.12.

Observe in the figure that the proposed generalized MBER-VP design was no more sensitive to channel

estimation errors than the MMSE-VP and the ImMMSE-VP designs.

5.5.4.2 Rank-deficient system

Figure 5.13: Performance comparison of the MMSE VP precoder and our proposed improved MMSE vector

precoding algorithm based on MBER criterion for communicating over flat Rayleigh fading channels using

N = 2 transmit antennas to supportK = 4 4-QAM users. All system parameters are summarized in Table

5.4. The performance of the MBER-MUT recorded in the same scenario was shown in Fig. 3.16.

The system was then configured to useN = 2 transmit antennas for supportingK = 4 4-QAM users,

which was a challenging rank-deficient scenario. The system parameters are summarized in Table 5.4, while

the BER performances of the three algorithms can be seen in Fig. 5.13.

As oberved in Fig. 5.13, the MMSE VP scheme encountered an error floor, since it was unable to

confidently differentiate the users’ information in this demanding scenario. On the other hand, the im-

proved MMSE-VP scheme based on the MBER criterion showed a significantly better performance, but still

sufferred from an error floor, as seen in Fig. 5.13. By contrast, the generalized MBER-VP outperformed

the other two designs and, as a further benefit, it did not exhibit a visible error floor. The absence of an
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error-floor demonstrated its ability to operate successfully in the rank-deficient scenario. Furthermore, the

generalized MBER-VP algorithm was seen to be no more sensitive to channel estimation errors than the

other two designs.

5.6 Conclusions

In this chapter, we invoked the MBER criterion for designing vector precoding schemes, where transmitted

signal is appropriately perturbed at the BS for the sake of directly minimizing the BER at the receiver. The

perturbation induced ambiguity has to be removed at the MS’s receiver with the aid of appropriate modulo

devices. Based on this novel MBER criterion which is prominently featured inthe schematic of Fig. 5.2.2,

we proposed two different vector precoding algorithms.

Table 5.7: Performance summary of benchmark schemes evaluated in thischapter. The SNR gap refers to

the performance SNR gain over other schemes when using the proposed GMBER-VP algorithm.

GMBER-VP ImMMSE-VP MMSE-VP

SNR gap at10−5 (4×4) benchmark 1 dB 1 dB

Complexity(Flops)/SNR (4×4) 793,230/10dB 502,820/10dB 382,770/10dB

Relative complexity (4×4) 2.07 1.31 1

SNR gap at10−5 (2×4) benchmark 6 dB > 10 dB

Complexity(Flops)/SNR (2×4) 846,020/30dB 571,260/30dB 433,670/30dB

Relative complexity (2×4) 1.95 1.32 1

In Fig. 5.1 of Section 5.2, we firstly introduced an improved MMSE-VP designbased on the MBER cri-

terion. This transmit preprocessing scheme invokes a regularized channel inversion and then superimposes a

discrete-valued perturbation vector on the transmitted signal in order to minimizethe BER of the system as

an improvement of the well-established MMSE-VP scheme. The discrete multi-valued PSO can be adopted

to solve the corresponding optimization problem and its computational complexity was discussed in Section

5.4. To further improve the system’s BER performance, a generalized MBER-based continuous-valued VP

algorithm was proposed in Section 5.3. Given the knowledge of the information symbol vector to be trans-

mitted and the CIR matrix, we consider the generation of the effective symbol vector to be transmitted by

directly minimizing the BER of the system. We showed that continous-valued PSO can be used to solve the

corresponding optimization problem. The corresponding computational complexity was discussed in 5.4.

Simulation results were also provided to show the advantage of these VP schemes relying on the MBER

criterion, especially for rank-deficient systems where the number of BS transmit antennas is lower than the

number of MSs supported. It was shown in Equation (5.3) of Section 5.2.2 that an appropriate approxima-

tion may need to be taken in order to calculate the BEP of the system invoking the proposed algorithms.

Hence, we demonstrated the appropriate approximation for both scenariosthrough simulations, which were

shown in Fig. 5.7 and Fig. 5.8. The convergence bahavior of our proposed discrete multi-valued PSO aided

ImMMSE-VP scheme, of the continuous-valued PSO aided generalized MBER-VP algorithm and of the

corresponding implementational complexity was shown in Fig. 5.10 and Fig. 5.11of Section 5.5.3. The
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overall BER performance of the algorithms in full-rank system was shown inFig. 5.12, while their perfor-

mance in rank-deficient system was shown in Fig. 5.13. Both of the algorithmswere capable of achieving

a better performance than MMSE-VP technique in both scenarios, while a substantial BER performance

gain could be attained by the generalized MBER-VP algorithm over other schemes in the challenging rank-

deficient scenario. The robustness of these two designs to CIR estimation errors were also investigated in

Fig. 5.12 and Fig. 5.13, showing that the proposed algorithms are no more sensitive to channel estimation

errors than the MMSE-VP scheme.

The overall BER and computational complexity performances of the MMSE-VP technique, the pro-

posed ImMMSE-VP and generalized MBER-VP scheme were summarized in Table 5.7. It can be observed

that in a4 × 4 full-rank system, the SNR gain of the generalized MBER-VP scheme over theother two

algorithms was 1 dB at the target BER of10−5, while its computational complexity imposed was around

two times of that imposed by using the MMSE-VP technique. Hence, the proposed generalized MBER-VP

scheme may not be the best choice in terms of striking a trade-off between theattainable BER performance

and the implementation complexity imposed, although it achieved the best BER performance amongst the

techniques. On the other hand, when the operating system was a2×4 rank-deficient one, a substantial SNR

gain was achieved by the proposed generalized MBER-VP scheme over the other two algorithms. Again, the

imposed complexity by it was around two times of that imposed by using the MMSE-VP technique as seen

in Table 5.7. This suggests that the generalized MBER-VP algorithm may be deemed as a good alternative

of the MMSE-VP scheme in rank-deficient scenarios. In summary, the proposed generalized MBER-VP

algorithm is more suitable to be adopted in the challenging rank-deficient scenarios, in order to beneficially

strike a trade-off between the BER performance attained and the complexity imposed.

In the next chapter, we will further extend the MBER vector precoding technique to a MIMO transceiver

design.



Chapter6
Transceiver Design Based On Uniform

Channel Decomposition and MBER Vector

Perturbation

6.1 Introduction and Relevance to previous Chapters

In Chapter 5, we developed the MBER vector precoder design. In Fig. 5.12, we observed that the proposed

generalized MBER-VP can only achieve a marginal SNR gain over the well-established MMSE-VP scheme

in a (4 × 4)-element full-rank system. As argued in Chapter 1, MIMO techniques arecapable of offering

an increased channel capacity in interference-free scenarios, albeit their achievable performances remain

limited by the MUI. Nonetheless, the MUI can be mitigated at the receiver [147]or at the transmitter [32]

as well as jointly at the transmitter and receiver [8]. The latter approach leads to a joint MIMO transmit-

ter/receiver structure, which we refer to as a transceiver. In orderto further increase the attainable BER

performance of a system in both full-rank and rank-deficient scenarios in this chapter, we are interested in

invoking the MBER vector precoding technique in our transceiver design.

A nonlinear transceiver design based on the geometric mean decomposition (GMD) was proposed in [6].

The GMD is capable of beneficially diagonalising the MIMO channel matrix leading to identical diagonal

elements, hence offering identical MIMO subchannel gains. It is worth mentioning that the GMD approach

has been considered for adoption in both the Third-generation Partnership Project’s Long Term Evolution

Advanced (3GPP LTE-A) and in the WiMAX (802.16m) standards [148]. Later, the uniform channel de-

composition (UCD) was proposed in [7] as an improvement of the GMD. The UCD maintains the highest

possible capacity at any SNR, and it achieves the maximal attainable diversitygain [7]. The precoder de-

sign of [6, 7] constitutes a THP [22], which constitutes a specific implementationof the dirty paper coding

principle [31]. This THP design is generally outperformed by the VP algorithm. The solutions proposed

in [8] extended the idea of [6] to a GMD MMSE-VP (GMD-MMSE-VP) transceiver design. Since the BER

is the ultimate system performance indicator, the schemes designed by minimising theBER criterion are

132
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attractive. It may also expected that a UCD based VP design will outperform a GMD based VP design.

Although the authors of [7] proposed a UCD based THP design (UCD-THP), to the best of our knowledge,

no UCD aided VP transceiver design was proposed to date in the open literature. Against this background,

in this chapter we propose a joint transceiver design by combining the UCD and the MBER based VP, where

the precoding and equalization matrices are calculated by the UCD method, whilethe perturbation vector is

chosen directly based on the MBER criterion.

The rest of this chapter is structured as follows. In Section 6.3, the MIMO system model is introduced,

while Section 6.4 details the proposed UCD-MBER-VP transceiver design.Simulation results are presented

in Section 6.6 to compare our proposed design to several existing benchmark schemes. We conclude our

discourse in Section 6.7.

6.2 Uniform Channel Decomposition

In the field of MIMO transceiver design, the singular value decomposition (SVD) [39] constitutes a pop-

ular technique since it is capable of decomposing a MIMO channel into multiple different-quality parallel

subchannels. When combined with the classic water filling algorithm [6], the channel capacity can be ap-

proached [149]. More specifically, the SVD algorithm decomposes the(N ×K)-element channel matrixH

as:

H = UΛVH , (6.1)

whereΛ is the(O×O)-element diagonal matrix, whose diagonal elements{λo}Oo=1 are the nonzero singular

values ofH, U is an(N × O)-element orthonormal matrix, andVH is an(O ×K)-element orthonormal

matrix.

In the classic SVD aided MIMO systems, the transmitted signal can be expressed ass = Vx, where the

orthonormal precoding matrixV must not change the transmit power. The equalization matrix employed

at the receiver may be expressed asΛ−1UH , resulting in the received signaly after equalization in the

following form [67]:

y = Λ−1UH(HVx+ n) (6.2)

= x+ n′,

wheren′ = Λ−1UHn andRn′ = E[n′n′H ] = σ2
ndiag(

1
λ1
, · · · , 1

λO
), which implies that we haveO parallel

AWGN channels contaminated by uncorrelated noise of powerσ2
n/λ

2
o.

We may observe that the SVD could result in subchannels with vastly different SNRs, imposing fur-

ther complexity in terms of the subchannel ordering problem, subsequent subchannel specific modula-

tion/demodulation as well as different-rate channel coding/decoding procedures. To overcome this potential

problem, Jianget al. proposed the so-called geometric mean decomposition (GMD) technique [6].The

GMD algorithm is capable of beneficially diagonalizing the MIMO channel matrixleading to identical di-

agonal elements, hence offering identical subchannel gains, as detailed in Section 6.2.1. Later, uniform
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Table 6.1: Selected contributions on the development of GMD and UCD techniques

Year Author(s) Contributions

2005 [6] Proposed GMD, characterizing it from a purely mathematical point of view.

Jianget al.

2005 [150] Proposed a joint transceiver design that combines GMD with either a zero-

Jianget al. forcing VBLAST decoder or zero-forcing THP.

2005 [7] Proposed a joint transceiver design that combines UCD with either a MMSE

Jianget al. VBLAST decoder or THP.

2006 [151] Extended the single user GMD and UCD MIMO transceiver designs to the

Lin et al. multi-user broadcast channel scenario by invoking the Block-Diagonalization

method, resulting in the so-called BD-GMD and BD-UCD designs.

2006 [152] Analyzed the diversity-multiplexing tradeoff of GMD/UCD combined

Jiang and with optimal antenna selection. Approximated the error probability with

Varanasi the aid of the Gaussian Q-function.

2007 [153] Proposed an expanded soft symbol-to-bit demapper scheme specifically

Peh and designed for the GMD-THP MIMO systemfor the sake of

Liang supporting soft decision-aided channel decoding.

2007 [8] Proposed a MIMO transceiver design by combining the GMD and

Liu et al. the MMSE-VP techniques.

2009 [154] Proposed a robust UCD scheme, which was capable of improving both the

Chenet al. BER and the achievable capacity in the context of imperfect CSI, which

was benchmarked against the conventional UCD scheme.

2009 [155] Proposed an UCD design. Demonstrated that the proposed scheme

Lee and had an enhanced diversity order compared to the SVD scheme, which

Lee was achieved by exploiting the specific properties of the UCD.

2010 [156] Proposed a MIMO transceiver design based on the amalgam of the

Liu et al. BD-GMD and ZF-VP.
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channel decomposition (UCD) was proposed also by Jianget al. in [7] as an improvement of GMD. The

UCD maintains the highest possible capacity at any signal-to-noise ratio (SNR), and it achieves the maximal

attainable diversity gain [7]. The UCD is detailed in Section 6.2.2. First of all, let us briefly consider the

development of GMD and UCD techniques, as seen in Table 6.1.

6.2.1 Geometric Mean Decomposition

The mathematical description of GMD was provided in [6], where an(N × K)-element channel matrix

having a rank ofO was decomposed in the following manner:

H = QgRgP
H
g , (6.3)

whereQg andPg have orthonormal columns, andRg is an(O × O)-element real-valued upper-triangular

matrix having identical diagonal elements, all of which are equal to the geometric mean of the positive

singular values, namely:

ri,ig = λ̄ =





∏

λj>0

λj





1/O

, 1 ≤ i ≤ O, (6.4)

whereλ̄ is the geometric mean of the positive singular values.

The advantage of GMD may be explained as follows. Consider a MIMO system modeled by

y = Hs+ n, (6.5)

wheres is the transmitted signal,y is the received signal andn is the noise. We assume thatH is decom-

posed asH = QRPH , whereR is a(O×O)-element upper-triangular matrix, whileP andQ are matrices

having orthonormal columns. The actions of the matricesP andQ may be interpreted as those of filters,

filtering the transmitted and received signals. Then, we arrive at the equivalent expression:

ŷ = Rx+ n′, (6.6)

wheres = Px, ŷ = QHy andn′ = QHn.

By exploiting Costa’s suggestion [31] that the interference known at the transmitter may be completely

canceled without consuming any additional transmit power, the system can be converted intoO decoupled

parallel subchannels, each modeled as:

ŷi = ri,ixi + n′
i, i = 1, · · · , O. (6.7)

Assuming that the variance of the noise imposed on theO subchannels is identical, the subchannels associ-

ated with the smallestri,i yield the highest error rate. This leads to the problem of appropriately choosing

P andQ in order to maximize the minimum ofri,i [6]:

max
P,Q

min{ri,i : 1 ≤ i ≤ O}, s.t. QRPH = H,QHQ = I, (6.8)

PHP = I, ri,j = 0 for i > j.

It was shown in [6] that the GMD provides the optimal solution to Equation 6.8.

The GMD operations may be based on an initial SVD step, and it may be summarized as follows [6]:
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1. LetH = UΛVH be the SVD ofH. Let us furthermore initializeQg = U, Rg = Λ, Pg = V and

o = 1.

2. If ro,og ≥ λ̄, choosep > o so thatro,og ≤ λ̄. If ro,og < λ̄, choosep > o so thatro,og ≥ λ̄. In Qg, Rg and

Pg perform the following exchanges:

ro+1,o+1
g ←→ rp,pg , (6.9)

Q:,o
g ←→ Q:,p

g ,

P:,o+1
g ←→ Q:,p

g .

3. Construct the orthogonal matricesG1 andG2 according to Equation (9) of [6]. ReplaceRg by

GT
2 RgG1, replaceQg byQgG2 and replacePg byPgG1.

4. If o = O − 1, the process stop andQgRgP
H
g is the GMD ofH. Otherwise, replaceo with o+ 1 and

go to step 2.

It is worth mentioning in closing that the Matlab implementation of this GMD algorithm wasposted by

the authors of [6] at the following website:

http://www.math.ufl.edu/ hager/papers/gmd.m .

6.2.2 Uniform Channel Decomposition

The GMD algorithm was shown to be asymptotically optimal at high SNRs in terms of both its throughput

and BER performance [7]. Hence, it does not have to strike a tradeoffs between the achievable capacity and

BER performance. Instead, it attempts to achieve the ’best of both worlds’simultaneously. Nonetheless, it

may suffer from considerable capacity loss at low SNRs due to the inherent ’zero-forcing’ operations since

it does not take the noise into consideration, which results in a reduced capacity at low SNRs [7] where the

noise-amplification is more dominant. Against this background, Jianget al. proposed the UCD algorithm

in [7] as an improvement of GMD, which decomposes a MIMO channel into multipleidentical subchannels

under MMSE criteria [154], which is depicted later in this section.

Let us recall the SVD ofH from Equation (6.1). The research in [149] showed that the optimal precoder

from an information theoretic point of view is formulated as

Fsvd = VΦ, (6.10)

whereΦ is a (O × O)-element diagonal matrix whose diagonal elements{φo}Oo=1 are found by the water

filling process as [149]

φ2
o(µ) = (µ− β

λ2
o

)+, (6.11)

whereβ is defined asβ = 2σ2
n

σ2
x

, µ is chosen so that
∑O

o=1 φ
2
o(µ) = O and(a)+ = max{0, a}.

In contrast to the SVD-based precoder of Equation (6.10), the UCD precoderFucd is derived from the

SVD precoder of Equation (6.10) as follows:

Fucd = VΦΩH , (6.12)
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whereΩ is a(N ×O)-element semi-unitary matrix, which satisfiesΩHΩ = I. Then UCD precoderFucd is

known for maximizing the channel’s throughput [7]. Moreover, a highergrade of flexibility can be achieved

by introducingΩ in the precoder matrixFucd in Equation (6.12) than that of the SVD precoder ofFsvd in

Equation (6.10). Hence, now the problem lies in beneficially designing the semi-unitary matrixΩ.

The virtual channel created by introducing the precoderFsvd can be expressed as:

G = HFsvd = UΛΦΩH = UΣΩH , (6.13)

whereΣ = ΛΦ is a diagonal matrix. Let us also introduceGa to denote the augmented matrix

Ga =

[

UΣΩH

√
βIN

]

. (6.14)

Then our aim is to find a semi-unitary matrixΩ so that the QR decomposition [150] ofGa yields an

upper triangular matrix having identical diagonal elements. The authors of [7] proved the following lemma:

”For any matrix of the form given in (29), we can find a semi-unitary matrixΩ such that the QR

decomposition ofGa yields an upper triangular matrix with equal diagonal elements.”

Equation(29) in [7] is the matrixGa, andΩ can be obtained by rewritingGa of Equation (6.14) as

Ga =







U

[

Σ
... 0O×(N−O)

]

ΩH
0

√
βIN






, (6.15)

whereΩ0 is a (N × N)-element unitary matrix whose firstO columns formΩ. ThenGa can be further

rewritten as

Ga =

[

IK 0

0 Ω0

]







U

[

Σ
... 0O×(N−O)

]

√
βIN






ΩH

0 . (6.16)

We are also able to obtain the following equation by using the GMD:

J =







U

[

Σ
... 0O×(N−O)

]

√
βIN






= QJRJP

H
J , (6.17)

whereRJ is a(N×N)-element upper triangular matrix having identical real-valued diagonal elements,QJ

is a [(N +K) ×N ]-element semi-unitary matrix, andPJ is a(N ×N)-element unitary matrix. Inserting

Equation (6.17) into Equation (6.16), we arrive at

Ga =

[

IK 0

0 Ω0

]

QJRJP
H
J ΩH

0 . (6.18)

LetΩ0 = PH
J and

QGa =

[

IK 0

0 Ω0

]

QJ . (6.19)

Then Equation (6.18) can be rewritten asGa = QGaRJ which is the QR decomposition ofGa. The

semi-unitary matrixΩ associated withGa consists of the firstO columns ofPH
J . Hence,Ω is obtained.
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6.2.3 Numerical Example

A simple example may be used to show how these algorithms work. Let us consider a2×2 system operating

atEb/No=12dB and the channel matrixH can be described as:

H =

[

−0.36 + j0.35 1.13 + j0.009

−0.06 + j1.80 − 0.11− j0.86

]

.

When the SVD scheme is considered, according to Equation (6.1), namely

H = UΛVH .

For our specific example, we have:

U =

[

−0.42 + j0.15 0.87 + j0.17

0.02 + j0.89 − 0.22 + j0.39

]

,

Λ =

[

2.21 + j0.00 0.00 + j0.00

0.00 + j0.00 0.82 + j0.00

]

,

V =

[

0.82− j0.00 0.56 + j0.00

−0.56 + j0.04 − 0.82− j0.05

]

.

When the GMD algorithm is considered, according to Equation (6.3) of Section 6.2.1, we arrive at:

Qg =

[

0.08 + j0.21 0.96 + j0.06

−0.09 + j0.96 − 0.20− j0.12

]

,

Rg =

[

1.34 + j0.00 − 1.38 + j0.00

0.00 + j0.00 1.34 + j0.00

]

,

Pg =

[

0.91 + j0.00 − 0.40 + j0.00

0.40− j0.02 0.91− j0.06

]

.

We can see that the diagonal elements of the matrixRg have an identical value and this value has the

following relationship with the diagonal elements of the matrixΛ according to Equation (6.4):

rg = λ̄ = (2.21× 0.82)1/2 = 1.34.

Finally, when the UCD technique is considered, our target is that of designing Fucd of Equation (6.12),

yielding:

V =

[

0.82− j0.00 0.56 + j0.00

−0.56 + j0.04 − 0.82− j0.05

]

,

Φ =

[

1.00 + j0.00 − 0.00 + j0.00

0.00 + j0.00 0.98 + j0.00

]

,
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Ω =

[

0.52 + j0.00 − 0.85 + j0.00

−0.85− j0.00 0.52− j0.00

]

,

hence,

Fucd =

[

0.91 + j0.00 − 0.41 + j0.00

0.39− j0.02 0.91− j0.06

]

.

6.3 System Model

The following system model description is similar to that introduced in Section 2.1.2.1. The difference is

that in contrast to Fig. 2.3 a(K×K)-element equalization matrixQH is introduced in the model of Fig. 6.1.

Let us now detail the schematic of the MIMO system depicted in Fig. 6.1, wherethe BS’s DL transmitter

equipped withN antennas transmit theK users’ data streams to the receiver employingK receive antennas

andK modulo devices. Frequency-flat fading MIMO channels are considered. The channel matrixH of

the system is given by

H = [h1 h2 · · ·hK ],

wherehk = [h1,k h2,k · · ·hN,k]
T , 1 ≤ k ≤ K. The CIR tapshi,k for 1 ≤ k ≤ K and1 ≤ i ≤ N are

independent of each other and obey the complex-valued Gaussian distribution with E[|hi,k|2] = 1. The

K-element original information symbol vector is given byx = [x1 x2 · · ·xK ]T , wherexk denotes thekth

information symbol. It is assumed thatE[xxH ] = σ2
xIN , with IN denoting the (N × N )-element identity

matrix. The original transmitted symbol vectorx is then perturbed to generate theK-element perturbed

vectoru, as given by

u = x+ ω,

whereω is a complex-valued perturbation vector. The (N ×K)-element precoding matrixP of Fig. 6.1 is

given by

P = [p1 p2 · · ·pK],

Figure 6.1: Schematic of the DL MIMO system, where the transmitter employing N transmit antennas

communicates with the receiver usingK receive antennas. Compared to Fig. 2.3, the new component isthe

(K ×K)-element equalisation matrixQH .
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wherepk, 1 ≤ k ≤ K, is the precoder’s coefficient vector for thekth user’s data stream. Given a fixed

total radiated power ET at the transmitter, an appropriate scaling factor should be used to fulfill this transmit

power constraint, which is defined as

α =
√

ET/‖Pu‖2.

The channel’s white noise vectorn is defined byn = [n1 n2 · · ·nK ]T , wherenk, 1 ≤ k ≤ K, is a complex-

valued Gaussian random process with zero mean andE[|nk|2] = 2σ2
n = No. At the receiver, the reciprocal

of the scaling factor, namelyα−1, is used to scale the received signal in order to maintain a unity-gain

transmission. The received signal vectorŷ = [ŷ1 ŷ2 · · · ŷK ]T before the modulo operation is given by

ŷ = QHHPu+ α−1QHn (6.20)

= QHHPu+ n̂,

with the (K×K)-element equalisation matrixQ of Fig. 6.1 defined asQ = [q1 q2 · · ·qK], and the effective

noise aŝn = α−1QHn.

The modulo operation of Fig. 6.1 invoked forŷk, 1 ≤ k ≤ K, is described by Equation (2.29), namely:

modτ
(

ŷk
)

= ŷk − ⌊
ℜ[ŷk] + τ/2

τ
⌋τ − j ⌊ℑ[ŷk] + τ/2

τ
⌋τ,

whereℜ[•] andℑ[•] represents the real and imaginary parts, respectively,j2 = −1, ⌊ • ⌋ denotes the largest

integer less than or equal to its argument andτ is a positive number. If the square-shapedM -point Gray

coded quadrature amplitude modulation (QAM) constellation of

{

± 1

2
, · · · ,±

√
M − 1

2

}

+ j
{

± 1

2
, · · · ,±

√
M − 1

2

}

is used, the modulo operation parameter can be set toτ =
√
M [157]. Thus, the received signal vector

y = [y1 y2 · · · yK ]T after the modulo operation is given by

y = modτ
(

ŷ
)

,

andyk, 1 ≤ k ≤ K, constitutes sufficient statistics for the receiver to make a hard-decision concerning the

transmitted information data symbolxk, 1 ≤ k ≤ K.

6.4 UCD aided MBER VP Transceiver Design

For notational simplicity, in this section, we restrict our discourse to the 4-QAMscheme associated with

M = 4. Its extension to high-order QAM schemes can be achieved by considering the Minimum Symbol

Error Rate (MSER) criterion, in the spirit of the MSER multiuser detection caseof [158]. The UCD scheme

[7] is used here to design both the transmitter’s precoding matrixP and the receiver’s equalisation matrix

Q of Fig. 6.1, while the design of the perturbation vectorω is based on the MBER criterion, as detailed in

Section 5.2.

The design introduced in Section 6.2.2 is actually the UCD-VBLAST scheme [7], which consists of

a linear DL precoder at the BS and the MMSE-VBLAST detector at the MS’sreceiver. We may exploit
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the uplink-downlink duality [159] here in order to design the UCD-MBER-VPscheme, which implies the

idealized simplifying assumption of having an identical CIR in the UL and DL.

The linear equalisation matrixQ of Fig. 6.1 can be calculated by using the same technique as that

employed for designing the linear precoder of [7] in the reverse channel. Let us denote the SVD [39] ofHH

asHH = UΛVH , whereΛ is the(O × O)-element diagonal matrix, whose diagonal elements{λo}Oo=1

are the nonzero singular values ofHH , U is an(N × O)-element matrix, andVH is an(O ×K)-element

matrix. We calculate the equalisation matrixQ in the following manner [7]:

Q = VΦΩH , (6.21)

where the(O×O)-element diagonal matrixΦ and the(K×O)-element matrixΩ are obtained by following

[149]. Explicitly, the diagonal elements{φo}Oo=1 of Φ are found by the water filling process formulated

as [7]:

φ2
o(µ) = (µ− β

λ2
o

)+, (6.22)

whereβ is defined asβ = 2σ2
n

σ2
x

, µ is chosen to satisfy
∑O

o=1 φ
2
o(µ) = O and(a)+ = max{0, a}. Let us now

introduceΣ = ΛΦ. ThenΩ is obtained with the aid of the GMD [7] in the form of:






U

[

Σ
... 0O×(K−O)

]

√
βIK






= QJRJP

H
J , (6.23)

whereRJ is a (K × K)-element upper triangular matrix having identical real-valued diagonal elements,

QJ is a [(N +K) ×K]-element semi-unitary matrix, andPJ is a(K ×K)-element unitary matrix. The

matrixΩ simply consists of the firstO columns ofPH
J .

The calculation of the precoding matrixP can be interpreted in two ways. First, according to [7], it may

be expressed as

P = Qu(R
H
J )−1, (6.24)

whereQu consists of the firstN rows ofQJ .

The second way is as follows. Given the knowledge of the linear equalisation matrixQ, the effective

channel matrix may be expressed as:

He = QHH (6.25)

= ΩΦHVHH

= ΩΦHVHVΛHUH

= ΩΦHΛHUH

= ΩΣHUH

= (UΣΩH)H .

It was shown in [155] that the precoding matrixP may be chosen to be [155]:

P = HH
e (HeH

H
e +

2σ2
n

ET
I)−1, (6.26)
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noting that the sepcific form ofP in Equation (6.26) is similar to that of the MMSE linear precoder. This

was verified by our simulations, demonstrating that the elements of the matrixP obtained by using the two

different methods are identical, which suggests that in this case we have:

P = Qu(R
H
J )−1 (6.27)

= HH
e (HeH

H
e +

2σ2
n

ET
I)−1.
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Figure 6.2: Probability density function of the decision variableskR in the proposed UCD-MBER-VP design

when the modulo operation of Fig. 2.3, explained with the aidof Fig. 2.4, is employed at the receiver. The

shaded areas represent all the erroneous decision regions.This figure is for illustration purpose and its shape

is the same to the one shown in Fig. 5.2. However, the meaning of skR here associated with Equation (6.29)

is different from that associated with Equation (5.2) in Fig. 5.2.
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Figure 6.3: Probability density function of the decision variableskR in the proposed UCD-MBER-VP design

when the modulo operation of Fig. 2.3 is employed at the receivers, shaded areas represent the approximated

erroneous decision regions, which can be contrasted to the exact regions of Fig. 6.2. Again, this figure was

repeated here for convenience, its shape is the same as the one seen in Fig. 5.3.

Having designed the precoding and equalisation matrices,P andQ, we now move on to the design of

the algorithm of choosing a specific perturbation vectorω so that the error probability or BER of the system

is minimized.

Similar to the scenario considered in Chapter 5, the BER encountered at the output of the receiver after

the modulo operation of Fig. 6.1 for the in-phase component of thekth symbol in our system may be defined

as

PeI ,k(ω) = Prob{sgn(ℜ[xk])ℜ[yk] < 0}. (6.28)
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In order to evaluate this BER, let us define the signed decision variableskR = sgn(ℜ[xk])ℜ[ŷk], which has a

mean ofc(k)R = sgn(ℜ[xk])ℜ[qH
k hkP(x+ ω)] and the PDF given by

p(skR) =
1

α−1σn

√

2πqH
k qk

exp

(

− (skR − c
(k)
R )2

2σ2
nα

−2qH
k qk

)

. (6.29)

Again, the decision areas are periodically extended in theskR-axis, as seen in Fig. 6.2, where the intervals

marked by− are the erroneous decision areas, i.e. where we have sgn(ℜ[xk])ℜ[yk] < 0, while the intervals

marked by+ are the error-free areas, i.e. sgn(ℜ[xk])ℜ[yk] > 0. Hence, the BER of the in-phase component

associated with thekth symbol is given by

PeI ,k(ω) =
∞
∑

t=−∞

∫ (t+1)τ

2t+1
2

τ
p(skR)ds

k
R ≈

∫ −3τ

−∞
p(skR)ds

k
R +

∫ −2τ

− 5τ
2

p(skR)ds
k
R +

∫ −τ

− 3τ
2

p(skR)ds
k
R

+

∫ 0

− τ
2

p(skR)ds
k
R +

∫ τ

τ
2

p(skR)ds
k
R +

∫ 2τ

3τ
2

p(skR)ds
k
R +

∫ 3τ

5τ
2

p(skR)ds
k
R, (6.30)

where the approximation occurs as we combine the integrations over all the error intervals in(−∞, − 3τ)

and(3τ, +∞) into the single integration over the interval(−∞, − 3τ).

Fig. 6.3 shows this approximation. We demonstrated this through intensive simulations which are shown

in Section 6.6.PeI ,k(ω) can therefore be expressed as:

PeI ,k(ω) ≈ Q





c
(k)
R + 3τ

α−1σn

√

qH
k qk



+Q





−5τ
2 − c

(k)
R

α−1σn

√

qH
k qk



−Q





−2τ − c
(k)
R

α−1σn

√

qH
k qk





+ Q





−3τ
2 − c

(k)
R

α−1σn

√

qH
k qk


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
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−τ − c
(k)
R
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√

qH
k qk
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− τ
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

− Q




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(k)
R
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√

qH
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

 . (6.31)

Hence, the average BER for the in-phase component ofy at the receiver is given by

PeI ,x(ω) =
1

K

K
∑

k=1

PeI ,k(ω). (6.32)

Similarly, letc(k)I = sgn(ℑ[xk])ℑ[qH
k hkP(x+ ω)]. Then the BER of the quadrature-phase component
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for thekth symbol is given by

PeQ,k(ω) ≈ Q





c
(k)
I + 3τ

α−1σn

√

qH
k qk



+Q
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Then the average BER for the quadrature-phase component ofy at the receiver is given by

PeQ,x(ω) =
1

K

K
∑

k=1

PeQ,k(ω). (6.34)

Thus, the resultant average BER of 4-QAM signalling becomes

Pe,x(ω) =
(

PeI ,x(ω) + PeQ,x(ω)
)

/2. (6.35)

Hence, the optimal perturbation vectorωopt is determined by solving the following optimization problem

ωopt = arg min
ω

Pe,x(ω). (6.36)

The perturbation vectorω can be discrete-valued [32] or continuous-valued [36]. When only thediscrete-

valued selection is considered, we have

ω = τζ, (6.37)

whereζ is a complex vector taking values from the set{a + jb} with a andb being integers. Then, the

optimization problem in Equation (6.36) is reduced to

ζopt = arg min
ζ

Pe,x(ζ). (6.38)

The optimization problem in Equation (6.38) shares similar properties as the onewe saw in Equation (5.11)

of Section 5.2.3 and can be readily solved using the discrete multi-valued PSO algorithm.

Since the UCD has a comparable computational complexity to the SVD [7], it is plausible that the

computational complexity of the UCD-MBER-VP design is dominated by the search of the optimal discrete-

valued perturbation vector. It may be deemed to have a similar complexity to the GMD-MMSE-VP design

[8], to the MMSE-VP algorithm [32] and the MMSE-MBER-VP algorithm [36], whose computational

requirements are also dominated by the search for the optimal discrete-valued perturbation vector. The

complexity values were detailed in Table 5.2 and Table 5.3. The UCD-THP design [7] benefits from a lower

computational complexity, but it is outperformed by all the other designs in termsof its BER at high SNRs,

as we will demonstrate in Section 6.6.
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6.5 Computational Complexity

Table 6.2: Detailed key computational complexity contributions per iteration for the discrete multi-valued

PSO aided UCD-MBER-VP design using QPSK signalling, whereK is the number of mobile users,N is

the number of transmit antennas, andS is the number of particles. The numbers in () indicate the index of

the corresponding block in Fig. 4.1.

Stage Flops

Update inertia weight (3) 4

Update velocities (3) 9 · 2 ·K · S
Calculate sigmoid function (3) 3 · 2 ·K · S
Update positions (3) 3 · 2 ·K · S
Evaluate fitness (2) (18 ·K ·N + 9 ·K2 + 71 ·K + 6 ·N + 4) · S

The computational complexity of our proposed UCD-MBER-VP algorithm is discussed in this section.

Its complexity for QPSK signalling may be evaluated with the aid of considering theactions shown in Fig.

4.1:

CUCD−MBER−VP = ((18 ·K ·N + 9 ·K2 + 101 ·K + 6 ·N + 4) · S + 4) · Imax + 8 ·K2 −K,

whereN is the number of transmit antennas,K is the number of mobile users,Imax is the number of

iterations needed to converge to optimal solution andS is the swarm size. More explicitly, the detailed

key complexity contribution summary table for our proposed PSO aided schemeper iteration is listed in

Table 6.2.

6.6 Simulation Results

Our simulation results are presented in this section, followed by the corresponding discussions.

6.6.1 Verification of the approximation

The effect of the approximation we made in Equation (6.33) in deriving the proposed algorithm is considered

here. The related system parameters are shown in Table 6.3, where the DLof a multiuser system employing

N = 3 transmit antennas at the BS to supportK = 3 4-QAM MSs was considered, perfect CSI knowledge

was assumed at the BS for transmission over the (N ×K)-element flat Rayleigh fading MIMO channel, and

the results were obtained by averaging the resultant performances over500 channel realizations.

As we discussed in Chapter 5, when more integrals are calculated over the error intervals shown in

Fig. 6.2, the related approximation would become more accurate. The computational complexity would

also be increased. However, the overall BER performance of the system may not be substantially improved

when more integrations are calculated over the error intervals. In Fig. 6.4,we characterized four error

probability approximations, which are:
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Table 6.3: Simulation parameters.

Parameter Value or Type

System

Modulation scheme QPSK

Modulo operation 2

Number of transmit antennas N

Number of receive end users K

Channel flat Rayleigh fading

Channel realizations 500

PSO

Swarm size for discrete multi-valued PSOSdpso 40
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Figure 6.4: The BER performance comparsion of our proposed UCD-MBER-VPdesign with different error

probability approximations for communicating over flat Rayleigh fading channels usingN = 3 transmit an-

tennas andK = 3 receive antennas to supportK = 3 4-QAM users. Averaged over 500 channel realisations.

All system parameters are summarized in Table 6.3.

Case 1: With reference to Fig. 6.4, we approximate the integrals over all the error intervals in(−∞, −
2τ) and(2τ, +∞) as the single integral over the interval(−∞, − 2τ):

∞
∑

t=−∞

∫ (t+1)τ

2t+1
2

τ
p(skR)ds

k
R ≈

∫ −2τ
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p(skR)ds

k
R +

∫ −τ

− 3τ
2

p(skR)ds
k
R +

∫ 0

− τ
2

p(skR)ds
k
R

+

∫ τ

τ
2

p(skR)ds
k
R +

∫ 2τ

3τ
2

p(skR)ds
k
R. (6.39)
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Case 2: This is the approximation we adopted in our proposed design:

∞
∑

t=−∞

∫ (t+1)τ

2t+1
2

τ
p(skR)ds

k
R ≈
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R. (6.40)

Case 3: By observing Fig. 6.4, we approximate the integrals over all the error intervals in(−∞, − 4τ)

and(4τ, +∞) as the single integral over the interval(−∞, − 4τ):

∞
∑

t=−∞

∫ (t+1)τ

2t+1
2

τ
p(skR)ds

k
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p(skR)ds
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R. (6.41)

Case 4: Again, with reference to Fig. 6.4, we approximate the integrals over all the error intervals in

(−∞, − 5τ) and(5τ, +∞) as the single integral over the interval(−∞, − 5τ):

∞
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As can be seen in the figure, the approximation of Case 1 is insufficiently accurate, while Case 2, Case

3 and Case 4 showed a similar BER performance, which means the approximations of these three cases

are all accurate enough to be used to represent the BER. It is clear thenthat the approximation of Case 2

when we approximate the integrals over all the error intervals in(−∞, − 3τ) and(3τ, +∞) as the single

integral over the interval(−∞, − 3τ) provides the best trade-off between the BER performance attained

and the computational complexity imposed, since less intergrations are calculated compared to Case3 and

Case 4. Therefore, the approximation made in Case 2 may be deemed to be the best choice among all the

approximations.

6.6.2 Convergence and Complexity

The convergence performance as well as the corresponding computational complexity of the discrete multi-

valued PSO aided UCD-MBER-VP scheme is considered here.
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Figure 6.5: Convergence performances of our proposed UCD-MBER-VP algorithm, while using the mod-

ulo operation at the receivers for communicating over flat Rayleigh fading channels in different scenarios.

The benchmark performances of the MMSE-VP and the ImMMSE-VPschemes of a3× 3 full-rank system

at Eb/No=10dB which can be seen from Fig. 6.6 and of a2×4 rank-deficient system at Eb/No=25dB which

can be seen from Fig. 6.3 are also shown in this figure. All system parameters are summarized in Table 6.3.

The system parameters of the test scenario are summarized in Table 6.3. We consider a multiuser

(N × K)-element MIMO system employingN transmit antennas at the BS, supportingK QPSK users.

Perfect CSI knowledge was assumed at the BS and the receiver end for transmission over the (N × K)-

element flat Rayleigh fading MIMO channel. The attainable performance can be seen in Fig. 6.5.

As we can observed from Fig. 6.5, when the system usesN = 3 transmit antennas for supporting

K = 3 users withK = 3 receive antennas, our algorithm needs 15 iterations on average to converge while

operating at the SNR ofEb/No = 10dB, the corresponding computational complexity is 691,404.

When the system is reconfigured to useN = 2 transmit andK = 4 receive antennas for 4 4-QAM

users, which was a rank-deficient scenario, atEb/No = 30dB, the algorithm needs 25 iterations on average

to converge with the corresponding computational complexity of 708,224.

6.6.3 Overall system performance

The overall BER performance of the proposed algorithm is discussed here. The corresponding system

parameters are summarized in Table 6.3. We considered the MIMO system employing K antennas to

receiveK 4-QAM users’ data streams fromN transmit antennas. The square-shaped 4-QAM constellation

of {±1
2} + j{±1

2} was used andτ = 2 was chosen. The four benchmark algorithms were the MMSE-

VP design [32], the ImMMSE-VP scheme [36], the UCD-THP algorithm [7] and the GMD-MMSE-VP

design [8]. Only discrete-valued vector perturbation vectors were considered in the related designs. All the
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simulation results were averaged over 500 channel realizations.
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Figure 6.6: BER performance comparsion of the MMSE-VP design [32], the ImMMSE-VP scheme

[36], the UCD-THP algorithm [7], the GMD-MMSE-VP design [8]and our proposed UCD-MBER-VP

transceiver design for communicating over flat Rayleigh fading channels usingN = 3 transmit antennas

andK = 3 receive antennas to supportK = 3 4-QAM users, assuming the perfect channel state informa-

tion. All system parameters are summarized in Table 6.3.

First we considered the case ofN = 3 andK = 3 which is a full-rank system. The system parameters

are summarized in Table 6.3. Assuming the availability of perfect channel stateinformation at both the

transmitter and receiver, the BER performance of the five designs are compared in Fig. 6.6. It can be

seen that, among the four benchmark algorithms, the ImMMSE-VP had a similar BER performance as the

MMSE-VP, while the GMD-MMSE-VP design outperformed these two transmission preprocessing designs

by 0.8 dB. Although the UCD-THP transceiver design achieved the best performance at low SNR values, its

performance degraded significantly at high SNRs and was outperformedby all the other designs. It can also

be seen from Fig. 6.6 that the proposed UCD-MBER-VP scheme achieveda 2 dB SNR gain at the target

BER of10−5 over the GMD-MMSE-VP.

The robustness of all the five algorithms against the channel estimation error (CEE) was next investi-

gated. A complex-valued Gaussian white noise with a variance 0.01 was added to each channel taphi,k to

represent the CEE at both the transmitter and receiver, and the BERs of the five designs under this CEE were

depicted in Fig. 6.7. It can be seen that the performance of the five designs were all degraded. In particular,

the UCD-THP scheme was seen to be very sensitive to the CEE and completely broke down. It can also be

seen from Fig. 6.7 that the proposed UCD-MBER-VP design was no more sensitive to CEE than the other

benchmark designs and it maintained the best BER performance.

The system was then configured to useN = 2 transmit antennas andK = 4 receive antennas forK = 4

4-QAM users, which was a challenging rank-deficient scenario. The system parameters are summarized

in Table 6.3. The BERs of the five algorithms assuming the perfect knowledgeof the channel matrix at
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Figure 6.7: BER performance comparsion of the MMSE-VP design [32], the ImMMSE-VP scheme

[36], the UCD-THP algorithm [7], the GMD-MMSE-VP design [8]and our proposed UCD-MBER-VP

transceiver design for communicating over flat Rayleigh fading channels usingN = 3 transmit antennas

andK = 3 receive antennas to supportK = 3 4-QAM users, assuming the imperfect channel state infor-

mation with channel estimation error. All system parameters are summarized in Table 6.3.
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Figure 6.8: BER performance comparsion of the MMSE-VP design [32], the ImMMSE-VP scheme

[36], the UCD-THP algorithm [7], the GMD-MMSE-VP design [8]and our proposed UCD-MBER-VP

transceiver design for communicating over flat Rayleigh fading channels usingN = 2 transmit antennas

andK = 4 receive antennas to supportK = 4 4-QAM users, assuming the perfect CSI (solid curves)

as well as the imperfect CSI with channel estimation error (dashed curves). All system parameters are

summarized in Table 6.3.



6.7. Conclusions 151

both the transmitter and receiver are shown in Fig. 6.8. The two joint transceiver designs, namely the

GMD-MMSE-VP and UCD-THP schemes, encountered high error floorswhich showed that they were

unable to differentiate the users’ information in this demanding scenario. TheMMSE-VP scheme showed

a significantly better performance, but still suffered from a visible errorfloor, as seen in Fig. 6.8. The

ImMMSE-VP algorithm considerably outperformed the above three designsand exhibited a much reduced

error floor. By contrast, the proposed UCD-MBER-VP transceiver design outperformed the ImMMSE-VP

design by about 10 dB at the target BER of10−5 and it did not exhibit an error floor. This showed its

capability to operate successfully in the challenging rank-deficient scenario.

The MMSE-VP, the ImMMSE-VP and the UCD-MBER-VP were then tested under the same CEE

condition as specified in the previous example, and their BERs obtained under this CEE are also shown

in Fig. 6.8. It can be seen that the effect of CEE was more serious in the rank-deficient case. Again the

UCD-MBER-VP design achieved the best BER performance and it was nomore sensitive to CEE than the

other two benchmark schemes.

6.7 Conclusions

In this chapter, we proposed a novel transceiver design exploiting the joint benefits of the UCD algorithm

and of the MBER criterion for developing a new vector precoding algorithm,which can be found in Fig. 6.1.

The resultant UCD-MBER-VP scheme was shown to be an attractive transceiver design, which is capable of

providing a better BER performance when compared to other state of the artalgorithms. This was achieved

without imposing a significant increase of the computational complexity especially in the rank-deficient

scenarios.

Table 6.4: Performance summary of benchmark schemes evaluated in thischapter. The SNR gap refers to

the performance SNR gain over other schemes when using the proposed UCD-MBER-VP algorithm..

UCD-MBER-VP ImMMSE-VP MMSE-VP

SNR gap at10−5 (3×3) benchmark 3 dB 3 dB

Complexity(Flops)/SNR (3×3) 691,404/10dB 333,460/10dB 252,448/10dB

Relative complexity (3×3) 2.73 1.32 1

SNR gap at10−5 (2×4) benchmark 10 dB > 10 dB

Complexity(Flops)/SNR (2×4) 708,224/30dB 571,260/30dB 433,670/30dB

Relative complexity (2×4) 1.63 1.31 1

More explicitly, the system model was introduced in Section 6.3, where Fig. 6.1showed the schematic,

based on which we proposed the UCD-MBER-VP design in Section 6.4. Thecost function for this tech-

nique was also derived in Equation (6.38) of Section 6.4. The computationalcomplexity of the proposed

algorithm was investigated in Section 6.5, followed by the correspondng simulation studies in Section 6.6.

Similar to what we observed in Chapter 5, the calculation of the BEP in the proposed design may also re-

quire an approximation. We demonstrated the appropriate approximation of theBEP in Fig. 6.4. In Fig.
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6.5, we discussed the convergence behavior of the proposed algorithm.The overall BER performance of

the proposed scheme in full-rank system under the assumption of the knowledge of perfect CIRs at both the

transmitter and receiver was investigated in Fig. 6.6, where the number of transmit antennas and receive

antennas wasN = K = 3. The proposed UCD-MBER-VP scheme was shown to be capable of achieving

around 3 dB SNR gain over the MMSE-VP technique at the target BER of10−5. In Fig. 6.3, we investi-

gated the system’s performance when the rank-deficient scenario was encountered, where there wasN = 2

transmit antennas supportingK = 4 4-QAM users. The proposed UCD-MBER-VP algorithm showed a

substantial performance over other schemes since it did not exhibit an error floor, which showed its capabil-

ity to operate successfully in the challenging rank-deficient scenario. The algorithm’s performance against

CEE was investigated in Fig. 6.7 for full-rank system and in Fig. 6.3 for rank-deficient system. It can be

seen that the proposed UCD-MBER-VP design was no more sensitive to CEE than the other benchmark

schemes.

The overall BER and computational complexity performances of the MMSE-VP technique, the ImMMSE-

VP and the proposed UCD-MBER-VP scheme were summarized in Table 5.7. In a (3×3) full-rank system,

the proposed UCD-MBER-VP scheme was capable of achieving an SNR gain of 3 dB over the other two,

while imposing a 2.7 times higher computational complexity over the MMSE-VP technique. This demon-

strated that the proposed algorithm may not be chosen in implementation when a trade-off between the

attainable BER performance and the imposed complexity is required. When the system was operating in

a (2×4) rank-deficient scenario, the proposed UCD-MBER-VP algorithm showed a substantial SNR gain

over the other schemes, while only imposing 1.6 times higher complexity than the MMSE-VP technique.

This demonstrated that the proposed UCD-MBER-VP algorithm would be a good choice to be implemented

in rank-deficient scenarios. In summary, similar to the conlusion we made in Chapter 5, the proposed UCD-

MBER-VP algorithm would be more beneficial to be adopted in rank-deficient systems.



Chapter7
Conclusions and Future Work

In this final chapter, we will first provide the overall summary and conclusions of this treatise in Section 7.1,

followed by a range of topics concerning potential future research issues in Section 7.2.

7.1 Conclusions

In this treatise, we investigated a range of reduced-complexity PSO assistedMIMO downlink transmission

schemes conceived for transmission over Rayleigh fading wireless channels operating in multi-user scenar-

ios. The preliminaries were covered in Chapter 2. Our work is constituted oftwo major parts. In the first

part, we demonstrated the efficiency of using PSO to solve the optimization problems in MUT. We proposed

several novel signal transmission algorithms based on the MBER criterion inthe second part. In Chapter 3

and Chapter 4, we focused our attention on the computational complexity reduction of the state-of-the-art

MUT schemes by using the PSO algorithm. More explicitly, in Section 3.5 we proposed using continuous-

valued PSO to reduce the complexity of the linear MBER-MUT algorithms instead of the popular SQP

approach [24]. The corresponding schematic can be found in Fig. 7.1(a). Then in Chapter 4 we proposed

using discrete multi-valued PSO to reduce the complexity of powerful nonlinear MUT, namely of the vector

precoding algorithm. The corresponding schematic can be found in Fig. 7.1(b). In Chapter 5 we focused

our attention on the novel MBER criterion combined with the employment of modulo devices at the receiver

side. There are literally thousands of papers based on MMSE-optimization inthe context of diverse research

problems, while MBER-based solutions only emerged during the past few years. Bearing this in mind, we

firstly advocated the MBER solution in the context of vector precoding, as discussed in Chapter 5. The

schematic for this generalized MBER-VP design can be found in Fig. 7.1(c). We then extended the ’idea’

into the MIMO transceiver design, and proposed a novel UCD-MBER-VP transceiver design, as discussed

in Chapter 6, where the schematic is shown in Fig. 7.1(d).

Table 7.1 summarizes the overall BER and computational complexity performances of the MMSE-

VP technique, the proposed ImMMSE-VP, generalized MBER-VP and UCD-MBER-VP schemes. As we

concluded in Table 5.7 and Table 6.4, the proposed generalized MBER-VPand UCD-MBER-VP algorithms

153
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(a)

(b)

(c)

(d)

Figure 7.1: Evolution of the system’s achitecture throughout this treatise. (a) is the schematic of linear MUT

of Section 3.3. (b) is the schematic of the classic vector precoding-based nonlinear MUT of Section 4.2. (c)

is the schematic of the system using the proposed generalized MBER-VP algorithm of Section 5.3.1. (d) is

the schematic of the system employing the proposed UCD-MBER-VP transceiver technique of Section 6.3.
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Table 7.1: Performance summary of benchmark schemes evaluated in thischapter.

UCD-MBER-VP GMBER-VP ImMMSE-VP MMSE-VP

SNR gap at10−5 (3×3) benchmark N/A 3 dB 3 dB

Complexity(Flops)/SNR (3×3) 691,404/10dB N/A 333,460/10dB 252,448/10dB

Relative complexity (3×3) 2.73 N/A 1.32 1

SNR gap at10−5 (4×4) N/A benchmark 1 dB 1 dB

Complexity(Flops)/SNR (4×4) N/A 793,230/10dB 502,820/10dB 382,770/10dB

Relative complexity (4×4) N/A 2.07 1.31 1

SNR gap at10−5 (2×4) benchmark 4 dB 10 dB > 10 dB

Complexity(Flops)/SNR (2×4) 708,224/30dB 846,020/30dB 571,260/30dB 433,670/30dB

Relative complexity (2×4) 1.63 1.95 1.31 1

are more beneficial to be implemented in rank-deficient scenarios. More explicitly, the generalized MBER-

VP algorithm is suitable for the scenario where the receivers are decentralized, while the UCD-MBER-VP

algorithm works for the systems which are capable of adopting joint transceiver schemes.

Let us now briefly revisit all these chapters in order to gain a more detailed insight.

7.1.1 Chapter 2

The preliminary knowledge required for the detailed discussions of this treatise was provided in this chap-

ter. More specifically, in Section 2.1, we offered a rudimentary introductionto MUT covering the family of

linear MUT schemes, namely ZF-MUT, MMSE-MUT and MBER-MUT, as well as the nonlinear VP MUT

algorithm. The MUD counterparts of the MUT algorithms can be seen in Table 2.15. It has been shown

in [57] that several linear MUT schemes may be readily designed from theirlinear MUD counterparts,

including the ZF-MUT and MMSE-MUT provided that the number of antennasat the BS is no less than

that of the MSs supported. Generally speaking, nonlinear MUT schemes are capable of achieving a better

attainable BER performance than linear MUT algorithms at the expense of higher computational complex-

ity as stated in Section 2.1. In Section 2.2, the PSO algorithm was introduced, where it was splited into

two parts, focused on continuous-valued PSO and discrete-valued PSO, respectively. More specifically, the

continuous-valued PSO scheme which is more suitable for solving continuous-valued optimization prob-

lems, was introduced in Section 2.2.1, while Section 2.2.2 covered the introductionof the discrete-valued

PSO algorithm invoked for solving combinatorial optimization problems.

The PSO algorithm is a promising optimization tool and this was demonstrated in Chapter 3-6.

7.1.2 Chapter 3

In this chapter, we demonstrated the efficiency of the continuous-valued PSO algorithm. More explicitly,

we focused our attention on the computational complexity reduction of linear MBER-MUTs, namely that
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of the symbol-specific MBER-MUT and of the average MBER-MUT. The MUT using the MMSE criterion

is popular owing to its representational and conceptional simplicity. However, since the BER is the ultimate

system performance indicator, we are more interested in the MBER-MUT design. Unlike the MBER-

MUD, the MBER-MUT design encounters a power constrained nonlinear optimization problem. The SQP

algorithm [24] may be used to obtain the precoder’s coefficients. However, the computational complexity of

the SQP based MBER-MUT solution may be excessive for high-rate systems. Hence, as an attractive design

alternative, in this chapter, continuous-valued PSO was invoked in orderto find the MBER-MUT’s precoder

matrixP for reducing its computational complexity.

Two PSO aided MBER-MUTs were designed and characterized in this chapter. The first one may be

referred to as the symbol-specific MBER-MUT, while the other one as the average MBER-MUT. Simula-

tion results of Fig. 3.15 demonstrated that both of our designs provided an improvement in comparison to

conventional linear MUT schemes at a reduced complexity compared to the state-of-art SQP based MBER-

MUT. More explicitly, in the case of the symbol-specific MBER-MUT of Section3.4.1, for example, in a

(4×4)-element MIMO system communicating over flat Rayleigh fading channels atan SNR ofEb
No = 10dB

when a QPSK modulation scheme was adopted, observe in Fig. 3.14 that our PSO aided MBER-MUT

algorithm arrived at the MBER-MUT solution at a twelve times lower complexity than the SQP based

MBER-MUT design as seen in Table 3.8. Similarly, from Table 3.8, its computational complexity was nine

times lower than that of the SQP based approach when the operating SNR wasEb
No = 15 dB. In the case of

the average MBER-MUT scheme of Section 3.4.2, for example, in a (4 × 4)-element MIMO system com-

municating over flat Rayleigh fading channels at an given SNR ofEb
No = 10dB when a QPSK modulation

scheme was adopted, our PSO aided MBER-MUT algorithm arrived at the MBER-MUT solution at a seven

times lower complexity than the SQP based MBER-MUT design. Similarly, its computational complexity

was seen to be five times lower in Fig. 3.14 than that of the SQP based approach, when the operating SNR

was Eb
No = 15dB. Again, these results were summarized in Table 3.8.

7.1.3 Chapter 4

We demonstrated the efficiency of discrete-valued PSO in this chapter. More explicitly, we proposed dis-

crete multi-valued PSO aided VP designs. As a nonlinear MUT scheme, VP provides an attractive BER

performance, which was demonstrated in Fig. 2.5. However, the computational complexity imposed by

the optimum shpere-encoder during the search for the optimal perturbationvector may become excessive.

Hence it becomes necessary to find a reduced-complexity algorithm, while maintaining a near-optimum

BER performance. Against this background, we developed a discrete multi-valued PSO aided MMSE-VP

design, which was shown to be capable of approaching optimum sphere-encoder’s performance at a sig-

nificantly reduced computational complexity compared to that imposed by the sphere encoder. The system

model was introduced in Section 4.2. Based on the system model, we may have the cost function in Equation

(2.59) in Section 4.3. A rudimentary introduction to discrete multi-valued PSO algorithm was then provided

in Section 4.4, followed by the description of the proposed discrete multi-valued PSO aided VP technique

in Section 4.5. The corresponding computational complexity was discussed inSection 4.6. In Section 4.7,

the simulation results were provided.
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We focused our attention on the performance of the MMSE-VP in Section 4.7.The simulation results

of Section 4.7.7 characterized the attainable performance in the case of employing N=4 transmit antennas

at the BS for supportingK=4 QPSK users, while communicating over flat Rayleigh fading MIMO channel.

Our approach is capable of finding the optimum perturbation vector at a reduced complexity of about 20%

compared to that imposed by sphere encoding atEb/No = 6 dB. Similarly, the complexity compared to

that imposed by sphere encoding was about 30% atEb/No = 10 dB, while the total number of nodes in

the search space was58 = 390, 625. The results were summarized in Table 4.9. Hence, our approach may

be deemed to constitute a low-complexity near-optimum VP algorithm. Moreover, our approach is capable

of striking a flexible BER versus complexity trade-off, thanks to its iterative optimization regime.

7.1.4 Chapter 5

In this chapter, we invoked the MBER criterion for designing vector precoding schemes, where transmitted

signal is appropriately perturbed at the BS for the sake of directly minimizing the BER at the receiver. The

perturbation induced ambiguity has to be removed at the MS’s receiver with the aid of appropriate modulo

devices. Based on this novel MBER criterion which is prominently featured inthe schematic of Fig. 5.2.2,

we proposed two different vector precoding algorithms. Namely the.improved MMSE-VP design based on

the MBER criterion in Section 5.2 which we referred to as the ImMMSE-VP scheme and the generalized

MBER-VP design in Section 5.3. It may be concluded with the aid of Table 5.7 that the proposed generalized

MBER-VP design would be suitable to be implemented in rank-deficient scenarios.

More explicitly, in Fig. 5.1 of Section 5.2, we firstly introduced an improved MMSE-VP design based

on the MBER criterion. This transmit preprocessing scheme invokes a regularized channel inversion and

then superimposes a discrete-valued perturbation vector on the transmitted signal in order to minimize the

BER of the system as an improvement of the well-established MMSE-VP scheme. The discrete multi-valued

PSO can be adopted to solve the corresponding optimization problem and its computational complexity was

discussed in Section 5.4. To further improve the system’s BER performance, a generalized MBER-based

continuous-valued VP algorithm was proposed in Section 5.3. Given the knowledge of the information

symbol vector to be transmitted and the CIR matrix, we consider the generation of the effective symbol

vector to be transmitted by directly minimizing the BER of the system. We showed that continuous-valued

PSO can be used to solve the corresponding optimization problem. The corresponding computational com-

plexity was discussed in Section 5.4. Simulation results were also provided to quantify the advantage of

these VP schemes relying on the MBER criterion, especially for rank-deficient systems, where the number

of BS transmit antennas is lower than the number of MSs supported. It was shown in Equation (5.3) of

Section 5.2.2 that an appropriate approximation may have to be introduced, in order to calculate the BEP of

the system invoking the proposed algorithms. Hence, we invoked the appropriate approximations for both

scenarios, which were characterized in Fig. 5.7 and Fig. 5.8. The convergence bahavior of our proposed

discrete multi-valued PSO aided ImMMSE-VP scheme, of the continuous-valued PSO aided generalized

MBER-VP algorithm and of the corresponding representational complexitywas shown in Fig. 5.10 and Fig.

5.11 of Section 5.5.3. The overall BER performance of the algorithms in full-rank system was shown in Fig.

5.12, while their performance in rank-deficient system was shown in Fig. 5.13. Both of the algorithms were
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capable of achieving a better performance than MMSE-VP technique in bothscenarios, while a substantial

BER performance gain could be attained by the generalized MBER-VP algorithm over other schemes in the

challenging rank-deficient scenario. The robustness of these two designs to CIR estimation errors were also

investigated in Fig. 5.12 and Fig. 5.13, demonstrating that the proposed algorithms are no more sensitive to

channel estimation errors than the MMSE-VP scheme.

7.1.5 Chapter 6

In this chapter, we proposed a novel transceiver design exploiting the joint benefits of the UCD algorithm

and of the MBER criterion for developing a new vector precoding algorithm,which can be found in Fig. 6.1.

The resultant UCD-MBER-VP scheme was shown to be an attractive transceiver design, which is capable of

providing a better BER performance when compared to other state of the artalgorithms. This was achieved

without imposing a significant increase of the computational complexity especially in the rank-deficient

scenarios.

More explicitly, the system model was introduced in Section 6.3, where Fig. 6.1outlined the associated

schematic. Based on this scheme, in Section 6.4 we proposed the UCD-MBER-VP design. The cost function

for this technique was also derived in Equation (6.38) of Section 6.4. The computational complexity of the

proposed algorithm was investigated in Section 6.5, followed by the corresponding simulation studies in

Section 6.6. Similar to what we observed in Chapter 5, the calculation of the BEPin the proposed design

may also require an approximation. We demonstrated the appropriate approximation of the BEP in Fig.

6.4. In Fig. 6.5, we discussed the convergence behavior of the proposed algorithm. The overall BER

performance of the proposed scheme in full-rank system under the assumption of the knowledge of perfect

CIRs at both the transmitter and receiver was investigated in Fig. 6.6, wherethe number of transmit and

receive antennas wasN = K = 3. The proposed UCD-MBER-VP scheme was shown to be capable

of achieving an approximately 3 dB SNR gain over the MMSE-VP technique atthe target BER of10−5.

In Fig. 6.3, we investigated the system’s performance when the rank-deficient scenario was encountered,

where there wasN = 2 transmit antennas supportingK = 4 4-QAM users. The proposed UCD-MBER-VP

algorithm showed a substantial performance over other schemes since it did not exhibit an error floor, which

showed its capability to operate successfully in the challenging rank-deficient scenario. The algorithm’s

performance against CEE was investigated in Fig. 6.7 for full-rank systemand in Fig. 6.3 for rank-deficient

system. It can be seen that the proposed UCD-MBER-VP design was no more sensitive to CEE than the

other benchmark schemes.

7.2 Future Work

In this study we demonstrated that PSO constitutes a promising technique in the context of MIMO transceiver

designs. Future work ideas may be categorized into two major areas, namely the broader applications of

PSO in wireless communications and more sophisticated transceiver designs.
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7.2.1 Block-diagonal uniform channel decomposition aided MBERvector perturbation for

multiuser MIMO systems

The family of multiuser Block Diagonalisation (BD), Vector precoding (VP), Geometric Mean Decomposi-

tion (GMD) or Uniform Channel Decomposition (UCD) based DL solutions constitute attractive techniques

for approaching the sum capacity of multiuser MIMO broadcast channels[160, 161]. The authors of [160]

proposed a technique, which combines BD and ZF-VP, while an algorithm based on combining BD and

GMD (also covers BD combined with UCD) was proposed in [161]. It is a promising idea to further com-

bine BD with both UCD and with our MBER-VP to achieve an improved performance.

7.2.2 Robust transmit preprocessing relying on imperfect channel knowledge

In most of the proposed MUT designs we assumed perfect CSI knowledge at the BS, which is a demanding

assumption, since the DL CIR has to be fedback to the transmitter from the receiver. Hence, it is useful to

consider a more realistic model. For example, in a TDD system, it may be possible toemploy a channel

predictor to predict the CIR taps into the future based on their past values.There are a number of papers in

the literature considering the robust design of the THP ( [162] [163], [164]) for the sake of mitigating the

effects of channel estimation errors. However, there is no robust design proposed for vector precoding in the

open literature. Hence, it would be beneficial to develop a robust vectorprecoder, which is robust against

imperfect channel knowledge.

7.2.3 Differential vector precoding

Noncoherent differential detection dispensing with channel estimation constitutes a promising technique for

the future, when it is excessively complex to estimate the MIMO channels, namely when the number of

transmitters and receivers is high. The design of a new differential encoding algorithm capable of reducing

the complexity at the receiver is an open problem at the time of writing. Powerful nonlinear multiuser

transmission schemes may offer a way out. A differential THP algorithm was proposed in [165]. However,

there is no technique in the open literature, which combines differential decoding with vector precoding.

Therefore, it would be beneficial to design a new differential scheme bycombing these two techniques.

7.2.4 Cooperative transmission schemes for MIMO broadcast channels

Cooperative BS transmissions have the potential of significantly improving thespectral efficiency of mul-

tiuser, multicell MIMO systems. It is expected that when powerful precoding schemes are employed at the

BSs, the cooperative system becomes capable of improving the attainable performance. Hence, based on the

work in [166], [167] and [168], a new design which combines vector precoding with cooperative networks

would be a promising research topic.
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7.2.5 Jointly optimized downlink multiuser MIMO system

A novel transceiver design was proposed in Chapter 6, which may be further developed. Explicitly, a

sophisticated transmitter along with a low complexity receiver or a simple transmitter combined with a

sophisticated receiver may be beneficial in specific applications.

7.2.6 Broader applications of particle swarm optimization in wireless communications

PSO has been successfully applied in numerous research fields [101, 102, 107]. Hence, PSO may be em-

ployed for solving optimization problems derived from the above-mentioned topics. A few examples are

in the field of MUDs [13, 16, 17]. As the search-space is extended, forexample owing to using multiple

bits/symbol, as in 16QAM, the benefit of PSO may become even more substantial.



Glossary

PSO Particle Swarm Optimization

SQP Sequential Quadratic Programming

BER Bit error ratio, the ratio of the bits received incorrectly

BEP Bit error probability, similar notation to BER

BPSK Binary Phase Shift Keying

BS A common abbreviation for Base Station

MS A common abbreviation for Mobile Station

CEE Channel Estimation Error

CSI Channel State Information

CIR Channel Impulse Response

CF Cost Function

DL Downlink

DF Decode and Forward

Eb/N0 Ratio of bit energy to noise power spectral density.

MIMO Multi-Input Multi-Output

SISO Single-Input Single-Output

ML Maximum Likelihood

MSE Mean Square Error, a criterion used to optimised the coefficients of the equalizer

such that the ISI and the noise contained in the received signal is jointly min-

imised.
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MMSE Minimum Mean Square Error

OFDM Orthogonal Frequency Division Multiplexing

PSK Phase Shift Keying

QAM Quadrature Amplitude Modulation

RS Relay Station

TDD Time Division Duplex

FDD Frequency Division Duplex

CDMA Code Division Multiple Access

QPSK Quadrature Phase Shift Keying

SNR Signal to Noise Ratio, noise energy compared to the signal energy

THP Tomlison-Harashima precoder

DPC Dirty Paper Coding

TX Transmitter

RX Receiver

ZF Zero Forcing

MBER Minimum Bit Error Rate

VP Vector Precoding or Vector Perturbation

MUT Multiuser Trasmission

MUD Multiuser Detection

SVD Singular Value Decomposition

GMD Geometric Mean Decomposition

UCD Uniform Channel Decomposition

UL Uplink
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