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Abstract
The rapid evolution of wireless networks to meet the requirements of explosive data traffic
demand is escalating energy consumption beyond sustainable limits. Consequently, energy
efficiency (EE) has emerged as a key performance indicator for future wireless networks to
address the increasing concern over greenhouse gas emissions and sustainable economic growth.
This thesis studies energy-efficient transmission strategies for multiantenna wireless systems.
The aim is to develop linear beamforming techniques maximizing the bit-per-Joule EE metric,
focusing on three appealing scenarios: a coordinated multicell system; a fronthaul-constrained
cloud radio access network (C-RAN); and a multi-pair wireless-powered relaying system. The
primary emphasis is on suboptimal but efficient optimization approaches which are attractive for
practical implementation.
The problem of achieving EE fairness in a multicell multiple-input single-output downlink
system is studied first. Specifically, coordinated beamforming is designed to maximize the
minimum EE among all base stations. Novel efficient iterative optimization methods solving the
design problem in both centralized and decentralized fashions are proposed.
In a downlink C-RAN with finite-capacity fronthaul links, the network-wide EE performance
is explored via a joint design of beamforming and remote radio head-user association. A relatively
realistic power consumption model including rate-dependent circuit power and nonlinear power
amplifiers' (PA) efficiency is also considered. To gain an insight into the optimal performance of
the design problem, an algorithm achieving globally optimal solutions is devised. Towards
practical implementation, two efficient iterative suboptimal methods are proposed aiming at
yielding near-optimal performance.
Finally, a multi-pair amplify-forward relaying network is considered, in which energyconstrained relays adopting time-switching protocol harvest energy from the radio frequency
signals transmitted by users. To maintain EE fairness among all user pairs, joint optimization of
system parameters, such as users' transmit power, relay beamforming, and energy harvesting (EH)
time, is studied. Impacts of rate-dependent circuit power, nonlinear PAs' efficiency and nonlinear
EH circuits on the achievable performance are also addressed.

Keywords: C-RANs, CoMP, energy efficiency, energy harvesting, limited-fronthaul
capacity, linear beamforming, multiantenna communications, multicell multiuser
MISO, non-ideal power amplifier, power consumption, relay network, signal
processing, successive convex approximation
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Tiivistelmä
Langattomat verkot ovat kehittyneet nopeasti räjähdysmäisesti kasvavan dataliikenteen mahdollistamiseksi, minkä seurauksena energiankulutus on kasvanut kestävän kehityksen rajat ylittävällä tavalla. Siksi energiatehokkuudesta (EE, energy efficiency) on tullut uusien langattomien verkkojen keskeinen suunnittelukriteeri vastauksena kasvavaan huoleen kasvihuonepäästöistä ja kestävästä talouskasvusta.
Väitöskirjassa tutkitaan moniantennisten langattomien järjestelmien energiatehokkaita tiedonsiirtostrategioita. Tavoitteena on kehittää lineaarisia keilanmuodostustekniikoita, jotka maksimoivat
energiatehokkuuden mitattuna bitteinä joulea kohden, keskittymällä kolmeen kiinnostavaan vaihtoehtoon, joita ovat koordinoitu monisolujärjestelmän lähetys laskevalla siirtotiellä, pilvipohjainen
radioliityntäverkko (C-RAN, cloud radio access network), jossa laskentayksikön ja varsinaisen radiolähettimen välinen yhteys (fronthaul) on rahoitettu, ja usean parin relejärjestelmiin, joissa releet toimivat paristoilla. Työn pääpaino on alioptimaalisissa, mutta käytännöllisesti tehokkaissa optimointimenetelmissä. Pääpaino on alioptimaalisissa mutta tehokkaissa optimointitavoissa, jotka ovat kiinnostavia käytännön toteutuksen näkökulmasta.
Ensiksi tarkastellaan tasapuolisen energiatehokkuuden saavuttamista monisoluisessa laskevan
siirtotien moni-tulo yksi-lähtö (MISO, multiple-input single-output) -järjestelmässä. Koordinoitu keilanmuodostus on suunniteltu erityisesti maksimoimaan energiatehokkuuden minimitaso kaikilla tukiasemilla. Tarkemmin sanottuna pyritään maksimoimaan huonoin energiatehokkuus solmujen välillä,
kun käytetään yhteistoiminnallista keilanmuodostusta. Muodostetun ongelman ratkaisemiseksi ehdotetaan edistyksellisiä iteratiivisia menetelmiä käyttämällä sekä keskitettyjä että hajautettuja ratkaisuja.
Laskevan siirtosuunnan fronthaul-rajoitetussa C-RAN-järjestelmässä selvitetään verkonlaajuista
energiatehokkuutta keilanmuodostuksen ja palvelevan tukiaseman yhteisoptimoinnilla. Tässä käytetään verrattain realistista tehonkulutusmallia, joka sisältää datanopeudesta riippuvan prosessointitehon ja epälineaarisen tehovahvistimen (PA, power amplifier) hyötysuhteen. Jotta saadaan käsitys
ongelman optimaalisesta suorituskyvystä, siihen kehitetään globaalisti optimaalinen menetelmä.
Lisäksi ehdotetaan kaksi käytännöllisempää iteratiivista menetelmää, jotka saavuttavat lähes optimaalisen suorituskyvyn.
Lopuksi keskitytään monen parin vahvista-ja-välitä eteenpäin (AF. amplify and forward) verkkoon, jossa aikajakokytkentää käyttävät energiarajoitetut toistimet keräävät energiaa käyttäjien lähettämistä radiosignaaleista. Jotta saavutetaan EE:n oikeudenmukaisuus kaikkien parien välillä, parametrit, kuten käyttäjien lähetysteho, toistimen keilanmuodostus, ja energiankeräysaika suunnitellaan
yhdessä. Tässä tutkitaan nopeusriippuvaisen piirin tehon, epälineaarisen tehovahvistimen hyötysuhteen ja epälineaaristen energiankeräyspiirien tehon vaikutusta suorituskykyyn.

Asiasanat: C-RAN, CoMP, ei-ihanteellinen tehovahvistin, energiankorjuu, energiatehokkuus,
lineaarinen keilanmuodostus, moniantenniset yhteydet, monisoluinen usean käyttäjän MISO,
rajoitetun kapasiteetin fronthaul-linkit, releverkko, signaalien käsittely, suksessiivinen konveksin
approksimaatio, virrankulutus
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List of abbreviations
Acronyms:
3GPP

Third Generation Partnership Project

5G

Fifth Generation

ADMM

Alternating Direction Method of Multipliers

AF

Amplify-and-Forward

AWGN

Additive White Gaussian Noise

BB

Baseband

BBU

Baseband Unit

BRnB

Branch-Reduce-and-Bound

BS

Base Station

CB

Coordinated Beamforming

CBO

Current Best Objective

CCT

Charnes-Cooper Transformation

CDF

Cumulative Density Function

CoMP

Coordinate Multipoint

C-RAN

Cloud Radio Access Network

CSI

Channel State Information

DC

Direct Current

DBRnB

Discrete Branch-Reduce-and-Bound

DMO

Discrete Monotonic Optimization

DoC

Difference-of-Convex

EE

Energy Efficiency

EEF

Energy Efficiency Fairness

EEmax

Energy Efficiency Maximization

EH

Energy Harvesting

GMO
GCP

General Monotonic Optimization
Generic Convex Program

GPS

Global Positioning System

ICI

Intercell Interference

ICT

Information and Communications Technology

IT

Information Transmission
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JT

Joint Transmission

KKT
LSAS

Karush-Kuhn-Tucker
Large-Scale Antenna System

LTE

Long Term Evolution

MBIP

Mixed Binary Integer Program

MIMO

Multiple-Input Multiple-Output

MISO

Multiple-Input Single-Output

MS

Mobile Station (i.e., user device)

NU

Network Unit

OLT

Optical Line Terminal

OW

One-Way

PA

Power Amplifier

PFP

Parametric Fractional Program

PL

Path Loss

PS

Power Splitting

QoL

Quadratic-over-Linear

QoS

Quality-of-Service

RF

Radio Frequency

RRH

Remote Radio Head

SCA

Successive Convex Approximation

SDR

Semidefinite Relaxation

SE

Spectral Efficiency

SINR

Signal-to-Interference-plus-Noise Ratio

SISO

Single-Input Single-Output

SOC

Second-Order Cone

SOCP

Second-Order Cone Program

SWIPT

Simultaneous Wireless Information and Power Transfer

SWEE

Sum Weighted Energy Efficiency

TS

Time Switching

TW
WMMSE

Two-Way
Weighted Minimum Mean Squared Error

w.r.t.

With Respect To

ZF

Zero-Forcing
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Mathematical symbols and operators:
Schur-Hadamard (element-wise) multiplication of two matrices
T

(·)

transpose

H

(·)

CN

conjugate transpose
(0, σ 2 )

the complex Gaussian distribution with zero mean and variance σ 2

Z

the set of integer numbers

Zn

the set of integer column vectors of length n

R

the set of real numbers

R++

the set of positive real numbers

Rn+

the set of non-negative real column vectors of length n

C

the set of complex numbers

Cn

the set of complex column vectors of length n

Cm×n

the set of m × n complex matrices

{0, 1}n

the set of binary column vector of length n

|x|
bxcS

absolute value of complex number x

dxeS

the smallest element in set S not less than scalar x

[x]+

max(0, x)

ℜ(x)
ℑ(x)

real part of x
imaginary part of x

the largest element in set S not greater than scalar x

kxk p

` p -norm of vector x

[x]i

the i-th element of vector x

{xi }i∈I

the set containing all vectors xi where i belongs to set of indices I

[X]i, j

the element at row i column j of matrix X

diag(x)

the diagonal matrix constructed from elements of vector x

∇x g(x0 )
hx, yi

gradient of function g(x) with respect to x evaluated at x0
the inner product of two vectors x and y

ei

the unit vector such that [e]i = 1 and [e] j = 0 where j 6= i

In

the n × n identity matrix

E{·}

expectation operator

O(·)

big O notation
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Roman alphabet notations:
Al

matrix of only zero except element [Al ]l,l , i.e., [Al ]l,l = σ̃R

bk

compact notation denoting user k in cell b in the multicell system

B

number of BSs in the multicell system

Brh

number of RRHs in the C-RAN

Bikl

matrix of only zero except element [Bikl ]l,l , i.e., [Bikl ]l,l = | fikl |2

c

penalty parameter of the augmented function formed by the ADMM

cl

parameter in the nonlinear EH model of relay Rl

C̄b

capacity of the fronthaul link connecting RRH b to BBU pool

dbk

information symbol for user bk in the multicell system

dk

information symbol for user k in the C-RAN

dik

information symbol for user Uik in the relay system

dl

parameter in the nonlinear EH model of relay Rl

EkOW (.)

function of the total energy consumed by user pair k in OW relaying

EkTW (.)

function of the total energy consumed by user pair k in TW relaying

ElR,OW (.)
ElR,TW (.)
ElR,const
ElEH,OW (.)
ElEH,TW (.)
fbEE (.)
fkEE,OW (.)
fkEE,TW (.)

function of the total energy consumed by relay Rl in OW relaying

function of the EE of user pair k in TW relaying

fikl

complex channel coefficient between user Uik and relay Rl

fik

vector stacking all fikl associated to user Uik

gbk

slack variable representing the SINR of user bk in the multicell system

gk

slack variable representing the SINR of user k in the C-RAN

ġk

slack variable representing the SINR of user U2k in OW relaying

g̈ik

slack variable representing the SINR of user Uik in TW relaying

Gik
hi,bk

diagonal matrix resulting from the multiplication σ̃R2 diag fH
fTik )
ik
channel (row) vector from BS i to user bk in the multicell system

function of the total energy consumed by relay Rl in TW relaying
energy consumption for activating the basic functions of relay Rl
function of harvested energy at relay Rl in OW relaying
function of harvested energy at relay Rl in TW relaying
function of the EE of BS b in the multicell system
function of the EE of user pair k in OW relaying

hb,k

channel (row) vector from RRH b to user k in the C-RAN

hk

vector aggregating all channel vectors hb,k

ḣk j

effective channel vector from U1 j to U2k in OW relaying, i.e., (f2k
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f1 j )T

ḧikî j

effective channel vector from Uik to Uî j in TW relaying, i.e., (fik

fî j )T

H

Hb,bk

channel matrix resulting from the multiplication hb,bk hb,bk (in Chapter 3)

Ḣk j

channel matrix in OW relaying resulting from the multiplication ḣH
k j ḣk j

Ḧikî j

ḧ
channel matrix in TW relaying resulting from the multiplication ḧH
ikî j ikî j

IADMM

maximum number of iterations in an ADMM loop.

Ibk (·)

function of interference power at user bk in the multicell system

K

total number of users in the C-RAN

Kb

number of users served by BS b in the multicell system

KP

total number of user pairs in the relay system

LR

total number of relays

M

number of transmit antennas at a BS in the multicell system

Mrh

number of transmit antennas at an RRH in the C-RAN

nbk

receiver noise of user bk in the multicell system

nk
ñl

receiver noise of user k in the C-RAN
receiver noise of relay Rl in the relay system

nik

receiver noise of user Uik in the relay system

N0

noise power spectral density

pik

transmit power of user Uik

p̃ik

inverse of pik

pSP

constant coefficient of signal processing power consumption

p

vector stacking pik , with i = {1}, ∀k

p̄

vector stacking pik with i = {1, 2}, ∀k

ṗ

vector stacking p̃ik , with i = {1}, ∀k

p̈

vector stacking p̃ik with i = {1, 2}, ∀k

Pa

maximum per-antenna transmit power in the C-RAN

Pb

maximum transmit power of BS b

P̄b

maximum transmit power of RRH b

P̄ik

maximum transmit power of user Uik

P̄lDC
P̄lR

maximum harvested power at relay Rl

P0

total circuit power consumption at a BS in the multicell system

Pdyn

dynamic circuit power consumption at a BS in the multicell system

Psta

static circuit power consumption at a BS in the multicell system

Pms

circuit power consumed by a user device in the C-RAN

active
PRRH

power consumption during active mode of an RRH in the C-RAN

maximum transmit power of relay Rl
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PRRH

sleep

power consumption during sleep mode of an RRH in the C-RAN

active
PNU

power consumption during active mode of an NU in the C-RAN

PNU

sleep

power consumption during sleep mode of an NU in the C-RAN

POLT

power consumption of the OLT in the C-RAN

Pconst

constant circuit power consumption of the C-RAN

Ptot (.)

function of total power consumption in the C-RAN

P̂tot (.)

equivalent function of Ptot (.) with newly introduced slack variables

Pk0
Pk00
sp
P̄ik
Plrad,OW (.)
Plrad,TW (.)

circuit power consumption when U1k is idle and U2k is active

function of the radiated power at Rl in TW relaying

qbk

slack variable yielding interference power at user bk in multicell system

qk

slack variable yielding interference power at user k in the C-RAN

q̇k

slack variable yielding interference power at U2k in OW relaying

q̈ik

slack variable yielding interference power at Uik in TW relaying

Q0

required QoS of a user in the C-RAN

Qik

required QoS of Uik in the relay system

r(V )

reduced box of V in the DBRnB procedure

rbk

slack variable for the data rate of user bk in the multicell system

rk

achievable data rate of user k in the C-RAN

rk

upper bound value of rk

rk
ṙk

lower bound value of rk
achievable data of user U2k in OW relaying

r̈ik

achievable data of user Uik , i = {1, 2}, in TW relaying

r

vector stacking all rk

r

vector stacking all rk

circuit power consumption when U1k is active and U2k is idle
constant coefficient of signal processing power consumption of Uik
function of the radiated power at Rl in OW relaying

r

vector stacking all rk

ṙ

vector stacking all ṙk

r̈

vector stacking all r̈ik

Rl

notation for relay l the relay system

Rbk (·)

function of the data rate of user bk in the multicell system

sb

variable representing the operating modes of RRH b

sb

upper bound value of sb

sb

lower bound value of sb
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s̃b

epigraph of piecewise linear function ϕβ̄ (∑k∈K ub,k ) (in Chapter 4)

s
s

vector stacking all variable sb
vector stacking all sb

s

vector stacking all sb

s̃

vector stacking all s̃b

t

slack variable representing the total power consumption in the C-RAN

tb
t˜l

slack variable representing the power consumption of BS b

t̃

slack variable representing the term (τ̃ −1)/ 1+exp cl dl −cl ∑k∈K
vector stacking all variables t˜l

ub,k

slack variable representing the term kwb,k k2 in the C-RAN system

ũl

slack variable representing the term ∑k∈KP wH
AF B1kl wAF / p̃1k

u

vector stacking all ub,k

ũ

vector stacking all ũl

Uik

notation of user i (i = {1, 2}) of pair k in the relay system

V

arbitrary box in DBRnB procedure

| f1kl |2 
p̄1k

wl

complex weight coefficient used at Rl in the AF relaying scheme

wbk

beamforming vector from BS b to user bk in the multicell system

wb,k

beamforming vector from RRH b to user k in the C-RAN

w̃b,m

composite vector of beamforming coefficients at antenna m of RRH b,
i.e., w̃b,m , [[wb,1 ]m ; [wb,2 ]m ; ...; [wb,K ]m ]

wk

vector stacking all beamforming vectors for user k in the C-RAN

w

vector stacking all beamforming vectors in the multicell/C-RAN system

wAF

vector stacking all wl

w̄

ZF beamformer in the ZF based design schemes

W

transmission bandwidth

WAF

diagonal matrix formed by vector wAF

xb,k
xb,k

variable representing the connection between RRH b and user k
upper bound value of xb,k

xb,k

lower bound value of xb,k

x̃b,k

epigraph of piecewise linear function ϕβ̄ (ub,k ) (in Chapter 4)

x

vector stacking all variables xb,k

x

vector stacking all xb,k

x

vector stacking all xb,k

x̃

vector stacking all x̃b,k

ybk

received signal at user bk in the multicell system
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yk

received signal at user k in the C-RAN

ỹOW
l
ỹTW
l

received signal at relay Rl in OW relaying
received signal at relay Rl in TW relaying

yOW
2k

received signal at user U2k in OW relaying

yTW
ik
yrec
ik

signal after self-interference cancellation at user Uik in TW relaying

zb
z̈k

slack variable representing the transmit data rate from BS b
p
slack variable representing for the term qτ̃/ṙk in OW relaying
slack variable representing for the term τ̃/(∑2i=1 r̈ik ) in TW relaying

ż

vector stacking all żk

z̈

vector stacking all z̈k

Ż
Z̈

orthogonal basis of the null-space of interference in OW relaying
orthogonal basis of the null-space of interference in TW relaying

żk

received signal at user Uik in TW relaying

Greek alphabet notations:
ᾱ

penalty parameter associated to the relaxation of binary variables

β̄

approximation parameter of piecewise linear function

βlEH
χb

parameter depending on the circuit specifications in EH model

χ

vector stacking all the local variables at BS b in the ADMM
vector stacking all χ b

∆P

different operating power between active and sleep modes of an RRH

ε

efficiency of PAs equipped on a BS in the multicell system

ε̃

constant associated to the efficiency of PAs equipped on an RRH

εik

constant associated to the efficiency of PA at user Uik

ε̃l

constant associated to the efficiency of PA at relay Rl

η

slack variable representing network EE of the C-RAN

η̄

slack variable representing the minimum EE among all BSs

ηb

slack variable representing the EE of BS b

ηL (V )

lower bound of network EE objective over box V in the DBRnB

ηU (V )

upper bound of network EE objective over box V in the DBRnB

η̇

inverse of minimum EE among user pairs in the EEF-OW problem

η̈

inverse of minimum EE among user pairs in the EEF-TW problem

γbk (.)

function of the SINR of user bk in the multicell system

γk (.)

function of the SINR of user k in the C-RAN

18

γkOW (.)
γikTW (.)

function of the SINR of user U2k in OW relaying
function of the SINR of user Uik in TW relaying

γkOW,ZF (.)

function of the SINR of user U2k in ZF OW relaying

γikTW,ZF (.)

function of the SINR of user Uik in ZF TW relaying

µb,i j

global version of interference temperature τb,i j used in the ADMM

µbk ,i
νb

global version of interference temperature τb0 k ,i used in the ADMM
global version of θ b used in the ADMM

Ω
Ω
Ω̃

vector stacking all optimization variables involved in problem (4.20)

Ω
Ω̇
Ω
Ω̈

vector stacking all optimization variables involved in problem (5.40)

vector stacking all optimization variables involved in problem (4.32)
vector stacking all optimization variables involved in problem (5.36)

ψ(.)

regularized objective function resulted from applying the penalty method

ψ̃(.)

first-order approximation of ψ(.)

φ bi (.)

inner convex approximation of bilinear function

φ bi-DoC

inner convex approximation of DoC formulation of bilinear function

φ frac (.)

inner convex approximation of fractional-linear function

φ log (.)

inner convex approximation of logarithmic function

φ po (.)

inner convex approximation of power function

φ qol (.)

inner convex approximation of quadratic-over-linear function

σb2k
σk2
σ̃R2
σU2

receiver noise variance of user bk in the multicell system
receiver noise variance of user k in the C-RAN system
receiver noise variance of relay Rl
receiver noise variance of user Uik

ϕβ̄ (.)

piecewise linear function with approximation parameter β̄

ϕ̄β̄ (.)

convex upper bound of ϕβ̄ (.)

ρb

slack variable such that ε̃ρb represents the RF transmit power of RRH b

ρb
ρb
ρ

upper bound value of ρb
lower bound value of ρb

ρ
ρ

vector stacking all ρ b

τeh

fraction of block time used for EH phase

τ̃

changed variable associated to τeh , i.e., τ̃ = (1 + τeh )/(1 − τeh )

τb,i j

local variable of BS b for the ICI produced by BS b to user i j

τb0 k ,i

local variable of BS b for the ICI produced by BS i to user bk

vector stacking all ρb
vector stacking all ρ b
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θb

vector stacking the interference temperatures locally stored at BS b

υb
υ

slack variable representing the data rate on the fronthaul link of RRH b
vector stacking all υb
vector encompassing all global variables used in the ADMM

ϑ
ξ¯

penalty parameter relaxing the fronthaul constraints in penalty method

ξb
ξ

Lagrange multiplier associated with the equality constraint of EE values

ζb

vector of Lagrange multipliers associated with the equality constraint of

ζ

interference temperatures
vector stacking all ζ b

vector stacking all ξb

Calligraphy letter notations:
B

set of all BSs in the multicell system

Brh

set of all RRHs in the C-RAN

K

set of all users in the C-RAN

Kb

set of users served by BS b in the multicell system

KP

set of user pairs in the relay system

L (n+1) (.)

Lagrangian function of the ADMM formed at iteration n + 1 of the SCA

L (.)

Lagrangian function formed in the interlaced SCA-ADMM method

LR

set of nonregenerative relays

RnBox

set of boxes produced by the DBRB procedure at iteration n

S

normal feasible set of the design problem in Chapter 4
(n+1)

Sb

set of (approximate) convex constraints associated with BS b at iteration
n + 1 of the SCA

Sb

nonconvex feasible set associated to BS b considered in the interlaced
SCA-ADMM method

Sc

set of convex constraints of problem (4.20)

Snc
S˜c

set of nonconvex constraints of problem (4.20)

S˜nc
S˙

set of convex constraints of problem (4.32)

S¨
(n)
Ω )
S˙(Ω̇

feasible set of the EEF-TW problem
(n)
Ω
inner convex approximation of S˙ at Ω̇

(n)
Ω )
S¨(Ω̈

Ω
inner convex approximation of S¨ at Ω̈
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set of convex constraints of problem (4.32)
feasible set of the EEF-OW problem

(n)
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1

Introduction

The rapid development of wireless communications driven by the steady increase of
mobile data traffic has contributed considerably to the continually growing energy consumption and carbon dioxide emission caused by the information and communications
technology (ICT) industry [1, 2, 3, 4, 5, 6, 7]. According to recent studies, the ICT sector
accounted for more than 10 percent of worldwide electricity consumption in 2013 [8], a
three-fold increase from 3 percent in 2007 [2]. This percentage has rapidly scaled with
the increasing number of connected devices and data volume [7, 9]. As a consequence,
with the evolving of future-generation wireless networks which foresees an ever-growing
demand for data traffic caused by the upcoming explosive growth of wireless devices
and applications [10, 11], the energy consumption in wireless networks will likely
increase beyond sustainable limits. This vision poses ever-critical concerns over not
only global climate change but also operating costs of mobile networks [6, 11, 12].
The energy crunch has urged the research community shifting its attention to
innovations in energy-efficient wireless communications [3, 6, 13, 14]. The emerging
focus is to encounter the challenge of very-high capacity demand while keeping energy
consumption flat or even reduced compared to the conventional wireless systems
[4, 5, 12, 14]. As a result, the notion of bits-per-Joule energy efficiency (EE), which
quantifies the number of information bits reliably transmitted per a unit energy, has
been introduced and become the important design target for the modern and future
wireless networks [6, 14, 15]. In fact bits-per-Joule EE has been standardized as a key
performance measure of fifth generation (5G) networks [16].
In general, energy-efficient techniques for wireless networks can be developed in
all system aspects including, for example, radio resource allocations in multiantenna
transmissions, i.e., power control and beamforming strategies, network planning and
deployment strategies, radio access network architectures, energy harvesting (EH) and
transfers, power amplifier (PA) and hardware component designs, etc [3, 6, 14]. This
thesis focuses on developing novel energy-efficient transmit beamforming strategies for
some applications of multiantenna techniques in wireless communications. Specifically,
three practically relevant scenarios are considered: a coordinated multicell system; a
cloud radio access network (C-RAN); and a cooperative EH relay network. Furthermore,
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impacts of practical power consumption models on energy-efficient transmission designs
will be explored.
In the following, background and motivation for the research in this thesis are
discussed in Section 1.1. The aims and the outline of the thesis are summarized in
Section 1.2. Section 1.3 specifies the author’s contributions to the publications.
1.1

Background and motivation

As is well-known, multiantenna techniques can offer impressive improvements to
the achievable capacity of wireless communications systems. However, the capacity
performances of wireless channels are fundamentally limited by two key factors,
i.e., fading and interference [17, 18]. While conventional schemes to overcome
such limitations, such as spatial multiplexing and frequency reuse, either require
extra hardware (i.e. antenna elements) or are not bandwidth-efficient [19], recently
developed concepts of cooperative transmissions have emerged as promising solutions
[18, 20, 21, 22, 23]. The central idea of cooperation techniques is to allow collaboration
among communication nodes in information transmission so as to provide extra degrees
of freedom and/or expand coverage of the network. As such the system capacity and
diversity of wireless networks are potentially improved without extra bandwidth and
antennas. Therefore, cooperative communications have been currently standardized in
modern cellular networks, e.g., Third Generation Partnership Project (3GPP) Long Term
Evolution (LTE) Advanced [24] under two main forms, i.e., coordinated multipoint
transmission (CoMP) and relay-assisted communication [18, 21, 22, 23]. Nevertheless,
the benefits of multiantenna cooperative transmissions come at the price of high energy
consumption feeding large numbers of involved components of radio frequency (RF)
chains, and all electronic circuitries responsible for the sophisticated signal processing,
control signaling and backhaul information exchange [25, 26]. Furthermore, this amount
of power consumption may escalate in future cellular networks where dense deployment
with large numbers of antenna elements is becoming a trend [12, 27, 28]. As a result,
developing energy-efficient transmission techniques in cooperative communications has
been the main focus in a large portion of recent works [3, 6, 13].
In the past, classical transceiver optimization designs have aimed at maximizing
the total sum data rate of wireless systems, regardless of the proportionally rapid
increase in total power consumption [29, 30, 31, 32, 33]. Other frameworks have
focused on minimizing the total transmit power such that satisfying predefined data
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rate requirements [34, 35, 36]. Such designs, however, are solely concerned with the
amount of power forwarding information bits, while ignoring the power consumed
on electronic circuits. In fact the latter amount of power can be more considerable
[25, 26, 37]. For example, in traditional mobile networks, 80 percent of overall energy
consumption is spent on the base stations (BSs) [5]; therein the most power-hungry
components are the PAs which may consume up to 55-60 percent of the total [26]. As
a result, the achievable EE performances of the conventional designs are far below
optimal. Deviating from these set-ups, EE optimization, on the other hand, maximizes
the bits-per-Joule measure by making a controlled trade-off between the supported rate
and the consumed power of the system [3, 15, 38, 39].
Coordinated multipoint transmission
As mentioned above, cooperation technique namely CoMP, synonymously referred
to as multicell cooperation, has been identified as one of the main components of the
LTE-Advanced standard. Hence, in parallel with enhancing spectral efficiency (SE),
EE improvement solutions for CoMP systems are desirable and have attracted much
attention from both academia and industry. For the CoMP, the idea behind the transceiver
scheme is to allow for coordinating, to some degree, among multiple communication
nodes so as to reduce or even eliminate interference [18, 40, 41, 42]. Two main forms
of CoMP, as illustrated in Fig. 1.1, include coordinated beamforming (CB) and joint
transmission (JT). Specifically in the first scheme, coordinated transmitters optimize
their power control and/or beamforming based on shared channel state information
(CSI) in order to balance interference levels in neighboring cells. The latter scheme
allows for multiple transmitters sharing both users’ data and CSI for joint processing of
transmit signals so that interference channels are exploited to convey useful data.
The transmission designs for CoMP should be done taking into account the system
deployment constraints. It is not hard to see that CoMP-JT can improve the system
performance significantly but is practically challenging to implement compared to CoMPCB. In general, both schemes need a synchronization mechanism among transceivers,
and backhaul links for information exchange. Nevertheless, the CoMP-CB requires
a modest amount of backhaul signaling and transmitter-level synchronization which
may be possible in current cellular networks [18, 43]. Thus transmission designs
for CoMP-CB systems are mainly concerned with the transmit power budget and
user-specific quality-of-service (QoS) [29, 32, 36, 41, 42]. On the other hand, the
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CoMP-JT requires a low-latency and high-capacity backhaul network, and a strict
synchronization mechanism at not only transmitter but also baseband (BB) signal
processing levels [24]. Such requirements are currently hard to implement in practice.
Hence, this thesis mainly focuses on EE transmission designs for CoMP-CB scheme
which is more relevant for practical cellular networks [44].
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(a) CoMP-CB: BSs optimize their power control and/or beamforming based on shared CSI to balance interference levels in neighboring cells.
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(b) CoMP-JT: BSs jointly process transmit signals of multiple users
based on shared CSI and users' data.
Fig. 1.1. Illustration of CoMP systems: (a) CoMP-CB; (b) CoMP-JT.
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Cloud radio access network
The above-mentioned challenges for the practical deployment of CoMP-JT can potentially be addressed by an emerging revolutionary mobile network architectures,
namely C-RANs. In fact, C-RANs have been recognized as a powerful candidate to
implement CoMP-JT in the upcoming 5G standard [12, 27, 45]. In C-RANs, the BB
signal processing units are no longer installed at BSs but relocated to a central cloud
computing platform, which is referred to as the BB unit (BBU) pool. Thus BSs in
C-RANs are solely responsible for wireless interface of the network, as shown in Fig.
1.2, and are now called remote radio heads (RRHs). With these particular features,
C-RANs can potentially facilitate the tight synchronization issue of the BB signals
required for the CoMP-JT technique, and also leverage powerful computing capabilities
for full cooperation [46]. However, BB signals from the BBU pool still need to be
transported to the RRHs through fronthaul links of limited capacity. In addition, the
fronthaul links should support strict latency and jitter requirements in order to perform
the synchronization across the connected RRHs. These are the main practical challenges

Baseband

Transport
Control
Baseband
Transport

Synch.

Control
Synch.

of the C-RAN design [46, 47, 48].
to/from

mobile core network

BBU pool
RF
RF

BS

RF
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MS
MS

Coaxial cable

(a) Traditional macro BS: the radio
and BB functionalities are co-located
inside the BS, the coaxial cable is used
to connect RF and antenna modules.

RRH

RRH

MS

Fronthaul link

Backhaul link

(b) C-RAN with RRHs: BB functionalities are relocated in a common BBU pool while the RRHs are
solely responsible for the wireless interface of the network.

Fig. 1.2. Illustrations of a traditional macro BS and a C-RAN with RRHs: (a) traditional macro
BS; (b) C-RAN with RRHs.

From the perspective of centralized resource management, C-RANs are promising
solutions for addressing the problem of enhancing EE in future wireless networks.
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More explicitly, since the RRHs are controlled by the common BBU pool, some can
be switched off if needed to save power consumption, while others remain active
to guarantee required users’ QoS. A systematic exploration of the potential gains of
fronthaul-constrained C-RANs on delivering the EE performance is thus important [47].
Relay-assisted communication
Relay-assisted communication is the other important concept of cooperative communications. Its main idea is to allow communication nodes to listen and aid the information
transmission of others to increase SE and EE. Often, more importantly, the range of
coverage is also enhanced [3, 49]. In addition, it is expected to be a major means to
implement device-to-device communications in the upcoming mobile networks [50].
Various relay strategies have been proposed, including amplify-and-forward (AF),
decode-and-forward, and compress-and-forward [23]. Among them, AF has attracted
significant interest due to its simplicity and low latency [49]. Relaying can be either
one-way (OW) or two-way (TW). The former refers to one-directional transmission
from one network node to another, which is applied to a scenario in which only one
node transmits data to another, such as the downlink transmission from an access point
to a mobile phone. The latter comprises a system in which both nodes send messages to
each other which is introduced for improving SE [49]. Two-way relaying was developed
based on the self-interference cancellation employed at the destinations to extract the
desired signals [51]. An example of the two relaying strategies is illustrated in Fig. 1.3.
1st time slot
Node 1

Relay node

(a) One-way relaying

Node 2

2nd time slot
Node 1

Relay node

Node 2

(b) Two-way relaying

Fig. 1.3. Illustration of two relay-based transmission strategies: (a) one-way relaying; (b)
two-way relaying.

Early works on relay systems focused on single user pair. For improving SE, a
more general relay system including multiple pairs of users was proposed [35]. Here,
the relays simultaneously assist the transmission of multiple user pairs forming an
interference channel. Linear precoding at the relays can be used to manage the radio
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resource and control the interference [52]. In resource constrained networks such
as wireless sensor networks, the nodes are low-cost, i.e., each is equipped with a
single-antenna. The benefits of multiple-input multiple-output (MIMO) techniques
can be exploited if a pool of relays collaboratively operate to perform the so called
distributed relay beamforming [53].
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(a) Power splitting structure: ρ denotes the power splitting
factor and P denotes the received power.
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(b) Time switching structure: τ denotes the time switching
factor and T denotes transmission block duration.
Fig. 1.4. Illustration of SWIPT systems with two basic receiver structures: (a) power splitting
structure; (b) time switching structure.

Low-cost devices have been widely recognized in relaying systems (e.g. sensors
or low-power mobile devices) and envisioned to be popular in future networks [54].
However, such gadgets are often energy-constrained, which are equipped with limited
batteries, i.e. they lack sustainable power supplies. Therefore, one of the main implementation challenges in a relay-based system using low-cost devices is to recharge
the limited batteries for keeping the network alive [55]. To this end, simultaneous
wireless information and power transfer (SWIPT) technique is a promising solution
[55, 56, 57, 58]. The technique allows the relays to harvest energy from the RF signals,
and thus the batteries can be wirelessly empowered. Fig. 1.4 illustrates two basic SWIPT
receiver structures, which can be adopted in energy harvesting (EH) based relays, i.e.,
power splitting (PS) and time switching (TS) architectures. For the PS scheme, the
received signal is split into two parts which are used for harvesting energy and decoding
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data. For the TS scheme, the receiver switches between EH and data decoding modes
during a transmission block duration.
In a relaying system adopting the SWIPT, the co-channel interference can be treated
as a useful energy resource which suggests a potential improvement in the system
performance from the EE perspective. This stimulates the development of transmission
solutions exploiting the potential EE gains of relay-assisted SWIPT systems [59]. In this
thesis, EE optimization designs for a multi-pair wireless-powered relaying system will
be developed.
Power consumption model
By definition, the consumed energy plays a vital role in EE objectives. Thus, the
accuracy of the power consumption model is crucial for designing practical systems
[26, 37]. Nevertheless, most of the related work has adopted a simplification of power
model in their EE maximization (EEmax) studies [60, 61, 62, 63]. For example, the
efficiency of PAs is commonly assumed to be fixed. This assumption may hold true for
large BSs where advanced PA techniques such as digital pre-distortion incorporated
with the Doherty PAs can be employed to make the PAs operating at close to saturation
level [25]. However, for small-size transmitters, such PA techniques may be practically
inapplicable [26]. In this case, the PA’s efficiency is thus dynamic, depending on output
power level [64, 65, 66]. On the other hand, signal processing power is often supposed
to be independent of data rate. As many works have discussed, different data rates
require different modulation and coding/decoding schemes, thus signal processing power
increases proportionally with data rate [67, 68, 69]. Moreover, in some scenarios, signal
processing power may even be comparable to other power consumers [15, 26, 67, 70].
Therefore it is practically relevant to understand the impacts of the dynamic of PA’s
efficiency and rate-dependent power on EEmax designs. In fact, the aspects mentioned
have been demonstrated to have significant impacts on network level EE performances
in some wireless systems [71, 72, 73, 74].
1.2

Aims and outline of the thesis

Motivated by the above discussions, this thesis aims at investigating energy-efficient
transmission strategies for multiantenna systems. In particular, optimization algorithms
are developed to solve EEmax problems for three appealing applications of multiantenna
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transmission techniques in modern and future cellular networks that are: i) coordinated
beamforming for a multicell wireless system; ii) joint beamforming and RRH-user
association for a fronthaul-constrained C-RAN; and iii) distributed beamforming for a
multi-pair wireless-powered relaying system. In general, the EE optimization problems
in the considered contexts are nonconvex programs for which finding the globally
optimal solutions requires high computational effort. As a consequence, the primary
emphasis of this thesis is on suboptimal but efficient optimization approaches which are
attractive for practical implementation. In the following, the outline of the thesis is
presented, in which the key contributions of each chapter are briefly summarized.
Chapter 2 provides an overview of the primary concepts, related literature, and
optimization techniques used throughout the thesis. In particular, the notion of EE metric,
EEmax problem, and a general power consumption model are first briefly presented,
followed by a review of literature on energy efficiency maximization in wireless
communications associated with the scope of the thesis. Mathematical preliminaries
of optimization techniques on which proposed algorithms are developed are then
provided. Specifically, the idea of a conventional solution for EEmax problems,
namely fractional programming, in the existing literature is briefly discussed. Then the
framework of the successive convex approximation (SCA) method, which is the basis
of proposed efficient solutions to the considered problems in the thesis, is provided.
A decentralized optimization procedure based on the alternating direction method of
multipliers (ADMM) is also described. Finally, the discrete branch-reduce-and-bound
(DBRnB) method to achieve globally optimal solutions of a mixed binary integer
program (MBIP) is briefly presented.
Chapter 3 considers the problem of achieving EE fairness in a multicell multipleinput single-output (MISO) downlink system. The aim is to develop coordinated
beamforming designs maximizing the minimum EE among all BSs, each of which is
limited by a total transmit power budget. The considered problem leads to a max-min
fraction program, which is nonconvex and inherently difficult to solve globally. Thus the
main focus is on developing suboptimal algorithms tackling the problem of interest in
both centralized and decentralized manners. A centralized iterative beamformer design
aiming at locating the Karush-Kuhn-Tucker (KKT) solution to the nonconvex program is
first proposed based on the SCA framework. Unlike the existing method for max-min EE
problem presented in [75], which is a two-layer iterative procedure, the proposed design
is basically one-layer. Furthermore, exploiting the structure of the convex problem that
needs to be solved at each iteration, two approximation approaches are invoked in order
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to turn it into a second order cone program (SOCP). This helps to reduce the overall run
time of the proposed centralized algorithm thanks to extremely efficient state-of-the-art
SOCP solvers. The numerical results show that the proposed algorithm greatly improves
the convergence rate and processing time compared to the existing beamforming scheme.
On the other hand, it is noted that the centralized beamforming design requires a central
node to collect all relevant information (i.e., CSI and beamforming coefficients). As
such, this may not be appealing from the practical implementation perspective. To
address this issue, two decentralized solutions are proposed for the considered problem.
The proposed algorithms are the results of applying the ADMM to distributedly solve the
resulting approximate convex programs obtained by applying the SCA. From this point
onwards, the convex problem solved at iteration n of the SCA is simply called the SCAn
problem for the ease of description. In the first proposed distributed method which
strictly follows the ADMM, all BSs are allowed to carry out the ADMM variable updates
until an optimal solution to the SCAn problem is found. Then the output of the ADMM
stage is used to create the SCAn+1 problem for which another loop of the ADMM is
carried out. In this way, the first proposed algorithm can yield the same performance as
the centralized method, but the amount of exchanged information is significant in some
cases. To reduce the backhaul signaling overhead, the second distributed method is
proposed where only one variable update in the ADMM is performed. More specifically
the BSs carry out only one iteration of the ADMM when solving the SCAn problem, and
immediately consider the SCAn+1 problem. In other words, the ADMM is not used to
find an optimal solution of the SCAn problem but to guide the local and global versions
of the interference temperature towards the consensus value, while the SCA procedure
is to update the interference temperature. The two proposed distributed solutions are
provably convergent. The results are presented in [76, 77, 78, 79, 80].
Chapter 4 develops energy-efficient beamforming designs for the downlink of a
multiantenna C-RAN with capacity-limited fronthaul. To cope with the fronthaul
capacity limitation while properly saving power consumption, the RRH-user association
and RRH selection scheme is considered. As a result, the problem of interest is the
joint design of RRH-user association, RRH selection, and beamforming subject to
constraints on users’ QoS, limited capacity of fronthaul links and transmit power, to
maximize the overall system EE. Unlike the power consumption model considered in
literature [81, 82, 83, 84], the impacts of the rate-dependent signal processing power
and the dynamics of PAs’ efficiency on achievable EE performance are addressed. The
considered problem leads to an MBIP which is difficult to solve. The first contribution
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of this chapter is to propose a globally optimal solution to the considered MBIP problem.
This is done by first introducing transformations to reformulate the design problem into a
form that is amenable to the application of the DBRnB algorithm, and then customizing
the DBRnB framework introduced in Chapter 2 to solve the resulting formulation.
Furthermore, special modifications are made to improve the convergence performance
of the proposed method. As global optimization methods are always of great concern
for an MBIP, two suboptimal solutions to the joint design problem are proposed that
can achieve near-optimal solutions but with noticeably reduced complexity. In the
first method, a set of continuous constraints is used to represent the binary variables,
and the penalty method is applied to solve the resulting problem. In the second, the
binary variables are approximated by a piecewise linear function which is inspired by
[85]. In both suboptimal methods, the obtained continuous problems are nonconvex,
which are solved by the framework of the SCA. Finally, numerical results are provided
to justify the proposed solutions. The near-optimal performances achieved by the
proposed suboptimal methods are justified by benchmarking against the optimal one.
The proposed solutions are also compared against the other known methods in the
literature. The impacts of the rate-dependent power and dynamics of PAs’ efficiency are
also numerically investigated. The results are presented in [86, 87].
In Chapter 5, a multi-pair AF relay network is considered, in which the relays are
energy-constrained. For assisting user data transmission, relays adopt the TS protocol
to harvest energy from the RF signals transmitted by the users. Both one-way and
two-way relaying techniques are investigated. The goal is to manage the EE fairness
between the user pairs, which is inspired by the fact that the users in a pair might
have to consume a large amount of their own energy to charge the relays, while the
pair’s transmit data rate is small. Towards a relatively realistic energy consumption
model, the data-rate signal processing power, the dependence of PAs’ efficiency on
the output power level, and a practical model of the EH circuit introduced in [88] are
considered. Consequently, the parameters, including users’ transmit data rate and power,
relays’ processing coefficient, and EH time are mutually dependent, and should be
jointly designed. Hence, this leads to the problems of max-min EE fairness for both
one-way and two-way relay systems in which the mentioned parameters are optimization
variables. These problems inherit the numerical difficulties encountered in multiuser AF
relay networks, and are thus nonconvex. To study the achievable EE performance of the
considered systems, low-complexity and provably convergent iterative algorithms based
on the SCA framework are developed to solve the problems at hand. Furthermore, for
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efficient practical implementations, the resulting convex approximation problems are
transformed into the SOCPs. In addition, for lower complexity designs, solutions based
on the combination of SCA and zero-forcing (ZF) beamforming are proposed. Since ZF
beamforming can eliminate the inter-pair interference, the size of considered problems
is reduced, so are the required numbers of iterations to converge. Finally, extensive
numerical results are provided, which confirm that the proposed approaches are efficient
in terms of the EE fairness. Specifically, the main results indicate that realistic aspects of
power consumption should be taken into consideration in EE designs and much better
performance can be yielded by jointly optimizing the parameters involved. The results
are presented in [89].
Finally, Chapter 6 concludes the thesis and discusses possible future research works.
1.3

Author’s contributions to the publications

The thesis is written as a monograph based on five journal papers [76, 78, 79, 87, 89]
and three related conference papers [77, 80, 86]. All the mentioned papers have already
been published. The author of this thesis had the main responsibility for developing the
original ideas, formulating the mathematical problems, deriving the analytical equations
and algorithms, writing the MATLAB-based simulation codes, generating the numerical
results, and writing the papers. This was except for conference paper [86] for which
the second co-author took responsibility of manuscript preparation. The role of all
co-authors was to provide valuable guidance, ideas, comments, criticisms, and support
in developing the ideas/algorithms and writing the papers.
In addition to the papers mentioned above, the author of this thesis also published
two other conference papers [90, 91], which are not included in the thesis. The author
was also the co-author of the journal paper [92] and the conference paper [93].
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2

Literature review and mathematical
preliminaries

This chapter first presents an overview of the energy efficiency metric. Related works on
energy efficiency maximization in wireless communications associated with the scope
of the thesis are then summarized. Finally, mathematical preliminaries of optimization
techniques, which lay the foundations for the development of solutions for the design
problems, are provided.
2.1

Overview of energy efficiency metric

In wireless communications, energy efficiency metric is generally defined as the number
of bits reliably transmitted per unit energy [14, 15]. In other words, it is the ratio of the
total achievable data rate to the total power of a wireless network which is expressed as

Energy efficiency (bits/Joule) ,

Data rate (bits/s)
.
Power consumption (Watt)

The ratio quantifies the trade-off between the network throughput and the power
consumption. This can be numerically observed via a simple example illustrated in
Fig. 2.1. Here, a single-cell single-user MISO downlink scenario is considered. The
BS is equipped with 4 antennas. The path loss (PL) model is PL = 38 log10 (300[m])
+34.5 [94]. The power consumption is computed following the model provided in
[37], which consists of the dissipated power on the PAs of all RF chains (the PA’s
efficiency is fixed as 0.35) and the total operating power of circuit elements (denoted as
Pcir including power consumption for both BB and RF operations). In Fig. 2.1, the EE
and the achieved rate are plotted versus the transmit power with different settings of Pcir .
It can be observed that, for all cases of the Pcir , when the transmit power increases, the
EE first increases, reaching a maximum, and then decreases. In other words, when the
circuit power plays a non-negligible role and the rate is penalized by the overall power
consumption, the optimum performance is not achieved by using all the available power
budget. This observation gives rise to the systematic development of the optimization
algorithms that maximize the EE metric as described below.
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Fig. 2.1. Energy efficiency (solid curves) and the achieved user rate (dashed curve) versus
the transmit power for single-cell single-user MISO downlink.

Generic EE optimization problem
The generic EE maximization problem can be written as
maximize f EE
S

(2.1)

where f EE is a generic notation representing the EE metric. In multiuser scenarios,
f EE can take different forms depending on systems specifications and designs’ targets
[38, 95]. The basic alternatives include overall network EE , sum weighted EE (SWEE),
and max-min EE [38]. While the first metric optimizes the EE gain of the entire network,
the others aim at satisfying the specific EE requirements of individual nodes involved. In
(2.1), S generally defines the feasible set of the EEmax problem. In wireless networks,
S may include constraints on transmit power budget for the transmitters, maximum
per-antenna transmit power, user-specific QoS, backhaul capacity, etc.
Network power consumption model
The power consumption models play crucial roles in quantifying the EE gains achieved
by energy-efficient transmission techniques [26, 37], which can be immediately seen
from the definition of the EE metric. In the following, the major components of the
power consumption model, which have been taken into account in recent EE-related
studies, are summarized.
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In general, the consumed power of a wireless network can be classified into three
main categories: power for operating electronic circuits; power for signal processing;
and power dissipated on PAs. These are described below.
Circuit power
A significant amount of power is used to operate the electronic circuits of network
elements such as power supply, control signaling, backhaul infrastructure, etc. In
addition, all circuit blocks of a transceiver including elements of RF chains (e.g.,
converters, filters and mixers) and BB processors also require some operating power. In
general, components of the circuit power consumption model depend on the transceiver
types and technologies. For example, power loss for active cooling and on feeder
is noticeable for conventional macro BS, whereas it can be omitted in smaller-size
transmitters [26]. On the other hand, some components are configurable with several
transition states, each of which consumes a dedicated amount of operating power [37].
Therefore, the circuit power consumption should be adequately modeled according to
the considered wireless communications systems.
Signal processing power
The data needs to be encoded and modulated at the transmitter as well as demodulated
and decoded at the receiver. Conventionally, the amount of power for these functionalities
is assumed to be fixed [38, 75, 82, 83, 96]. However, a higher data rate generally requires
a larger codebook, and the larger number of bits incurs higher power for encoding
and decoding on BB circuit boards. Moreover, the backhaul is used to transmit data
between the core network and the BSs, and the power consumed for the backhaul
also increases with the data rate [67, 68, 69]. From this perspective, signal processing
power consumption is rate-dependent, and is assumed to be a linear function of the
transmission rate [67]. Let PSP,i denote the rate-dependent signal processing power
where Rnode,i is the data rate transmitted by node i. Then PSP,i can be written as

constant
PSP,i ,
p R

SP node,i

for fixed power model

(2.2)

for rate-dependent power model,

where pSP is a constant coefficient with unit W/(Gbits/s).
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Dissipated power on PA
The amount of power consumed by the PAs strongly depends on the PA’s efficiency.
Conventionally, the efficiency of a PA, i.e., defined as the ratio between the total RF
output power and direct current (DC) input power, is assumed to be a constant over the
operating range [64, 65, 66]. This assumption leads to the following model which has
been considered in the majority of EE related studies, i.e.,
M

PPA,i =

∑

m=1

pm
tx
,
ε

(2.3)

where PPA,i denotes the PAs’ dissipated power at the RF chains of M-antenna transmission
node i, pm
tx is the transmit power outward RF chain m, and ε ∈ (0, 1) is a constant standing
for the efficiency of the equipped PA. It should be noted that (2.3) may hold true for
some transceiver types in which advanced PA architectures can be exploited to make the
PA’s transfer function operating in its linear region (e.g., macro and micro BSs in LTE
systems). However, for smaller size and/or low-cost transceivers such techniques are
expensive to employ [26]. Therefore, for many scenarios in practice, PA’s efficiency is
highly dependent on the employed PA type, or in other words, the output power region,
size, and cost of the transceiver. To account for this, the non-linear power consumption
models of PAs have been introduced [64, 65, 66, 72], in which the PA’s efficiency is a
function of its radiated power, i.e.,
ε(pm
tx ) = ε̃

p

pm
tx ,

(2.4)

√
where ε̃ = εmax / Pmmax , εmax ∈ (0, 1) is the maximum PA’s efficiency, and Pmmax is the
maximum output power of the PA. Note that the values of Pmmax and εmax depend on the
employed PA techniques. Assuming that Pmmax and εmax are the same for all PAs of RF
chains for notational simplicity, the power consumption on all PAs of the M-antenna
node i is

pm
1 M p
tx
= ∑ pm
tx .
m
ε̃ m=1
m=1 ε(ptx )
M

PPA,i =

∑

(2.5)

General power consumption model
Based on the discussion above, the total power consumption of the M-antenna node i,
denoted as Pnode,i , can be collectively written as
Pnode,i = Pcir,i + PPA,i + PSP,i ,
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(2.6)

where Pcir,i accounts for the total circuit power consumed at node i. The total power consumption of the network is the summation of power consumed at all the communication
nodes, i.e.,
N

Ptotal = ∑ Pnode,i ,
i=1

where N is the total number of nodes.
In this thesis, the power consumption model in each chapter is detailed in relation to
the considered wireless network. In particular, Chapter 3 considers transmissions with
cellular BSs, for which the power consumption model has been well characterized and
quantified in [37]. In Chapters 4 and 5, smaller size transmitters are adopted in the
transmission designs, i.e., RRHs for C-RANs and low-cost devices in relaying networks.
The power consumption models therein are assumed to comprise the non-ideal effects of
BB signal processing power and PAs’ efficiency. Moreover, RRHs and users/relays
are also assumed to be switchable between active and sleep modes for power saving
purposes.
2.2

Review of related works

Energy-efficient transmission designs for wireless communications have been extensively
studied in various contexts. In point-to-point communications, energy-efficient power
control was considered in [67, 97, 98] for single-input single-output channels (SISO),
and in [99, 100, 101] for MIMO channels. In interference–limited scenarios, EE
transmission designs were developed for single-cell multi-user MIMO [81, 102, 103],
multicell MIMO [73, 83, 104, 105], massive MIMO [106, 107, 108], MIMO relaying
[60, 61], and multi-carrier MIMO systems [68, 82, 95, 109]. EEmax problems have also
been studied for various transmission techniques and network deployment strategies in
modern cellular networks such as full-duplex MIMO transmission [84], full-duplex
relying [110], small-cell deployment [111], full-duplex small-cell networks [112], dense
networks [113], heterogeneous networks [105, 114], C-RANs [115, 116], wireless sensor
networks [117], wireless information and power transfer [118, 119, 120], multi-homing
networks [121] etc.
In general, EEmax problems are cast as fractional programs due to the fractional
nature of the bits-per-Joule EE metric. Such problems are usually nonconvex, and thus
difficult to solve. For noise-limited scenarios, parametric fractional programming (PFP)
(i.e., the Dinkelbach’s algorithms) [122] and parametric-free fractional programming
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(i.e., the Charnes-Cooper transformation (CCT)) [123] were used to globally solve the
EE power control problems [38, 98, 121]. However, in multiuser interference channels,
the Dinkelbach’s algorithms and the CCT cannot be applied to the EEmax problems
in this case because their assumptions are not met [38]. Thus, approaches achieving
optimal EE solutions were typically developed using monotonic optimization, for
example, as in [81] for MISO or [108] for SISO channels. Such global optimization
methods usually require prohibitively high complexity, and thus they are only suitable for
benchmarking purposes. Consequently, efficient suboptimal solutions were of particular
interest [38, 82, 83, 104]. In this thesis, the development of efficient algorithms for
EEmax problems in interference-limited channels are the main focus. The following
subsections summarize existing works related to the considered systems.
Energy efficiency maximization in coordinated multicell systems
Energy-efficient transceiver optimizations in coordinated multicell systems have received
considerable attention. In particular, energy-efficient power control subject to per-BS
power and receiver-specific QoS in SISO channels was studied in [124]. In [83],
coordinated beamforming design maximizing the overall network EE was studied for
MISO channels with the per-BS power constraint. A similar problem was considered
in [104], but for MIMO channels in which constraints on minimum sum data rate are
taken into account in addition to the power constraints. In [83, 125], maximizing the
overall network EEmax subject to QoS constraints was examined. It is noted that
the main focus of the aforementioned works was on the overall network EE. In some
applications where communication nodes with different features and specifications
co-exist, e.g., heterogeneous networks, the network EE metric might lack relevance,
since neither EE requirement for each node nor the fairness among all parties of the
network can be guaranteed. To satisfy different EE requirements from multiple nodes,
[96] studied another EE metric, i.e., SWEE. This metric allows for adjusting the priorities
of individual EEs by assigning proper weights to them. In multi-carrier SISO channels,
the network EE and SWEE maximization problems were both studied under joint power
allocation and user scheduling designs [95]. Therein per-BS and per-subcarrier power
constraints were considered.
Both network EE and SWEE are essentially summation-based metrics which seem
to give better performance for nodes with favorable channel conditions [38]. In some
scenarios, however, maintaining the fairness of the achievable EE among the involved
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parties is also important. For example, in a cellular network where some or all of
the BSs are not connected to fixed electricity grids, combating the interference from
others can make the power run out quickly if the conditions of the channels to their
serving users are unfavorable. Nevertheless, work considering the EE fairness problems
in coordinated cellular networks is scarce. In [126], power allocation achieving EE
fairness subject to per-BS power constraint was studied. A similar problem, but with
user-specific QoS constraint, was considered in [127]. In general, EE fairness can
be achieved by solving a max-min EE optimization problem, which maximizes the
minimum EE of the system [38, 126, 127].
It is remarkable that the proposed optimization approaches in the above-mentioned
works were heuristically developed based on the Dinkelbach’s procedure with the
aim of achieving suboptimal solutions. Specifically, the parametric transformation
inspired by the Dinkelbach’s algorithm is used to tackle the fractional EE objective.
Then the resulting (nonconvex) parametric subproblems are solved by local optimization
frameworks such as the weighted minimum mean-square error (WMMSE) and the SCA
methods. For example, the Dinkelbach’s procedure adopting the WMMSE method
was used to solve EEmax problems in [83, 96, 125], while the Dinkelbach combining
SCA method was applied in [124, 127]. However, such approaches lead to multi-stage
iterative procedures, which often have high computational complexity (as will be
discussed in Chapter 2). Furthermore, analyzing the convergence of those methods has
not been properly addressed [38, 81].
Another point that should be noted is that most of the existing beamforming
designs or power control policies for EEmax problems are centralized algorithms. They
essentially need a central node to collect all the relevant information (i.e., CSI and
power parameters) and perform optimization. This may not be attractive from a practical
implementation perspective, especially when the amount of CSI needs to be shared is
large (e.g., a large number of antennas or highly dispersive channels) and/or a central
node is difficult to build. To address this issue, distributed energy-efficient coordinated
beamforming for MISO channels was studied for network EEmax in [128, 129]. For the
max-min EE problem, a distributed method for power optimization in SISO interference
channels was proposed in [126]. In these works, although the main computational
efforts can be done in a distributed manner at each BS, some information still needs to
be collected and processed at the central node. Nevertheless, a distributed solution is
more practicable if the central computation can be thoroughly avoided.
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Fronthaul-constrained C-RANs
As a viable implementation of a C-RAN is hindered by the capacity limitation of
fronthaul links connecting RRHs to a dedicated BBU pool, fronthaul-constrained
C-RANs designs have received growing attention in some recent works [47, 91, 130,
131, 132, 133, 134, 135]. To cope with limited-fronthaul capacity, a simple, yet effective
and widely used, method is to reduce the amount of BB signals exchanged through the
fronthaul links. This is done by smartly selecting a set of users that can be served by an
RRH, giving rise to the RRH-user association problem that is often jointly designed
with the transmit beamforming/power to optimize a network performance measure
such as sum rate, power consumption or EE [91, 130, 131, 132, 136]. Specifically, in
[91, 130], joint transmit beamforming and RRH-user association scheme maximizing
sum data rate under limited fronthaul constraint was studied. For downlink multi-hop
C-RANs, beamforming and routing strategies in multi-hop C-RAN was jointly designed
to maximize the sum data rate in [137]. On the other hand, resource allocations subject
to constrained fronthaul for transmit power minimization in C-RANs were addressed in
[134, 135]. In general, the RRH-user association problems are usually modeled by a set
of binary preference variables, leading to an MBIP. As a result, optimal solutions to
C-RANs with RRH-user associations are difficult and complex/expensive to derive [91].
As such, suboptimal but low-complexity solutions were the focus of these works.
From the EE perspective, switching some RRHs into sleep mode while still satisfying
users’ mobile traffic demand may be beneficial to saving network power consumption.
Thus, approaches aimed at minimizing total power consumption incorporated with RRH
selection toward green C-RANs were proposed in, e.g., [131] for SISO, [138, 139] for
MISO, and [140] for MIMO channels. However, since the achieved data rate is not
jointly considered in the objective, the EE performances of such approaches may be
far from optimal [75, 81]. To achieve a better trade-off between the achievable rate
and total power consumption in the network, [141, 142] alternatively studied a multiobjective optimization design in which sum data rate was maximized simultaneously
with minimizing the total power consumption. Therein, a joint design of the RRH-user
association and RRH selection was formulated to deal with the constrained fronthaul
and exploit the energy saving feature of C-RANs. Nevertheless, the balance between
data rate and total power consumption in the objective is represented by a weighting
coefficient which is fixed. Consequently, the proposed solutions for the problem are not
guaranteed to achieve an optimal EE performances. On the other hand, the EEmax
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problem in C-RANs was studied in [115, 116], but limited-capacity fronthaul was not
considered.
Relay-assisted communication systems
Multi-pair one-way and two-way relaying have been investigated in many previous
works. In [35] a one-way relay network was considered with the aim of minimizing the
total transmit power at relays. Therein, distributed relay beamforming was designed
using the semidefinite relaxation (SDR). This work was generalized in [143], where
transmit power at users and the distributed relay beamforming were designed to minimize
the total transmit power at users and relays. The constrained concave-convex procedure
was used to tackle the nonconvex problem. Similarly, in [144], users’ power and relay
beamforming were jointly designed to maximize the secrecy rate. On the other hand,
[51] focused on two-way relaying where the inter-pair interference is eliminated via ZF
relay beamforming. In [52], a two-way relay system was considered where the relay is
equipped with multiple antennas. The processing matrix at the relay is designed based
on ZF and minimum mean-square-error criteria for achieving fairness among users
and maximizing system signal-to-noise ratio. Reference [145] aimed at achieving the
max-min rate fairness among users, in which the relay’s processing matrix was designed
by using the SDR and ZF. In general, design problems for multiuser AF relay networks
are nonconvex. Consequently, the related works have mainly focused on suboptimal
low-complexity designs.
Cooperative systems with EH relays have received considerable attention. In
particular, [57] proposed TS and PS protocols for single user pair networks where
a relay harvests energy from the user’s RF signal. To further improve the network
performance, the authors proposed dynamic EH time in [146]. A more general system
with multiple user pairs was considered in [56]. Assuming that user pairs use orthogonal
channels, the work analyzed the impacts of different power allocation strategies on
network performance. Reference [55] considered a network, in which both users and the
relay harvest energy, and focused on user and relay power allocation for throughput
maximization under the EH constraints. Reference [147] considered an MIMO AF
system where a relay simultaneously harvests energy transmitted from a destination
and receives information from a source. A system with a single user pair and an
EH two-way relay was studied in [148]. A more general system with multiple EH
relays and a single user pair was recently studied in [149] for one-way relaying, and in
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[150] for two-way relaying. While [149] optimized the EH relays’ PS ratio in order
to maximize the transmit data rate, [150] jointly designed EH time allocation and
distributed relay beamforming for three objectives, including sum-rate maximization,
total power consumption minimization at relays, and EH time minimization.
EEmax for relay-assisted cooperative communications was studied in [60] in which
a one-way MIMO AF system with one user pair and one relay is considered. The work
jointly optimized the user and relay precoding matrices for different CSI assumptions.
EEmax for a similar system model but with a two-way relay was studied in [61]. More
recently, [62] solved the EEmax for a two-way relay network with multiple user pairs and
multiple relays by jointly designing user transmit power and relay matrices. Reference
[151] focused on a network with one user pair and one EH two-way relay, and devised
power allocation for maximizing EE performance. In the aforementioned works, signal
processing power and PAs’ efficiency were assumed to be constant. In a few recent
publications [74, 152], the impacts of non-ideal PA efficiency and rate-dependent signal
processing power on EE performance were studied for two-way systems with one relay
and one user pair. The EE problems for a network with multiple user pairs and multiple
EH relays have remained relatively open in the literature.
2.3

Mathematical preliminaries

This section provides a concise overview of optimization techniques on which proposed
solutions for the problems considered in the thesis are based. In this section, the key
technical concepts are mainly presented, whereas the rigorous mathematical analysis,
which can be found in the mentioned references, is omitted.
2.3.1

Fractional programming

Due to the fractional structure of the EE metric, the EEmax problem (2.1) is cast as a
fractional program which can be generally expressed as
maximize
x∈S

f (x)
,
g(x)

(2.7)

in which f (x) and g(x) are real-valued functions w.r.t. x ∈ CN defined on the bounded
feasible set S . In special cases where f (x) is non-negative concave, g(x) is positive
convex and S is a convex set, problem (2.7) is a quasi-concave program of which
globally optimal solutions have been well investigated. Specifically, the most well46

known method solving such program is the Dinkelbach’s algorithm belonging to PFP
[122, 153]. In the following, the idea behind the Dinkelbach’s algorithm is presented.
The main purposes are for self-containment and analytical comparison against the
proposed algorithms in the thesis.
The Dinkelbach’s algorithm
The Dinkelbach’s algorithm is an iterative procedure in which a parameterized (convex)
problem is solved at every iteration of the method until convergence. Explicitly, the
concave-convex fractional program (2.7) is transformed into parameterized form with the
parameter λ : H(λ ) = max{ f (x) − λ g(x)}. One can prove that i) H(λ ) is continuous
x∈S

and strictly monotonically decreasing, thereby H(λ ) = 0 has a unique solution λ ∗ ,
and ii) H(λ 0 ) ≥ 0 for λ 0 =
only if

H(λ ∗ ) = 0.

unique root

λ∗

f (x0 ) 0
g(x0 ) , x

∈ S [122]. Thus it holds that λ ∗ =

f (x∗ )
g(x∗ )

if and

Inspired by this fact, problem (2.7) can be solved by locating the

for H(λ ∗ ) = 0, as such an optimal solution to (2.7) can be found as

x∗ = arg max{ f (x) − λ ∗ g(x)}. To this end, starting from a feasible λ (denoted as λ (0) ),
x∈S

each iteration of the Dinkelbach’s algorithm solves the problem H(λ (n) ) (where λ (n) is
the parameter used at iteration n + 1). The obtained solution is then used to update the
f (x(n+1) )
. This procedure is repeated until
g(x(n+1) )
x(n) corresponding to the convergence value

parameter for the next iteration, i.e., λ (n+1) =
the sequence of {λ (n) } converges. Solution

of λ (n) is the optimal solution of (2.7), as proved in [122].
It is worth highlighting that the convergence of the Dinkelbach’s method is established based on the assumption that f (x) is non-negative concave and g(x) is positive
convex w.r.t. x ∈ S [122]. Nevertheless, such conditions are hardly recognized in
wireless communications problems because f (x) and g(x) are often nonconvex. Implicitly, the parametric subproblem H(λ ) is nonconvex and its optimal solutions are
difficult to find. To cope with this, iterative local optimization approaches are often
combined with the parametric method leading to multi-level iterative algorithms. Thus,
such heuristic algorithms based on the parametric transformation may need a very high
number of iterations to converge. Moreover, likely local optimality for each parametric
problem is achieved, which means that parametric approaches may not always guarantee
convergence [38].
The mentioned drawbacks can be avoided by optimization approaches developed
based on the SCA method. The algorithms derived from the SCA principles are provably
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and fast convergent, thus they overcome the convergence issues raised by the earlier
solution. A brief description of the SCA framework is presented next.
2.3.2

Successive convex approximation

SCA principles
The SCA algorithm is an iterative procedure which aims at locating a KKT solution to a
nonconvex program. The central idea of the SCA method is to iteratively approximate
the nonconvex constraints of an optimization problem by proper convex ones [154, 155].
In particular, let us consider a general optimization program given by
minimize f (x) subject to {hi (x) ≤ 0, i = 1, ..., L},
x∈S

(2.8)

where f (x) : Cm → R is convex and hi (x) : Cm → R is a nonconvex function in a convex
set S w.r.t. variable vector x. At iteration n of the SCA method, given a feasible point
x0 , function hi (x) is replaced by its convex approximation function ĥi (x, g(x0 )) such that
the following properties hold
(a)

hi (x)

≤ ĥi (x; g(x0 ))

(b)

hi (x0 )

= ĥi (x0 ; g(x0 ))

(c) ∇x hi

(x0 )

0

(2.9)
0

= ∇x ĥi (x , g(x )),

for all x ∈ S˜ , {x ∈ S |hi (x) ≤ 0, i = 1, ..., L}, where g(x0 ): Cm → Ck is a parameter
vector. In (2.9), properties (a) and (b) are to guarantee the monotonic (objective)
convergence behavior for the SCA algorithm, while properties (b) and (c) guarantee
that the KKT optimality conditions are satisfied by convergent points [154, 155]. The
replacement leads to the following convex subproblem
minimize f (x) subject to {ĥi (x; g(x0 )) ≤ 0, i = 1, ..., L}.
x∈S

(2.10)

Since the optimal solution of (2.10), denoted as x∗ , belongs to the set S˜ due to (a)
and (b), it is relevant to use x∗ as the feasible point for the next iteration, i.e. x0 = x∗ .
The process is iteratively carried out until the convergence is established. The SCA
procedure solving (2.8) is outlined in Algorithm 2.1. Let x(n) denote the solution at
iteration n of the SCA procedure. Since x(n) is used to form the problem at iteration
n + 1, it holds that f (x(n+1) ) ≤ f (x(n) ) for all n, i.e. sequence { f (x(n) )}n decreases
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Algorithm 2.1 The SCA procedure solving (2.8)
1:

Initialization: Set n := 0, choose an initial feasible point x(n) .

2:

repeat

3:

Solve (2.10) and obtain optimal value x∗

4:

Update x(n+1) := x∗

5:

Update n := n + 1

6:

until Convergence

7:

Output: x(n)

monotonically. Thus { f (x(n) )}n converges if it is bounded below by a finite value in
the set S˜, and x(n) at the convergence is KKT solution to (2.8) due to the conditions
in (2.9) [154, 155]. It is noted that although the theoretical analysis gap between an
SCA-based solution and the corresponding optimal one is still an open topic, it has
been numerically shown that the SCA technique can achieve near-optimal performance
in various wireless communications design problems (where optimal solutions are
available), e.g., [81, 142, 156].
It is important to find the convex approximations that hold the conditions in (2.9).
The following remark shows a well-known method for arriving at ĥi (x, g(x0 )), which is
mainly used in this thesis.
Remark 2.1. Let h(x) be a concave function w.r.t. x. Its convex upper bound satisfying
(2.9) can then be achieved by means of the first order Taylor approximation as
h(x) ≤ h(x0 ) + ∇x h(x0 ), x − x0 .
|
{z
}

(2.11)

,ĥ(x;x0 )

Example 2.1. Consider the quadratic-over-linear (QoL) function h(x, y) =

−x2
y ,

y > 0,

which is concave w.r.t. the involved variables. From (2.11), a convex upper bound of
h(x, y) at (x0 , y0 ), y0 > 0, is written as
 (x0 )2 2x0

(x0 )2
ĥ(x, y; x0 , y0 ) = −
+ 0 (x − x0 ) − 0 2 (y − y0 )
0
y
y
(y )
=−

2x0
(x0 )2
x + 0 2 y.
0
y
(y )

It can easily be justified that ĥ(x, y; x0 , y0 ) satisfies the properties in (2.9) for all (x, y > 0).
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Useful approximate formulations
For the ease of exposition, some approximate formulations, which are used throughout
this thesis to devise proposed SCA based solutions, are provided. It is easily verified
that the approximations presented next follow the SCA principles (2.9).
Approximation for bilinear function
Consider nonconvex constraint φ (x1 , x2 ) , x1 x2 ≤ y where (x1 , x2 , y) ∈ R3++ . An approximation of bilinear function φ (x1 , x2 ) is given by [155, Lem. 3.5]


x2
φ (x1 , x2 ) ≤ φ bi (x1 , x2 ; λ ) , 0.5 λ x12 + 2 ,
λ
where λ =

(2.12)

x20
.
x10

It is well-known that the bilinear function can also be rewritten as a difference-ofconvex (DoC) one [157], i.e.,
x1 x2 = 0.5(x1 + x2 )2 − 0.5(x12 + x22 ).
An approximation of the above DoC function can be obtained by using the first-order
Taylor series approximation of the nonconvex parts, e.g.,
φ (x1 , x2 ) ≤ φ bi-DoC (x1 , x2 ; x10 , x20 ) , 0.5(x1 + x2 )2 − x1 x10 − x2 x20 + 0.5(x10 )2 + 0.5(x20 )2 .
(2.13)
Approximation for fractional-linear function
Consider nonconvex constraint φ (x1 , x2 ) ,

x1
x2

≤ y where (x1 , x2 , y) ∈ R3++ . In light of

(2.12), an approximation of fractional-linear function φ (x1 , x2 ) can be obtained as


1
φ (x1 , x2 ) ≤ φ frac (x1 , x2 ; λ ) , 0.5 λ x12 + 2 ,
(2.14)
λ x2
where λ =

1
.
x10 x20

Remark that constraint φ frac (x1 , x2 ; λ ) ≤ y can be expressed by the

following two second-order cone (SOC) ones


z2
0.5 λ x12 +
≤ y, 1 ≤ x2 z.
λ
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(2.15)

Approximation for quadratic-over-linear function
H Ax

Consider concave function φ (x, z; A) , − x

z

where x ∈ Cn , z ∈ R++ , and A  0. The

first order Taylor series can be derived to obtain a convex upper bound of φ (x, z; A)
given as
φ qol (x, z; x0 , z0 ; A) , φ (x0 , z0 ; A) + [∇x φ (x0 , z0 ; A), ∇z φ (x0 , z0 ; A)]T , [x − x0 , z − z0 ]T
=

2ℜ((x0 )H Ax)
(x0 )H Ax0
z−
.
0
2
(z )
z0

(2.16)

Approximation for logarithmic function
Consider logarithmic function φ (x) , log(x) where x ∈ R++ . An approximated function
of φ (x) is given by
φ (x) ≤ φ log (x; x0 ) , log(x0 ) − 1 +

x
.
x0

(2.17)

Approximation for power function
Consider power function φ (x; m) , −xm where x ∈ R++ . Here, the focus is on the cases
m < 0 or m > 1 where φ (x; m) is concave. Its convex approximation is given by
φ (x; m) ≤ φ po (x; x0 ; m) , (m − 1)(x0 )m − m(x0 )m−1 x.
2.3.3

(2.18)

Alternating direction method of multipliers

Most of optimization methods solving wireless communications problems require a
central unit to gather the necessary information (e.g., CSI, data, power) and perform
computation. When the size of considered networks and/or the required signaling
increase in relation to the increasing number of communication nodes, there is a need of
separating the considered problems into smaller ones, each of which can be handled
locally at each node. In this regard, distributed methods are practically desirable. In this
subsection, a distributed based approach, namely ADMM, is described which is used to
develop decentralized techniques in Chapter 3.
The ADMM is an iterative method of which the main idea is to combine the
advantages of two traditional primal-dual type algorithms, i.e., the dual ascent and
the method of multipliers [158]. As such, the ADMM is expected to be well-suited
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for distributed implementation with nice convergence properties. In particular, let us
consider the following convex problem
minimize

f1 (x1 ) + f2 (x2 )

(2.19a)

subject to

A1 x1 + A2 x2 = b

(2.19b)

x1 ∈ S1 , x2 ∈ S1 ,

(2.19c)

x1 ∈Rn ,x2 ∈Rm

where f1 : Cn → R and f2 : Cm → R are convex functions, S1 and S2 are nonempty
convex sets, and A1 ∈ Rl×n , A2 ∈ Rl×m and b ∈ Rl . It is assumed that (2.19) is solvable,
and the strong duality holds (i.e., primal and dual problems have the same optimal value).
Similarly to the method of multipliers, the ADMM forms the augmented Lagrangian as
c
L (x1 , x2 , λ ) = f1 (x1 ) + f2 (x2 ) + λ T (A1 x1 + A2 x2 − b) + kA1 x1 + A2 x2 − bk22
2
(2.20)
where λ is the vector of dual variables associated with constraint (2.19b) and c > 0 is
the penalty parameter. At each iteration of the ADMM, primal variables x1 and x2 are
alternately updated using the Gauss-Seidel method, followed by the update of dual
variables λ , i.e.,
(n+1)

x1

(n+1)

x2

=

arg min
x1 ∈Rn ,x1 ∈S1

=

arg min
x2 ∈Rm ,x2 ∈S2

(n)

L (x1 , x2 , λ (n) )
(n+1)

L (x1

, x2 , λ (n) )

(n+1)
(n+1)
λ (n+1) = λ (n) + c(A1 x1
+ A2 x2
− b).

(2.21a)
(2.21b)
(2.21c)

Note that the alternating update of x1 and x2 follows the same manner as the dual
decomposition, which enables the distributed implementation of the ADMM. On
the other hand, inspired by the method of multipliers, the requirement for the strict
convexity of the objective in the primal variable update is alleviated by the penalty term
c
2
2 kA1 x1 + A2 x2 − bk2 .

Moreover, the update of dual variables with a step size equal to

c can accelerate the convergence. The sequence of the objective values achieved by
the iterative procedure of the ADMM converges to the optimal value. An outline of
the ADMM is provided in Algorithm 2.2. More detailed discussion and convergence
analysis of the ADMM can be found in [158].
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Algorithm 2.2 The ADMM algorithm
(n)

(n)

1:

Initialization: Set n := 0, choose initial feasible points x1 and x2 and initialize
λ (n)

2:

repeat
(n+1)

3:

Update x1

4:
5:

Update x2
by (2.21b)
(n+1)
Update λ
by (2.21c)

6:

Update n := n + 1

7:

by (2.21a)

(n+1)

until Convergence

2.3.4

Discrete monotonic optimization: discrete
branch-reduce-and-bound approach

For numerous nonconvex problems in wireless communications, general monotonic
optimization (GMO) and its framework so-called branch-reduced-and-bounded (BRnB)
method have been widely applied to derive global optimality [81, 108, 159, 160].
However the GMO principle is inapplicable to scenarios in which the feasible set is
discrete, e.g., containing the discrete variables and/or constraints. More specifically,
applying GMO in such cases outputs only approximate solutions of discrete variables at
convergence [161]. As an alternative, a new globally optimal approach for discrete
optimization problems was developed to tackle this shortcoming based on the socalled discrete branch-reduced-and-bounded method belonging to discrete monotonic
optimization (DMO) [162]. In the following, some backgrounds of the DMO and
an overview of the DBRnB procedure are briefly provided. To proceed, some basic
concepts of DMO are revisited [162].
Definition 2.1. For any two vectors x, y ∈ Rn , writing y ≥ x (y > x, resp.) means yi ≥ xi
(yi > xi , resp.) for every i = 1, 2, . . . , n. If a ≤ b then the box [a, b] ((a, b], resp.) is the
set of all x ∈ Rn satisfying a ≤ x ≤ b (a < x ≤ b, resp.).
Definition 2.2. (Increasing function) A function f : Rn+ → R is said to be increasing if
f (x0 ) ≥ f (x) when x0 ≥ x.
Definition 2.3. (Normal set) A set S ⊂ [a, b] is said to be normal in [a, b] (or briefly,
normal) if x ∈ S ⇒ [a, x] ⊂ S . For a closed normal set S in [a, b], a point x̄ is called
an upper boundary point if the cone K x̄ , {x | x > x̄} contains no point of x ∈ S .
53

The standard form of a DMO problem is given by [162]
max f (x) subject to {x ∈ S ⊆ D , [a; b]},

(2.22)

x

where f (x) is an increasing function w.r.t. variable x; x , [xTd , xTc ]T ∈ RNd +Nc , xd ∈ ZNd
and xc ∈ RNc are the vectors of discrete and continuous variables, respectively; S is the
normal feasible set of x; and D is the box containing S with lower and upper vertices a
and b, respectively.
DBRnB procedure
Similarly to the standard BRnB algorithm [161], DBRnB is an iterative procedure
performing three basic operations at each iteration: branching; reduction; and bounding.
The algorithm starts from original box [a; b] and then i) iteratively divides it into smaller
and smaller ones, ii) removes boxes that do not contain an optimal solution, iii) searches
the remaining boxes for an improved solution until an error tolerance is met. Since the
feasible set of the discrete optimization problem is smaller than that of its continuous
relaxation, DBRnB is modified from the standard BRnB procedure in order to efficiently
remove those regions not belonging to the discrete constraints, thereby achieving exact
solutions [162]. In particular, during the branching and reduction steps, elements
corresponding to discrete constraints are adjusted to stay in the discrete set. Details of
these three operations are presented next.
Branching
At iteration n, a box in the set of candidate boxes, denoted by RnBox , is selected and split
into two new boxes, which are of equal size. To be bound improving, the chosen box,
i.e., Vc , [p; q] ∈ RnBox , which has the largest upper bound, i.e., Vc = arg max fUpB (V )
V ∈RnBox

( fUpB (V ) denotes the upper bound of V ), is bisected along the longest edge, i.e.,
l = arg max (q j − p j ) to create two smaller boxes Vc1 = [p; q0 ] and Vc2 = [p0 ; q], in
1≤ j≤Nd +Nc

which q0 and p0 are given by



q j



0
qj =
q j − (q j − p j )/2 Z



q − (q − p )/2
j
j
j
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∀ j 6= l
if j = l ≤ Nd ,
if j = l > Nd ,

(2.23)

and



p

 j

p0j =
p j + (q j − p j )/2 Z



 p + (q − p )/2
j
j
j

∀ j 6= l
if j = l ≤ Nd ,

(2.24)

if j = l > Nd ,

respectively.
Remark 2.2. (Branching over binary variables) If p j , q j ∈ {0, 1} and q j − p j = 1 for




j ≤ Nd , then q j − (q j − p j )/2 {0,1} = 0 and p j + (q j − p j )/2 {0,1} = 1 (e.g. see Fig.
2.2).

1

0

Branching on continuous variable

Branching on Boolean variable

Fig. 2.2. Illustration for branching operator, ([87] c 2018, IEEE).

Reduction
For any box, it possibly contains segments either infeasible to (2.22) or resulting in an
objective smaller than the current best objective (CBO), i.e. the known feasible point
that offers the best objective value at the current iteration. Reduction is to remove those
portions of no interest to reduce the search space in the next iterations. In particular,
given a box V = [p; q], the idea is to shrink the size of V without loss of optimality by
creating a smaller box r(V ) , [p0 ; q0 ] ⊂ V such that an optimal solution (if it exists in V )
must be contained in r(V ). To do this, the portions [p; p0 ) and (q0 ; q] that result in an
objective value smaller than the CBO and/or are infeasible to (2.22) need to be eliminated.
N +N

(1)

c
d
Mathematically, p is replaced by p0 ≥ p where p0 = q − ∑ j=1
ρ j (q j − p j )e j and

(1)

ρ j = sup{ρ (1) |0 ≤ ρ (1) ≤ 1, q − ρ (1) (q j − p j )e j ∈ D\S ,
f (q − ρ (1) (q j − p j )e j ) ≥ CBO},

(2.25)
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for each j = 1, . . . , Nd + Nc . Similarly, q is replaced by q0 ≤ q where q0 = p0 +
N +N

(2)

c
d
ρ j (q j − p0j )e j and
∑ j=1

(2)

ρ j = sup{ρ (2) |0 ≤ ρ (2) ≤ 1, p0 + ρ (2) (q j − p0j )e j ∈ S }.
(1)

The values of ρ j

(2)

and ρ j

(2.26)

in (2.25) and (2.26) can be found easily using the bisection

method. Note that for lj ≤mNd , the output
j of
k the reduction step is then adjusted into the
discrete set, i.e., p0j = p0j

Z

and q0j = q0j

.

Z

Remark 2.3. (Reduction over binary variables)
If p j , q j ∈ {0, 1} and q j − p j = 1

1 if q − e ∈ D\S
j
for j ≤ Nd , then one can quickly set p0j =
. If p0j = 0, then
0 otherwise,

1 if p0 + e ∈ S
j
q j − p0j = 1 can be replaced into (2.26) to obtain q0j =
(e.g. see
0 otherwise
Fig. 2.3).
The reduction procedure above does not drop any feasible solution of (2.22), as
shown in [162].

1

1

q

q0

S

S

S

@+G

0

0

p0
p

0
p0 = 0; q 0 = 1

p0 = 0; q 0 = 0

p0 = 1; q 0 = 1

1

Reduction on continuous variable

Reduction on Boolean variable

Fig. 2.3. Illustration for reduction operator, ([87] c 2018, IEEE).

Bounding
Bounding is another basic operation for the DBRnB to ensure the convergence. The
main purpose of this step is to improve the upper and lower bounds of f (y). Due to
its monotonicity, the upper and lower bounds of a box V = [p; q] can be easily found
as f (p) and f (q), respectively. These bounds are then used to update the CBO as
mentioned above and to remove the boxes whose upper bound is smaller than the CBO.
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The iterative procedure of the DBRnB is outlined in Algorithm 2.3. The DBRnB method
is guaranteed to converge after a finite number of iterations, achieving the optimal
solution of the considered problems [162].
Algorithm 2.3 The DBRnB procedure
1:

Initialization: Compute a, b and apply box reduction to box [a; b]. Let n := 1,
R1Box = r([a; b]). If some feasible solutions of (2.22) are available, denoted as {xfe },
let CBO be the largest objective value among { f (xfe )}.

2:

repeat {n := n + 1}

3:

Box and branch V into two smaller ones
Branching: select box Vc = [p; q] ⊂ Rn−1
c

4:

Box .
Vc1 and Vc2 , then remove Vc from Rn−1
Reduction: apply box reduction to Vci (i = {1, 2}) and obtain reduced box r(Vci ).

5:

Bounding: for each box r(Vci )

6:

if some feasible solutions in r(Vci ) are available then

7:
8:

Find the best objective value among feasible solutions, denoted as f ∗ (r(Vci ))
end if

9:

Calculate upper bound fUpB (r(Vci )) = f (q)

10:

Calculate lower bound fLoB (r(Vci )) = f (p)

11:

Update new CBO, i.e., CBO := max{ f ∗ (r(Vci )), CBO}

12:

Box ∪ {r(V i )| f
i
Update RnBox := Rn−1
UpB (r(Vc )) ≥ CBO}.
c

13:

until Convergence
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3

Energy-efficient coordinated beamforming
for multicell systems

This chapter aims at achieving EE fairness across all BSs in a coordinated multicell
multiuser MISO downlink system. In particular, a coordinated beamforming design
maximizing the minimum EE among all BSs subject to per-BS power constraints is
studied. This results in a nonconvex max-min fractional program for which a globally
optimal solution is difficult to find in general. As such, locating a stationary solution to
the nonconvex program is of particular interest. To this end, a novel iterative beamformer
design is proposed based on the SCA procedure. Specifically novel transformations are
carried to turn the (nonconvex) design problem into an SCA-applicable form, which
is then iteratively approximated by a convex program. Furthermore, the approximate
problem is shown to admit SOCP-representations. The numerical results demonstrate
that the proposed algorithm has a superior convergence behavior compared to some
existing scheme.
It is noted that the proposed method is a centralized procedure, requiring a central
unit to perform optimization, and thus may not be practically appealing in some scenarios.
In stead, distributed solutions are preferable in practice. Therefore, two decentralized
approaches are further developed for the considered max-min EE problem which are
based on combining the SCA framework and the ADMM. More specifically, in the first
approach, the convex program obtained at each step of the SCA procedure is solved
optimally by carrying out the ADMM until convergence. The first method is analytically
guaranteed to converge, but the amount of backhaul signaling can be noticeable in some
realistic settings. To reduce the backhaul overhead, the second method performs an
abstract version of the ADMM where only one variable update is carried out. Numerical
results are provided to demonstrate the convergence behaviors of the two proposed
decentralized algorithms.
Section 3.1 describes the system model and the max-min EE problem. Section 3.2
presents the centralized SCA based approach. In Section 3.3, two proposed decentralized
SCA-ADMM based algorithms are described. The convergence of the proposed
algorithms is also analyzed. Section 3.4 provides the simulation results, and Section 3.5
summarizes the chapter.
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Data link
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Interference link
MS

Fig. 3.1. Simplified illustration of a coordinated multicell system.

3.1

System models and problem formulation

3.1.1

System model

Consider a downlink transmission in MISO system consisting of B BSs, each of which is
equipped with M antennas. It is assumed that the BSs operate following the coordinated
beamforming mode, i.e., each BS only serves Kb users in its own cell and interferes
with received signals at users in neighboring cells. The considered system model is
illustrated in Fig. 3.1. The beamforming vectors are designed to control the interference
between the cells so as to maximize a performance target [41]. Let B = {1, . . . , B} and
Kb = {1, . . . , Kb } denote the set of BSs and the set of users in cell b, respectively. User k
in cell b is also denoted compactly as bk . Let dbk be an independent data symbol for user
bk which is assumed to have unit energy, i.e., E{|dbk |2 } = 1. Linear transmit precoding
is adopted such that the signal transmitted to user bk (from BS b) is a multiplication
of dbk and transmit beamforming vector wbk ∈ CM×1 . Let hi,bk ∈ C1×M denote the
flat-fading channel (row) vector between BS i and user bk . The received signal at user bk
can be written as
ybk = hb,bk wbk dbk +

∑

j∈Kb \{k}

hb,bk wb j db j +

∑ ∑
i∈B\{b} j∈Ki

hi,bk wi j di j + nbk ,

(3.1)

where nbk is the additive white Gaussian noise (AWGN) with distribution nbk ∼ C N (0,
σb2k ), σb2k = W N0 is the noise power when using the transmission bandwidth W and
the noise power spectral density is N0 . In (3.1), the second and third terms represent
the intra-cell and inter-cell interference, respectively. Let Ibk (w) denote the power of
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interference at user bk , i.e., Ibk (w) , ∑ j∈Kb \{k} |hb,bk wb j |2 + ∑i∈B\{b} ∑ j∈Ki |hi,bk wi j |2 ,
where w is a vector encompassing the beamformers of all users. Assuming that singleuser detection scheme is used at all users, then the signal-to-interference-plus-noise ratio
(SINR) at user bk is expressed as
γbk (w) ,

|hb,bk wbk |2
.
Ibk (w) + σb2k

(3.2)


The data rate of user bk is given by Rbk (w) , W log 1 + γbk (w) .
3.1.2

Problem formulation

In this chapter, the problem of interest is to guarantee EE fairness among individual BSs.
In particular, the individual EE of BS b is expressed as
fbEE (w) ,

1
ε

∑k∈Kb

∑k∈Kb Rbk (w)
,
k wbk k22 +MPdyn + Psta

(3.3)

Here, the power model of a cellular BS reported in [37] is considered. Specifically in
the denominator of (3.3), the first term is the power dissipated on PAs with the PAs’
efficiency ε ∈ (0, 1), Pdyn denotes the dynamic circuit power consumption corresponding
to the power radiation of all circuit blocks in each active RF chain, and Psta is the power
spent by the cooling system, power supply, etc. In this chapter, the PA’s efficiency
and the circuit power consumption are assumed to be fixed [26, 37]. For notational
simplicity, the total circuit power of a BS is denoted by P0 , MPdyn + Psta . The problem
of max-min EE fairness among all the BSs is stated as
maximize

min fbEE (w)

w

b∈B

subject to

∑

k wbk k22 ≤ Pb , ∀b ∈ B,

(3.4a)
(3.4b)

k∈Kb

where Pb is the transmit power budget of BS b.
It is noted that the existing solutions aim at finding a stationary solution to (3.4),
which is a classical goal for general nonconvex problems [75, 107]. Since (3.4)
is basically a max-min fractional program, the so-called generalized Dinkelbach’s
algorithm1 can be customized to solve (3.4) as done in [75, 107]. Although it was
1 The

generalized Dinkelbach’s algorithm can be seen as a generalization of the Dinkelbach’s method in the
case of max-min fractional programming [163].
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shown in [163] that the induced parameter in Dinkelbach-type algorithms can converge
linearly (or superlinearly under some stronger assumptions), these results are hardly
applicable to (3.4). The main barrier, as discussed in Section 2.3, is that the parametric
programs obtained from applying the Dinkelbach’s method to (3.4) are still nonconvex,
and thus finding an optimal solution typically requires huge computational complexity.
To deal with this problem, such approaches as those in [75, 107] apply iterative local
optimization methods, e.g. SCA or WMMSE, to solve the parametric problems. As a
result, these known algorithms are in fact two-layer iterative procedures that needs a
very high number of iterations to converge as numerically shown later in Section 3.4.
As an effort to reduce the computational complexity, a one-layer iterative method is
first proposed where (3.4) is reformulated into a more tractable representation which
can be handled efficiently by the SCA framework. The proposed method is basically
a centralized solution, requiring a central node in the implementation to collect the
required information and carry out all the computations. Towards distributed solutions
which are practically attractive in some scenarios, two decentralized algorithms are
developed to solve the max-min EE problem.
3.2

Centralized beamforming design for max-min EE fairness

Directly applying the SCA method to problem (3.4) seems challenging, because deriving
a convex approximation for the nonconvex objective (3.4a) that satisfies the SCA
conditions in (2.9) is very difficult. Thus the necessary step is to transform (3.4) into a
more tractable representation, which preserves the optimality of the original one, as well
as is amenable to the SCA. Specifically, (3.4) is rewritten as
maximize

η̄

(3.5a)

subject to z2b /tb ≥ η̄, ∀b ∈ B

(3.5b)

η̄,w,{zb ,tb }b∈B ,
{gbk }b∈B,k∈K
b

log(1 + gbk ) ≥ z2b , ∀b ∈ B

(3.5c)

|hb,bk wbk |2
≥ gbk , ∀b ∈ B, k ∈ Kb
Ibk (w) + σb2k

(3.5d)

1
∑ k wbk k22 +P0 ≤ tb , ∀b ∈ B
ε k∈K

(3.5e)

k wbk k22 ≤ Pb , ∀b ∈ B,

(3.5f)

∑
k∈Kb

b

∑
k∈Kb
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where η̄, {zb }b∈B , {tb }b∈B and {gbk }b∈B,k∈Kb are newly introduced variables. The
equivalence between (3.4) and (3.5) follows from the fact that the constraints from (3.5b)
to (3.5e) hold with equality at optimality, which can be proved using the same arguments
as those in [164]. In the same spirit, (3.5d) can be further split into two constraints as
|hb,bk wbk |2
qbk
qbk

≥ gbk

(3.6a)

≥ Ibk (w) + σb2k ,

(3.6b)

where {qbk }b∈B,k∈Kb is the newly introduced variable, which can be interpreted as the
soft interference at user bk . In summary, an equivalent formulation of (3.4) is given by
maximize

η̄,w,{zb ,tb }b∈B
{gbk ,qbk }b∈B,k∈K

(3.7a)

η̄

b

z2b /tb ≥ η̄, ∀b ∈ B

subject to

|hb,bk wbk
qbk

|2

(3.7b)

≥ gbk , ∀b ∈ B, k ∈ Kb

(3.5c), (3.5e), (3.5f), (3.6b).

(3.7c)
(3.7d)

It is now clear that the difficulty in solving (3.7) is due to (3.7b) and (3.7c), since the
remaining constraints in (3.7) are convex. At this point, the SCA method can be applied
to tackle the nonconvex problem (3.7). First, remark that (3.7b) and (3.7c) are of the
same type where the right side of the constraints is a linear function and the left side is a
QoL function. Therefore, the convex approximations of (3.7b) and (3.7c) are given by
z2b
(n) (n)
qol
≥−φ (zb ,tb ; zb ,tb ; 1)
tb
|hb,bk wbk |2
(n) (n)
≥ −φ qol (wbk , qbk ; wbk , qbk ; Hb,bk ),
qbk

(3.8)
(3.9)

where φ qol (.) is the Taylor approximation of the QoL function provided in (2.16),
H

Hb,bk , hb,bk hb,bk , and the superscript n denotes the nth iteration of the iterative algorithm
presented shortly. In light of the SCA principles, z2b /tb and |hb,bk wbk |2 /qbk can be
(n)

(n)

(n)

(n)

replaced by −φ qol (zb ,tb ; zb ,tb ; 1) and −φ qol (wbk , qbk ; wbk , qbk ; Hb,bk ) to achieve a
convex approximation of (3.7b) and (3.7c), respectively.
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From the above discussions, the approximate convex problem solved at iteration
n + 1 of the proposed design is given by
maximize

η̄,w,{zb ,tb }b∈B
{gbk ,qbk }b∈B,k∈K

(3.10a)

η̄

b

subject to

(n)

(n)

φ qol (zb ,tb ; zb ,tb ; 1) + η̄ ≤ 0, ∀b ∈ B
(n)

(3.10b)

(n)

φ qol (wbk , qbk ; wbk , qbk ; Hb,bk ) + gbk ≤ 0, ∀b ∈ B, k ∈ Kb

(3.10c)

(3.5c), (3.5e), (3.5f), (3.6b).

(3.10d)

After solving (3.10), the involved variables are updated to form the new problem at the
next iteration. This procedure is repeated until convergence. Algorithm 3.1 outlines the
proposed iterative algorithm for solving the considered problem. It is interesting that the
proposed SCA based framework can be easily applied to solve EEmax problems with
other EE metrics such as network EE and SWEE (cf. Appendix 1).
Convergence analysis
The convergence of Algorithm 3.1 can be discussed as follows. It is readily seen that the
optimal solutions returned at iteration n are also feasible for the problem at iteration
n + 1, which is due to the approximations in (3.10b) and (3.10c) [154]. This implies that
Algorithm 3.1 yields a non-decreasing sequence of the objective, i.e., η̄ (n+1) ≥ η̄ (n) . It
is easy to see that the sequence {η̄ (n) } is bounded above due to the power constraints in
(3.5f). Thus Algorithm 3.1 is guaranteed to converge. Moreover, following the same
arguments as those in [154], one can prove that the proposed algorithm converges to a
KKT solution of (3.7).
Algorithm 3.1 Proposed centralized beamformer design for max-min EE in multicell
MISO downlink
(n)

(n)

(n)

1:

Initialization: Set n := 0 , generate initial points (w(n) , {zb ,tb , {qbk }k∈Kb }b∈B ).

2:

repeat {n := n + 1 }

3:

4:
5:
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(n−1)

Solve (3.10) with (w(n−1) , {zb

(n−1)

(n−1)

}k∈Kb }b∈B ), then obtain
∗
∗
∗
∗
optimal (w , {zb ,tb , {qbk }k∈Kb }b∈B ).
(n) (n)
(n)
Update (w(n) , {zb ,tb , {qbk }k∈Kb }b∈B ) =(w∗ , {z∗b ,tb∗ , {q∗bk }k∈Kb }b∈B )
until Convergence

,tb

, {qbk

the

SOCP formulations of the approximate program (3.10)
It is clear that the convex approximate problem (3.10) is a general convex program
(GCP) due to the logarithmic constraints, i.e., (3.5c). Although off-the-shelf solvers are
applicable to solving such programs, the computational complexity to output solutions
is relatively high in general [165]. Interestingly, it turns out that these constraints can be
represented by SOC ones, which can take advantage of the more powerful SOCP-solvers
to reduce the computational effort. In what follows two methods that can invoke the
hidden SOC-representations of the approximated convex program (3.10) are presented.
To begin, (3.5c) is first equivalently rewritten as
z2b ≤

∑

rbk , ∀b ∈ B

(3.11a)

k∈Kb

rbk ≤ log(1 + gbk ), ∀b ∈ B, k ∈ Kb ,

(3.11b)

where {rbk }b∈B,k∈Kb are newly introduced variables. Since (3.11a) is SOC-representable,
the main focus shifts to (3.11b). Specifically, two different approaches translating
constraint (3.11b) into SOC ones are provided next.
Conic approximation of exponential cone
The first approach approximates (3.11b) by a set of conic constraints based on the result
in [166]. Specifically, it states that



1 + gbk






1 + κbk ,1






1 + κbk ,2


1 + gbk ≥ exp(rbk ) ≈
1 + κbk ,3





0






1 + κbk ,l




 1+κ
bk ,0

≥ κbk ,0
≥ k[ 1 − κbk ,1

2 + rbk /2δ̄ −1 ]k2

≥ k[ 1 − κbk ,2

5/3 + rbk /2δ̄ ]k2

≥ k[ 1 − κbk ,3

2κbk ,1 ]k2

≥ κbk ,2 − κbk ,4 + κbk ,3 /24 + 19/72

≥ k[ 1 − κbk ,l 2κbk ,l−1 ]k2 , l ∈ 5, . . . , δ̄ + 3
≥ k[ 1 − κbk ,0

2κbk ,δ̄ +3 ]k2 ,
(3.12)

where κbk ,l , l = 0, 1, . . . , δ̄ + 3, are newly introduced variables, and δ̄ is a positive
integer defining the approximation accuracy. Assuming zero-interference, rbk can be

bounded as 0 ≤ rbk ≤ log(1 + |hb,bk wbk |2 /σb2k ) ≤ log 1 + Pb khb,bk k2 /σb2k , r̄bk . For a
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given accuracy ε, the value of δ̄ is given by δ̄ = O(ln

r̄bk
ε

) to approximate (3.11b) by

(3.12) [166].
It is noted that a number of slack variables are additionally introduced via a set
of conic constraints in (3.12). Thus using this approximation may cause a significant
increase in per-iteration complexity. In some settings, it is more computationally efficient
to approximate (3.11b) by a constraint that does not use additional slack variables, as
presented next.
Equivalently SCA-applicable constraint
The second approach equivalently rewrites (3.11b) as a nonconvex but SCA-applicable
constraint. To observe this, one can multiply both sides of the constraint by gbk , i.e.
gbk log(1 + gbk ) ≥ gbk rbk , ∀b ∈ B, k ∈ Kb .

(3.13)

Remark that gbk log(1 + gbk ) is convex as can easily be proved by checking its second
order derivative. Thus the SCA principle is applicable on (3.13). In particular, a lower
bound of gbk log(1 + gbk ) is given by
(n)

(n)

gbk log(1 + gbk ) ≥ dbk gbk − cbk , ∀b ∈ B, k ∈ Kb ,
(n)

where cbk ,

(n)
k
(n)
gb +1
k

(gb )2

(n)

, dbk ,
(n)

(n)
gb
k
(n)
gb +1
k

(3.14)

(n)

+ log(1 + gbk ). Then an approximation of (3.13) is
(n)

dbk gbk − cbk ≥ gbk rbk , ∀b ∈ B, k ∈ Kb ,
which can be represented as the SOC constraint, i.e,
q
(n)
(n)
(n)
k[gbk + rbk − dbk 2 cbk ]k2 ≤ gbk − rbk + dbk , ∀b ∈ B, k ∈ Kb .

(3.15)

(3.16)

In summary, the GCP (3.10) can be approximated as an SOCP given by either
maximize

η̄

η̄,w,{zb ,tb }b∈B ,
{gbk ,qbk }b∈B,k∈K ,
b
{κbk ,l ,rbk }b∈B,k∈K ,

subject to {(3.5e), (3.5f), (3.6b), (3.10b), (3.10c), (3.11a), (3.12)},

b

(3.17)
or
maximize

η̄,w,{zb ,tb }b∈B ,
{gbk ,qbk ,rbk }b∈B,k∈K

η̄

subject to {(3.5e), (3.5f), (3.6b), (3.10b), (3.10c), (3.11a), (3.16)}.

b

(3.18)
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It is numerically observed that Algorithm 3.1 running with the GCP (3.10), and two
SOCPs (3.17) and (3.18) converge to the similar objective values (cf. Section 3.4).
Complexity analysis
The worst-case per-iteration complexity of Algorithm 3.1 running with the GCP (3.10)
and the SOCP approximations (3.17) and (3.18) by the primal-dual path-following
interior point method can be estimated following the results in [165, Sect. 6.6].
Specifically, the per-iteration cost of solving the GCP (3.10) is O(N 4 K̊ 4 +B4 ) where K̊ =
users. For the two SOCPs (3.17) and (3.18),
∑b∈B Kb is the total number of p
pthe solving

3
3
3
3
3
δ̄ K̊(N K̊ + B + (δ̄ + 7) K̊ ) and O
costs at each iteration are O
K̊(N 3 K̊ 3 +

3
3
B + K̊ ) , respectively. It can be seen that the proposed SOCP approximations can
reduce the per-iteration complexity of Algorithm 3.1. The estimate complexity of the
proposed algorithm with (3.17) is also seen to be larger than that with (3.18). However,
it is worth noting that these complexity estimates are typically conservative in practice.
More importantly, the overall run time of Algorithm 3.1 running with either (3.17) or
(3.18) largely depends on the actual number of iterations to converge, which is hard to
analytically predict. In fact, the numerical comparison in terms of run time provided in
Section 3.4 indicates that Algorithm 3.1 running with (3.18) is not always faster than
that with (3.17), depending on the problem size. Further justifications on the complexity
of Algorithm 3.1 adopting (3.10), (3.17) and (3.18) are given in Section 3.4.
3.3

Decentralized beamforming designs for max-min EE fairness

The proposed algorithm in Section 3.2 is designed in centralized fashion based on the
assumption that each BS perfectly knows all CSI in the network. From the practical
perspective, distributed solutions may be more attractive in some scenarios when a
central processing station is not available, or when sending the CSI of all BSs to a central
node is overwhelming. Therefore, the focus in this section is to develop decentralized
solutions to solve (3.5). The idea is to propose distributed approaches for solving the
convex program obtained in each step of the iterative procedure. Thus the decentralized
proposed algorithms are based on the SCAn+1 problem given in (3.10), (3.17) or in
(3.18), depending on the problem size. Without loss of generality a decentralized
algorithm to solve (3.10) optimally is described in the sequel, while a decentralized
method to solve (3.17) and (3.18) can be obtained similarly. Before proceeding further,
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it is assumed that the CSI of all users is locally known at each BS, which is a standard
assumption in numerous studies [167, 168, 169, 170]. More explicitly, each BS b ∈ B
knows only the perfect CSI of the channels from itself to all users in the network, i.e.,
{hb,i j }∀i j .
3.3.1

Pure ADMM based decentralized method for max-min EE

A simple and popular approach in the context of distributed optimization is the dual
decomposition method. However, this approach cannot be applied to solve the SCAn+1
problem in (3.10) due to the lack of strict convexity of the objective (see [158] for further
details). A similar problem was also mentioned in [167], but in a different context.
A remedy for this issue is to combine the dual decomposition and the augmented
Lagrangian method which results in the so-called ADMM [158, 167]. In addition to the
lack of strict convexity, the formulation in (3.10) is not amendable to a direct application
of ADMM, since (3.6b) is not decomposable due to the intercell interference (ICI)
contained in Ibk (w). To overcome these issues, problem (3.10) is rewritten as
minimize
η̄,w,{ηb ,zb ,tb }b∈B ,
{qbk ,gbk }b∈B,k∈K ,
b
{τb,i j ,τb0 ,i ,µb,i j }b∈B,i∈B\{b}

−

(3.19a)

∑ ηb
b∈B

k

subject to

τb,i j ≥

∑

|hb,i j wbk |2 , b ∈ B, i ∈ B\{b}, j ∈ Ki ,

(3.19b)

k∈Kb

qbk ≥

∑

|hb,bk wb j |2 +

j∈Kb \{k}

∑

τb0 k ,i + σb2k , k ∈ Kb (3.19c)

i∈B\{b}

ηb = η̄, b ∈ B,

(3.19d)

τb,i j = µb,i j , b ∈ B, i ∈ B\{b}, j ∈ Ki ,

(3.19e)

τb0 k, i = µi,bk , b ∈ B, i ∈ B\{b}, k ∈ Kb ,

(3.19f)

(3.5c), (3.5e), (3.5f), (3.10b), (3.10c),

(3.19g)

where {ηb }b∈B , {τb,i j , τb0 k ,i , µb,i j }b∈B,i∈B\{b},k∈Kb , j∈Ki are newly introduced slack variables representing the EE of BS b, the ICI produced by BS b to user i j , and the ICI
that user bk causes to neighboring BSs i (i 6= b), respectively. Remark that ηb , τb,i j ,τb0 k ,i
are locally stored at BS b. On the other hand, η̄, µb,i j and µi,bk are respectively the
global copies of ηb , τb,i j and τb0 k ,i . Intuitively, ηb is introduced to decouple the objective
in (3.10), and (3.19d) is to force {ηb }b∈B to be identical. In the same manner, slack
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variables representing ICI are newly introduced and constraints (3.19e) and (3.19f) are
imposed to decouple (3.6b). In this regard, τb,i j and τi0j ,b both represent the value of the
ICI produced by BS b to user i j (i.e., ∑k∈Kb |hb,i j wbk |2 ), where τb,i j is the local variable
stored by BS b and τi0j ,b is that of BS i. Thus the slack variable µb,i j is to ensure τb,i j
and τi0j ,b are equal, i.e., τb,i j = µb,i j = τi0j ,b , which is due to (3.19e) and (3.19f). It is
easy to see that (3.19) is equivalent to (3.10). For the ease of description, the (local or
global) variables representing interference are referred to as (local or global) interference
temperature, since their value varies with iterations. Next, for notational simplicity, all
(n+1)

the constraints that can be handled locally at BS b are included in the set Sb

, which

is defined as
(n+1)

Sb

χ b ) , {χ
χ b | (3.5c), (3.5e), (3.5f), (3.10b), (3.10c), (3.19b), (3.19c)}
(χ

(3.20)

where χ b , [ηb , zb ,tb ,gb1 , . . . , gbK ,wTb1 , . . . wTbK ,qb1 , . . . qbK , θ Tb ]T simply stacks all the
b
b
b
local variables at BS b. Note that vector θ b has been defined as
θ b , [τb,11 , . . . , τb,(b−1)K , τb,(b+1)1 , . . . , τb,BK , τb0 1 ,1 , . . . , τb0 K
b

b

b

0
0
T
,b−1 , τb1 ,b+1 , . . . , τbKb ,B ] ,

which represents the local interference temperatures of BS b. Similarly, the corresponding global versions of θ b are also sorted in the new vector ν b , i.e.,
ν b , [µb,11 , . . . , µb,(b−1)K , µb,(b+1)1 , . . . , µb,BK , µ1,b1 , . . . , µb−1,bK , µ(b+1),b1 , . . . , µB,bK ]T .
b

b

b

b

From the definitions above, (3.19) can be equivalently rewritten in a more compact form
minimize
ϑ
χ ,ϑ

−

(3.21a)

∑ ηb
b∈B

subject to

(n+1)
χ b ), ∀b ∈ B
χ b ∈ Sb
(χ

(3.21b)

ηb = η̄, ∀b ∈ B

(3.21c)

θ b = ν b , ∀b ∈ B,

(3.21d)

χ T1 , . . . , χ TB ]T and ϑ , [η̄, ν T1 , . . . , ν TB ]T . At this point, the ADMM described
where χ , [χ
in Chapter 2 can be carried out to solve (3.21) in a distributed manner, as presented next.
First, the augmented Lagrangian function of (3.21) is formed as
ϑ,χ,ζ ,ξ ) =
L (n+1) (ϑ

∑

T

−ηb + ξb (ηb − η̄) + ζ b (θθ b − ν b )

b∈B


c
+ ((ηb − η̄)2 + kθθ b − ν b k22 ) ,
2

(3.22)
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T
T
where ξ , [ξ1 , . . . , ξB ]T , ζ , [ζζ 1 , . . . , ζ B ]T ; ξb and ζ b are the Lagrange multipliers

associated with (3.21c) and (3.21d), respectively. In (3.22), c > 0 is the penalty
parameter, and the quadratic penalty term 2c ((ηb − η̄)2 + kθθ b − ν b k22 ) is to provide strict
convexity w.r.t. χ and ϑ for (3.22), thus problem (3.21) is always solvable [158]. The
general idea of the ADMM is to use the Gauss-Seidel method to update the global
variables (i.e., ϑ ), the local variables (i.e., χ ), and the Lagrange multipliers (i.e., ζ and
ξ ). Intuitively, at each iteration of the ADMM, all BSs agree a common knowledge
of associated interference temperatures and the consensus EE by the update of global
variables. Each BS then independently solves its own subproblem and updates its
Lagrange multipliers such that involved variables are driven into equality. Details of the
proposed distributed algorithm are presented as follows.
Update of global variables
An iteration of the proposed algorithm starts with the update of global variables, which
can be done by fixing the local variables when solving the optimization problem:
ϑ , χ (l) , ζ (l) , ξ (l) )}. Note that the superscript l associated with each varimin{L (n+1) (ϑ
ϑ

ϑ , χ (l) , ζ (l) , ξ (l) ) is
able is the iteration counter of the ADMM part. Since L (n+1) (ϑ
separable in η̄ and {νν b }, the ϑ -minimization step leads to the following independent
subproblems
(l)

η̄ (l+1) = arg min
η̄

and

∑ (−ξb
b∈B

c (l)
η̄ + (ηb − η̄)2 ),
2

c (l)
(l)
(l+1)
= arg min − (ζζ b )T ν b + kθθ b − ν b k22 ,
νb
2
νb
(l)

∀b ∈ B.

(3.23)

(3.24)

(l)

Note that in the above equation, ηb and θ b are the values obtained after solving (3.28)
at iteration l and are exchanged by all BSs. Here, (3.23) and (3.24) are unconstrained
quadratic programs for which the closed form solutions are given by
(l)

η̄ (l+1) =
and

0(l)

(l)

(l+1)
µb,i j
(l+1)
µi,bk
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ξ
1
(l)
∑ (ηb + bc ),
B b∈B

=
=

τb,i j + τi j ,b

2
(l)
0(l)
τi,bk + τbk ,i
2

+
+

(l)

(l)

(l)
ζi,bk

2c
(l)
+ ζbk ,i

(3.25)

ζb,i j + ζi j ,b

2c

(3.26)
,

where {ζb,i j , ζbk ,i } and {ζi,bk , ζi j ,b } are the dual variables associated to the primal
variables {τb,i j , τb0 k ,i } of BS b and {τi,bk , τi0j ,b } of BS i 6= b, respectively. In addition,
(l+1)

(3.25) and (3.26) are independently carried out at each BS so that η̄ (l+1) and ν b

are

available at BS b to update its local variables in the next step of the procedure. Remark
that

η̄ (l+1) ,

and (

(l)
k

τi,b
2

+

(l+1)
µb,i j
(l)
k

ζi,b

2c

(l+1)
µi,bk

and

0(l)

(l)

are computed after gathering

ξ
(l)
(ηb + bc

),

τi ,b
( 2j

(l)

+

ζi ,b
j
2c )

) from BS i 6= b, respectively. Since the required information is real-

valued, the amount of exchanged signaling overhead is significantly lower, compared to
directly sharing the complex-value CSI.
Update of local variables
The set of local variables χ is updated by solving the convex problem
χ (l+1) =

(l)

(l)

ϑ (l+1) , χ , ξ , ζ ).
L (n+1) (ϑ

argmin

(3.27)

(n+1)
χ b ),∀b∈B
χ b ∈Sb
(χ

The main point of the ADMM is that the augmented Lagrangian function in (3.22) is
decomposable in χ b , and thus the optimization problem (3.27) can be solved in parallel
at each BS. Specifically, BS b can locally solve the following convex subproblem
(l+1)
χb
=

arg min
(n+1)
χ b)
χ b ∈Sb
(χ

(l)

(l)

(l+1)

− ηb + ξb (ηb − η̄ (l+1) ) + (ζζ b )T (θθ b − ν b

)


c
(l+1)
+
(ηb − η̄ (l+1) )2 + kθθ b − ν b k22 ,
2
(l+1)

using only its local CSI, i.e., {hb,i j }i j , and η̄ (l+1) and ν b
variables. Recall that all the constraints defining the set

(3.28)

from the update of global

(n+1)
Sb

are SOC representable.

Thus (3.28) can be efficiently solved by SOCP solvers.
Update of Lagrange multipliers
The last step of the ADMM is to update the Lagrange multipliers as
(l+1)

(l)

(l+1)

− η̄ (l+1) ), ∀b ∈ B

ξb

= ξb + c(ηb

(l+1)
ζb

(l)
(l+1)
(l+1)
= ζ b + c(θθ b
− ν b ),

∀b ∈ B.

(3.29)
(3.30)

Because the current iterates of the local and global variables are already available
to all BSs at this step, the update of the Lagrange multipliers does not require extra
information exchange, and thus incurs no signaling overhead.
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After the ADMM procedure converges, i.e., the primal residual εADMM (see Step 3
of Algorithm 3.2) is below a threshold, the involved SCA parameters, i.e., (w(n+1) ,
(n+1)

{zb

(n+1)

,tb

(n+1)

, {qbk

}k∈Kb }b∈B ) are updated as in the centralized algorithm. Then

another ADMM step is carried out accordingly to solve the SCAn+2 . This iterative
process is terminated until the SCA outer loop converges. To summarize, Algorithm 3.2
outlines the proposed decentralized algorithm for the max-min EE beamforming design
problem. In the following some practical issues and complexity analysis in relation to
the implementation of Algorithm 3.2 are discussed.
Algorithm 3.2 Proposed decentralized beamformer ADMM-based design for max-min
EE in multicell multiuser MISO downlink
1:

(n)

Initialization: Set n := 0, l := 0 and choose feasible initial values for (w(n) , {zb ,
(n)
(n)
(0)
(0)
(0)
(0)
tb , {qb }k∈Kb }b∈B ) and choose the initial values for {ηb , θ b }b∈B , {θθ b }, ξ ,
k

(0)
ζ .

2:
3:

repeat {SCA outer loop}
q
while

εADMM ,

(l)

(l) T T

(l) T T

∑b∈B k[ηb , (θθ b ) ] − [η̄ (l) , (νν b ) ] k22 ≥ 10−5

do

{ADMM inner loop}
4:

for b ∈ B do

(l)

(l)

5:

BS b receives (ηi +

6:

BS b receives (

0(l)

τi ,b
j
2

+

ξi
c )
(l)
ζi ,b
j

2c

and updates η̄ (l+1) by (3.25).

) and (

(l)
k

τi,b

+

2

(l)
k

ζi,b

2c

(l+1)

) then updates µb,i j

(l+1)

and µi,bk

by (3.26).
(l+1)

7:

BS b updates χ b

by (3.28).

8:

Update Lagrange multipliers ξb

(l+1)

(l+1)

and ζ b

by (3.29) and (3.30), respec-

tively.
9:
10:

end for
l := l + 1.

11:

end while

12:

Obtain the optimal value (w∗ , {z∗b }b∈B , {tb∗ }b∈B , {q∗bk }b∈B,k∈Kb ).

13:

Update the SCA parameters (w(n+1) , {zb

(n+1)

(n+1)

,tb

(n+1)

, {qbk

}k∈Kb }b∈B ) = (w∗ ,

(0)
(0)
(0)
(0)
∗
∗
{z∗b ,tb∗ , {q∗bk }k∈Kb }b∈B ), and ({ηb }, {θθ b },ξξ , ζ ) =({ηb∗ }, {θθ ∗b }, ξ , ζ ).

14:
15:
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n := n + 1; l := 0.
until the SCA converges

Table 3.1. Information exchange in Algorithm 3.2, ([78] c 2017, IEEE).
P ROCEDURE

E XCHANGED INFORMATION

Step 5, update η̄ at BS b

(ηi + ξi /c) from BS i 6= b

(l)

Step 6, update µb,i j and µi,bk at BS b

(

0(l)
τi ,b
j

2

(l)
(l)

+

ζi ,b
j
2c )

and (

(l)
k

τi,b
2

+

(l)
k

ζi,b

2c

) from BS i 6= b

Amount of exchanged information
Recall that the updates of local variables and Lagrangian multipliers can be done without
requiring the information exchange. Thus the amount of backhaul signaling mainly
depends on the update of global variables at Steps 5 and 6 of Algorithm 3.2, as detailed
in Table 3.1. In particular, to update global variables, Algorithm 3.2 requires BS b to
broadcast {ηb , ξb } and {θθ b , ζ b } to the other BSs. In other words, BS b needs to send
out 2 and 2Kb real values to other (B − 1) BSs, respectively. In current LTE systems, the
information sharing process among BSs can be done via the X2 interface.
Per-BS complexity analysis
It is noted that the per-iteration complexity of Algorithm 3.2 is dominated by the
complexity of solving the subproblem (3.28) at each BS. As presented in the previous
(n+1)

section, constraint (3.5c) in set Sb

can be handled in two ways, i.e., either (3.12)

or (3.16). Thus the cost of solving the subproblem (3.28) with the former and latter


√
√
approximation is respectively O Kb (N 3 Kb3 + (δ̄ + 7)3 Kb3 ) and O Kb (N 3 Kb3 ) [165,
Sect. 6.6]. The choice of a proper approximation depends on the problem size which is
numerically discussed in Figs. 3.6 and 3.7.
Improved convergence rate
Here, a variant of Algorithm 3.2 is presented which may potentially improve its
convergence rate in practice. Note that waiting for the ADMM-based loop to completely
converge at each SCA iteration ensures the global convergence of Algorithm 3.2 but
generally slows down its convergence rate. The idea is to allow the ADMM part to
terminate early when solving the SCAn for some first n. In fact, it is numerically
observed that the increase in the cost function between two consecutive iterations is
large in some first SCA iterations, and thus it usually requires a large number of variable
updates for the ADMM to converge. However, the solutions returned by the ADMM
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part are still rough estimates of the solution of the max-min EE problem in the first SCA
problems. Thus, letting the ADMM to completely converge in the first stage of the SCA
loop is not usually beneficial. To improve the convergence rate, the ADMM loop can be
terminated after a fixed number of updates, say IADMM . That is, the ADMM inner loop
is terminated if l > IADMM , and the value of IADMM can be varied as the SCA outer loop
evolves. For example, IADMM can be set to be higher for some first SCA problems so
that the ADMM part can produce a good estimate of the solution. On the other hand,
when the SCA is nearly convergent, IADMM is set to be smaller. By adapting IADMM , the
convergence rate of Algorithm 3.2 can be significantly enhanced as shown in Section 3.4.
The special case when IADMM = 1 for all SCA iterations deserves particular attention.
This is treated in the following subsection.
3.3.2

Interlaced SCA-ADMM based decentralized method for max-min
EE

A special variant of Algorithm 3.2 is described in Algorithm 3.3, which is obtained by
carrying out the next SCA iteration immediately after each ADMM iteration, rather than
letting the ADMM completely converge. Thereby the SCA and the ADMM iterations
are tightly interlaced and merged into a single layer iterative algorithm. It is best to view
Algorithm 3.3 as a result of applying the ADMM to the original nonconvex problem in
(3.5), but the local feasible sets are approximated by the SCA principle at each ADMM
update. To be more specific, let Sb denote the (nonconvex) feasible set of the problem
for BS b as
χ b | (3.5b), (3.5c), (3.5d), (3.5e), (3.5f), (3.19b), (3.19c)}.
Sb , {χ
Note that Sb is the original feasible set at BS b where the nonconvex constraints are not
approximated by the convex approximants using the SCA principle. Then (3.21) can be
rewritten as
min{−
ϑ
χ ,ϑ

∑ ηb | χ b ∈ Sb , ηb = η̄, θ b = ν b , ∀b ∈ B}.

(3.31)

b∈B

The difference between (3.31) and (3.21) is that Sb is used in (3.31) instead of a convex
(n+1)

approximation Sb
ϑ,χ,ζ ,ξ ) =
L (ϑ

∑
b∈B
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in (3.21). The augmented Lagrangian for (3.31) is given by


c
T
−ηb +ξb (ηb − η̄)+ζζ b (θθ b −νν b )+ ((ηb − η̄)2 +kθθ b −νν b k22 ) .
2
(3.32)

Algorithm 3.3 Proposed interlaced SCA-ADMM based decentralized algorithm for
max-min EE in multicell multiuser MISO downlink
(l)

(l)

1:

Initialization: Set l := 0, choose feasible initial values for (w(l) , {zb ,tb ,
(l)
(0)
(0)
(0)
(0)
{qb }k∈Kb }b∈B ) and choose the initial values for {ηb , θ b }b∈B , ξ , ζ .

2:

repeat

k

for b ∈ B do

3:

(l)

(l)

BS b receives (ηi +

4:

BS b receives (

5:

0(l)
τi ,b
j

2

+

ξi
c )
(l)
ζi ,b
j

2c

and updates η̄ (l+1) by (3.25).

) and (

(l)
k

τi,b
2

+

(l)
k

ζi,b

2c

(l+1)

) then updates µb,i j

(l+1)

and µi,bk

by

(3.26).
(l+1)
(l+1)
BS b updates χ b
by (3.33b) by the approximate convex set Sb
.
(l+1)
(l+1)
Update Lagrange multipliers ξb
and ζ b
by (3.33c).

6:
7:
8:

end for

9:

Update the SCA parameters (w(l+1) , {zb

(l+1)

(l+1)

,tb

{z∗b }b∈B , {tb∗ }b∈B , {q∗bk }b∈B,k∈Kb ).

}k∈Kb }b∈B ) = (w∗ ,

l := l + 1

10:
11:

(l+1)

, {qbk

until Convergence

The ADMM in Algorithm 3.3 has the form
ϑ , χ (l) , ζ (l) , ξ (l) ),
ϑ (l+1) = arg min L (ϑ

(3.33a)

ϑ
(l+1)
ϑ (l+1) , χ , ζ (l) , ξ (l) ), ∀b ∈ B.
χb
= arg min L (ϑ

(3.33b)

(l+1)

χ b ∈Sb
(l+1)

ξb

(l)

(l+1)

= ξb + c(ηb

(l+1)
(l)
(l+1)
(l+1)
− η̄ (l+1) ) ; ζ b
= ζ b + c(θθ b
− ν b ), ∀b ∈ B.

(3.33c)
Note that the update of global variables in (3.33a) is done exactly as in Algorithm 3.2,
i.e., in (3.23) and (3.24). In particular, the update of local variables at iteration l + 1
is carried out inexactly. In other words, the χ b -minimization in (3.33b) is over the
(l+1)

approximate convex set Sb

defined in (3.20) which arises from the SCA framework,

not over the original nonconvex set Sb . Intuitively, the ADMM part guides the global
and local variables toward an equality, and the SCA is used to find a good locally feasible
solution. The convergence of Algorithm 3.3 is provable as shown in Subsection 3.3.3.
For Algorithm 3.3, the analysis of the amount of exchanged information and the
per-BS complexity at each iteration are the same as those in Algorithm 3.2, since the
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size of the problem and the amount of required exchanged information do not change. It
will be numerically shown in Section 3.4 that Algorithm 3.3 may converge faster than
Algorithm 3.2.
3.3.3

Convergence analysis of proposed decentralized algorithms

This subsection provides the convergence analysis of the two decentralized algorithms.
The convergence analysis is based on [171], in which the augmented Lagrangian is
proved to be monotonically decreasing.
Convergence proof of Algorithm 3.2
The convergence of Algorithm 3.2 is guaranteed by that of the ADMM and SCA
procedures. First the convergence of the ADMM for solving the SCAn+1 problem can
be discussed as follows. Recall that (3.19) is equal to (3.10) at the optimality. Thus, it is
(n+1)

trivial to see that the set Sb

defined in (3.20) is nonempty and the problem (3.21) is

feasible. As a result, the subproblems (3.23), (3.24), and (3.28) are always solvable, i.e.,
the optimal solutions do exist and the optimal objectives are bounded below. It can
also be checked that there exists a saddle point for the unaugmented Lagrangian, i.e.,
the function obtained by setting c = 0 in (3.22). Thus, the convergence of the ADMM
part in Algorithm 3.2 is guaranteed due to the result in [158, Section 3.2]. On the other
hand, the following discussion provides another convergence result for the ADMM part
in Algorithm 3.2, which can be used to prove the convergence of Algorithm 3.3. In
particular, one has the following lemma.
Lemma 3.1. The difference of the augmented Lagrangian function between two consecutive iterations in the ADMM inner loop of Algorithm 3.2 is
ϑ (l+1) , χ (l+1) , ζ (l+1) , ξ (l+1) ) − L (n+1) (ϑ
ϑ (l) , χ (l) , ζ (l) , ξ (l) )
L (n+1) (ϑ

1
c2  (l+1)
(l)
(l+1)
(l)
≤ ∑ (d 2 − ) (ηb
− ηb )2 + kθθ b
− θ b k22
2
b∈B c

c  (l+1)
(l+1)
(l)
− ∑
(η̄
− η̄ (l) )2 + kνν b
− ν b k22 ,
b∈B 2

(3.34)

where c is the penalty parameter, and d is a positive constant which depends on the
problem data.
76

The proof of Lemma 3.1 is deferred to Appendix 2.1. Lemma 3.1 gives a useful
insight into the convergence of the ADMM inner loop of Algorithm 3.2. That is,
√
if c is chosen to be sufficiently large, i.e., c > d 2, then the Lagrangian function
ϑ (l) , χ (l) , ζ (l) , ξ (l) ) generated by the ADMM loop is monotonically decreasing.
L (n+1) (ϑ
Note that this is a new convergence result for the ADMM applied to the considered
problem, compared to the standard result in [158].
The convergence of the SCA iteration can be shown following the same line of
argument as that in [154]. In particular let S (n) and χ (n) denote the feasible set and the
optimal solution obtained by the ADMM procedure of the SCAn problem respectively.
The convergence analysis of the SCA outer loop is presented as follows. Due to the
use of approximations in (3.8) and (3.9), χ (n) satisfies all the constraints in (3.21) at
iteration n + 1, i.e., χ (n) ∈ S (n+1) . This immediately implies that the sequence of the
values {η̄ (n) } is non-decreasing. Moreover, one can easily see that the power constraint
ϑ (l) , χ (l) , ζ (l) , ξ (l) ) is bounded below for all l. Thus, the
in (3.4b) ensures that L (n+1) (ϑ
convergence of {η̄ (n) } is established.
Convergence proof of Algorithm 3.3
Following the new convergence result for the ADMM of Algorithm 3.2, one has the
following lemma regarding the convergence of Algorithm 3.3.
Lemma 3.2. The difference of the augmented Lagrangian function between two consecutive iterations in Algorithm 3.3 is
ϑ (l+1) , χ (l+1) , ζ
L (ϑ

(l+1)

(l)

(l+1)

(l)

ϑ (l) , χ (l) , ζ , ξ )
) − L (ϑ

1
c2  (l+1)
(l)
(l+1)
(l)
≤ ∑ (d˜2 − ) (ηb
− ηb )2 + kθθ b
− θ b k22
2
b∈B c

c  (l+1)
(l+1)
(l)
(l)
− ∑
(η̄
− η̄ (l) )2 + kνν b
− ν b k22 − ∑ δb ,
2
b∈B
b∈B
,ξ

(3.35)

where c is the penalty parameter, d˜ is a positive constant which depends on the problem
data, and
(l)

(l)

(l)

δb , πbtb

zb

(l)

tb

(l−1)

−

zb



!2

(l−1)

tb

+

∑
k∈Kb

(l)
ωbk qbk 

(l)

(l−1)

(l)

ℜ(hb,bk wb,bk )
(l)

qbk

−

(l−1)

ℜ(hb,bk wb,bk )
(l−1)

qbk

2
 ,

where πb ≥ 0 and ωbk ≥ 0 are dual variables associated with the approximated constraints when solving (3.33b).
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The proof of Lemma 3.2 is given in Appendix 2.2 and its corollary is discussed in
the following remark.
(l)
It can be seen that the SCA step introduces the term − ∑b∈B δb ≤ 0 on the right
√
side of (3.35). Thus, if c is chosen to be large enough, i.e., c > d˜ 2, then the right
side of (3.35) becomes negative, meaning that the augmented Lagrangian function
ϑ (l) , χ (l) , ζ (l) , ξ (l) ) is monotonically decreasing. Recall that L (ϑ
ϑ (l) , χ (l) , ζ (l) , ξ (l) )
L (ϑ
is bounded below by the power constraint in (3.4b) for all l, and thus guaranteed to
converge. A convergence analysis of Algorithm 3.3 for the case of small c is beyond the
scope of this thesis and is left for future work. Since it is hard to analytically derive the
˜ a practical way is to vary the value of c, i.e., iteratively increasing c until
constant d,
(l)

(l)

ϑ (l) , χ (l) , ζ , ξ ) is established [158].
monotonic convergence of L (ϑ
The choice of penalty parameter c
The two lemmas presented above imply that the value of c has a significant impact on
the convergence behavior of the proposed decentralized algorithms. On one hand, a
large value of c should be considered to ensure the convergence of Algorithms 3.2 and
3.3. On the other hand, it was shown that better convergence may be achieved for small
c [172]. This issue is numerically shown in Fig. 3.8, Section 3.4.
A way to further increase the convergence rate of Algorithms 3.2 and 3.3 is presented
as follows. Note that the values of η̄ and {ηb } are practically much smaller than those
of {θθ b }b∈B and {νν b }b∈B . As a result, the range of (ηb − η̄)2 is much smaller than that
of kθθ b − ν b k22 during the iterative procedure. This imbalance between the two terms can
cause a detrimental effect on the convergence rate of Algorithms 3.2 and 3.3, since the
two residual terms tend to converge at different rates as they both approach zero [158,
Sect. 3.4.1]. To overcome this issue, a simple modification can be made to enhance the
convergence speed of the proposed algorithms by maintaining the balance among the
penalty terms in the Lagrangian. Specifically, two different penalty parameters, c1 and
c2 , can be assigned to the two penalty terms in the augmented Lagrangian as
ϑ,χ,ζ ,ξ ) =
L (ϑ

∑
b∈B

T

−ηb +ξb (ηb − η̄)+ζζ b (θθ b −νν b )+


c2
c1
(ηb − η̄)2 + kθθ b −νν b k22 .
2
2
(3.36)

It is trivial to see that the convergence of Algorithms 3.2 and 3.3 is still guaranteed if c1
and c2 are sufficiently large. From the discussion above, c1 and c2 can be chosen such
that c1 > c2 to keep the two residual norms within a factor of one another as they both
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converge to zero [158, Sect. 3.4.1]. Numerical results on the convergence properties of
Algorithms 3.2 and 3.3 are provided in Figs. 3.8 and 3.9 in the next section.
Table 3.2. Simulation parameters, ([76] c 2015, IEEE).

Path loss and shadowing

PARAMETERS

VALUE


PL(b, i j ) = 38 log10 db,i j [m] + 34.5+N (0, 8) dB

Inter-BS distance
Static power consumption
Power amplifier efficiency
Number of BSs
Number of transmit antennas
Signal bandwidth
Power spectral density of noise

1 km
Psta = 33 dBm
ε = 0.35
B=3
M=4
W = 10 kHz
N0 = −174 dBm/Hz

3.4

Numerical results

In this section, numerical experiments are provided to evaluate the effectiveness of the
proposed methods. The general simulation parameters are listed in Table 3.2 and specific
ones are given in the caption of the corresponding figures. Without loss of generality,
the scenario where an equal number of users is randomly distributed in each cell is
considered, i.e., Kb = K̄, ∀b ∈ B. For example, the simulation scenario for a specific
case, where B = 3 and K̄ = 2 can be seen in Fig. 3.1. The flat fading channel hb,i j is
assumed to be Gaussian distributed, i.e., hb,i j ∼ C N (0, PL(b, i j )IM ), where PL(b, i j )
represents the path loss and shadowing between BS b and user i j as given in Table 3.2.
The iterative procedure of the optimization algorithms in this section is terminated if the
increase in objective values between two subsequent SCA iterations is less than 10−5 .
The algorithms are modeled in the MATLAB environment, and all the convex problems
considered in this chapter are solved using MOSEK solver [173].
3.4.1

Performance of the proposed centralized method

The first set of numerical experiments demonstrates the convergence of the proposed
centralized method. In particular, Algorithm 3.1 is compared to the iterative method
introduced in [75] which is referred to as the WMMSE-DB method. Basically, the idea
of the WMMSE-DB scheme is to use the WMMSE procedure to solve the parametric
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subproblems resulted from applying the generalized Dinkelbach’s algorithm to the
max-min EE problem (see [75] for further details). The initial points for the considered
(0)

(0)

(0)

approaches are generated as follows. In Algorithm 3.1, (w(0) , {zb ,tb , {qbk }k∈Kb }b∈B )
is initialized by first creating a set of beamformers w(0) that satisfies (3.5f). Then the
initial values of other variables are obtained by setting all the constraints in (3.7) to
be equality. In this way, Algorithm 3.1 always starts with a feasible solution of (3.7).
The initial beamformers w(0) in Algorithm 3.1 are also used to start the WMMSE-DB
method. Here, only Algorithm 3.1 running GCP (3.10) is considered as such the
advantage brought by the one-layer iterative procedure of the proposed SCA-based
approach can be solely observed. Complexity comparisons of Algorithm 1 running
different convex programs, i.e., GCP (3.10) and SOCPs (3.17) and (3.18), will be
provided in the next subsection.

Average run time (s)

101.5
101

M=8

100.5
100

Algorithm 3.1
WMMSE-DB

M=4
3

6

9

12

Total number of users

Fig. 3.2. Run time of the centralized algorithms for max-min EE fairness with Pb = 35 dBm
and Pdyn = 40 dBm, ([76] c 2015, IEEE).

Fig. 3.2 plots the average run time of Algorithm 3.1 and the WMMSE-DB method
as a function of the total number of users. As can be seen, the proposed algorithm
outperforms the WMMSE-DB. The main reason is that the proposed algorithm converges
much faster than the WMMSE-DB approach, as shown next in Figs. 3.3 and 3.4.
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Minimum EE (bits/J/Hz)
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0.3
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0.25
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Algorithm 3.1
WMMSE-DB

M=8
0.15
100

101

102

103

Iteration index

Fig. 3.3. Convergence of the centralized algorithms for max-min EE fairness with K̄ = 2,
Pb = 35 dBm and Pdyn = 40 dBm, ([76] c 2015, IEEE).

Fig. 3.3 compares the convergence speed of Algorithm 3.1 and the WMMSE-DB
method for a randomly generated channel realization from two different initial points. It
is seen that both methods offer the same objective from different initial points. However,
Algorithm 3.1 converges after a few iterations, whereas it takes hundreds of iterations
for the WMMSE-DB method to stabilize. Recall that the WMMSE-DB scheme is based
on an alternating optimization framework, in which some of the variables are updated at
each iteration. In the proposed method, all optimization variables are accounted for to
find a better solution for the next iteration.
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Fig. 3.4. CDFs of the number of iterations required for convergence of the centralized methods with Pb = 35 dBm, K̄ = 2 and M = 4, ([76] c 2015, IEEE).
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In Fig. 3.4, the cumulative distribution function (CDF) of the number of iterations is
plotted to provide a more complete comparison of the convergence rate of Algorithm 3.1
and the WMMSE-DB method. As can be seen, for 90% of the channel realizations, the
proposed algorithm converges after 20 iterations, while it can be thousands of iterations
for the WMMSE-DB scheme. Another observation is that as Pdyn decreases, both
methods of comparison require more iterations to converge. The reason is two-fold. First,
remark that the variables satisfying (3.5e) for large Pdyn (i.e., large P0 ) also satisfy it for
smaller Pdyn meaning that the feasible set of (3.5) becomes larger when Pdyn is smaller.
Second, recall that the idea of the proposed method is to find a better approximate set for
the feasible set after each iteration. Thus more iterations are generally needed for a
larger feasible set.
The capability to achieve the EE fairness of the proposed centralized method is
evaluated in Fig. 3.5, which illustrates the average EE versus the dynamic power
consumption Pdyn for all the BSs. It is observed that for some channel realizations, the
three BSs do not attain the same EE when the proposed design converges. However,
on average, all BSs achieve almost the same performance as shown in Fig. 3.5. This

Average EE (Kbits/J)

basically implies that the proposed design can maintain EE fairness among BSs.
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Fig. 3.5. Average energy efficiency achieved by Algorithm 3.1 versus Pdyn with Pb = 35 dBm,
K̄ = 2 and M = 4, ([76] c 2015, IEEE).
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Fig. 3.6. Per-iteration run time of Algorithm 3.1 running with different convex programs, with
Pb = 35 dBm and Pdyn = 40 dBm, ([78] c 2017, IEEE).

Complexity comparison of Algorithm 3.1 with GCP and different conic
approximations
To observe the benefit brought by SOCP formulations, Figs. 3.6 and 3.7 compare the
convergence results for Algorithm 3.1 running with formulations (3.10), (3.17) and
(3.18). Specifically, two scenarios with B = 3 and B = 4 BSs are considered. Each point
of the curves in Figs. 3.6 and 3.7 is obtained by averaging out 500 channel realizations.
As expected, the use of the approximation methods reduces the per-iteration complexity
compared to using the original non-linear constraint (3.5c). Furthermore, the SOCP
formulation (3.18) can potentially reduce the per-iteration complexity compared to
(3.17). This is confirmed by the numerical results shown in Fig. 3.6, where the average
run time for each iteration of the three considered schemes is reported. Also, it is natural
to imply that the SOCP-approximate approach (3.18) outperforms (3.17) in terms of
overall run time. However this is not always the case as the overall run time of the two
schemes critically depends on the number of iterations required for convergence, which
is studied next.
Fig. 3.7(a) provides a comparison of the convergence rate of the three methods for a
random channel realization with different numbers of users per cell K̄. It can be observed
that Algorithm 3.1 running (3.17) converges faster in terms of the required number of
iterations compared to when (3.18) is used, while resulting in the same convergence rate
compared to solving the GCP (3.10). This is understandable because (3.14) is a lower
bound of gbk log(1 + gbk ), and the tightness of the bound evolves with iterations. On
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Fig. 3.7. Comparison of convergence rate and average run time for Algorithm 3.1 running
with different convex programs, with Pb = 35 dBm and Pdyn = 40 dBm, ([78] c 2017, IEEE).

the contrary, the conic constraints in (3.12) are an approximation of log(1 + gbk ) to a
desired accuracy level, which is fixed during the iterative procedure. Consequently, the
approximation in (3.14) usually takes more iterations to converge, especially when the
problem size grows. This results in the average run time of both approximation methods
shown in Fig. 3.7(b). As can be seen, (3.18) is more computationally efficient for the
setting of small sizes. The reason is that (3.18) has a comparable convergence rate with
(3.17) for such cases, and much lower per-iteration complexity. When the problem size
becomes large, the (3.18) requires far more iterations to stabilize, thus resulting in a
larger overall run time. On the other hand, the average run time for solving the GCP
(3.10) is always larger than that of (3.17), since two approaches yields relatively the
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Fig. 3.8. The duality gap of Algorithms 3.2 and 3.3 with Pb = 35 dBm , Pdyn = 40 dbm, K̄ = 2
and different values of c for one channel realization, ([78] c 2017, IEEE).

same convergence speed, while using the SOCP approximation significantly reduces the
per-iteration complexity (see Fig. 3.6).
3.4.2

Performance of the proposed decentralized methods

The second set of numerical experiments is to show the convergence properties of the
proposed distributed methods, i.e., Algorithms 3.2 and 3.3. The initial values starting
these approaches are generated as follows. First, a set of beamformers satisfying (3.5f) is
(0)

(0)

(0)

created at each BS. Then the initial values of other variables (zb ,tb , qbk ) are obtained
(0)

by setting all the constraints in (3.20) to be equality. The initial local values {ηb } and
(0)
(0)
{θθ b } are calculated by the initial local variables set {Sb }. The Lagrange multipliers
(0)
(0)
ξ and ζ are simply set to zero.

The effect of the penalty parameter c on the convergence behavior of Algorithms
3.2 and 3.3 is investigated in Fig. 3.8. To numerically verify Lemmas 3.1 and 3.2,
the convergence of duality gaps of Algorithms 3.2 and 3.3 with different values of c
for a channel realization are plotted in Fig. 3.8. Here, the duality gap measures the
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distance between the values of the augmented Lagrangian at iteration l and the one
at the optimal solution of the ADMM procedure. More explicitly, for Algorithm 3.2,
the duality gap is defined for the inner ADMM loop of the SCAn problem, which
ϑ (l) , χ (l) , ζ (l) , ξ (l) ) − L (n) (ϑ
ϑ ∗ , χ ∗ , ζ ∗ , ξ ∗ ) where (ϑ
ϑ ∗ , χ ∗ , ζ ∗ , ξ ∗ ) is
is given by L (n) (ϑ
the convergence point of the inner procedure. For Algorithm 3.3, the duality gap is
ϑ (l) , χ (l) , ζ (l) , ξ (l) ) − L (ϑ
ϑ ∗ , χ ∗ , ζ ∗ , ξ ∗ ) where (ϑ
ϑ ∗ , χ ∗ , ζ ∗ , ξ ∗ ) is the
defined as L (ϑ
output of the algorithm. Note that for Algorithm 3.2, Figs. 3.8(a) and 3.8(b) only
demonstrate the convergence of the augmented Lagrangian of the ADMM inner loop for
the SCA1 problem, i.e., the first SCA iteration. As can be seen, the convergence of
both distributed algorithms improves as c decreases, and monotonic decrease in the
augmented Lagrangian is guaranteed for large c, while this does not hold for small c.
This observation is consistent with the analytical results in Lemmas 3.1 and 3.2. Fig.
3.8(b) illustrates how the convergence of Algorithms 3.2 and 3.3 improves by using
two different penalty parameters c1 and c2 in (3.36). As can be observed, the setup
c1 = 20, c2 = 0.02 significantly reduces the number of iterations needed to converge,
since it successfully compensates for the imbalance among the penalty terms. On the
other hand, Algorithm 3.3 shows a faster convergence speed compared to Algorithm 3.2.
For the next figures, the values of c1 and c2 are set as c1 = 20 and c2 = 0.02, which
offers a good convergence rate.
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Fig. 3.9. Convergence behavior of Algorithms 3.2 and 3.3 with Pb = 35 dBm, Pdyn = 40 dBm
and K̄ = 2. The markers denote the iterations where the SCA parameters are updated, ([78]
c 2017, IEEE).

Fig. 3.9 shows the convergence of the consensus EE η̄ of Algorithm 3.2, Algorithm
3.2 with a fixed number of ADMM iterations, and Algorithm 3.3 for one channel
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realization. For comparison purposes, the value of η̄ achieved by the centralized
algorithm is also provided. It can be seen that the proposed decentralized methods obtain
the same value of η̄ as the centralized one. Since the SCA parameters of Algorithm 3.2
are updated after the ADMM inner loop has completely converged, it usually requires a
large number of iterations to output a solution. On the other hand, limiting the maximum
number of iterations of the ADMM and updating the SCA parameters earlier can
significantly accelerate the convergence rate of Algorithm 3.2.

Avg. energy efficiency (nats/s/J)
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Fig. 3.10. Average EE achieved by the proposed methods versus Pb , with Pdyn = 40 dBm and
K̄ = 2.

Fig. 3.10 compares the average achieved EE of the centralized and decentralized
approaches. In particular, the average EEs of Algorithm 3.1, Algorithm 3.2 with
IADMM = {10, 30} and Algorithm 3.3 are plotted versus Pb . In all cases of Pb , the
decentralized methods achieve relatively the same EE performances, which are close to
that of the centralized one.
3.4.3

Achievable max-min EE performance

The final set of numerical experiments is to provide insights into the EE performance
achieved by the EE fairness approach. In particular, the achieved EEs are shown versus
different settings of the transmit power budget Pb , the number of transmit antennas M,
and the total circuit power consumption P0 . Each point of the curves in Figs. 3.11–3.13
is obtained by averaging from 1000 random channel realizations.
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Fig. 3.11. Average achieved EE versus the transmit power budget Pb with K̄ = 2, ([78] c 2017,
IEEE).

Fig. 3.11 plots the average achieved EE versus the transmit power budget for
a fixed total circuit power consumption. For comparison, the performance of the
SWEE maximization method (maxSWEE) in [96] is also provided by solving problem
max{∑b∈B ϖb fbEE (w)} where ϖb is the weighting factor. Here, for simplicity, ϖb is set
w

to one for all b. The achieved EE is compared in terms of the achieved minimum EE
(i.e., min{ fbEE (w∗ )}) and sum EE (i.e., ∑b∈B fbEE (w∗ )). It is seen that as the transmit
b∈B

power budget increases, the achieved EE first increases (when Pb is small) and then
remains constant (when Pb exceeds a certain level). This observation can be explained
based on the logarithm function of the data rate as follows. In the low transmit power
regime, a small increase of transmit power could result in a significant increase of data
rate leading to an increase in EE. On the other hand, when transmit power is large
enough, further increasing the transmit power could reduce the EE performance because
the data rate slightly increases. Thus the EE strategy tends not to use all the transmit
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power budget. Another observation is that the max-min based design outperforms the
maxSWEE scheme in terms of the minimum EE, whereas it suffers a certain loss on
the sum EE compared to the maxSWEE approach. This is understandable since the

Avg. min. energy efficiency (kbits/J)

max-min EE scheme aims to improve the minimum-EE BS, not the total achieved EE.
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Fig. 3.12. Average achieved EE of the max-min EE fairness scheme versus the number of
transmit antennas M with Pb = 35 dBm and K̄ = 2, ([78] c 2017, IEEE).

Fig. 3.12 shows the average achieved EE as a function of the number of transmit
antennas when the transmit power budget is fixed. As can be seen, the achieved EE
increases with M when M is small and vice versa when M is sufficiently large. This
result can be explained based on the two following facts. First, the data rate is a
logarithmic function with M [174]. Second, the total consumed power linearly increases
with M. That is to say, when M is large enough, the spatial gain cannot compensate for
the additional circuit power, leading to a decrease in the achieved EE. As M becomes
large, antenna selection has proved to be an efficient way to improve the EE as shown in
[81].
Fig. 3.13 illustrates the average achieved sum rate and the average transmit power of
an individual BS versus the transmit power budget with a fixed value of P0 . The aim
is to demonstrate how the EE of individual BSs varies in a more severe interference
setting. For this purpose, users served by BSs 1, 2, and 3 are dropped to the cells within
distances of [50–200 m], [200–400 m] and [400–500 m] from their own serving BS.
That is, the users served by BS 1 lie in their serving cell center, while those served by
BSs 2 and 3 lie toward the cell edge. The sum rate and transmit power of each BS are
calculated as ∑k∈Kb Rbk (w∗ ) and ∑k∈Kb kw∗b,k k2 ∀b ∈ B, respectively. Accordingly, the
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Fig. 3.13. Avearge achieved EE, sum rate and transmit power of the max-min EE fairness
scheme versus the transmit power budget Pb with Pdyn = 40 dBm and K̄ = 2, ([78] c 2017,
IEEE).

interference seen by users in BS 1 is smaller than that by users in BSs 2 and 3. As seen
in Fig. 3.13(a), the EEs of three BSs are different if the transmit power budget Pb is
small, i.e., below 32 dBm in this considered simulation setting. Due to the specific
interference situation explained above, BSs 2 and 3 use more power but achieve lower
sum rates in return, which is shown in Fig. 3.13(b). This explains the largest EE of
BS 1. One can also see that for small Pb , the max-min EE fairness optimization in fact
prevents BS 1 from transmitting at full power to establish fairness. On the other hand,
the max-min fairness is achieved when Pb is large enough, i.e., when BSs 2 and 3 have a
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sufficient power budget to deal with the path loss. Recall the results discussed above
that, due to the EE optimal design, the transmit power and the achieved sum rate of all
BSs will remain unchanged when Pb exceeds a certain threshold.
3.5

Summary

This chapter studied the problem of the EE fairness optimization for multicell multiuser MISO downlink systems, in which minimum EE among all BSs is maximized.
Suboptimal algorithms were proposed to solve the considered problems in centralized
and decentralized manners. To this end, the centralized method was first developed
based on the SCA. Specifically, the original nonconvex design problem was transformed
into a more tractable form where the hidden convexity was exposed. The nonconvex
problem was then approximated by a GCP at each iteration of the SCA algorithm.
Furthermore, the GCP solved at each iteration of the proposed method was shown
to be SOCP-representable, which can be efficiently solved by conic solvers. It was
numerically shown that the proposed centralized algorithm outperforms the existing
solution in terms of the convergence rate and processing time, and is able to guarantee
the EE fairness among all the BSs.
For the decentralized implementation, two distributed algorithms based on the
combination of the SCA and the ADMM were proposed, which are suitable for systems
with limited backhaul signaling. In the first distributed scheme, the sets of local and
global variables were introduced to translate the approximate problem at each iteration
of the SCA into the ADMM-applicable form, before applying the ADMM to solve the
arrived convex programs distributedly. More specifically, in one iteration of the SCA
loop, the ADMM update is carried out by allowing the BSs to exchange the required
information until those variables converged to optimal consensus values. Numerical
results demonstrated that, in some cases, Algorithm 3.2 needs to exchange a large
amount of information among all BSs. Therefore, the second algorithm was proposed for
which the backhaul overhead is remarkably reduced. In the latter distributed algorithm,
instead of using the ADMM to find the optimal solution of the SCA, the ADMM is
applied to guide the local and global variables towards the consensus values while the
SCA was used to update the local variables. The convergence analysis of the proposed
decentralized algorithms was provided and discussed. Simulation results were provided
to evaluate the convergence and effectiveness of the distributed approaches.
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4

Energy-efficient transmission for
fronthaul-constrained C-RANs

This chapter develops energy-efficient beamforming strategies for the downlink of
a C-RAN with capacity-limited fronthaul. The objective is to propose joint designs
of beamforming, RRH-user association and RRH selection, subject to constraints on
users’ QoS, the limited capacity of fronthaul links and transmit power, to maximize the
system EE. Moreover, unlike in Chapter 3, a power consumption model is formulated
taking into account the dependence of BB signal processing power on the data rate,
as well as the dynamics of the efficiency of PAs. The considered problem leads to
an MBIP which is difficult to solve. The first contribution in this chapter is to derive
a globally optimal solution for the considered problem by customizing the DBRnB
approach. Since the global optimization method requires a high computational effort,
two suboptimal solutions are further proposed which aim at achieving the near optimal
performance but with much reduced complexity. To this end, the design problem is
transformed into continuous (but inherently nonconvex) programs by two approaches:
penalty and `0 -approximation methods. These resulting continuous nonconvex problems
are then solved by the SCA framework. Numerical results are provided to evaluate the
proposed approaches.
Section 4.1 describes the system model, design constraints, power consumption
model and the problem formulation. Section 4.2 presents the customization of the
DBRnB framework to solve the considered problem. Two suboptimal solutions are
presented in Section 4.3. Section 4.4 provides numerical results, and Section 4.5
summarizes the chapter.
4.1

System model and problem formulation

4.1.1

System model

Consider the downlink of a multiuser C-RAN consisting of a set of Brh RRHs, denoted
by Brh , {1, . . . , Brh }, each equipped with Mrh antennas,2 and a set of K single-antenna
users, denoted by K , {1, . . . , K}. The RRHs are connected to a common BBU pool
2 Herein,

the same number of equipped antennas for all RRHs is assumed purely for notational simplicity.
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Fig. 4.1. A simplified system model of the downlink of a multiuser C-RAN.

through finite-capacity fronthaul links. Fig. 4.1 illustrates a simplified model of the
considered system. The BBU pool is assumed to achieve perfect CSI associated with all
the users in the network.3 In this chapter, CoMP-JT is considered, i.e., any user can
simultaneously receive data from multiple RRHs [40]. Let dk denote the data symbol
intended for user k which has unit-energy, i.e., E[|dk |2 ] = 1, and wb,k ∈ CMrh ×1 denote
the beamforming vector from RRH b to user k. Assuming a flat fading channel model,
the received signal at user k can be written as
!

!
yk =

∑

hb,k wb,k dk +

|

∑

j∈K \{k}

b∈Brh

{z

desired signal

}

|

∑

hb,k wb, j d j + nk ,

(4.1)

b∈Brh

{z

interference

}

where hb,k ∈ C1×Mrh is the channel between RRH b and user k, and nk ∼ C N (0, σk2 )
is the AWGN at user k. For notational convenience, let hk , [h1,k , h2,k , . . . , hBrh ,k ] ∈
C1×Mrh Brh and wk , [wT1,k , wT2,k , . . . , wTBrh ,k ]T ∈ CMrh Brh ×1 be the aggregate vectors of all
channels and beamformers from all RRHs to user k, respectively. Also, let w denote the
beamforming vector stacking all wk . Assuming single-user decoding, i.e., interference
3 From

a practical perspective, overhead and accuracy of channel estimation should be considered, since
they have major impacts on the scale of coordination and performance of C-RANs (see detailed discussion
in [47, 48, 132]). Also, there are some channel estimation techniques proposed for C-RANs which are
summarized in [48, Section V].
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among users is treated as Gaussian noise, the SINR at user k can be written as
γk (w) ,

| ∑b∈B hb,k wb,k |2
|hk wk |2
=
.
∑ j∈K \{k} | ∑b∈B hb,k wb, j |2 + σk2
∑ j∈K \{k} |hk w j |2 + σk2

(4.2)

Let rk be the achievable data rate transmitted to user k. The following constraint should
hold for a feasible transmission
rk ≤ log(1 + γk (w)), k ∈ K .
4.1.2

Fronthaul constraints

In practice, the fronthaul link from the BBU pool to RRH b has a finite capacity, denoted
by C̄b . To be feasible, the total data rate of the wireless physical layer of RRH b
should not be larger than C̄b . For problem formulation purposes, let xb,k ∈ {0, 1} be the
preference variable representing the connection between RRH b and user k, i.e., xb,k = 1
indicates that user k receives data from RRH b and xb,k = 0 otherwise. Then it is clear
that the total data rate which can be reliably transmitted by the wireless interface of
RRH b is ∑k∈K xb,k rk , and thus the following constraint

∑

xb,k rk ≤ C̄b , ∀b ∈ Brh

k∈K

should hold for RRH b.
4.1.3

Power consumption model

The power consumption model here is based on those in [26, 66, 67, 175] which includes
the power consumed by the electronic circuits in the network and the PAs on RRHs.
Specifically, the circuit power consumption is detailed below.
Rate-independent circuit power consumption
The rate-independent power consumption is modeled as [26, 175]
Pcir , KPms +

∑
b∈Brh

sleep

sleep

active
sb (PRRH
+ Pactive ) + ∑ (1 − sb )(PRRH + PNU ) + POLT .
(4.3)
|
{z NU } b∈B
{z
}
|
rh
active mode

sleep mode
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sleep

active and P
In (4.3), Pms is the circuit power consumed by a mobile device, PRRH
RRH are

the power consumption at an RRH corresponding to the active and sleep modes,4
active consists of power for feeding hardware elements of
respectively. In particular, PRRH

RF parts (e.g. converters, filters, mixers, etc) and operating RRHs (e.g. main supply)
[26]. It is assumed that all RRHs connect to the BBU pool through a passive optical
network which consists of an optical line terminal (OLT) and a set of network units
(NUs) [175]. The OLT is always active and consumes a fixed power, i.e. POLT in (4.3).
On the other hand, NUs are switchable between the active and sleep modes for power
sleep

active and P
saving purposes, each consuming a power PNU
NU , respectively. To represent

the operating modes of RRH b and the associated NU, binary preference variables
{sb }b∈Brh are introduced such that sb = 1 when RRH and NU b are active and sb = 0
otherwise. The relationship between sb and xb,k (introduced in the previous subsection)
can be represented as

s ≥ x , ∀k ∈ K
b
b,k
sb = max{xb,k } ⇔

k∈K
s ≤∑
x
b

k∈K

, ∀b ∈ Brh ,

(4.4)

b,k

i.e., sb = 1 when RRH b serves at least one user and sb = 0 otherwise.
Rate-dependent BB signal processing power
The power consumed by the signal processing operations at the BBU pool such as
channel encoding, decoding and fronthauling expenditure depends on the data rate
[67, 68, 69]. For RRH b, this power consumption is measured by a continuous function
of the fronthaul rate r̃b denoted as PSP,b (r̃b ) where r̃b , ∑k∈K xb,k rk . According to [67],
ψb (r̃b ) is linearly scaled w.r.t. r̃b , i.e.,
PSP,b (r̃b ) = pSP r̃b ,

(4.5)

where pSP is a constant coefficient in W/(Gnats/s).
Dynamic power amplifier
Many existing approaches to energy-efficient design assume a constant efficiency of
PAs in their problem formulation [76, 81, 82, 83, 84, 108]. However, in practice, the
4 For

a C-RAN adopting CoMP-JT scheme, since a user is simultaneously served by multiple RRHs, it would
be feasible to turn off some RRHs for power saving purposes while still guaranteeing the required user’s QoS
[138, 140].
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efficiency of PAs depends on their operating conditions, and thus is dynamic [65, 66].
The PA’s efficiency of RF chain i at RRH b can be modeled as [66]
εb,m ({wb,k }k ) ,
where ε̃ ,

1r
∑ |[wb,k ]m |2 ,
ε̃ k∈K

(4.6)

√
Pa /εmax , and Pa and εmax ∈ [0, 1] are the maximum power of the PA and the

maximum PA’s efficiency, respectively. Let PPA,b ({wb,k }k ) be a function of beamforming
vectors which measures the amount of power consumed by the PAs for radiating the
transmitted signals outwards the antennas at RRH b. From (4.6), PPA,b ({wb,k }k ) is
expressed as
Mrh

PPA,b ({wb,k }k ) =

Mrh
∑k∈K |[wb,k ]m |2
=
ε̃
∑
∑ kw̃b,m k2 ,
m=1 εb,m ({wb,k }k )
m=1

(4.7)

where w̃b,m , [[wb,1 ]m ; [wb,2 ]m ; ...; [wb,K ]m ] ∈ CK×1 .
Total power consumption
Denote the following vectors x , [x1,1 , . . . , xb,k , . . . xBrh ,K ]T , s , [s1 , . . . , sBrh ,K ]T , and
r , [r1 , . . . , rK ]T for notational convenience. Based on the above discussions, the total
consumed power in the considered system, denoted by Ptot (w, x, r, s), can be expressed
as
Ptot (w, x, r, s) , Pcir +

∑


PSP,b (r̃b ) + PSP,b ({wb,k }k )

b∈Brh

(4.8)

Mrh

=

∑
b∈Brh

ε̃

∑

||w̃b,m ||2 + ∆Psb + pSP

m=1

∑


xb,k rk + Pconst ,

k∈K
sleep

sleep

active + Pactive , Psleep , P
active − Psleep and
in which Pactive , PRRH
NU
RRH + PNU , ∆P , P

Pconst , Brh Psleep + KPms + POLT , which are constants.
4.1.4

Problem formulation

In this chapter, the problem of interest is to maximize the overall network EE while
satisfying the constraints on users’ QoS and limited capacity of fronthaul links. Specifically, the following problem of joint beamforming and RRH-user association design is
considered which is mathematically stated as
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maximize
w,x,s,r

∑k∈K rk
Ptot (w, x, r, s)

(4.9a)

subject to rk ≤ log(1 + γk (w)), ∀k ∈ K

(4.9b)

rk ≥ Q0 , ∀k ∈ K

(4.9c)

∑

xb,k rk ≤ C̄b , ∀b ∈ Brh

(4.9d)

kwb,k k22 ≤ P̄b , ∀b ∈ Brh

(4.9e)

k∈K

∑
k∈K

kw̃b,m k22 ≤ Pa , ∀b ∈ Brh , m = 1, ..., Mrh
kwb,k k22

∑

≤ xb,k P̄b , ∀k ∈ K , b ∈ Brh

xb,k ≥ 1, ∀k ∈ K

(4.9f)
(4.9g)
(4.9h)

b∈Brh

sb ≥ xb,k , ∀k ∈ K ; sb ≤

∑

xb,k , ∀b ∈ Brh

(4.9i)

k∈K

x ∈ {0, 1}Brh K , s ∈ {0, 1}Brh .

(4.9j)

Here constraint (4.9c) is imposed to guarantee that the data rate of user k is not smaller
than Q0 to meet the required QoS. The constraints (4.9e) and (4.9f) represent the total
transmit power and per antenna power constraints at each individual RRH, respectively.
The constraints in (4.9g) guarantee that if RRH b does not serve user k, i.e. xb,k = 0 then
it holds that kwb,k k22 = 0. The constraints in (4.9h) imply that each user is served by at
least one RRH (due to the required QoS).
It is notable that the Dinkelbach’s algorithm cannot be applied to find optimal
solutions of (4.9), since (4.9a) is intractable, i.e., the denominator is nonconvex [38,
Section 3].5 In fact, problem (4.9) is a nonconvex MBIP generally known to be NP-hard.
In the following sections, an optimal algorithm to solve (4.9) by customizing the DBRnB
framework is first derived. Then low-complexity suboptimal approaches that can achieve
near-optimal performances are proposed.

5 Applying the Dinkelbach’s method to (4.9) results in the parametric subproblem (solved in each iteration)
which is still nonconvex.
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4.2

Optimal jointly energy-efficient beamforming and RRH-user
association design

This section is to propose a new globally optimal approach to solve (4.9) by customizing
the DBRnB procedure presented in Chapter 2. Note that (4.9) is not a DMO problem
in standard form, since the objective in (4.9a) is not an increasing function w.r.t. the
involved variables. Thus to apply the DBRnB algorithm, (4.9) is reformulated as
maximize η

(4.10a)

ρ
η,w,x,s,r,ρ

subject to η P̂tot (x, s, r, ρ ) −

rk ≤ 0

(4.10b)

∑ kw̃b,m k2 ≤ ρb , ∀b ∈ Brh

(4.10c)

∑
k∈K

Mrh

m=1

(4.9b) − (4.9j),

(4.10d)

where η and ρ , [ρ1 , . . . , ρBrh ]T are newly introduced variables, and Ptot (w, x, r, s)

is redefined as P̂tot (x, s, r, ρ ) , ∑b∈Brh ε̃ρb + ∆Psb + pSP ∑k∈K xb,k rk + Pconst . The
equivalence between (4.9) and (4.10) in terms of optimal solution set can be easily
proved, since (4.10) is indeed the epigraph of (4.9) [176]. Towards solving (4.10), one
has the following lemma.
Lemma 4.1. Let (η ∗ , w∗ , x∗ , s∗ , r∗ , ρ ∗ ) denote an optimal solution to (4.10). Given
the value of (x∗ , s∗ , r∗ , ρ ∗ ), the optimal beamforming vector, denoted by w∗ , can be
computed as
w∗ = find{w|(4.9b), (4.9e) − (4.9g), (4.10c)},

(4.11)

in which (x, s, r, ρ ) is replaced by (x∗ , s∗ , r∗ , ρ ∗ ).
The proof of Lemma 4.1 is given in Appendix 3. The lemma implies that w∗ can
be obtained if (x∗ , s∗ , r∗ , ρ ∗ ) are known. Remark that η is easily determined when
k∈K rk
(x, s, r, ρ ) is fixed as η = P̂ ∑(x,s,r,ρ
. Also, the feasibility of r depends on ρ , x and s as
ρ)
tot

can be seen in (4.9d) and (4.10b). Furthermore constraints (4.9d), (4.9h), (4.9i), and
(4.10b) are monotone w.r.t. x, s, r and ρ . Thus the DBRnB algorithm is applicable to
solving (4.10) by branching over (x, s, r, ρ ), which is the central idea of the proposed
algorithm as described next.
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Let S be the feasible set of problem (4.10), i.e.,
S ,{[x, s, r, ρ ]|(4.9b), (4.9c), (4.9f) − (4.9j), (4.10b),

∑

xb,k rk ≤ sbC̄b ,

∑

kwb,k k22 ≤ sb P̄b ,

k∈K

k∈K

Mrh

∑ kw̃b,i k2 ≤ sb ρb , ∀b ∈ Brh }.

m=1

Remark that (4.9d), (4.9e) and (4.10c) have been equivalently rewritten by adding sb
to the right hand side of these constraints so as to improve the proposed algorithm’s
efficiency. Specifically, the constraints involving sb do not need to be checked if
sb = 0. Because S is upper bounded by the power and fronthaul constraints, it satisfies
the normal and finite properties required by a DBRnB algorithm. Let D = [a; b] ∈
Brh K+2Brh +K
R+
be the box such that S ⊆ D, where the upper and lower vertices of D
are defined as a , [x, s, r, ρ ] and b , [x, s, r, ρ ], respectively. Vertices in a and b are

calculated as follows. It is obvious that sb = 0, sb = 1, xb,k = 0, xb,k = 1. In addition, it
can be immediately seen that rk ≥ rk = Q0 due to (4.9b), and
rk ≤ rk = min{C̄b , log(1 + |hk wk |2 /σk2 )} ≤ min{C̄b , log(1 + Brh P̄b khk k22 /σk2 )},
as |hk wk |2 ≤ khk k22 kwk k22 by the Cauchy-Schwarz inequality and kwk k22 ≤ Brh P̄b . One
√
also has ρb ≥ ρ b = 0 and ρb ≤ ρ b = Mrh Pa .
As mentioned above, problem (4.10) can be solved by branching over (x, s, r, ρ ).
Recall that branching and reduction for binary variables x and s follow Remarks 2.2 and
2.3. In bounding step, because the objective η is determined via (x, s, r, ρ ), the upper
and lower bounds of η over a specific box V = [x, s, r, ρ ; x, s, r, ρ ] ⊂ RnBox can be simply
calculated as ηL (V ) ,

∑k∈K rk
ρ)
P̂tot (x,s,r,ρ

and ηU (V ) ,

∑k∈K rk
.
ρ)
P̂tot (x,s,r,ρ

Note that, before bounding,

box V needs to be verified whether it potentially contains a feasible beamforming
solution to (4.10). For the considered problem, there is a better way of computing the
lower and upper bounds, and checking the feasibility of candidate box V during the
bounding process. In what follows, to improve the algorithm’s efficiency, modifications
(compared to the generic framework) made in Algorithm 4.1 are discussed.
Improved branching
Normally each entry of (x, s, r, ρ ) is branched at each iteration, and thus the total number
of iterations may increase quickly with the problem size. For (4.10), it turns out that
branching operation on ρ can be skipped while still guaranteeing the convergence. In
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particular, consider the following SOCP
Mrh

minimize
w,v

(4.12a)

∑ ∑ vb,m

b∈Brh m=1

subject to hk wk ≥

q

(erk − 1)(∑Kj6=k |hk w j |2 + σ 2 )

(4.12b)

Mrh

||w̃b,m k2 ≤ vb,m , sb ρ b ≤

∑ vb,m ≤ sb ρ b , b ∈ Brh

||w̃b,m k2 ≤ sb Pa , kwb,k k22 ≤ xb,k P̄b , b ∈ Brh

∑

kwb,k k22

(4.12c)

m=1

≤ sb P̄b , ∀b ∈ Brh ,

(4.12d)
(4.12e)

k∈K

which can be viewed as minimizing the power consumption subject to minimum
users’ rate requirement r. Let v∗ denote the optimal solution if (4.12) is feasible and
∗
∗
rh
ρ ∗ , [ρ1∗ , . . . , ρB∗rh ]T with ρb∗ = ∑M
m=1 vb,m . Obviously ρ is the minimum power required
to achieve r, and it holds ρ ≤ ρ ∗ . Furthermore, ρb∗ is unique solution because the
rh
objective (4.12a) is the epigraph of the function ∑b∈Brh ∑M
m=1 kw̃b,m k2 [177, Chapter
∗
3]. At this point, replacement of ρ by ρ can be made to obtain a tighter lower bound
on ρ . Thus, it is sufficient to only branch (x, s, r) as the lower bound on ρ is always
improved with r. This property significantly accelerates the convergence of the proposed
algorithm.
Improved branching order
Essentially, in each iteration of a DBRnB algorithm, a variable to be branched can be
picked randomly. Exploiting the specifics of the considered problem, the computational
complexity can be potentially reduced if s is chosen to be branched first due to its
dependency on other factors. Intuitively, the number of active RRHs provides the
degree-of-freedoms that can make the desired data rate r achievable. Moreover, one
can immediately obtain xb,k = 0, ∀k ∈ K whenever sb = 0, implying that the effective
dimension in V is reduced by K times. Therefore by first keeping branching on s until
s = s, one can quickly remove combinations of {sb }b infeasible to (4.10). This is done
by solving (4.12) with given s and target rate Q0 for all users. Moreover, since the
length of s is much smaller than that of x in most wireless communications applications,
branching on s may take a relatively small number of iterations.
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Improved memory requirement
A DBRnB algorithm basically stores a sequence of boxes until an optimal solution is
found, which requires some memory capacity. To reduce this memory requirement,
boxes containing no feasible solution need to be removed. Recall that the feasible set of
(4.10) is determined by the users’ rate requirement, power, and fronthaul constraints.
It is easily seen that the rate and power feasibility of box V is equivalent to solving
problem (4.12). For fronthaul constraints, one has the following feasibility condition,
i.e., if the inequality below does not hold

∑

rk ≤

k∈K

sbC̄b ,

∑

(4.13)

b∈Brh

then V contains no feasible solution. In fact, (4.13) is due to

∑

sbC̄b ≥

b∈Brh

∑ ∑

xb,k rk ≥

b∈Brh k∈K

rk

∑

∑

k∈K

xb,k ≥

b∈Brh

∑

rk ,

k∈K

where the last inequality follows (4.9h). In Algorithm 4.1, (4.13) should be checked
prior to (4.12) to save computational effort. Remark that the computational complexity
of checking the feasibility of V is dominated by solving (4.12), and is independent of
the dimension of binary variables.
Improved bounds
Using monotonicity to compute bounds as mentioned above is inefficient for the
considered problem. There is a better way to obtain tighter bounds which can improve
the convergence rate of Algorithm 4.1 in practice. First recall that
P̂tot (x, s, r, ρ ) =

∑
b∈Brh

(ε̃ρ b + ∆Psb + pSP

∑

xb,k rk ) + Pconst

k∈K

and observe that the terms involving binary variables are zero if sb = 0 and xb,k = 0 for
some b, k, whereas the power for operating RRHs and signal processing circuits always
exists. Now consider the following bound
P̂tot (x, s, r, ρ ∗ ) ,

∑

ε̃ρb∗ + ∆P max{1,

b∈Brh

pSP max{

∑

k∈K
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∑

sb }+

b∈Brh

rk ,

∑

b∈Brh ,k∈K

xb,k rk } + Pconst ,

in which the first term is a result of solving (4.12) (if feasible), the second term is
due to the fact that at least one RRH is active for transmission, and the third term
is achieved by ∑b∈Brh (∑k∈K xb,k rk ) ≥ ∑k∈K rk (∑b∈Brh xb,k ) ≥ ∑k∈K rk . One can see
that P̂tot (x, s, r, ρ ) ≤ P̂tot (x, s, r, ρ ∗ ) and replacing P̂tot (x, s, r, ρ ) by P̂tot (x, s, r, ρ ∗ ) does
not remove any feasible solution. Thus a tighter upper bound on η over V can be
recalculated as
ηU (V ) =

∑k∈K rk
.
P̂tot (x, s, r, ρ ∗ )

(4.14)

ρ )V to be some feasible point within V . We can easily check
Similarly, suppose (x̂, ŝ, r, ρ̂
ρ
that P̂tot (x̂, ŝ, r, ρ̂ )V ≤ P̂tot (x, s, r, ρ ) due to the monotonicity property of P̂tot (x, s, r, ρ ).
An improved lower bound on η over V can then be obtained as
ηL (V ) =

∑k∈K rk
.
ρ )V
P̂tot (x̂, ŝ, r, ρ̂

(4.15)

Remark that if ηL (V ) ≥ ηnbest where ηnbest denotes the CBO at iteration n, ηL (V ) can
be used as the new CBO and boxes whose upper bounds are smaller than ηnbest (see
Step 10 in Algorithm 4.1) can then be removed. Thus obtaining a feasible point is vital
for improving the algorithm’s efficiency. A heuristic way to achieve this purpose is
presented next.
Heuristic method for finding a feasible solution in a box
A simple trick which may quickly find a feasible solution in V is proposed as follows.
ρ )V of problem (4.10) must satisfy two
It is worth noting that a feasible point (x̂, ŝ, r, ρ̂
ρ )V ; and ii)
conditions: i) r is achievable by (x̂, ŝ, ρ̂
x̂ ∈ {x |

∑
b∈Brh

xb,k ≥ 1, k ∈ K ,

∑

xb,k rk ≤ C̄b , b ∈ Brh }.

(4.16)

k∈K

As can easily be seen, the feasible solution returned by solving (4.12) always satisfies
the former condition. Thus, the idea is to extract x̂ from the optimal point of (4.12) and
verify (4.16). Specifically, x̂ can be computed by setting x̂b,k = 0 if kw∗b,k k2 = 0 and vice
versa x̂b,k = 1 if kw∗b,k k2 > 0 where w∗ is an optimal solution obtained by solving (4.12).
Convergence analysis of Algorithm 4.1
Algorithm 4.1 is guaranteed to yield a globally optimal solution of (4.9) which can be
justified following the same arguments in the convergence analysis of generic DBRnB
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[162]. Specifically, recall that the branching and reduction operations follow the same
manner as in [161, 162]. This guarantees that the upper and lower bounds of η in each
box are always improved after every iteration (branching rule), and that no feasible
point in a box is lost (reduction operations) [162]. On the other hand, during the
bounding step, it is easy to check that the feasibility conditions (i.e., (4.12) and (4.13))
and the calculation of tighter upper and lower bounds (i.e., (4.14) and (4.15)) do not
eliminate any feasible point, and the upper bound (4.14) (resp. lower bound (4.15)) is
non-increasing (resp. non-decreasing). It is also noted that the feasible set is upper
bounded by the power and fronthaul constraints, and lower bounded by the users’
QoS constraints. Therefore, following the proof of [162, Theorem 17], Algorithm 4.1
generates a sequence of boxes such that the gap between the upper bound and lower
bound is guaranteed to converge to a single point, which is a globally optimal solution
of (4.10). Recall that (4.9) and (4.10) are optimally equivalent. Thus Algorithm 4.1
achieves a globally optimal solution of (4.9).
Algorithm 4.1 The proposed optimal design based on DBRnB algorithm
1:

Initialization: Compute a, b and apply box reduction to box [a; b]. Let n := 1,
R1Box = r([a; b]) and η1best = 0

2:
3:

repeat {n := n + 1}
Box and branch V into two smaller ones
Branching: select a box Vc = [p; q] ⊂ Rn−1
c
Box .
Vc1 and Vc2 , then remove Vc from Rn−1

4:

Reduction: apply box reduction to each box Vci (i = {1, 2}) and obtain reduced
box r(Vci ).

5:

Bounding: for each r(Vci ) not violating (4.13)

6:

if solving (4.12) is feasible then
Achieve w∗ , u∗ , calculate ρ ∗ and extract x∗ .

7:
8:

Update ρ := ρ ∗ and calculate ηU (r(Vci )) by (4.14).

9:

Check x∗ with (4.16), if true, obtain ηL (r(Vci )) as (4.15) and update CBO
best }, otherwise η (r(V i )) =
ηnbest := max{ηL (r(Vci )), ηn−1
L
c

10:
11:

Update

RnBox

Box ∪ {r(V i )|η (r(V i )) ≥ η best }.
:= Rn−1
U
c
c
n

∑k∈K rk
ρ)
fˆP (s,x,r,ρ

.

end if

12:

until Convergence

13:

Output: With (ηnbest , x∗ , s∗ , r∗ , ρ ∗ ), recover w∗ by (4.11) to achieve the globally
optimal solution of (4.9), i.e. (w∗ , x∗ , s∗ , r∗ ).
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4.3

Suboptimal designs

In general a global optimization algorithm often takes enormous complexity to output a
solution. This section is to propose two suboptimal approaches which are more attractive
in practice.
4.3.1

Penalty method

In the first method, binary variables are equivalently represented by a set of continuous
functions and then a penalty method is applied. Note that (4.9) can be rewritten as
maximize
η,t,w,s,x,
υ
r,g,q,υ

(4.17a)

η

subject to ηt ≤

∑

(4.17b)

rk

k∈K

t ≥ P̃tot (w, x, s, υ )

(4.17c)

log(1 + gk ) ≥ rk , ∀k ∈ K
qk ≥

∑

2

|hk w j |

+ σk2 ,

(4.17d)
∀k ∈ K

(4.17e)

j∈K \{k}

qk gk ≤ |hk wk |2 , ∀k ∈ K

∑

xb,k rk ≤ υb , υb ∈ [0, C̄b ], ∀b ∈ Brh

(4.17f)
(4.17g)

k∈K

(4.9c), (4.9e) − (4.9j),

(4.17h)

where η, t, g , [g1 , . . . , gK ]T , q , [q1 , . . . , qK ]T , υ , [υ1 , . . . , υBrh ]T are newly introduced
rh
slack variables, and P̃tot (w, x, s, υ ) , ∑b∈Brh (∑M
m=1 ε̃kw̃b,m k2 + ∆Psb + pSP υb ) + Pconst .
Problem (4.17) can be further reformulated as
maximize
η,t,w,s,x,
υ
r,g,q,υ

(4.18a)

η

subject to 0.5(η + t)2 − 0.5(η 2 + t 2 ) ≤

∑

rk

(4.18b)

k∈K

0.5(qk + gk )2 − 0.5(q2k + g2k ) ≤ |hk wk |2 , k ∈ K
0.5

2
+ rk2 ) ≤ υb , ∀b ∈ Brh
∑ (xb,k + rk )2 − 0.5 ∑ (xb,k
k∈K

(4.18c)
(4.18d)

k∈K

(4.9c), (4.9e) − (4.9j), (4.17c) − (4.17e).

(4.18e)
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Clearly, (4.18) maintains the feasible set of (4.9). To invoke continuous optimization,
binary variables x and s are now represented by a continuous constraint. To this end, one
can use the well-known relaxation of binary variables given as [162, Section 1]
xb,k ∈ {0, 1}, ∀b, k ⇔

∑ ∑

2
xb,k
− xb,k ≥ 0, xb,k ∈ [0, 1] ∀b, k.

(4.19)

b∈Brh k∈K
2 −x
The above representation is justified by the fact that xb,k
b,k < 0 for xb,k ∈ (0, 1). Note

that sb is automatically binary when xb,k is so, which is due to (4.9i). Thus binary
variable sb can be simply relaxed as sb ∈ [0, 1], and (4.18) is equivalently rewritten as
max

Ω ∈Sc ∩Snc

η

subject to {(4.19), sb ∈ [0, 1]},

(4.20)

where Ω , {η,t, w, s, x, r, g, q, υ } and
Ω|(4.9c), (4.9e) − (4.9i), (4.17c) − (4.17e)}
Sc , {Ω
Ω|(4.18b) − (4.18d)},
Snc , {Ω
which are the set of convex and nonconvex constraints of (4.20) respectively. From this
point onwards, xb,k ’s and sb ’s are understood to be continuous over [0, 1]. Now (4.20) is
a continuous nonconvex problem, for which one can basically apply the SCA method
to solve. However, finding an initial point of the iterative process is usually difficult.
To overcome this issue, a penalty method is applied which results in the following
regularized problem
max

Ω ∈Sc ∩Snc

Ω, ᾱ, ξ¯ ) , η + ᾱ
ψ(Ω

2
− xb,k ) + ξ¯ ∑
∑ ∑ (xb,k
b∈Brh k∈K

b∈Brh

min{0, C̄b − υb },

(4.21)
¯
Ω, ᾱ, ξ¯ )
where ᾱ, ξ > 0 are the penalty parameters. Intuitively, the second term in ψ(Ω
represents the cost when xb,k ’s are not binary, while the last term represents the cost
when the fronthaul constraints are violated. The expectation is that solving (4.21) will
eventually produce binary solutions. In this regard (4.9g) can be replaced by
δ
kwb,k k22 ≤ xb,k
P̄b .

(4.22)

It can be checked that (4.22) is equivalent to (4.9g) for xb,k ∈ {0, 1}. To appreciate
the above maneuver, let Fδ denote the feasible set of (4.21) when (4.9g) is replaced
by (4.22) and η̃δ is the resulting optimal objective. For xb,k ∈ [0, 1] it is clear that
δ ≥ xδ +1 for any δ > 0, meaning
xb,k
b,k

Fδ +1 ⊆ Fδ ⊆ · · · ⊆ F1 , Sc ∩ Snc ,
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(4.23)

and thus
η̃ ∗ ≤ η̃δ +1 ≤ η̃δ ≤ · · · ≤ η̃1 ,

(4.24)

where η̃ ∗ is the optimal value of (4.21) for xb,k ∈ {0, 1}. The above inequality simply
implies that a tighter continuous relaxation can be obtained with higher values of δ .
However it is also noted that (4.22) for δ > 1 is nonconvex and thus this constraint has
not been used in the development of the proposed global optimization algorithm.
Now the SCA can be applied to solve (4.21). In light of the SCA principle [154], the
nonconvex constraints in Snc and (4.22) can be approximated as
φ bi-DoC (η,t; η (n) ,t (n) ) ≤

∑

(4.25)

rk

k∈K
(n)

(n)

(n)

(n)

φ bi-DoC (qk , gk ; qk , gk ) + |hk wk |2 − 2ℜ((wk )H hH
k hk wk ) ≤ 0, ∀k ∈ K

∑

(n) (n)
φ bi-DoC (xb,k , rk ; xb,k , rk ) ≤ υb ,

∀b ∈ Brh

(4.26)
(4.27)

k∈K
(n)
kwb,k k22 + P̄b φ po (xb,k ; xb,k ; δ ) ≤ 0, ∀b ∈ Brh , ∀k ∈ K ,

(4.28)

where φ bi-DoC (.) and φ po (.) are the approximations of DoC and power functions given as
(2.13) and (2.18), respectively. Herein, the superscript n denotes the iteration. Moreover,
Ω, ᾱ, ξ¯ ) is also convexified using the first order approximation as
ψ(Ω
Ω, ᾱ, ξ¯ ; Ω (n) ) , η − ᾱ
ψ̃(Ω

(n)

∑ ∑ (φ po (xb,k ; xb,k ; 2) + xb,k ) + ξ¯ ∑
b∈Brh k∈K

min{0, C̄b − υb }.

b∈Brh

In summary, at iteration n + 1 of the proposed method, the following approximate
convex program of (4.21) is solved
max

Ω ∈Sc \(4.9g)

Ω, ᾱ, ξ¯ ; Ω (n) ) subject to {(4.25) − (4.28)}.
ψ̃(Ω

(4.29)

The SCA procedure solving the considered problem is outlined in Algorithm 4.2, and
its convergence can be proved following the arguments in [178, Section 2]. For other
convergence results, interested readers are referred to [179, 85].
An important point in Algorithm 4.2 is that the value of penalty parameter ᾱ is
increased at each iteration, i.e., Step 5. Note that a high value of ᾱ will encourage xb,k to
take on binary values. Thus the idea is to start Algorithm 4.2 with a small value of ᾱ to
focus on maximizing the original objective, and then increase ᾱ in subsequent iterations
to force xb,k to be binary.
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Algorithm 4.2 Proposed method for solving (4.17)
Initialization: Set n := 0, choose initial values for Ω (0) and set ᾱ (0) small
2: repeat {n := n + 1}
3:
Solve (4.29) and achieve Ω ∗
1:

4:

Update Ω (n) := Ω ∗

5:

Update ᾱ (n) := min{ᾱmax ; ᾱ (n−1) + ε̄} for small ε̄

6:

until Convergence

4.3.2

` 0 -approximation method

In the second suboptimal method, the problem of RRH selection and RRH-user
association is viewed as finding a sparse solution of beamformer vector w. In particular,
no binary variables are introduced to formulate the considered problem. Instead, RRH
selection and RRH-user association are concluded from the values of beamformers.
To clarify this point, considering the inequality kwb,k k2 ≤ ub,k , it is clear that RRH b
is switched off if ∑k∈K ub,k = 0, and switched on if ∑k∈K ub,k > 0. In other words,
whether RRH b is active or not is the step function of ∑k∈K ub,k . The central idea of the
second proposed method is to approximate the step function by a continuous function to
which continuous optimization can be applied. In fact there are many functions proposed
in the literature for this purpose in different contexts (see [85] for further discussions on
approximations). For the considered problem, the following approximation function is
found to be very efficient

1
if y ≥ β̄1
ϕβ̄ (y) , min{1, β̄ y} =
β̄ y if otherwise,

(4.30)

where β̄ is the approximation parameter. In fact the above approximation function is a
special case of (nonconcave) piecewise linear function presented in [85, 180], which is
modified to be concave for the purpose of applying the SCA later. It can be easily seen
that ϕβ̄ (y) well approximates the step function when β̄ is sufficiently large. Based on
the above discussion, the joint design problem is formulated as
maximize
w,r,u

∑k∈K rk
P̌tot (w, r, u)

subject to kwb,k k2 ≤ ub,k ,

(4.31a)

∑

u2b,k ≤ P̄b , ∀b ∈ Brh

(4.31b)

k∈K

∑
k∈K
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ϕβ̄ (ub,k )rk ≤ C̄b , ∀b ∈ Brh , (4.9b), (4.9c), (4.9f),

(4.31c)

where u , [u1,1 , . . . , ub,k , . . . , uBrh ,K ]T and
Mrh

∑ ∑ ε̃kw̃b,m k2 + ∆Pϕβ̄ ( ∑

P̌tot (w, r, u) ,

b∈Brh m=1

ub,k ) + pSP

k∈K

∑


ϕβ̄ (ub,k )rk + Pconst .

k∈K

Note that (4.31) is still nonconvex, but it has fewer optimization variables than (4.9).
Next (4.31) is further rewritten as
maximize η

(4.32a)

η,t,w,r,u
υ ,x̃,s̃
g,q,υ

Mrh

subject to

∑ ( ∑ ε̃kw̃b,m k2 + ∆Ps̃b + pSP υb ) + Pconst ≤ t

(4.32b)

b∈B m=1

∑

x̃b,k rk ≤ υb , υb ∈ [0, C̄b ], ∀b ∈ Brh

(4.32c)

k∈K

x̃b,k ≥ ϕβ̄ (ub,k ), ∀b ∈ Brh , k ∈ K

(4.32d)

s̃b ≥ ϕβ̄ (∑k∈K ub,k ), ∀b ∈ Brh

(4.32e)

(4.9c), (4.9f), (4.17d), (4.17e), (4.18b), (4.18c), (4.31b),

(4.32f)

where x̃ , [x̃1,1 , . . . , x̃b,k , . . . , x̃Brh ,K ]T and s̃ , [s̃1,1 , . . . , s̃b,k , . . . , s̃Brh ,K ]T , and the introduction of η,t, g, q, υ follows exactly the same arguments as those in the previous
subsection. For the ease of description, the convex and nonconvex parts of (4.32) are
defined as
Ω|(4.9c), (4.9f), (4.17d), (4.17e), (4.31b), (4.32b)}
S˜c , {Ω̃
Ω|(4.18b), (4.18c), (4.32c) − (4.32e)}
S˜nc , {Ω̃
Ω , {η,t, w, r, u, g, q, υ , x̃, s̃}. The application of the SCA to solve
respectively, where Ω̃
(4.32) is now straightforward. The nonconvex constraints (4.18b), (4.18c) and (4.32c) in
S˜nc can be convexified using the same way as done in the previous subsection, given in
(4.25)–(4.27). Convex approximation of ϕβ̄ (y) deserves a remark. Note that ϕβ̄ (y) is
concave and continuous but not smooth at y = β̄1 . However the sub-differential of ϕβ̄ (y)
can be used to derive a convex upper bound. It is easy to check that a subgradient of
ϕβ̄ (y) is given by

0
∂ ϕβ̄ (y) =
β̄

if y ≥

1
β̄

(4.33)

if otherwise,

and thus one can approximate (4.32d) and (4.32e) as
(n)

x̃b,k ≥ ϕ̄β̄ (ub,k ; ub,k )

(4.34a)
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s̃b ≥ ϕ̄β̄ (

∑

k∈K

ub,k ;

∑

(n)

ub,k ),

(4.34b)

k∈K


1
if y(n) ≥ β̄1
where ϕ̄β̄ (y; y(n) ) ,
. Based on the above discussion, the approximate
β̄ y otherwise
convex program of problem (4.32) is written as, i.e.,
max

Ω∈S˜c
Ω̃

η

subject to {(4.25) − (4.27), (4.34a), (4.34b)}.

(4.35)

Algorithm 4.3 outlines the second proposed suboptimal method. Similarly to Algorithm
4.2, the approximation parameter β̄ is also updated after each iteration. The idea is the
same, as β̄ is viewed to provide the tightness of the binary approximation function (4.30).
Algorithm 4.3 starts with a small value of β̄ and then β̄ is increased after each iteration.
Numerical results provided in the next section demonstrate the impact of updating
β̄ . To avoid the problem of the initial guess, one can add the penalty of violating the
fronthaul constraints to the objective of (4.35) in the same way as with Algorithm 4.2.
The convergence of Algorithm 4.3 is guaranteed, which is discussed in Appendix 4. It is
worth mentioning that the achieved limit point is not ensured to hold the first-order
optimality of (4.32) since the approximation of the step function is not smooth.
Algorithm 4.3 Proposed method for solving (4.31)
(0)

1:

Ω
Initialization: Set n := 0, choose initial values for Ω̃

2:

repeat {n := n + 1}

3:
4:

and set β̄ (0) small

∗

Ω
Solve (4.35) and achieve Ω̃
(n)
∗
Ω := Ω̃
Ω
Update Ω̃

Update β̄ (n) := min{β̄max ; β̄ (n−1) + ε̄} for small ε̄
∗
Ω
6: until Convergence and output Ω̃
5:

4.3.3

Conic formulations for approximate convex programs

This subsection is to invoke the hidden SOC-representation of approximate convex
programs (4.29) and (4.35) by presenting a more efficient way to treat (4.17d). First,
remark that (4.17d) is indeed a convex constraint, and thus convex approximation is not
required. However, since (4.17d) involves an exponential cone, (4.29) and (4.35) are
generic nonlinear programs, while other constraints are SOC presentable. This prevents
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the application of powerful conic convex solvers such as MOSEK or GUROBI to solve
(4.29) and (4.35) efficiently. To take full advantage of these solvers, (4.17d) can also be
approximated using the SCA framework. More explicitly, log(1 + gk ) is approximated
by a lower bound that makes the resulting constraint SOC representable. To this end,
recall the following inequality
log(1 + gk ) ≥ gk (1 + gk )−1 .

(4.36)

(n)

Substituting gk in both sides of (4.36) by

gk −gk

(n)
gk +1

(n)

results in
(n)

log(1 + gk ) ≥ log(1 + gk ) + (gk − gk )(1 + gk )−1 .

(4.37)

In light of the SCA principle, (4.17d) can be approximated as
(n)

(n)

log(1 + gk ) + (gk − gk )(1 + gk )−1 ≥ rk .

(4.38)

The above constraint can be reformulated as an SOC constraint as
q
(n)
(n)
(n)
k2 1 + gk , log(1 + gk ) − rk − gk k2 ≤ log(1 + gk ) − rk + gk + 2, ∀k ∈ K .
(4.39)
Using (4.39), the convex program obtained at each iteration of Algorithms 4.2 and 4.3 is
an SOCP which is much easier to solve.
4.3.4

Complexity analysis of Algorithms 4.2 and 4.3

The worst-case per-iteration complexity of the two proposed suboptimal algorithms is
estimated as follows. For Algorithm 4.2, the SOCP consists of 2Brh KMrh +Brh K +2Brh +
3K + 2 real-valued variables and Brh (K + Mrh ) + 2Brh + 3K + 2 conic constraints. Thus,
the per-iteration complexity for solving the SOCP problems corresponding to Algorithm
p
3)
4.2 using the path-following interior-point method is O( Brh (K + Mrh )B3rh K 3 Mrh
[165]. Similarly, the per-iteration complexity for solving the SOCP in Algorithm 4.3,
which contains 2Brh KMrh + 2Brh K + 2Brh + 3K + 2 real-valued variables and Brh (K +
p
3 ) [165].
Mrh ) + 2Brh + 3K + 1 conic constraints, is O( Brh (K + Mrh )B3rh K 3 Mrh
4.4

Numerical results

In this section, numerical demonstrations are provided to evaluate the effectiveness
of the proposed methods. The simulation parameters shown in Table 4.1 are used,
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Table 4.1. Simulation parameters, ([87] c 2018, IEEE).
PARAMETERS

VALUE

Inter-RRH distance
Active power for RRH and NU [26, 175]
Sleep power for RRH and NU [26, 175]
Circuit power for user
Max. power efficiency [66]
Number of transmit antennas
Minimum rate requirement
Bandwidth
Noise power

200 m
Pactive = 10.65 W
Psleep = 5.05 W
Pms = 0.1 W
εmax = 0.55
Mrh = 2
Q0 = 1 nat/s/Hz
10 MHz
-143 dBW

unless mentioned otherwise. Note that the values for the power model are referred to
[26, 66, 175]. The channel hb,k between RRH b and user k is assumed to be flat fading
which is generated following Gaussian distribution, i.e., hb,k ∼ C N (0, ρb,k IMrh ), where
ρb,k represents large-scale fading and is calculated as 30 log10 (Db,k ) + 38 + N (0, 8)
(Db,k is the distance in meters). Pa is set to be the same for all antenna chains, and
P̄b = P̄ = Mrh Pa , ∀b. The maximum capacity is set as equal for all fronthaul links
C̄b = C̄, ∀b.
The initial point Ω (0) for starting Algorithm 4.2 is generated by solving the power
(0)

(0)

minimization problem (4.12) with selection vectors being fixed as xb,k = 1 and sb = 1
∀b, k to obtain w(0) , then the values for the remaining variables are determined based on
(0)
Ω for starting Algorithm 4.3 is generated similarly
(4.17b)–(4.17g). The initial point Ω̃
(0)
(0)
with x̃ = 1 and s̃ = 1 ∀b, k. For the penalty parameters, set ξ¯ = 1 and initialize
b,k

b

ᾱ (0) = 10−5 and β̄ (0) = 0.1. Algorithms 4.2 and 4.3 are terminated when the increase in
the objective between two consecutive iterations is less than 10−6 .
4.4.1

Convergence results

The first set of experiments examines the convergence behavior of the proposed methods.
The following network setting is considered, where Brh = 3, K = 4, P̄ = 30 dBm, C̄ = 10
nats/s/Hz and pSP = 10 W/(Gnats/Hz).
Fig. 4.2 demonstrates the convergence performance of Algorithm 4.1 for a random
channel realization. In particular, Fig. 4.2(a) depicts the upper and lower bounds
returned by the algorithm. It is seen that the bounds monotonically converge to the
optimal value. Fig. 4.2(b) shows the convergence speed of Algorithm 4.1 via the gap
between the upper bound and the optimal value over iterations. In this figure, the
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performances of other schemes are also plotted to confirm the effectiveness of the
proposed modifications made to the DBRnB. Specifically, the schemes labeled ‘w/o.
impr. Br.’, ‘w/o. impr. Br.O.’, and ‘w/o. impr. Bo.’ represent Algorithm 4.1 without
applying improved branching, improved branching order and improved bounding
respectively. The results clearly demonstrate that applying the proposed modifications
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significantly improves the convergence performance.
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(a) Convergence of the upper and lower bounds.
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(b) Convergence speed with and without the proposed mofications.
Fig. 4.2. Convergence behavior of Algorithm 4.1 for one channel realization with Brh = 3,
K = 4, P̄ = 30 dBm, C̄ = 10 nats/s/Hz and pSP = 10 W/(Gnats/Hz), ([87] c 2018, IEEE).

In Fig. 4.3, the convergence behaviors of Algorithms 4.2 and 4.3 are shown for two
random channel realizations. In order to illustrate the advantages of updating parameter
β̄ in Algorithm 4.3, the convergence results of Algorithm 4.3 without updating β̄ ,
dubbed as ‘Alg. 4.3-fixed β̄ ’, are also provided. For this scheme, β̄ is fixed as β̄ = 1000.
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The figure shows the variation of η over iterations. It is observed that Algorithms 4.2
and 4.3 converge to the points close to the optimal values within a few tens of iterations.
This behavior proves that the proposed algorithms are fast convergent and effective
methods. Another observation is that, with a fixed β̄ , Algorithm 4.3 converges very fast
but results in poor performance. On the other hand, by starting β̄ from small values
and increasing β̄ , the algorithm needs a few more iterations to achieve near-optimal
performance.

Value of η (nats/J/Hz)

0.6

Optimal
Alg. 4.3

0.5

Alg. 4.2
Alg. 4.3-fixed β̄

Chann. 1

0.4
0.3

Chann. 2

0.2
0.1

1

10

20

30

40

50

60

70

Iteration index

Fig. 4.3. Convergence of the proposed suboptimal algorithms for two random channel realizations with Brh = 3, K = 4, P̄ = 30 dBm, C̄ = 10 nats/s/Hz and pSP = 10 W/(Gnats/Hz), ([87] c
2018, IEEE).

Fig. 4.4 shows how close the obtained values of the relaxed variables are to 0 or 1.
In the figure, ∆(n) is defined as

max {x(n) − (x(n) )2 }
b,k b,k
b,k
∆(n) ,
max {x̃(n) − (x̃(n) )2 }
b,k

b,k

b,k

for Algorithm 4.2
for Algorithm 4.3.
(n)

(n)

Note that a smaller ∆(n) indicates a closer gap between {xb,k }b,k (or {x̃b,k }b,k ) and binary
values. As can be seen, ∆(n) ≈ 0 at convergence for Algorithm 4.2 which implies that
the penalty method can achieve binary solutions. On the other hand, although the
`0 -approximation method (i.e. Algorithm 4.3) cannot derive exact binary solutions (for
(n)

all relaxed variables), it still returns {x̃b,k }b,k very close to 0 or 1 at convergence (the
maximum gap is about 10−3 ).
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Fig. 4.4. Gap to the binary of relaxed variables obtained by the proposed suboptimal algorithms for two random channel realizations with Brh = 3, K = 4, P̄ = 30 dBm, C̄ = 10 nats/s/Hz
and pSP = 10 W/(Gnats/Hz), ([87] c 2018, IEEE).

For the solving time, the corresponding average per-iteration run time of solver
MOSEK [173] with Algorithms 4.1, 4.2 and 4.3 is 0.006 s, 0.008 s, and 0.007 s,
respectively. As can be seen, the per-iteration run time is relatively small due to the fact
that only an SOCP is solved in each iteration for all algorithms.
4.4.2

EE comparison between optimal and suboptimal algorithms

Fig. 4.5 illustrates the effectiveness of the proposed suboptimal algorithms by comparing
their average EE performances with those of Algorithm 4.1 and existing schemes. The
latter are sum rate maximization (maxSR) [130] and power consumption minimization
(minPower) [131, 138]. In particular, Fig. 4.5(a) plots the average EE of the considered
schemes as a function of the fronthaul capacity C̄. It is seen that the proposed methods
remarkably outperform the existing schemes. The important observation is that the gaps
between the curves of the optimal and suboptimal algorithms are really small in all cases
of C̄ demonstrating the validity of the proposed suboptimal schemes in terms of the
average EE. Fig. 4.5(b) shows CDFs of the ratio of achieved EE (of Algorithms 4.2 and
4.3, maxSR, and minPower) to the optimal solution. As can be seen, the probability that
Algorithms 4.2 and 4.3 achieve more than 90% of the optimal values is up to 75%. In
the worst case, these schemes achieve about 70% of the optimal performance. It is also
observed that most of the solutions obtained by maxSR and minPower are far from the
optimal values.
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Fig. 4.5. Average performances of the considered schemes with Brh = 3, K = 4, P̄ = 30 dBm
and pSP = 10 W/(Gnats/Hz), ([87] c 2018, IEEE).

4.4.3

Performances of the proposed suboptimal algorithms in large
network settings

The following set of experiments considers a large scale network setting and evaluates
the impacts of the fronthaul capacity, signal processing power and dynamics of the PA’s
efficiency on the EE performance. In particular, the suboptimal methods are evaluated in
a 7-cell wrap-around topology with Brh = 7 RRHs, in which a total of K = 14 users is
randomly placed across the network’s coverage.
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Fig. 4.6. Average EE performance of the considered schemes versus C̄ with Brh = 7, K = 14,
P̄ = 30 dBm and pSP = 10 W/(Gnats/Hz), ([87] c 2018, IEEE).

Impact of fronthaul capacity
Fig. 4.6 shows the achieved EE of Algorithms 4.2, 4.3, and maxSR versus the fronthaul
capacity C̄. The corresponding average number of served users per RRH and average
number of serving RRHs per user are provided in Table 4.2. One can see from Fig.
4.6 that EE increases as C̄ increases for all considered schemes. However, after a
certain large value of C̄, further increasing C̄ does not change the performance. This
observation is consistent with that in Fig. 4.5(a). The result can be explained as follows.
For the EE schemes, to increase C̄ is to expand the feasible set of (4.9). When C̄ is
small, it is the primary constraint on the network performances. Thus the expanded
feasible set results in performance improvement. When C̄ is sufficiently large, other
constraints (e.g. transmit power constraints) become the primary restriction on the
network performance. In this case, increasing C̄ has no impact on the objective value.
For a physical interpretation, increasing the fronthaul capacity allows an RRH to serve
more users, i.e. the number of RRHs cooperating to transmit data to a user increases (as
can be seen from Table 4.2). This increases the cooperation gain, and thus improves
the system performance. When the fronthaul capacity is large enough such that either
the additional cooperation provides no gain in the achieved performance or the full
connection (each user is served by all RRHs) is reached, increasing the fronthaul
capacity does not change the performance. Therefore, in the large fronthaul capacity
regime, it can be observed from the table that maxSR scheme arrives at full connection,
since this topology provides the maximum capacity for wireless transmission. On the
other hand, for the EE schemes, the average number of serving RRHs per user is smaller
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than Brh even when C̄ is sufficiently large. This is because adding more serving RRHs
for a user degrades the EE performance, if the benefit from the cooperation gain cannot
compensate for the additional signal processing power.
Table 4.2. Average number of served users per RRH and average number of serving RRHs
per user corresponding to the simulation results shown in Fig. 4.6, ([87] c 2018, IEEE).

Algorithm 4.2
Algorithm 4.3
maxSR [130]

No. of served users per RRH
No. of serving RRHs per user
No. of served users per RRH
No. of serving RRHs per user
No. of served users per RRH
No. of serving RRHs per user

22

38

8.4
4.2
8.0
4.0
11.3
5.6

10.3
5.1
8.9
4.5
12.3
6.1

C̄ (nats/s/Hz)
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70
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Fig. 4.7. Average EE performance of the considered schemes versus pSP with Brh = 7, K = 14
and P̄ = 30 dBm, ([87] c 2018, IEEE).

Fig. 4.7 depicts the EE performance of the considered schemes versus different
values of pSP . Recall that, for a fixed data rate, a larger pSP leads to larger power
consumed in signal processing. Thus, as expected, the EE decreases when pSP increases
for all considered schemes. For maxSR, the sum rate performance is independent of pSP .
Thus, its EE performance is a decreasing function of pSP because of the increase in
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the total consumed power with respect to pSP . The results clearly show that parameter
pSP has a significant impact on the EE performance, indicating that the model of
rate-dependent signal processing power should be considered for proper EE designs and
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evaluation.
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Fig. 4.8. Achieved performances versus the ratio PP̄a with Brh = 7, K = 14, C̄ = 40 nats/s/Hz,
pSP = 10 W/(Gnats/Hz) and P̄ = 30 dBm, ([87] c 2018, IEEE).

Impact of the dynamics of PA’s efficiency
In the final experiment, the impact of the dynamics of PA’s efficiency on the EE
performance is investigated. For this purpose, let P̄ be fixed as P̄ = 30 dBm and Pa be
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varied. It is noted that, with some given εmax and input power, the PA’s efficiency is a
decreasing function with respect to Pa (see (4.6)). Fig. 4.8(a) plots the EE performances
of Algorithms 4.2 and 4.3 versus Pa . The corresponding sum rate and consumed power
are shown in Fig. 4.8(b). As can be seen from Fig. 4.8(a), when Pa increases, the EE
performance first increases and then decreases. This observation can be explained as
follows. In the small regime of Pa , the transmit power is small and an increase in the
transmit power results in a significant increase in the data rate, due to the logarithmic
behavior of the data rate w.r.t the transmit power. For this situation, the PA’s efficiency is
still sufficiently high. Therefore, as Pa increases, the additional transmit power increases
the sum rate more significantly than the power consumption of PAs, and thus, it achieves
better EE (as can be seen from Fig. 4.8(b)). However, after a certain value of Pa , the
effective PA’s efficiency becomes small and its negative impact outweighs the benefit of
increasing transmit power. In this case, the reduced PA’s efficiency due to the increase of
Pa degrades EE performance.
4.5

Summary

This chapter studied the joint designs of beamforming, RRH-user association and RRH
selection in C-RANs to maximize the system EE subject to per-RRH fronthaul capacity,
transmit power budget and per-user QoS. A relatively realistic power consumption
model compared to the previous works was also adopted, in which the impacts of ratedependent signal processing power and the dynamics of PA’s efficiency are considered.
To investigate the optimal performance of the formulated problem, a new globally optimal
method was developed by customizing the DBRnB algorithm. Novel modifications
on the generic framework of the DBRnB method were also proposed to improve the
optimal algorithm’s efficiency. Towards practically appealing methods, two suboptimal
approaches were developed which can achieve very close to optimal performance
with much reduced complexity. Numerical evaluations were provided to demonstrate
the effectiveness of the proposed schemes. Specifically, the proposed modifications
made to the DBRnB framework remarkably reduce the complexity of the globally
optimal method. On the other hand, the two proposed suboptimal approaches can
achieve near-optimal solutions with reasonable complexity and outperform the other
known methods. The impacts of the limited fronthaul capacity, rate-dependent signal
processing power, and the dynamic of PA’s efficiency on the EE performance were also
demonstrated.
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5

Energy-efficient transmission for multi-pair
wireless-powered relaying systems

This chapter considers a multi-pair AF relay network with energy-constrained relays.
For assisting user data transmission, the relays adopting TS protocol harvest energy
from the RF signals transmitted by the users. Both one-way and two-way relaying
techniques are investigated. Aiming at achieving EE fairness among the user pairs, the
max-min EE problems are formulated in which the data rates, users’ transmit power,
relays’ processing coefficient, and EH time are jointly optimized under the constraints
on the QoS and users’ maximum transmit power. Here, the energy consumption
model incorporates rate-dependent signal processing power, the dependence on the
output power level of PAs’ efficiency. Nonlinear EH circuits are also considered. To
achieve efficient suboptimal solutions to these nonconvex problems, monotonic descent
algorithms based on the SCA framework are devised, which solve an SOC program
in each iteration. To further simplify the designs, an approach combining the SCA
and ZF beamforming is proposed, which eliminates inter-pair interference, and thus
reduces the numbers of variables and required iterations. Finally, extensive numerical
results are presented to validate the proposed approaches. More specifically, the results
demonstrate that ignoring the realistic aspects of power consumption might degrade the
performance remarkably, and jointly designing the system parameters involved could
significantly enhance the achieved EE.
Section 5.1 describes the system models and formulates the problems. Section 5.2
presents the iterative algorithms developed based on the SCA. The designs based on the
combination of the SCA and ZF are provided in Section 5.3. Section 5.4 discusses the
computational complexity of the proposed solutions. Numerical results and discussion
are provided in Section 5.5. Finally, Section 5.6 summarizes the chapter.
5.1

System models and formulations

In this section, the system model of multi-pair relaying is first described. Then the
transmission protocol and energy consumption model of one-way relaying are presented,
followed by those of two-way relaying. Finally, the EE fairness problems are formulated.
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U2k

RL R
U1KP

U2KP

Fig. 5.1. A diagram of multiple user pair AF relay systems with KP pairs of users and LR
relays, ([89] c 2018, IEEE).

A multi-pair relay system is considered consisting of a set of KP user pairs, denoted
by KP , {1, . . . , KP }, and a set of LR nonregenerative relays, denoted by LR , {1, . . . ,
LR }, as shown in Fig. 5.1. Let U1k and U2k denote the two users of pair k,6 Rl denote
the relay l. Suppose that there is no direct link between U1k and U2k for any k ∈ KP ,
and a user intends to communicate within its own pair with the help of the relays. All
nodes operate in a half-duplex mode and are low-cost, i.e., each of the nodes is equipped
with a single-antenna.
The channels are supposed to be flat block-fading with block time T , and without
loss of generality, let T = 1 for notational simplicity. Let fikl denote the complex channel
coefficient between Uik and Rl , and fik , [ fik1 , ..., fikLR ]T . Channel reciprocity holds for
all links. Following [35, 143, 144] it is supposed that perfect CSI is known at a central
node where system optimization is performed.
It is further assumed that the transmit user nodes are non energy-constrained
while the relays are energy-constrained. Therefore, for assisting the data transmission,
the relays follow the TS protocol to harvest energy from the RF signal transmitted
from the users [57].7 In particular, a transmission block is divided into two portions:
the first portion of duration τeh , τeh ∈ (0, 1), is a fraction of the block time used for
charging the relays, referred to as EH phase. The second portion is for the two-hop AF
6 Because

two-way relaying is also considered, both nodes of each communicating user pair play the role of
source and destination. Therefore, they are indexed as 1 and 2. In the one-way relay channel, 1 is the source
and 2 is the destination, while in the two-way relaying both send and receive.
7 Compared to the PS protocol, the TS protocol requires simpler hardware implementation (i.e., simple
switchers) [58], thus it is more suitable for low-cost nodes.
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communications, referred to as information transmission (IT) phase. In this work, both
one-way and two-way relay systems are considered. The communication protocol for
each of the systems is detailed below.
5.1.1

One-way relay system

In a one-way relay system, only one user in each pair transmits data to the other. Without
loss of generality and for notational convenience, it is assumed that U1k is the transmitter
and U2k is the receiver, for all k ∈ KP .
EH phase (one-way)
During the EH phase, the relays harvest energy from the RF signal transmitted by the
transmitters.8 In particular, the RF power at the input of the EH circuit of Rl is [57]
PlRF,OW (p) ,

∑

p1k | f1kl |2 ,

(5.1)

k∈KP

where pik (i = {1, 2}) is the transmit power at Uik and p , [p11 , ..., p1KP ]T . The EH
power circuit converts PlRF,OW (p) to DC power used during the IT phase. Here, a
realistic RF-DC power converter is considered, whose conversion efficiency is not a
constant, introduced in [88]. Specifically, the harvested energy at Rl is

ElEH,OW (τeh , p) =

τeh P̄lDC

1

1 − βlEH


1 + exp −cl (PlRF,OW (p) − dl )

!
− βlEH

,

(5.2)

where P̄lDC is the maximum power that can be harvested, cl and dl are parameters
depending on the circuit specifications, and βlEH = (1 + exp(cl dl ))−1 .
IT phase (one-way)
During the IT phase, the remaining (1 − τeh ) fraction of the block time is divided into
two equal-length time slots. In the first time slot, the transmitters send data to the relays.
Let d1k denote the normalized complex symbol transmitted by U1k . The received signal
8 This

scheme is for a scenario where it is inconvenient for the receivers transmitting energy to the relays. For
example, the receivers are mobile phones with low batteries, and transmitting energy to the relays might make
the batteries run out quickly.
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at Rl is
ỹOW
=
l

∑

√

p1k f1kl d1k + ñl ,

(5.3)

k∈KP

where ñl is the AWGN, i.e., ñl ∼ C N (0, σ̃R2 ). In the second time slot, the relays
transmit the processed signal to the receivers. Let wl ∈ C denote the complex weight
coefficient used at Rl , and wAF , [w1 , ..., wLR ]T ∈ CLR ×1 . The received signal at U2k is
yOW
2k =

∑

f2kl wl ỹOW
+ n2k
l

l∈LR

=

√
√
p1k fT2k WAF f1k d1k + ∑
p1 j fT2k WAF f1 j d1 j + fT2k WAF ñ + n2k ,
{z
}
|
|
{z
} j∈K \{k}
P
noise
desired signal
|
{z
}

(5.4)

interference

where WAF , diag(wAF ), ñ , [ñ1 , ..., ñLR ]T , and n2k denotes the additive noise with
n2k ∼ C N (0, σU2 ). The SINR at U2k is
γkOW (wAF , p) =
=
where ḣk j , (f2k

p1k |fT2k WAF f1k |2
2
2
2 T
2
2k WAF f1 j | + σ̃R kf2k WAF k2 + σU

∑ j∈KP \{k} p1 j

|fT

∑ j∈KP \{k} p1 j

wH

p1k wH
AF Ḣkk wAF
,
2
H
AF Ḣk j wAF + wAF G2k wAF + σU

2
H
f1 j )T , Ḣk j , ḣH
k j ḣk j , and Gik , σ̃R diag fik

(5.5)

fTik ). Let ṙk be the real

achievable data rate at U2k , i.e., the effective information rate is

1−τ
eh
2 ṙk .

For feasible

transmission, the constraint
ṙk ≤ log(1 + γkOW (wAF , p)), ∀k ∈ KP ,

(5.6)

should hold.
Energy consumption model (one-way)
A relatively realistic energy consumption model is considered which takes into account
the dependence of PAs’ efficiency on the output power level [64, 66] as well as the
dependence of signal processing operators on the transmit data rate [67]. In addition,
for saving energy, a node can be idle (i.e., sleep mode) if it is neither receiving nor
transmitting [63, 152]. In this spirit, let us first focus on the energy consumed by the
users of pair k. Let Pikidle denote the consumed power of Uik in idle mode, which is
assumed to be constant [63, 152]. Then, the energy consumed in this mode is
Ekidle (τeh ) =
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1 − τeh
2

idle
P1k
+

1 + τeh
2

idle
P2k
.

(5.7)

On the other hand, for clarity of description, the power consumed in the active mode is
divided into three components: power consumed by the operating circuits, the amplifiers
and signal processing. The first part includes the power consumed, e.g., by filters,
mixers, etc, denoted by Pikact,cir for Uik . It is modeled as a constant [26]. For the power
consumed on the amplifiers, a realistic model is adopted whose efficiency is given by
r
pik
,
(5.8)
ε̃ik (pik ) = εikmax
P̄ik
where εikmax ∈ (0, 1) is the maximum PA’s efficiency and P̄ik is the maximum transmit
power of Uik . From (5.8), the power consumed on the PA is
amp

Pik (pik ) =
where εik =

pik
√
= εik pik ,
ε̃ik

(5.9)

p
P̄ik /εikmax . Finally, the power for signal processing is modeled as a linear
sp

en + Pde )ṙ where Pen and Pde represent
function of data rate given by P1k (ṙk ) = (P1k
2k k
1k
2k

power for encoder at U1k and decoder at U2k , respectively. Their units are in W/(Gnats/s).
In summary, the total energy consumed by pair k during a block time is
EkOW (τeh , p, ṙ) = Ekidle (τeh ) +
=

1 − τeh
2

1 + τeh
2

amp

act,cir
)+
(P1k (pik ) + P1k

sp

(P̄1k ṙk + Pk0 ) +

1 + τeh
2

1 − τeh
2

sp

act,cir
)
(P1k (ṙk ) + P2k

√
(ε1k p1k + Pk00 ),

(5.10)

sp

en + Pde , P0 = Pidle + Pact,cir , and P00 = Pidle + Pact,cir , which are constant;
where P̄1k = P1k
k
k
2k
1k
2k
2k
1k

ṙ , [ṙ1 , ..., ṙKP ]T .
Next the energy consumption of the relays is described. The radiated power at Rl is


H
Plrad,OW (p, wAF ) , w∗l ∑ p1k | f1kl |2 + σ̃R2 wl = wH
AF Al wAF + ∑ p1k wAF B1kl wAF ,
k∈KP

k∈KP

where Al , σ̃R2 diag(el ) and B1kl , | f1kl |2 diag(el ). Then, the total energy consumed at
Rl is given by
ElR,OW (τeh , p, wAF ) ,

1 − τeh
2

q

P̄lR Plrad,OW (p, wAF )
εlR,max

+ ElR,const ,

(5.11)

where εlR,max ∈ (0, 1) is the maximum PA’s efficiency and P̄lR is the maximum transmit
power of Rl . In (5.11), the first term is the energy consumed by the PA, and ElR,const
is the consumed energy for activating the basic functions of Rl , which is constant.
125

Since the relays do not encode or decode data, rate-dependent signal processing energy
does not exist. Clearly, for successfully assisting the data transmission, the energy
consumption cannot exceed harvesting or
ElR,OW (τeh , p, wAF ) ≤ ElEH,OW (τeh , p), ∀l ∈ LR .
5.1.2

(5.12)

Two-way relay system

In a two-way system, the relays assist the bi-directional communication of all pairs, i.e.,
both users of each pair transmit and receive data.
EH phase (two-way)
The relays receive energy from both users of each pair. Hence, the RF power at the input
of EH circuit of Rl is
2

PlRF,TW (p̄) ,

∑ ∑ pik | fikl |2 ,

(5.13)

k∈KP i=1

where p̄ , [p11 , p21 , ..., p1KP , p2KP ]T . Accordingly, the harvested energy at Rl is

ElEH,TW (τeh , p̄) =

!
1
EH
.
 − βl
1 + exp −cl (PlRF,TW (p̄) − dl )

τeh P̄lDC
1 − βlEH

(5.14)

IT phase (two-way)
In the first time slot of the IT phase, all the users transmit their signals to the relays
using the same frequency band. In particular, the received signal at Rl is
ỹTW
=
l

2

∑ ∑

√

pik fikl dik + ñl .

(5.15)

k∈KP i=1

During the second time slot, the relays broadcast the processed signals to all the users.
The received signal at Uik is expressed as
yrec
ik =

∑
l∈LR

fikl wl ỹTW
+ nik =
l

2

∑ ∑

p

pî j fTik WAF fî j dî j + fTik WAF ñ + nik .

(5.16)

j∈KP î=1

As with most of the related works (see [51, 52, 62, 145] and the references therein), it is
supposed that the self-interference can be completely canceled at the users (with the
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known CSI). Then the signal for decoding at Uik reduces to
yTW
ik =

2
p
√
pīk fTik WAF fīk dīk + ∑ ∑ pî j fTik WAF fî j dî j + fTik WAF ñ + nik ,
{z
}
|
{z
} j∈KP \{k} î=1
|
noise
desired signal
{z
}
|

(5.17)

interference

where ī = {1, 2} \ {i}. Thus the SINR at Uik can be written as
γikTW (wAF , p̄) =

pīk |fTik WAF fīk |2
∑ j∈KP \{k} ∑2î=1 pî j |fTik WAF fî j |2 + σ̃R2 kfTik WAF k22 + σU2

=

pīk wH
AF Ḧkk wAF
,
2
H
2
∑ j∈KP \{k} ∑î=1 pî j wAF Ḧikî j wAF + wH
AF Gik wAF + σU

where ḧikî j , (fik

(5.18)

fî j )T and Ḧikî j , ḧH
ḧ . It is noted that Ḧikīk = Ḧīkik = Ḧkk . Simiikî j ikî j

larly to the one-way system, the following set of constraints for successful transmissions
is needed
r̈ik ≤ log(1 + γīkTW (wAF , p̄)), ∀k ∈ KP , i = {1, 2}, ī = {1, 2} \ {i}.

(5.19)

Energy consumption model (two-way)
Unlike the one-way relay system, the users in the two-way relay system are always
active, since each either transmits or receives during block time. In addition, the energy
for the power amplifiers accounts for both users of a pair, and the rate-dependent signal
processing energy for pair k is calculated based on the rate transmitted from U1k and
U2k . Thus the energy consumed by pair k can be expressed as
!
!
2
2
1 + τeh
1 − τeh
amp
act,cir
TW
Ek (τeh , p̄, r̈) , 1 ∑ Pik
+
Pik (pik ) +
∑
2
2
i=1
i=1
|
{z
} |
{z
} |
energy for circuits

= EkTW,cir +

1 + τeh
2

energy for PAs

2

∑ εik

√

!
pik +

i=1

2

∑

!
sp
Pik (r̈ik )

i=1

{z

energy for signal processing

1 − τeh
2

}

!

2

∑

sp
P̄ik r̈ik

,

(5.20)

i=1

sp

where EkTW,cir = 1(∑2i=1 Pikact,cir ) is a constant, P̄ik = Piken + Pīkde , and r̈ , [r̈11 , r̈21 , ..., r̈1KP ,
r̈2KP ]T .
For two-way relay Rl , the radiated power is
Plrad,TW (p̄, wAF ) , w∗l



2

∑


2
2
H
p
|
f
|
+
σ̃
∑ ik ikl
R wl = wAF Al wAF +

k∈KP i=1

2

∑ ∑ pik wHAF Bikl wAF .

k∈KP i=1
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Then, the total consumed energy at Rl is
q
P̄lR Plrad,TW (p̄, wAF )
1
−
τ
eh
ElR,TW (τeh , p̄, wAF ) ,
+ ElR,const .
2
εlR,max

(5.21)

Again, the following set of constraints on the harvested and consumed energy is required
for successful relaying
ElR,TW (τeh , p̄, wAF ) ≤ ElEH,TW (τeh , p̄), ∀l ∈ LR .
5.1.3

(5.22)

Energy efficiency fairness problems

In this chapter, the problem of interest is the max-min EE. Here, the shared relays
use energy contributed by the users for assisting data transmission, where each user
exchanges information with the one in the same pair only. Hence, it is relevant to
maintain the EE fairness (EEF) among the user pairs.
EEF for one-way relay system
With the model specified in Section 5.1.1 and by definition, the individual EE of pair k is
given by
fkEE,OW (τeh , p, ṙ) ,

1−τ
2 ṙk
,
OW
Ek (τeh , p, ṙ)

k ∈ KP ,

(5.23)

Thus the problem of max-min EEF can be mathematically formulated as
maximize
p,wAF ,ṙ,τ

eh

subject to
EEF-OW :

min

1≤k≤KP

fkEE,OW (τeh , p, ṙ)

1 − τeh

(5.24a)

ṙk ≥ Q1k , ∀k ∈ KP
2
0 < p1k ≤ P̄1k , ∀k ∈ KP

(5.24b)

Plrad,OW (p, wAF ) ≤ P̄lR ,

(5.24d)

(5.6), (5.12).

∀l ∈ LR

(5.24c)

(5.24e)

Constraint (5.24b) guarantees the QoS for each user pair, where Q1k > 0 is a predefined
threshold. (5.24c) and (5.24d) represent the transmit power constraints at the transmitters
and the relays, respectively.
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EEF for two-way relay system
Similarly, the problem of max-min EEF for the two-way system is written as
1−τ

maximize
p̄,wAF ,r̈,τ

eh

subject to
EEF-TW :

min

1≤k≤KP

fkEE,TW (τeh , p̄, r̈) ,

eh 2
2 ∑i=1 r̈ik
TW
Ek (τeh , p̄, r̈)

1 − τeh

(5.25a)

r̈ik ≥ Qik , ∀k ∈ KP , i = {1, 2}
2
0 < pik ≤ P̄ik , ∀k ∈ KP , i = {1, 2}

(5.25b)

Plrad,TW (p̄, wAF ) ≤ P̄lR ,

(5.25d)

∀l ∈ LR

(5.19), (5.22).

(5.25c)

(5.25e)

Here, it is assumed that the feasible sets of EEF-OW and EEF-TW are nonempty.
Similarly to the problems considered in Chapters 3 and 4, the objectives in EEF-OW and
EEF-TW are intractable. Specifically (5.24a) and (5.25a) are nonsmooth nonconvex—
the numerators of the fractions are linear, but the denominators are nonconvex. The
feasible sets are also nonconvex. Hence, it is impossible to transform the problems
into the equivalent convex ones. As such the main aim here is to find approximate, but
efficient, solutions to these problems.
5.2

Proposed algorithms for solving EEF-OW and EEF-TW

In this section, algorithms for solving EEF-OW and EEF-TW are proposed based on the
SCA framework. First the SCA-based algorithms solving EEF-OW and EEF-TW are
sequentially presented, followed by a discussion of the convergence. The approach
leading to the SOCP approximations is then described.
5.2.1

Solution for EEF-OW

Directly applying the SCA to (5.24) is difficult, since its nonconvex parts are not
explicitly exposed. As a necessary step, (5.24) is translated into an equivalent, but more
tractable, formulation. For this purpose, variable η̇ > 0 is first introduced which leads to
the epigraph form of (5.24) given as
minimize

p,wAF ,ṙ,τ

eh

,η̇

subject to

η̇

(5.26a)

fkEE,OW (τeh , p, ṙ) ≥ η̇ −1 , ∀k ∈ KP

(5.26b)

(5.6), (5.12), (5.24b), (5.24c), (5.24d).

(5.26c)
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Here, the nonconvex parts include (5.6), (5.12), (5.24d), and (5.26b).
Changes of variables
In the following, change of some variables is presented to make (5.26) easier to solve.
Specifically, let p̃ik be denoted as p̃ik =

1
pik ,

∀k ∈ KP , i = {1, 2}. By using p̃ik , the

nonconvex products of linear and quadratic functions, e.g., p1k wH
AF Ḣkk wAF , are turned
into the QoL functions. In addition, let τ̃ be defined as τ̃ =

1+τ
eh
1−τ ,

eh

i.e., τeh =

τ̃−1
τ̃+1 .

It is

important to note that these changes of variables still preserve the convexity in (5.24b)
and (5.24c), as well as turn nonconvex constraint (5.24d) into convex one. Furthermore,
they make (5.6), (5.12), and (5.26b) become more convenient to handle, as shown next.
Transformation of (5.6)
By introducing new variables {ġk }k∈KP and {q̇k }k∈KP , (5.6) can be equivalently represented by the following set of constraints
ṙk ≤ log(1 + ġk ), ∀k ∈ KP

(5.27)

wH
AF Ḣk j wAF
+ wH G2k w + σU2 ≤ q̇k , ∀k ∈ KP
p̃
1
j
\{k}

(5.28)

∑
j∈KP

q̇k ġk ≤

wH
AF Ḣkk wAF
, ∀k ∈ KP .
p̃1k

(5.29)

Here, only (5.29) is nonconvex which contains bilinear and QoL functions.
Transformation of (5.12)
Rewrite (5.12) with the changed variables as
s
wH
β̂lEH (τ̃ − 1)
AF B1kl wAF
ε̃l wH
≤
AF Al wAF + ∑
p̃1k
1 + exp cl dl − cl ∑k∈KP
k∈KP
where ε̃l =

q

P̄lR /εlR,max , β̂lEH =

P̄lDC
,
1−βlEH

| f1kl |2 
p̃1k

− β̄lEH τ̃ + β̌lEH ,

β̄lEH = βlEH β̂lEH + ElR,const , β̌lEH = β̄lEH −

2ElR,const . Then, to reveal the hidden convexity in the constraint, new variables, {ũl }l∈LR
and {t˜l }l∈LR , are introduced and (5.12) can be equivalently rewritten as

∑
k∈KP
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wH
AF B1kl wAF
≤ ũ2l , ∀l ∈ LR
p̃1k

(5.30)

log(τ̃ − t˜l − 1) − log(t˜l exp(cl dl )) +

∑
k∈KP

ε̃l

cl | f1kl |2
≥ 0, ∀l ∈ LR
p̃1k

q
EH
EH ˜
EH
2
wH
AF Al wAF + ũl ≤ β̂l tl − β̄l τ̃ + β̌l , ∀l ∈ LR .

(5.31)
(5.32)

The nonconvex parts are in (5.30) and (5.31), including power and logarithmic functions.
Transformation of (5.26b)
Constraint (5.26b) is rewritten as
sp

P̄1k +


Pk0 τ̃  ε1k
√
+ Pk00 ≤ η̇, ∀k ∈ KP ,
+
ṙk ṙk
p̃1k

(5.33)

which is equivalently represented as
τ̃
≤ ż2k , ∀k ∈ KP
ṙk
ż2
P0
sp
P̄1k + k + ε1k √ k + Pk00 ż2k ≤ η̇, ∀k ∈ KP ,
ṙk
p̃1k

(5.34)
(5.35)

√
where {żk }k∈KP are newly introduced variables. Remark that function ż2k / p̃1k is convex
(see Appendix 5 for the proof), and so is (5.35). Constraint (5.34) can also be rewritten
as

1
ṙk

≤

ż2k
τ̃ ,

where the nonconvex part is QoL.

With the above transformations, (5.26) can be reformulated as
minimize η̇

(5.36a)

subject to ṙk ≥ (1 + τ̃)Q1k , ∀k ∈ KP

(5.36b)

ṗ,wAF ,ṙ,τ̃,η̇
ġ,q̇,ż,ũ,t̃

p̃1k ≥ 1/P̄1k , ∀k ∈ KP

(5.36c)

H

wH
AF Al wAF +

∑
k∈KP

wAF B1kl wAF
≤ P̄lR , ∀l ∈ LR
p̃1k

(5.27), (5.28), (5.29), (5.30), (5.31), (5.32), (5.34), (5.35),

(5.36d)
(5.36e)

where ṗ , [ p̃1k , ..., p̃1KP ]T , ġ , [ġ1 , ..., ġKP ]T , q̇ , [q̇1 , ..., q̇KP ]T , ż , [ż1 , ..., żKP ]T , ũ , [ũ1 ,
..., ũLR ]T , and t̃ , [t˜1 , ..., t˜LR ]T ; (5.36b), (5.36c), and (5.36d) are respectively the versions
of (5.24b), (5.24c), and (5.24d) after the change of variables. The equivalence here is in
the sense of optimality (see the proof in Appendix 6).
At this stage, one can use the SCA for solving (5.36). Specifically, by applying the
approximate formulations provided in Section 2.3.2 to the nonconvex parts in (5.36), the
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following convex approximation of (5.36) is solved at iteration n + 1
minimize

(5.37a)

η̇

Ω
Ω̇
(n)

subject to φ bi (q̇k , ġk ;

∑
k∈KP

ġk

(n)

q̇k

(n)

(n)

) + φ qol (wAF , p̃1k ; wAF , p̃1k ; Ḣkk ) ≤ 0, ∀k ∈ KP

wH
(n)
AF B1kl wAF
+ φ po (ũl ; ũl ; 2) ≤ 0, ∀l ∈ LR
p̃k

(5.37c)

(n)

log(τ̃ − t˜l − 1) ≥ φ log (t˜l exp(cl dl ); t˜l exp(cl dl ))
+

∑

(5.37b)

(5.37d)

(n)
cl | f1kl |2 φ po ( p̃1k ; p̃1k ; −1),

∀l ∈ LR

(5.37e)

k∈KP

1
(n)
+ φ qol (żk , τ̃; żk , τ̃ (n) ; 1) ≤ 0, ∀k ∈ KP
ṙk

(5.37f)

(5.27), (5.28), (5.32), (5.35), (5.36b), (5.36c), (5.36d),

(5.37g)

Ω , [ṗT , wTAF , ṙT , τ̃, η̇, ġT , q̇T , ũT , t̃T , żT ]T , and Ω̇
Ω
where Ω̇

(n)

is some feasible point of

(5.36).
Finding initial feasible points
A feasible point of (5.36) is required for starting the SCA procedure, which is difficult to
find due to the QoS constraints. Here an efficient heuristic method inspired by [181] and
[182, Section 3.2] can be used to overcome this issue. The idea is to allow the QoS
constraints to be violated, and the violation is penalized. In particular, consider the
following modification of (5.36)
minimize η̇ + ξ˜
Ω∈S˙
Ω̇

∑

[(1 + τ̃)Q1k − ṙk ]+ ,

(5.38)

k∈KP

Ω|(5.27)–(5.35), (5.36c), (5.36d)}. Finding
where ξ˜ > 0 is a penalty parameter; S˙ , {Ω̇
feasible points of (5.38) is easy as follows. First randomly generate τ (0) ∈ (0, 1),
(0)

(0)

(0)

eh

0 < p1k ≤ P̄1k , and wAF ∈ CLR ×1 , then (if necessary) scale wAF so that (5.12) and
(0)

(0)

(5.24d) are satisfied. Based on this, (τ (0) , p1k , wAF ), ṙ(0) , ġ(0) , q̇(0) , ż(0) , ũ(0) and t̃(0) are
eh

determined by setting (5.27), (5.28), (5.29), (5.30), (5.32), and (5.34) to be equality. With
(0)
Ω , an iterative SCA procedure can be initialized for solving (5.38). Intuitively, the
Ω̇
penalty term in (5.38) would force {(1+ τ̃)Qk − ṙk } to decrease. Once (1+ τ̃)Qk − ṙk ≤ 0
for all k, i.e., the penalty term is zero, producing a feasible point of (5.36).
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In summary, the proposed method for solving EEF-OW is described in Algorithm 5.1.
(n)
Ω ) , {Ω̇
Ω|(5.27), (5.28), (5.32), (5.35), (5.36c), (5.36d), (5.37b)–(5.37f)}
In line 3, S˙(Ω̇
(n)
Ω .
is an approximate convex set of S˙ corresponding to Ω̇
Algorithm 5.1 The proposed method for solving EEF-OW
1:

(0)

Ω
Initialization: Set n := 0, n0 := 0, and randomly generate a feasible point Ω̇

of

(5.38).
repeat {Finding a feasible point of (5.36)}
∗
Ωfe .
3:
Solve minimize η̇ + ξ˜ ∑k∈KP [(1 + τ̃)Q1k − ṙ1k ]+ , denote the optimal by Ω̇
2:

0

(n )
Ω∈S˙(Ω̇
Ω )
Ω̇

(n0 )

Ω
Update n0 := n0 + 1, Ω̇

4:

∗

Ωfe .
:= Ω̇

5:

∗ ]+ = 0.
until ∑k∈KP [(1 + τ̃ ∗ )Q1k − ṙ1k

6:

Ω
Set Ω̇

7:

repeat {Solving (5.36)}

(0)

∗

9:
10:

.

Ω .
Obtain the optimal point of (5.37), denoted by Ω̇
(n)
∗
Ω := Ω̇
Ω .
Update n := n + 1, Ω̇

8:

11:

(n0 )

Ω
:= Ω̇

until convergence or predefined number of iterations.
(n) −1
(n)
(n)
, wAF := wAF , p1k := 1/ p̃1k for all
Output (solution for EEF-OW): τeh := τ̃τ̃ (n) +1

k ∈ KP .

5.2.2

Solution for EEF-TW

The procedure for finding a solution of EEF-TW is similar to the one presented in the
previous subsection. Hence, for the sake of brevity, only the main steps are presented.
First the epigraph form of EEF-TW is derived, i.e.,
minimize η̈

p̄,wAF ,r̈,τ

eh

,η̈

subject to fkEE,TW (τeh , p̄, r̈) ≥ η̈ −1 , ∀k ∈ KP
(5.19), (5.22), (5.25b), (5.25c), (5.25d).

(5.39a)
(5.39b)
(5.39c)

Here the focus is on the nonconvex convexity induced by (5.19), (5.22), (5.25d), and
(5.39b). Again, by using the change of variables in Section 5.2.1 and introducing
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additional variables, (5.39) is transformed into the following equivalent problem
minimize

(5.40a)

η̈

p̈,wAF ,r̈,τ̃,η̈
g̈,q̈,z̈,ũ,t̃

subject to r̈ik ≥ (1 + τ̃)Qik , i = {1, 2}, ∀k ∈ KP

(5.40b)

p̃ik ≥ 1/P̄ik , i = {1, 2}, ∀k ∈ KP
2

wH
AF Al wAF +

(5.40c)

H

wAF Bikl wAF
≤ P̄lR , ∀l ∈ LR
p̃ik
i=1

(5.40d)

∑ ∑
k∈KP

r̈ik ≤ log(1 + g̈īk ),∀k ∈ KP , i = {1, 2}, ī = {1, 2}\{i}
2

∑ ∑

j∈KP \{k} î=1

q̈ik g̈ik ≤

(5.40e)

H

wAF Ḧikî j wAF
p̃î j

2
+ wH
AF Gik wAF + σU ≤ q̈ik , i = {1, 2}, ∀k (5.40f)

wH
AF Ḧkk wAF
, i = {1, 2}, ī = {1, 2}\{i}, ∀k ∈ KP
p̃īk

(5.40g)

2

wH
AF Bikl wAF
≤ ũ2l , ∀l ∈ LR
p̃ik
i=1

(5.40h)

∑ ∑
k∈KP

2

log(τ̃ − t˜l − 1) − log(t˜l exp(cl dl )) + cl

k∈KP

q
ε̃l

EH ˜
2
wH
AF Al wAF + ũl ≤ β̂l tl

τ̃
≤ z̈2k , ∀k ∈ KP
∑2i=1 r̈ik


1
TW,cir
2
+
z̈
+
k Ek
∑2i=1 r̈ik

| fikl |2
≥ 0, ∀l ∈ LR (5.40i)
i=1 p̃ik

∑ ∑

− β̄lEH τ̃ + β̌lEH ,

∀l ∈ LR

(5.40j)
(5.40k)

2

z̈2
∑ εik √ p̃k ik
i=1

!

sp

+

∑2i=1 P̄ik r̈ik
≤ η̈, ∀k,
∑2i=1 r̈ik

(5.40l)

where p̈ , [ p̃11 , p̃21 , ..., p̃1KP , p̃2KP ]T , g̈ , [g̈11 , g̈21 , ..., g̈1KP , g̈2KP ]T , q̈ , [q̈11 , q̈21 , ..., q̈1KP ,
q̈2KP ]T and z̈ , [z̈1 , ..., z̈KP ]T . Similarly to the EEF-OW, the equivalence here is in the
sense of optimality. In (5.40), the nonconvex parts include (5.40g), (5.40h), (5.40i),
(5.40k), (5.40l), which can also be approximated using the approximate functions
provided in Section 2.3.2. By doing so, one can arrive at the convex approximation
problem given as
minimize

η̈
(5.41a)


(n) (n)
(n) (n)
subject to φ bi q̈ik , g̈ik ; g̈ik /q̈ik + φ qol (wAF , p̃īk ; wAF , p̃īk ; Ḧkk ) ≤ 0, i = {1, 2}, ∀k
Ω
Ω̈

(5.41b)
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2

wH
(n)
AF Bikl wAF
+ φ po (ũl ; ũl ; 2) ≤ 0, ∀l ∈ LR
p̃
ik
i=1

(5.41c)

∑ ∑
k∈KP

(n)
log(τ̃ − t˜l − 1) ≥ φ log (αl t˜l ; αl t˜l ) +

2

(n)

∑ ∑ cl | fikl |2 φ po ( p̃ik ; p̃ik

; −1), ∀l

k∈KP i=1

(5.41d)
1
(n)
+ φ qol (z̃k , τ̃; z̃k , τ̃ (n) ; 1) ≤ 0, ∀k ∈ KP
∑2i=1 r̈ik
!


2
z̈2k
1
TW,cir
2
+ z̈k Ek
+ ∑ εik √
p̃ik
∑2i=1 r̈ik
i=1
+ φ frac

2

∑

sp
P̄ik r̈ik ,

2

∑ r̈ik ;

i=1

i=1

(5.41e)

!

1
sp (n)

(n)

(∑2i=1 Pik r̈ik )(∑2i=1 r̈ik )

≤ η̈, ∀k

(5.40b), (5.40c), (5.40d), (5.40e), (5.40f), (5.40j),
(n)

Ω , [p̈T , wTAF , r̈T , τ̃, η̈, g̈T , q̈T , z̈, ũT , t̃T ]T and Ω̈
Ω
where Ω̈

(5.41f)
(5.41g)

is a feasible point of (5.40).

Finally, for finding initial feasible points, a similar technique as that in Section 5.2.1 is
used. The proposed procedure for solving EEF-TW is outlined in Algorithm 5.2. In line
(n)
Ω ) , {Ω̈
Ω|(5.40b), (5.40c), (5.40d), (5.40e), (5.40f), (5.40j), (5.41b)–(5.41f)} is
3, S¨(Ω̈
(n)
Ω .
an inner convex approximation of S¨ at Ω̈

Algorithm 5.2 The proposed method solving EEF-TW
1:

(0)

Ω
Initialization: Set n := 0, n0 := 0, and randomly generate a point Ω̈
Ω|(5.40c)–(5.40l)}.
{Ω̈

∈ S¨ ,

repeat {Finding a feasible point of (5.40)}
2
∗
Ωfe .
3:
Solve minimize η̈ + ξ˜ ∑ ∑ [(1 + τ̃)Qik − r̈ik ]+ , and denote the optimal by Ω̈
2:

Ω∈S¨(Ω̈
Ω
Ω̈

4:

Update

n0

(n)

k∈KP i=1

)

:= n0 + 1,

(n0 )

Ω
Ω̈

∗

Ωfe .
:= Ω̈

5:

∗ ]+ = 0.
until ∑k∈KP ∑2i=1 [(1 + τ̃ ∗ )Qik − r̈ik

6:

Ω
Set Ω̈

7:

repeat {Solving (5.40)}

8:
9:

(0)

Ω
:= Ω̈

(n0 )

.
∗

Ω .
Obtain the optimal point of (5.41), denoted by Ω̈
(n)
∗
Ω := Ω̈
Ω .
Update n := n + 1, Ω̈

until convergence or predefined number of iterations.
(n)
(n)
(n)
11: Output (solution for EEF-TW): τ := τ̃ (n) −1 , wAF := wAF , pik := 1/ p̃ik for all
τ̃ +1
10:

k ∈ KP , i = {1, 2}.
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5.2.3

Convergence of Algorithms 5.1 and 5.2

The general convergence analysis of the SCA framework has been provided in [155].
Thus, one only needs to examine the conditions posted there for justifying the convergence of Algorithms 5.1 and 5.2. First, recall that the approximate functions used
in (5.37) and (5.41) (which are provided in Section 2.3.2) satisfy the SCA conditions
listed in (2.9). In addition, the feasible set of (5.36) and (5.40) are compact and
nonempty. Thus it is guaranteed that the objective sequences {η̇ (n) }∞
n=0 (Algorithm 5.1)
and {η̈ (n) }∞
n=0 (Algorithm 5.2) are nonincreasing and converge [155, Corollary 2.3].
However, since the objectives in (5.36) and (5.40) are not strongly convex, the iterates
(n)
Ω }∞
and {Ω̈
n=0 might not converge. This issue can be overcome by using

(n)
Ω }∞
{Ω̇
n=0

(n)

Ω − Ω̇
Ω ||22
proximal terms, i.e., replacing the objectives of (5.37) and (5.41) by η̇ + a||Ω̇
(n) 2
Ω − Ω̈
Ω ||2 , respectively, with an arbitrary regularization parameter a > 0
and η̈ + a||Ω̈
(n) ∞
[157]. By doing so, the objective sequences {η̇ (n) }∞
n=0 and {η̈ }n=0 are strictly
(n)
(n+1)
(n)
(n+1)
Ω − Ω̇
Ω
Ω − Ω̈
Ω
decreasing and ||Ω̇
||2 → 0 , ||Ω̈
||2 → 0 [155, Proposition 3.2],

which come from the following relations
(n+1)

Ω
η̇ (n) − η̇ (n+1) ≥ a||Ω̇
5.2.4

(n)

Ω ||22 , η̈ (n) − η̈ (n+1) ≥ a||Ω̈
Ω
− Ω̇

(n+1)

(n)

Ω ||22 .
− Ω̈

Conic formulations for approximate convex programs

The approximate subproblems (5.37) and (5.41) are cast as generic convex programs due
to the logarithmic functions involved. Theoretically, these problems can be efficiently
solved using a general purpose interior-point solver. However, from the practical
perspective, it is more numerically efficient if a more standard convex program, such as
conic quadratic or semidefinite program [165], can be derived. Observe from (5.37) and
(5.41) that the objectives and constraints are linear or SOC-representable, except the
constraints containing the logarithmic functions. Hence, developing SOC-presentable
approximations for these constraints is preferable to exploit the application of efficient
conic solvers. Towards this goal, consider a concave lower bound of the logarithmic
function given as

√
2 x0
log x ≥ log x + 2 − √ ,
x
0

(5.42)

which holds for all x > 0, x0 >√0. Inequality (5.42) can be justified as follows. Define
0

g(x; x0 ) , log x − log x0 − 2 + 2√xx for x > 0, x0 > 0. One can easily prove that g(x; x0 ) ≥ 0
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by checking the first-order derivative of g(x; x0 ) with respect to x, i.e.,
√ 0
√ 0!
∂ g(x; x0 ) 1
x
x
1
= − √ =
1− √
,
∂x
x x x x
x
It can be clearly seen that

∂ g(x;x0 )
∂x

∂ g(x;x0 )
≤ 0 if x ≤ x0 . Accordingly,
∂x
= x0 ; x0 ) = 0, and thus g(x; x0 ) ≥ 0 for

≥ 0 if x ≥ x0 , and

g(x; x0 ) achieves the minimum at x = x0 with g(x

all x > 0, x0 > 0, which validates (5.42). Since (5.42) is verified to fulfill the conditions
listed in (2.9), the constraint log x ≥ y can be replaced by
√
2 x0
0
log x + 2 − √ ≥ y.
(5.43)
x
In the SCA based iterative procedure, x0 is the value of x obtained in the preceding
iteration. Note that (5.43) admits the SOC representation, i.e.,

ϖ 2 ≤ x
(5.43) ⇔
√
 [2 4 x0 , log x0 + 2 − y, ϖ] ≤ log x0 + 2 − y + ϖ.

(5.44)

2

In the same way, (5.27) can be approximated by
q
(n)
2
1 + ġk
(n)
≥ ṙ1k ∀k ∈ KP .
log(1 + ġk ) + 2 − √
1 + ġk
5.3

(5.45)

Designs based on zero-forcing beamforming

In multi-pair relay systems, ZF is commonly invoked to eliminate the inter-pair
interference, and thus it reduces design complexity [145, 51, 52]. For the EEF-OW
and EEF-TW, using ZF beamforming does not lead to convex formulations due to the
complexity involved. However, suboptimal solutions but with much lower complexity
can be obtained by using procedures similar to those illustrated in Section 5.2. In the
rest of the section, the ZF-based designs for EEF-OW and EEF-TW are sequentially
presented.
5.3.1

ZF-based design for EEF-OW

Let Ȟk and Ȟ be the vectors defined as Ȟk , [ḣTk1 , ..., ḣTk(k−1) , ḣTk(k+1) , ..., ḣTkKP ] ∈ CLR ×(KP −1)
and Ȟ , [Ȟ1 , ..., ȞKP ]T ∈ CLR ×KP (KP −1) . The ZF beamforming principles lead to
ḣk j wAF = 0, ∀ j 6= k, k ∈ KP ⇔ ȞwAF = 0.

(5.46)
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Clearly, the null-space of Ȟ exists if LR > KP (KP − 1). Let Ż ∈ CLR ×(LR −KP (KP −1)) be
an orthogonal basis of the null-space of Ȟ. Then wAF can be found such as wAF = Żw̄
where w̄ ∈ C(LR −KP (KP −1))×1 [183]. Now the SINR at U2k is given by
γkOW,ZF (w̄, p) =

p1k w̄H ḢZF
kk w̄
,
ZF
H
w̄ Ġ2k w̄ + σU2

(5.47)

H
ZF
H
where ḢZF
kk , Ż Ḣkk Ż and Ġ2k , Ż Gk Ż. Thus the design problem with ZF beam-

forming is
maximize min
p,w̄,ṙ,τ

eh

1≤k≤KP

fkEE,OW (τeh , p, ṙ)

subject to w̄H ȦZF
l w̄ +

∑

(5.48a)

R
p1k w̄H ḂZF
1kl w̄ ≤ P̄l , ∀l ∈ LR

(5.48b)

k∈KP

ṙ1k ≤ log(1 + γkOW,ZF (w̄, p)), ∀k ∈ KP
(5.48c)
r
1 − τeh
R,const
H ZF
≤ ElEH,OW (τeh , p), ∀l
ε̃l w̄H ȦZF
l w̄ + ∑ p1k w̄ Ḃ1kl w̄ + El
2
k∈K
P

(5.48d)
(5.24b), (5.24c),

(5.48e)

H
ZF
H
where ȦZF
l , Ż Al Ż and Ḃ1kl , Ż B1kl Ż.

5.3.2

ZF-based design for EEF-TW

To obtain ZF beamforming for the two-way system, first recall that ḧikî j = ḧî jik ,
and define Mk , [ḧT1k1(k+1) , ḧT2k2(k+1) , ..., ḧT1k1KP , ḧT2k2KP ] and M̌ , [M1 , ..., MKP −1 , Ȟ1 ,
..., ȞKP ]T ∈ C2KP (KP −1)×LR . Then the ZF constraint can be written as
ḧikî j wAF = 0, ∀ j 6= k, k ∈ KP , i, î ∈ {1, 2} ⇔ M̌wAF = 0.

(5.49)

Let Z̈ ∈ CLR ×(LR −2KP (KP −1)) be an orthogonal basis of the null-space of M̌, which
requires the condition that LR > 2KP (KP − 1) for existence. Again, the beamforming
vector can be found as wAF = Z̈w̄ where w̄ ∈ C(LR −2KP (KP −1))×1 . The SINR at Uik
reduces to
γikTW,ZF (w̄, p̄) =
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pīk w̄H ḦZF
kk w̄
,
w̄H G̈ZF
w̄
+ σU2
ik

(5.50)

H
ZF
H
where ḦZF
kk , Z̈ Ḧkk Z̈ and G̈ik , Z̈ Gik Z̈. The EEF design problem based on ZF

beamforming is given by
maximize min
p̄,w̄,r̈,τ

eh

1≤k≤KP

fkEE,TW (τeh , p̄, r̈)

subject to w̄H ÄZF
l w̄ +

(5.51a)

2

R
∑ ∑ pik w̄H B̈ZF
ikl w̄ ≤ P̄l , ∀l ∈ LR

(5.51b)

k∈KP i=1

r̈ik ≤ log(1 + γikTW,ZF (w̄, p̄)), ∀k ∈ KP , i = 1, 2.
(5.51c)
v
u
2
1 − τeh u
R,const
≤ ElEH,TW (τeh , p̄), ∀l
w̄
+
pik w̄H B̈ZF
ε̃l tw̄H ÄZF
∑
∑
ikl w̄ + El
l
2
k∈K i=1
P

(5.51d)
(5.25b), (5.25c),

(5.51e)

H
ZF
H
where ÄZF
l , Z̈ Al Z̈ and B̈ikl , Z̈ Bikl Z̈.

In ZF-based designs, it is noted that other parameters (transmit data rate, users’
transmit power, and EH time) are still jointly optimized with the ZF beamforming.
Here, problems (5.48) and (5.51) can be solved by the SCA procedures similar to
those described in Section 5.2. The two problems are optimized over w̄. Thus the total
numbers of variables in their convex approximate programs are smaller than those of
EEF-OW and EEF-TW (as discussed in the next section). On the other hand, since the
inter-pair interference is canceled, it is expected that the numbers of iterations of SCA
procedures solving (5.48) and (5.51) are smaller compared to those of EEF-OW and
EEF-TW. This will be elaborated by numerical experiments provided in Subsection
5.5.3. For the ease of exposition, the solutions of (5.48) and (5.51) are referred to as
‘ZF-based design (OW)’ and ‘ZF-based design (TW)’, respectively.
5.4

Computational complexity analysis

The computational complexity of solving the SOCP approximations (in each iteration)
by a general interior point method is discussed based on the results in [165, Chapter 6].
For Algorithm 5.1, the SOCP solved at an iteration includes (10KP + 6LR + 2)
real variables and (10KP + 5LR ) conic constraints. The worst case of computational

complexity in an iteration of the algorithm is then O (10KP + 5LR )0.5 (10KP + 6LR )3 .
For Algorithm 5.2, the SOCP solved at an iteration includes (19KP + 6LR + 2) real
variables and (16KP + 5LR ) conic constraints. The corresponding worst case of per139


iteration computational complexity is then O (16KP + 5LR )0.5 (19KP + 6LR )3 . Remark
that the complexity of Algorithm 5.2 is higher than that of Algorithm 5.1 due to the
additional variables coming from the bi-directional transmission.
For ZF-based design (OW), by using ZF beamforming at the relays, the number of
real variables in an SOCP approximation is (10KP + 5LR + 2 − 2KP2 ) and the number
of conic constraints is (9KP + 5LR ). Hence the worst case complexity estimate is

O (9KP + 5LR )0.5 (10KP + 5LR − 2KP2 )3 . Similarly, for ZF-based design (TW), an
SOCP approximation includes (19KP + 5LR + 2 − 2KP2 ) real variables and (14KP + 5LR )

conic constraints. Thus the complexity is O (14KP + 5LR )0.5 (19KP + 5LR − 2KP2 )3 .
From the above complexity estimates, it is expected that computational complexity
in an iteration of the ZF-based design (OW) and ZF-based design (TW) are lower than
that of EEF-OW and EEF-TW respectively. This point will be numerically elaborated in
Table 5.3.
5.5

Numerical results

This section presents numerical evaluations of the proposed methods. Consider a relay
network as depicted in Fig. 5.1, in which the distance between two users of each pair is
10 meters. The relays are randomly placed inside the rectangular region formed by
the users {U1k }k∈KP and {U2k }k∈KP . The exponent path loss model is used with path
loss exponent 3.5. All channels are Rayleigh fading. Simulation parameters are taken
from Table 5.1, unless stated otherwise. The maximum transmit power is set to be the
same for all users, i.e., P̄ik = P̄, ∀i, k, which varies in the experiments. Other parameters
Table 5.1. Simulation parameters, ([89] c 2019, IEEE).
PARAMETERS

VALUE

Bandwidth
Noise power
QoS

250 kHz
σU2 = σ̃R2 = −90 dBm
Qik = 0.5 nats/s/Hz
P̄lR = 33dBm,
εik = εlR = 0.35
Pikidle = 0.1mW, Pikact,cir = 1mW
PlR,const = 1mW
ρiken = ρikde = 50 mW/(Gnats/s)
P̄lDC = 24mW,
cl = 150, dl = 0.014

PA model [152]
User circuit power
Relay circuit power
Signal processing power [152]
EH model [88]

140

will be specified in the experiments. In all simulations, the iterative procedures of
Algorithms 5.1 and 5.2 stop when either the increase in the objective between two
consecutive iterations is less than 10−5 , or the number of iterations exceeds 200. Convex
problems in this chapter are solved by the MOSEK [173] and Fmincon solvers in the
MATLAB environment.
Performances of Algorithm 5.1 (one-way relaying)

Energy efficiency objective (nats/s/J)

5.5.1
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Chan. real. 1
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Algorithm 5.1-GCP
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(b) CDFs of the number of required iterations to converge.
Fig. 5.2. Impact of conic formulation on the convergence behavior of Algorithm 5.1 with
KP = 2, LR = 2 and P̄ = 33 dBm, ([89] c 2019, IEEE).
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The first set of experiments studies the impact of conic formulation of (5.37) on the
computational complexity of Algorithm 5.1. Fig. 5.2 shows the convergence behavior
of Algorithm 5.1 running with the GCP and SOCP. Specifically, Fig. 5.2(a) plots the
convergence of the objective over two channel realizations, and Fig. 5.2(b) shows the
CDFs of the required number of iterations for convergence. The average total and
per-iteration run time of the algorithm with the two formulations are also provided in
Table 5.2. One can see in the figure that with the SOCP, the algorithm converges with
more iterations compared to the GCP. However, as shown in the table, the per-iteration
run time of the SOCP (solver Fmincon) is much smaller than that of the GCP (solver
Fmincon), resulting in the total run time of the algorithm with the SOCP being ten
times smaller than that with the GCP. In addition, the SOCP enables the use of the more
efficient MOSEK solver. With this, the total run time significantly reduces.
Table 5.2. Average per-iteration and total solver run time (in seconds) of Algorithm 5.1 adopting GCP and SOCP with KP = 2, LR = 2 and P̄ = 33 dBm, ([89] c 2019, IEEE).
S OLVER
Fmincon
MOSEK
Avg. per-iteration run time
Avg. total run time

Algorithm 5.1-GCP
Algorithm 5.1-SOCP
Algorithm 5.1-GCP
Algorithm 5.1-SOCP

49
4.97
2.5e3
220

N/A
0.003
N/A
0.17

Fig. 5.3 depicts the average minimum EE performance of Algorithm 5.1 as a
function of the maximum user power P̄. For comparison, the performances of the three
following baseline schemes are provided:
– ‘Baseline 1-OW’: the user’s transmit power pik is not optimized in this scheme but
fixed as pik = P̄ when solving problem (5.37).
– ‘Baseline 2-OW’: the EH time τeh is not optimized in this scheme, but fixed as
τeh = 13 when solving problem (5.37).
– ‘Baseline3-OW’: the users’ transmit power and EH time are fixed, i.e., pik = P̄ and
τeh = 13 , when solving problem (5.37).
For the three baseline schemes, it may happen that a feasible resource allocation cannot
be obtained for some channel realizations. Thus performance of those infeasible
channels is set as zero. The first observation is that the performance of Algorithm 5.1
decreases when P̄ increases. This result can be explained as follows. In an EE problem,
the transmit power may be smaller than the threshold, especially when the threshold is
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relatively large. For this case, increasing P̄ brings no benefit to the optimizing of the
transmit power. On the other hand, as shown in (5.8), both P̄ and the optimized transmit
power influence the PA efficiency. Increasing P̄ reduces the PA efficiency, leading to
more amount of energy being consumed at the PA, as can be seen in (5.9). Another
interesting observation is that the EEs of the three baseline schemes first increase, and
then decrease as P̄ increases. This is because the probabilities of infeasibility of these
schemes are high when P̄ is small. When P̄ becomes larger, the infeasibility probabilities
are smaller leading to the improved performances. When the probabilities of infeasibility
are small enough, further increasing P̄ leads to the degraded performances due to the

Achieved minimum EE (nats/s/J)

decrease of PA efficiency. As expected, our proposed scheme outperforms the baselines.

1.8
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P̄ (dBm)

Fig. 5.3. Achieved EE versus the transmit power P̄ with KP = 3 and LR = 9, ([89] c 2019,
IEEE).

In Fig. 5.4, the impacts of PA and EH models on the minimum EE performance is
demonstrated. For this purpose, the following schemes are considered:
– ‘Baseline 4’: the linear model of PA efficiency is considered in the problem design,
i.e., the PA’s efficiency is fixed at 0.35. In particular, E OW (τeh , p, ṙ) and E R,OW (τeh ,
p, wAF ) in Section 5.1.1 are suitably modified according to the linear model of
PA efficiency. The resulting EEF-OW problem is then solved following the SCA
procedure described in Section 5.2.1 to determine the design parameters.
– ‘Baseline 5’: the linear EH model is considered in stead of (5.2), where conversion
efficiency is fixed as 0.8. The EEF-OW problem is then modified accordingly and
solved to achieve the design parameters.
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For both these schemes, the minimum EE performances are then evaluated following
the PA model (for Baseline 4) and EH model (for Baseline 5) considered in Section
5.1. If there is infeasibility, the corresponding minimum EE is set as zero. The figure
clearly shows that PA and EH models significantly influence the achieved performance.
Similarly to Baselines 1, 2, and 3 (in Fig. 5.3), the performances of Baselines 4 and 5
are inferior when P̄ is small due to the high probability of infeasibility. The performance
degradation of Baselines 4 and 5 is mainly because of the mismatch between the baseline
schemes and the realistic models. The results again confirm the validity of our proposed

Achieved minimum EE (nats/s/J)

scheme.
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Fig. 5.4. Achieved minimum EE versus the transmit power P̄ with KP = 3 and LR = 9, ([89] c
2019, IEEE).

To investigate the impacts of rate-dependent signal processing power on the minimum
EE performance, the rate-dependent-power coefficients in each pair are set to be different
en = P̄de = kP̄sp , and the performance is
from those of other pairs by simply setting as P̄1k
1k

plotted as a function of P̄sp in Fig. 5.5. Here, the compared scheme, namely ‘Baseline
6’, takes P̄iken = P̄ikde = 0, and its performance is obtained similarly to that of Baseline 4
and Baseline 5 (in Fig. 5.4). One can observe that rate-dependent signal processing
power has an insignificant impact on the performance when its coefficients are small.
However, when the coefficients become larger, the gap between Algorithm 5.1 and
Baseline 6 is remarkable.
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Fig. 5.5. Achieved minimum EE versus rate-dependent power coefficient P̄sp with KP = 3 and
LR = 9, ([89] c 2019, IEEE).

Fig. 5.6 shows the EE fairness among user pairs versus different values of P̄. In
particular, the average individual EE of the user pairs is plotted. It can be observed that

Avg. per-user-pair EE (nats/s/J)

the achieved EE is relatively balanced among all user pairs.
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Fig. 5.6. EE fairness among the user pairs achieved by Algorithm 5.1 with KP = 3, and LR = 12,
([89] c 2019, IEEE).
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Performances of Algorithm 5.2 (two-way relaying)

Energy efficiency objective (nats/s/J)
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(a) Convergence of Algorithm 5.2 for one channel realization with
P̄ = 33 dBm.
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(b) Achieved minimum EE performance versus the transmit power P̄.
Fig. 5.7. Performances of Algorithm 5.2 with LR = 12, ([89] c 2019, IEEE).

Fig. 5.7 shows the performances of Algorithm 5.2 in terms of convergence and minimum
EE. Specifically, Fig. 5.7(a) plots the convergence behavior of the algorithm over a
random channel realization, with two different initial points also generated randomly.
Compared to Algorithm 5.1, Algorithm 5.2 likely requires more iterations to converge.
This can be intuitively explained by the inter-pair interference in two-way relaying
systems which is more difficult to manage than that in one-way relaying systems due to
the bi-directional transmission. Fig. 5.7(b) illustrates the average achieved minimum EE
of Algorithm 5.2 versus the maximum transmit power P̄. Algorithm 5.2 is compared
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to the three schemes, Baseline 1-TW, Baseline 2-TW and Baseline 3-TW which are
set up similarly to Baseline 1-OW, Baseline 2-OW, and Baseline 3-OW in Fig. 5.3.
Again, it is observed that the proposed scheme outperforms the others. On the other
hand, for Algorithm 5.2, one can see that in the region of limited user power, the EE
increases when P̄ increases. This is because the effect of the gain from the additional
power resource is stronger than that of the decrease because of PA efficiency. When P̄ is

Avg. per-user-pair EE (nats/s/J)

large, an increase of P̄ has insufficient influence, and thus the EE reduces with P̄.
0.8
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Fig. 5.8. EE fairness among the user pairs achieved by Algorithm 5.2 with KP = 3 and LR = 12,
([89] c 2019, IEEE).

Fig. 5.8 plots the individual EE performances of all user pairs versus different values
of P̄. Similarly to the observation in Fig. 5.6, the proposed EE method for two-way
relaying is able to maintain good EE fairness among all user pairs.
5.5.3

Performances of ZF-based designs

In the following set of numerical experiments, the performances of ZF-based designs
(presented in Section 5.3) are provided in terms of the minimum EE and computational
complexity.
Fig. 5.9 shows the minimum EE performance of the considered schemes. In
particular, Fig. 5.9(a) plots the performances of Algorithm 5.1 and the ZF-based design
(OW) in the one-way relaying system, while Fig. 5.9(b) plots the performances of
Algorithm 5.2 and the ZF-based design (TW) in the two-way relaying system. As can be
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(a) Average minimum EE of Algorithm 5.1 and the ZF-based scheme
in the one-way relaying system.
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(b) Average minimum EE of Algorithm 5.2 and the ZF-based scheme
in the two-way relaying system.
Fig. 5.9. Average minimum EE performances versus P̄ of Algorithms 5.1, 5.2, and the ZFbased schemes, ([89] c 2019, IEEE).

seen, the performances of the ZF-based schemes are inferior to Algorithms 5.1 and 5.2
when LR is small, and comparable when LR is sufficiently large. The reason for the
results is that the ZF beamforming needs a certain number of relays to form the null
space.
The computational complexity of ZF-based schemes is studied in Fig. 5.10 which
shows the CDFs of the required number of iterations for convergence of the considered
schemes. In addition, the corresponding solver running time is provided in Table 5.3. It
can be observed that the ZF-based schemes require smaller numbers of iterations to
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(a) CDF of the number of required iterations for convergence of
Algorithms 5.1 and the ZF-based scheme in the one-way relaying
system.
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(b) CDF of the number of required iterations for convergence of
Algorithms 5.2 and the ZF-based scheme in the two-way relaying
system.
Fig. 5.10. The number of required iterations for convergence of Algorithms 5.1, 5.2, and the
ZF-based schemes, ([89] c 2019, IEEE).

converge compared to Algorithms 5.1 and 5.2. In addition, the solver requires less time
to solve convex subproblems in ZF-based schemes. Consequently, the total running
time of the ZF-based schemes is noticeably smaller than that of Algorithms 5.1 and
5.2. Combined with the results in Fig. 5.9, it can be concluded that, when LR is large,
efficient solutions can be achieved with low computational cost by using the ZF-based
schemes.
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Table 5.3. Solver run time (in seconds) for Algorithms 5.1, 5.2, and the ZF-based schemes
with KP = 3 and P̄ = 33 dBm, ([89] c 2019, IEEE).
N UMBER OF RELAYS
LR = 7
LR = 8
LR = 9
Per-iteration run time
Total run time

Per-iteration run time
Total run time

5.6

Algorithm 5.1
ZF-based design (OW)
Algorithm 5.1
ZF-based design (OW)

Algorithm 5.2
ZF-based design (TW)
Algorithm 5.2
ZF-based design (TW)

0.039
0.019
2.24
0.56

0.050
0.028
2.53
0.82

0.056
0.037
2.40
1.08

LR = 13

LR = 14

LR = 15

0.12
0.021
9.97
0.96

0.14
0.026
10.16
1.16

0.16
0.030
10.36
1.28

Summary

A multi-pair relay system was studied in which the relays harvest energy from user RF
signals. The considered energy consumption model took account of various realistic
aspects such as rate-dependent signal processing power, dynamic power amplifier
efficiency, and nonlinear EH circuits. The max-min EE fairness among user pairs was
explored by jointly designing the transmit data rate, users’ transmit power, relays’
processing coefficient, and EH time. For both one-way and two-way relaying, iterative
procedures based on the SCA optimization framework were derived, where each
iteration only deals with an SOCP. The proposed methods are provably convergent. In
addition, for low-complexity designs, an approach based on a combination of the ZF
beamforming and the SCA were proposed. The effectiveness of developed approaches
was demonstrated by the numerical results.
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6

Conclusions

The purpose of this thesis was to develop optimization approaches for transmit beamforming designs maximizing bit-per-Joule EE in multiantenna systems. Three practically
relevant scenarios in wireless communications were examined: a coordinated beamforming transmission; a fronthaul-constrained C-RAN; and a multi-pair wireless-powered
relaying system. In all considered cases, developing efficient optimization algorithms
feasible for practical implementations was the main focus. In addition, the realistic
aspects of a power consumption model in the EE design including the dependence
of signal processing power on data rate and nonlinear PA’s efficiency were taken into
account for the two latter scenarios, which considered communication systems with
low-power transceivers.
6.1

Summary

In Chapter 3, the transmission schemes maintaining the EE fairness in a multicell
multiuser MISO downlink were investigated. In particular, the transmit beamforming
designs maximizing the minimum EE among all BSs were considered. As the aim was to
develop efficient optimization methods for the considered designs, the original nonconvex
problem was translated into a more tractable formulation for which suboptimal but
efficient optimization methods in centralized and distributed fashions were devised.
First, one centralized algorithm was proposed based on the SCA principles. The
proposed method numerically showed the superior convergence properties compared
to the existing scheme. Interestingly, the proposed optimization procedure here can
easily be extended to solve EEmax problems with the other important EE metrics such
as network EE and SWEE. Next, two distributed solutions were developed for the
considered problem by combining the SCA and the ADMM frameworks. Specifically,
the first decentralized approach is a two-layer iterative algorithm which purely applies
the ADMM to find the optimal solution at each iteration of the SCA method. On the
other hand, the second interlaces the SCA and the ADMM iterations into a single-layer
iterative method which was heuristically proposed to further reduce the exchanged
backhaul signaling required for the distributed procedure. The two decentralized
methods are provably convergent. Numerical results demonstrated that the distributed
methods can achieve a similar performance compared to the centralized one.
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Chapter 4 studied EE maximization in a downlink fronthaul–constrained C-RAN.
Deviating from the previous works on EEmax problems, the relatively realistic power
consumption model with the rate-dependent signal processing and the nonlinear PAs’
efficiency was accounted for. The main focus was on the joint design of transmit
beamforming, RRH-user association and RRH selection to maximize the network EE
subject to limited fronthaul, transmit power budget, and per-user QoS. In order to
provide a performance benchmark for other suboptimal designs in similar contexts,
the optimal solution for the design problem was first investigated. To this end, a new
globally optimal method was developed based on a customization of the DBRnB
framework. Then, toward a more practical implementation, two suboptimal methods
were proposed based on SCA principles. Numerical evaluations demonstrated that the
proposed suboptimal approaches are able to achieve near-optimal solutions. The impacts
of the dependence of signal processing power on data rate and the dynamics of PAs’
efficiency were also numerically studied. The results indicated that these factors should
be taken into account for energy-efficient transmission designs and evaluation.
Chapter 5 focused on achieving EE fairness in a multi-pair relay system in which
the operational energy of the relays is harvested from users’ RF signals. The problem
at hand was to jointly design the transmit data rate, users’ transmit power, relays’
processing coefficient, and EH times such that the minimum EE among all the user
pairs is maximized. Similarly to the EE design in Chapter 4, the realistic aspects of the
power consumption model such as rate-dependent signal processing power, dynamic
PAs’ efficiency were addressed. The nonlinear behavior of the EH circuit were also
considered. Iterative procedures based on the SCA framework were proposed for the
considered problem in both one-way and two-way relaying strategies. In addition, to
further reduce the complexity of the proposed designs, the ZF beamforming scheme was
adopted in the proposed SCA-based approaches. The numerical evaluations showed that
the EE performance could be improved by jointly optimizing the important system
parameters. Furthermore, it again confirmed the conclusion drawn from Chapter 4 that
realistic aspects of the power consumption model need to be considered in EE designs.
6.2

Discussion and conclusions

In general, the efficient optimization algorithms developed for the EEmax problems
in this thesis were based on the principles of the SCA method. In scenarios where a
globally optimal solution is difficult and/or expensive to derive such as those considered
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in this thesis, the SCA based EE optimization methods enjoy several advantages
compared to the conventional approaches based on the PFP (e.g., the Dinkelbach’s
algorithm). Specifically, the SCA based procedures are one-stage iterative methods of
which convergence is provable (as presented in Chapters 3–5 and related references). In
addition, the convex program at each iteration of the SCA can be SOCP-representable
which enables the application of efficient modern convex solvers to reduce solving time.
Remark that the PFP based methods, by contrast, are multi-stage iterative procedures
and their convergence may not always be guaranteed (see Section 2.3.1). As a result, the
SCA based approaches would be expected to perform superior convergence behaviors
compared to conventional ones. For example, it was numerically demonstrated that the
proposed EE methods in Chapter 3 outperforms the existing schemes based on PFP in
terms of convergence speed and processing time in multicell multiuser MISO channels.
Furthermore, the distributed methods developed based on the SCA do not necessarily
need a central node as it requires for decentralized implementation based on the PFP.
Another conclusion is that joint designs of beamforming and/or power-consumptiondependent parameters (e.g., number of active RRHs in C-RANs, or EH time in wirelesspowered relaying system) can significantly improve the achieved EE performance of the
multiantenna systems. This was appraised by means of the numerical experiments. In
particular, it was shown that the developed energy-efficient beamforming techniques can
provide remarkable EE gains over the conventional resource allocation approaches in the
C-RAN scenario, i.e. EE performance nearly doubled in large-scale networks. A similar
percentage of improvement can be observed in the wireless-powered relaying system,
i.e. the developed transmission strategies therein can offer a superior EE performance
compared to fixed resource allocation strategies. Remark that power consumed on some
circuit components increases proportionally, and may become comparable to or even
dominant over, the signal transmit power. Thus the EE improvements of the developed
transmission strategies were achieved by examining the optimal trade-off between
the achievable transmit data rate and the corresponding total power consumption. In
summary, transmission strategies through optimization designs of beamforming and
wireless network resources have provided insights into the enhancement of EE gains
in multiantenna systems. Those can have a significant role in improving the global
sustainability of information and communications technologies.
The results also indicate the considerable impact of the assumed power consumption
model on designing transmission strategies and quantifying EE performances. In particular, without considering the dependencies of signal processing power on transmit data
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rate and PA’s efficiency on desired PA’s output power, the corresponding energy-efficient
transmission strategies would suffer a degradation in the achieved EE performances in
practical scenarios. This is because the signal processing power is in fact rate-dependent,
and techniques increasing the linearity of the PA are not always applicable in practice
[15, 25, 26]. As a consequence, EE optimization designs ignoring these realistic factors
would lead to significant performance loss in practical implementation. On one hand, this
observation again emphasizes the crucial role of an accurate power consumption model
in developing energy-efficient wireless communication techniques. On the other hand, it
encourages future studies addressing the impacts of other imperfect characteristics of
RF transceiver hardware circuits (e.g., in-phase and quadrature imbalance, phase noise,
quantization noise) on the achievable EE of wireless networks. Such studies would
be important because the use of low-cost devices will become increasingly popular in
future wireless networks [54].
6.3

Future work

Energy efficiency optimization will be important for the sustainability of the future
digital society. From the work presented in this thesis, there are several important
problems remained opened for future research as follows:
– Energy-efficient transmission designs in this thesis relied on the ideal assumption of
CSI, i.e., perfect, instantaneous CSI knowledge of every user is available at the BSs.
However, acquiring accurate CSI is a difficult and even impossible task in practice
due to several factors, e.g. imperfect channel estimation, delay, and finite feedback
[42]. Therefore, the effect of long-term and/or imperfect CSI in EE algorithm designs
is of particular interest from the practical implementation standpoint. Transmission
designs with CSI uncertainty can be conducted by exploiting robust or stochastic
optimization frameworks [92, 184].
– The thesis focused on the fully digital beamforming which is performed in the BB
domain. However, such technique requires a dedicated RF chain for each antenna.
This structure makes full-digital beamforming impractical in large-scale antenna
systems (LSASs) [185, 186] due to the excessively high signal processing and
hardware complexity, and the power consumption caused by a large number of
RF chains. To address this practical difficulty imposed by the limited number of
RF chains, a novel beamforming concept, namely hybrid beamforming, has been
developed [185, 186, 187]. In general, the idea of hybrid beamforming is to perform
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the analog beamforming scheme (control the phase of signals outward from each
antenna by phase shifter) using a high-dimensional antenna array in the RF domain on
top of a much lower dimension digital precoding in the BB domain. This architecture
allows each RF chain connecting to multiple antenna elements while being able to
achieve SE close to that of the fully digital beamforming structure. As the use of
LDSA, especially at millimeter-wave frequency bands, has become an inevitable trend
in future wireless networks, designs of hybrid digital/analog beamforming structures
have received growing attention [185, 186, 187]. Investigating hybrid beamforming
transceiver architectures based EE optimization would be an important topic for the
evolving millimeter-wave wireless communications in future system designs.
– It should be noted that coherent transmission in C-RANs, which was considered in
Chapter 4, requires a strict phase-synchronization among cooperative RRHs. A synchronization technique based on commercial global positioning system (GPS) could
sufficiently solve this issue in some scenarios [18, 43]. However, synchronization
requirement still poses a challenging problem and needs to be addressed for practical
C-RAN designs, e.g., when a GPS signal is absent, or in ultra-dense C-RANs where a
very large number of RRHs are co-deployed. To alleviate the strict synchronization
issue, the concept of non-coherent transmission has been considered where a user can
receive a different data stream from multiple RRHs [188, 189, 190, 191]. In principle,
coherent transmission provides better SE performance gain than non-coherent scheme
under ideal assumptions of networks (e.g. infinite fronthaul capacity and perfect CSI)
[192]. However, the EE gain of coherent transmission compared to its non-coherent
counterpart are remained unclear and would need to be justified. On the other hand, it
was demonstrated that the non-coherent transmission scheme can yield a better SE
performance than the coherent one in the C-RAN with limitation of fronthaul capacity
[191] or inaccurate CSI [189]. Thus it would be interesting to explore whether the
same conclusion would be true regarding to the EE performance of C-RANs in such
scenarios.
– In Chapter 5, the achieved performances of the proposed efficient algorithms in
relation to the optimal one remained unknown. Thus there would be a need for a
globally optimal solution to fully justify the effectiveness of the proposed methods,
and to see if there is room for improvement. Another problem which may arise in
the considered relaying systems is that achieved EE performance may degrade if
the number of involved EH relays increases sufficiently large. This is because the
achievable throughput of the multi-pair relay system is in part upper bounded by the
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number of user pairs. Consequently, using more relays assisting communications for
a fixed number of user pairs may bring no benefit in increasing SE. By contrast, users
may need to spend more energy (i.e., by increasing transmit power or EH time) to
keep all the EH relays alive. In this case, a relay selection strategy would be desirable
to maintain good EE performance. The work in Chapter 5 might be extended to
incorporate a relay selection scheme.
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Appendix 1 SCA based solutions for the other
EEmax problems
The purpose of this appendix is to present how to customize the SCA based procedure to
solve the other EEmax problems, i.e., network EEmax [83] and sum weighted EEmax
[96], in the multiuser coordinated beamforming system. In the following, the problem of
network EEmax is first presented and solved, followed by the formulation and solution
for the sum weighted EEmax problem. Finally, numerical experiments are provided to
demonstrate the effectiveness of the proposed SCA based approaches compared to the
conventional methods in the considered scenario.
Network EEmax problem
The network EE metric quantifies the EE performance of the entire network [38, 83]. It
is defined as
f NEE (w) ,

∑b∈B

1
ε

∑b∈B Rb (w)
.
∑k∈Kb k wbk k22 +P0

(A.1.1)

Hence, the network EEmax problem is written as
f NEE (w) subject to

maximize
w

(3.4b).

(A.1.2)

Like the EE fairness problem, directly applying the SCA method to solve problem
(A.1.3) seems impossible because of the structure of the nonconvex objective. Thus,
a transformation of (A.1.2) towards an SCA-applicable form is needed. To this end,
an epigraph transformation like the one in Section 3.2 is exploited. Let η, z, t and
{gbk }b∈B,k∈Kb be newly introduced slack variables. Then (A.1.2) can be rewritten as
maximize

w,η,z,t,{gbk }b∈B,k∈K

(A.1.3a)

η

b

subject to

η≤
t≥

z2
t

∑
b∈B

z2 ≤

(A.1.3b)
1
∑ k wbk k22 +P0
ε k∈K

∑ ∑

!
(A.1.3c)

b

log(1 + gbk )

(A.1.3d)

b∈B k∈Kb
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|hb,bk wk |2
≥ Ibk (w) + σb2k , ∀b ∈ B, k ∈ Kb
gbk

(A.1.3e)

(3.4b).

(A.1.3f)

At this point, the SCA method can be applied to solve (A.1.3). In particular, observe
that constraints (A.1.3b) and (A.1.3e) are nonconvex while the others are convex. In
addition, the nonconvex parts in (A.1.3b) and (A.1.3e) are in the same form as those of
(3.7b) and (3.7c). Therefore, the approximate convex program at iteration n + 1 is
maximize

w,η,z,t,
{gbk }b∈B,k∈K

η

(A.1.4a)

η + φ qol (z,t; z(n) ,t (n) ; 1) ≤ 0,

(A.1.4b)

b

subject to

(n)

(n)

Ibk (w) + σb2k + φ qol (wbk , gbk ; wbk , gbk ; Hb,bk ) ≤ 0, ∀bk

(A.1.4c)

(3.4b), (A.1.3c), (A.1.3d).

(A.1.4d)

Sum weighted EEmax problem
The sum weighted EEmax (SWEE) problem is expressed as
B

maximize
w

∑ ϖb fbEE (w)

subject to


(3.4b) ,

(A.1.5)

b=1

where fbEE (w) is the EE of BS b defined as (3.3), and ϖb ∈ (0, 1] is priority weight
[38, 96]. The SCA procedure solving (A.1.5) is derived as follows. As the first step,
(A.1.5) is rewritten into an equivalent form with newly introduced slack variables as
maximize

w,{ηb ,zb ,tb }b∈B ,
{gbk }b∈B,k∈K

∑ ϖb ηb

(A.1.6a)

b∈B

b

z2b
, ∀b ∈ B
tb
1
tb ≥
∑ k wbk k22 +P0 , ∀b ∈ B
ε k∈K

subject to ηb ≤

(A.1.6b)
(A.1.6c)

b

z2b ≤

∑

log(1 + gbk ), ∀b ∈ B

(A.1.6d)

k∈Kb
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≥ Ibk (w) + σb2k , ∀b ∈ B, k ∈ Kb
gbk

(A.1.6e)

(3.4b).

(A.1.6f)

The nonconvex parts of problem (A.1.6) lie in (A.1.6b) and (A.1.6e) which are similar
to those of problem (3.7). Therefore the subproblem solved in iteration n + 1 of the SCA
can be given as
maximize

w,{ηb ,zb ,tb }b∈B ,
{gbk }b∈B,k∈K

(A.1.7a)

∑ ϖb ηb
b∈B

b

subject to

(n)

(n)

ηb + φ qol (zb ,tb ; zb ,tb ; 1) ≤ 0, ∀b ∈ B
(n) (n)
Ibk (w) + σb2k + φ qol (wbk , gbk ; wbk , gbk ; Hb,bk ) ≤ 0,

(A.1.7b)
∀bk

(3.4b), (A.1.6c), (A.1.6d).

(A.1.7c)
(A.1.7d)

Numerical experiments
In the following, numerical experiments are provided to evaluate the effectiveness of the
proposed SCA based algorithms in terms of the convergence behavior and the achieved
performance. The simulation scenario as used in Section 3.4 is considered. Accordingly,
simulation parameters are taken in Table 3.2. The following beamforming designs are
considered in the evaluation:
– NEE-SCA: SCA procedure solving (A.1.2).
– SWEE-SCA: SCA procedure solving (A.1.5). Equal priorities are set for all the nodes,
i.e, ϖb = 1, ∀b ∈ B.
– NEE-FP: the design based on fractional programming (FP) proposed in [83].
– SWEE-FP: the design based on FP proposed in [96]. This scheme was studied for
MIMO channels. However, it can easily be derived for MISO channels by setting the
number of the receive antenna to one.
Note that to reduce the computational burden for the simulations, the iterative process
of each considered algorithm is terminated either when the increase in the objective
between two consecutive iteration is less than 10−5 or after 106 iterations.
Convergence performance
Fig. A.1.1 shows the convergence behavior of the considered EE approaches. In
particular, Fig. A.1.1(a) compares the convergence speed of the SCA frameworks
and the FP methods in terms of required number of iterations for convergence. The
figure plots the gap between the current objective value at iteration n and the one at the
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convergence, generally denoted as f EE (w(n) ) and f EE (w∗ ) respectively, for one random
channel realization. As can be seen, the SCA based methods have steady monotonic
converge properties, and achieve the objective value of the convergence point after ten
iterations in the considered setting. For the FP based approaches, the convergence is
reached after hundreds or even thousands of iterations, while the monotonicity is not
always guaranteed, e.g., for the NEE-FP method.
For a more comprehensive comparison in terms of convergence speed, the CDFs of
the total number of iterations needed for convergence are provided in Fig. A.1.1(b) . It
is observed that for 90% of channel realizations, the SCA converges after 30 iterations,
whereas the FP based methods need even thousands of iterations to terminate. This
observation again shows the superiority of the SCA algorithms in terms of complexity
compared to the conventional approaches.
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Fig. A.1.1. Convergence behavior of different EE schemes with Pb = 30 dBm [79].

Achieved EE performance
Fig. A.1.2 compares the average EE performances obtained by the SCA and FP based
methods versus Pb . In particular, Fig. A.1.2(a) plots average network EE achieved by the
NEE-SCA and NEE-FP methods, and Fig. A.1.2(b) shows the average sum EE of the
SWEE-SCA and SWEE-FP methods. It is seen that the SCA based methods achieves
approximately the same EE performance compared to the corresponding FP methods in
small and moderate power regions. This, in addition to convergence results, implies
that the SCA framework can offer similar performances compared to the conventional
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Fig. A.1.2. Achieved EE performance versus Pb [79].

approaches but with much reduced complexity. Another important observation is that
the EEs achieved by the FP based methods downgrade for the large value of Pb . The
reason can be explained as follows. When Pb increases, the feasible set of the EE
problems is expanded which results in the increasing number of iterations required
for the convergence. However, due to the threshold on the maximum iterations for
the iterative process, the FP based methods may not reach the suboptimal solutions
within 106 iterations. Consequently, they may output poor performances leading to the
decrease of average achieved EE value. This observation again points out the drawback
of the two-layer iterative procedure in practice.
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Appendix 2 Proofs of Lemmas 3.1 and 3.2
2.1

Proof of Lemma 3.1

The convergence analysis of Algorithm 3.2 can be done exactly in the same way as
in [158]. Herein, another convergence proof for Algorithm 3.2 is provided which is
also the key to establishing the convergence results of Algorithm 3.3. In particular,
the new proof is inspired by the recent work of [171] in which the authors show the
monotonicity of the Lagrangian function by a proper choice of the penalty parameter.
(n+1)

By the power constraint at each BS, it is assumed that Sb

given in (3.20) is a

nonempty closed convex set. To proceed, consider the problem SCAn+1 and denote
by I

(n+1)

(n+1)

Sb

the indicator function of Sb

(n+1)

, i.e., I

(n+1)

Sb

(x) = 0 if x ∈ Sb

and +∞

otherwise. Then the constrained optimization problem in (3.28) can be rewritten as
(l+1)
(l)
(l)
(l+1)
χb
= arg min − ηb + ξb (ηb − η̄ (l+1) ) + (ζζ b )T (θθ b − ν b )
(n+1)

χ b ∈Sb

+


c
(l+1)
χ b)
(ηb − η̄ (l+1) )2 + kθθ b − ν b k22 + I (n+1) (χ
Sb
2

(l+1)

, arg min Lb

χ b) + I
(χ

(n+1)

Sb

(n+1)
χ b ∈Sb

χ b ).
(χ

(A.2.1)

(l+1)

It is known that if χ ∗b is the solution of (A.2.1) then 0 ∈ ∇χ b Lb
where the notation ∂ I

(n+1)

Sb

That is ∂ I

(n+1)

Sb

(x) = {u ∈ Sb

(n+1)

| hu, y − xi ≤ 0 ∀y ∈ Sb

(n+1)

is in fact the normal cone of Sb

(n+1)

at x ∈ Sb

(n+1)

Sb

(x) denotes the set of all subgradients of I
(n+1)

(n+1)

Sb

χ ∗b ) + ∂ I
(χ

χ ∗b ),
(χ

(x) [193].

}. Note that ∂ I

(n+1)

Sb

(x)

[193, pp. 215]. Now one can show

the monotonic decrease of the augmented Lagrangian between two consecutive iterations
in the inner loop of Algorithm 3.2. Let the left side of (3.34) be split into three terms as
ϑ (l+1) , χ (l+1) , ζ
L (n+1) (ϑ

(l+1)

,ξ

(l+1)

(l)

(l)

ϑ (l) , χ (l) , ζ , ξ )
) − L (n+1) (ϑ

ϑ (l+1) , χ (l+1) , ζ (l+1) , ξ (l+1) ) − L (n+1) (ϑ
ϑ (l+1) , χ (l+1) , ζ (l) , ξ (l) )]
= [L (n+1) (ϑ
(l)

(l)

(l)

(l)

(l)

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ ) − L (n+1) (ϑ
ϑ (l+1) , χ (l) , ζ , ξ )]
+ [L (n+1) (ϑ
(l)

(l)

ϑ (l+1) , χ (l) , ζ , ξ ) − L (n+1) (ϑ
ϑ (l) , χ (l) , ζ , ξ )].
+ [L (n+1) (ϑ

(A.2.2)
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The first term in (A.2.2) refers to the Lagrange multipliers update which can be expressed
as
ϑ (l+1) , χ (l+1) , ζ
L (n+1) (ϑ

(l+1)

,ξ

(l+1)

(l)

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ )
) − L (n+1) (ϑ

1 B
(l+1)
(l)
(l+1)
(l) 
(ξb
− ξb )2 + kζζ b
− ζ b k22 .
∑
c b=1

=

By the step of updating local variable ηb , the following optimality condition is obtained
(l)

(l+1)

1 − ξb − c(ηb

(l+1)

− η̄ (l+1) ) = 1 − ξb

∈ ∂I

(l+1)

(n+1)

Sb

(ηb

).

(A.2.3)

(n+1)

Since all constraints in Sb
are continuously differentiable, it is known that
χ b ) is Lipschitz continuous. Let d be the Lipschitz constant of I (n+1) (χ
χ b ).
I (n+1) (χ
Sb

Then kgk2 ≤ d for all

(l+1)
g ∈ ∂ I (n+1) (ηb
).
S

As a result, one has

b

(l+1)

Sb
(l+1)
(l)
B
− ξb )2
∑b=1 (ξb

≤

(l)

− ηb )2 . Similarly, the above arguments can be applied to achieve
∑Bb=1 d 2 (ηb
(l+1)
(l)
(l+1)
(l)
− ζ b k22 ≤ ∑Bb=1 d 2 kθθ b
− θ b k22 . Thus, the first term can be bounded
∑Bb=1 kζζ b
as
ϑ (l+1) , χ (l+1) , ζ
L (n+1) (ϑ

(l+1)

,ξ

(l+1)

(l)

B

≤

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ )
) − L (n+1) (ϑ

d2
(l+1)
(l)
(l+1)
(l)
((ηb
− ηb )2 + kθθ b
− θ b k22 ).
c
b=1

(A.2.4)

∑

(l+1)

For the second term in (A.2.2) it is noted that χ b

is the solution to (A.2.1) and thus

the following equality holds
(l)

(l)

(l)

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ ) − L (n+1) (ϑ
ϑ (l+1) , χ (l) , ζ , ξ )
L (n+1) (ϑ
B

=

(n+1)

∑ (Lb

(n+1)
χ (l+1)
χ (l)
(χ
) − Lb
(χ
b
b ))

b=1

E
B
B D
c
(l)
(l+1) 2
(l)
(l+1)
(l+1)
χ (l+1)
χ (l)
= − ∑ ((ηb − ηb
) + kθθ b − θ b k22 ) + ∑ ∂ I (n+1) (χ
), (χ
−χb )
b
b
Sb
b=1
b=1 2
E
B D
 (l)
(n+1)
χ (l+1)
χ (l+1)
χ b − χ (l+1)
− ∑ ∇χ b Lb
(χ
) + ∂ I (n+1) (χ
) , (χ
)
b
b
b
b=1
B

Sb

E
B D
c
(l+1)
(l)
(l+1) 2
(l)
(l+1) 
χ (l+1)
χ (l)
(ηb − ηb
) + kθθ b − θ b k22 + ∑ ∂ I (n+1) (χ
), (χ
− χb ) .
b
b
Sb
b=1 2
b=1

=−∑
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Remark that



(l+1)
χ (l+1)
χ (l)
∂ I (n+1) (χ
), (χ
)
b
b −χb
S

≤ 0 due to the definition of ∂ I

(n+1)

Sb

b

(x).

Thus, the second term can be bounded by
(l)

(l)

(l)

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ ) − L (n+1) (ϑ
ϑ (l+1) , χ (l) , ζ , ξ )
L (n+1) (ϑ
(A.2.5)

B

c
(l)
(l+1) 2
(l)
(l+1) 
(ηb − ηb
) + kθθ b − θ b k22 .
b=1 2

≤−∑

Finally, the third term in (A.2.2) is equivalent to
ϑ (l+1) , χ (l) , ζ (l) , ξ (l) ) − L (n+1) (ϑ
ϑ (l) , χ (l) , ζ (l) , ξ (l) )
L (n+1) (ϑ
D
E
ϑ (l+1) , χ (l) , ζ (l) , ξ (l) ), ϑ (l) − ϑ (l+1)
= − ∇ϑ L (n+1) (ϑ
B
c
(l+1)
(l)
− ν b k22 )
− ∑ ((η̄ (l) − η̄ (l+1) )2 + kνν b
2
b=1

(A.2.6)

B
c
(l+1)
(l)
− ν b k22 )
= − ∑ ((η̄ (l+1) − η̄ (l) )2 + kνν b
2
b=1

since ϑ (l+1) is the optimal solution of the unconstrained optimization problem
(l)

(l)

ϑ , χ (l) , ζ , ξ )}.
min {L (n+1) (ϑ
ϑ

Combining (A.2.4), (A.2.5), and (A.2.6), inequality (3.34) is obtained which also
completes the proof.
2.2

Proof of Lemma 3.2

The proof of Lemma 3.2 follows the same steps as those for Lemma 1, but some
modifications are made since the SCA parameters in Algorithm 3.3 are immediately
updated right after every ADMM iteration. First the left side of (3.35) is rewritten as
ϑ (l+1) , χ (l+1) , ζ
L (ϑ

(l+1)

ϑ (l+1) , χ (l+1) , ζ
= [L (ϑ

,ξ

(l+1)

(l+1)

,ξ

(l)

(l)

ϑ (l) , χ (l) , ζ , ξ )
) − L (ϑ

(l+1)

(l)

(l)

(l)

(l)

(l)

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ )]
) − L (ϑ
(l)

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ ) − L (ϑ
ϑ (l+1) , χ (l) , ζ , ξ )]
+ [L (ϑ
(l)

(A.2.7)

(l)

ϑ (l+1) , χ (l) , ζ , ξ ) − L (ϑ
ϑ (l) , χ (l) , ζ , ξ )].
+ [L (ϑ
Note that the first and the last terms can be bounded exactly as done in (A.2.4) and
(A.2.6), respectively. Thus to prove Lemma 3.2 one only needs to deal with the second
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χ b | (3.5c),
term in (A.2.7). Towards this end, let S˜b denote the feasible set, i.e., S˜b , {χ
χ b ) denote the indicator function of
(3.5e), (3.5f), (3.19b), (3.19c)}, and again, let IS˜b (χ
S˜b . The update of local variable step is now equivalent to the following convex program
(l+1)

minimize Lb
χ b ∈S˜b

(l+1)

subject to ub

χ b ) + IS˜b (χ
χ b)
(χ

(A.2.8a)

χ b ) ≤ 0 b ∈ B,
(χ

(A.2.8b)

(l+1)
χ b ) ≤ 0,
vbk (χ
(l+1)

where Lb
gbk −

b ∈ B,

χ b ) is given in (A.2.1), u(l+1)
χ b ) = ηb −
(χ
(χ
b

(l)
2ℜ((wb )H Hb,bk wbk )
k

(l)
qb
k

+

(l)
|hb,bk wb |2 qbk
k
(l) 2
(qb )

(l)

2zb

(l)
tb

zb +

(A.2.8c)
(l)
(zb )2
(l)

(tb )2

(l+1)

tb , and vbk

χ b) =
(χ

. Remark that (A.2.8) is considered instead of

k

(l+1)

(A.2.1) since ub

χ b ) and v(l+1)
χ b ) are replaced by new constraints after each
(χ
(χ
bk

iteration. Let πb ∈ R and ωbk ∈ R be the Lagrangian multipliers of (A.2.8b) and (A.2.8c),
respectively. The second term in (A.2.7) can now be rewritten as
(l)

(l)

(l)

(l)

ϑ (l+1) , χ (l+1) , ζ , ξ ) − L (ϑ
ϑ (l+1) , χ (l) , ζ , ξ )
L (ϑ
B

(l+1)

= ∑ (Lb

(l+1)
χ (l+1)
χ (l)
(χ
) − Lb
(χ
b
b ))

b=1
B
c
(l)
(l+1) 2
(l)
(l+1)
= − ∑ ((ηb − ηb
) + kθθ b − θ b k22 )
2
b=1
Kb
E
B D
(l+1)
(l+1)
(l)
(l+1)
χ (l+1)
χ (l+1)
χ (l+1)
+ ∑ ∂ IS˜b (χ
) + πb ∇χ b ub (χ
) + ∑ ωbk ∇χ b vbk (χ
), χ b − χ b
b
b
b
b=1
B D

−∑

k=1

(l+1)

∇χ b Lb

b=1

χ (l+1)
χ (l+1)
(χ
) + ∂ IS˜b (χ
)
b
b
(l+1)

+ πb ∇χ b ub

Kb
E
(l+1)
(l+1)  (l)
(l+1)
χ (l+1)
χ
(χ
)
+
ω
∇
v
(χ
)
,
χ
−
χ
.
χ
b
∑
k
b
b
b
b
b bk
k=1

(A.2.9)
(l+1)

Since χ b
(

is optimal to (A.2.8), the KKT conditions result in
(l+1)

0 ∈ ∇χ b Lb


(l+1)
(l+1)
Kb
χ (l+1)
χ (l+1)
χ (l+1)
χ (l+1)
(χ
) + πb ub (χ
) + ∑k=1
ωbk vbk (χ
) + ∂ IS˜b (χ
)
b
b
b
b
(l+1)

πb ≥ 0, ωbk ≥ 0, πb ub
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(l+1)
χ (l+1)
χ (l+1)
(χ
) = 0, ωbk vbk (χ
) = 0.
b
b

(A.2.10)

(l+1)

χ b ), the following equality holds
(χ
D
E
(l+1)
(l+1)
(l+1)
(l+1)
χ (l+1)
χ (l)
χ (l+1)
χ (l)
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(χ
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b
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∇
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(A.2.11)

Due to the linearity of ub

where
(l)
(l)
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χ (l)
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)
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2zb

(l−1)
tb
(l)
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t
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b
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(l)
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)
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−
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In the same way one has
(l+1)
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E
(l)
(l)
(l+1)
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(l)
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(l)
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χ
χ
χ
(χ
)
−
v
(χ
)
+
∇
v
(χ
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(χ
−
χ
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χ
b
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(A.2.12)
(l)

where

(l−1) (l−1)

(l)

(l)
(l) ℜ(hb,bk wb,bk )
δbk (w, {qbk }) , qbk (
(l)
q
bk

−

ℜ(hb,b wb,b )
k
k
)2 .
(l−1)
qb

Thus, by (A.2.10), (A.2.11),

k

(l+1)
(l+1)
(l)
χ b(l+1) )−u(l)
χ (l)
χ (l+1)
χ (l)
(A.2.12) and noting that πb (ub (χ
(χ
)−vbk (χ
b (χ
b )) ≥ 0, ωbk (vbk
b
b )) ≥
D
E
(l+1)
(l)
(l+1)
χ b ), (χ
χ b − χ b ) ≤ 0, an upper bound of (A.2.9) is given as
0, and ∂ IS˜b (χ

ϑ (l+1) , χ (l+1) , ζ (l) , ξ (l) ) − L (ϑ
ϑ (l+1) , χ (l) , ζ (l) , ξ (l) )
L (ϑ
B
B
c
(l)
(l+1) 2
(l)
(l+1)
(l)
≤ − ∑ ((ηb − ηb
) + kθθ b − θ b k22 ) − ∑ δb
2
b=1
b=1
(l)

(l)

(A.2.13)

(l)

where δb , πb δb ({zb ,tb }) + ∑Kk=1 ωbk δbk (w, {qbk }). Hence, combining (A.2.4),
(A.2.6), and (A.2.13) leads to (3.35) , and thus completes the proof.
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Appendix 3 Proof of Lemma 4.1
To prove Lemma 4.1, one needs to show that (4.9b) is active at the optimum. This can
be done by the contradiction. Let (η ∗ , w∗ , r∗ , ρ ∗ ) be an optimal solution of (4.10) and
suppose that (4.9b) is not active at the optimum, i.e., rk∗ < log(1 + γk (w∗ )) for some k.
Then the transmit power for user k, i.e., kwk k22 , can be scaled down to achieve a new
beamformer kŵk k22 such that
kŵk k22 = λ kwk k22 < kwk k22
for λ ∈ (0, 1) while keeping the others unchanged. By doing so, one can achieve
rk∗ < log(1 + γk (ŵ)) for all k, since the interference power at all users has reduced.
However, the new set of beamformers also generates a new power consumption vector
on PAs

∑
b∈Brh

ρ̂b <

∑

ρb∗ ,

b∈Brh

which immediately implies the increase of the EE objective, i.e., η > η ∗ . This contradicts
the fact that (η ∗ , w∗ , r∗ , ρ ∗ ) is the optimal solution. Thus (4.9b) is active at the optimum.
Now for a fixed (x∗ , s∗ , r∗ , ρ ∗ ), problem (4.9) reduces to a beamforming design subject
to the desired data rate r∗ and the power constraint
Mrh

∑ ||w̃∗b,m ||2 = ρb∗ , ∀b ∈ Brh

m=1

such that at the output of (4.11), (4.9b) must be binding.
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Appendix 4 Convergence analysis of Algorithm 4.3
The convergence of Algorithm 3 can be justified by showing the following facts: (i)
when β̄ (n) < β̄max , the update of β̄ (see Step 5) tightens the approximations (4.34a) and
(4.34b) after every iteration; and (ii) let n̄ be the iteration such that β̄ (n̄−1) < β̄max and
β̄ (n̄) = β̄max , then the sequence {η (n) }n>n̄ is non-decreasing, which is guaranteed to
converge.
(n)

To prove (i), let us consider the non-smooth constraint (4.34a), i.e., x̃b,k ≥ ϕβ̄ (ub,k ; ub,k )
with arbitrary β̄ . Since it holds that ϕβ̂ (.) ≥ ϕβ̄ (.) for any β̂ ≥ β̄ , one can re(n)

(n)

place ϕβ̄ (ub,k ; ub,k ) by ϕβ̂ (ub,k ; ub,k ) in (4.34a) to obtain a tighter approximation, i.e.,
(n)

x̃b,k ≥ ϕβ̂ (ub,k ; ub,k ). Similarly, the same argument holds true for (4.34b).
Next, argument (ii) can be proved as follows. Recall that the feasible set of (4.35)
is bounded by power, fronthaul and users’ QoS constraints. Thus, to show (ii), it is
(n)
Ω ) is feasible
sufficient to prove that the solution of (4.35) returned at iteration n (i.e., Ω̃
to the problem at iteration n + 1 for n > n̄, as such η (n+1) ≥ η (n) [76, 81]. To this end, it
(n)
Ω satisfies (smooth) constraints (4.25)–(4.27) at iteration n + 1 which
is noted that Ω̃
follows from the properties of convex approximation (also discussed in [154, Properties
(i) and (ii)]). On the other hand, for non-smooth constraint (4.34a) at iteration n + 1, one
has
(n)

(n)

(n)

(n)

ϕβ̄max (ub,k ; ub,k ) = min{1, β̄max ub,k } ≤ x̃b,k ,
(n)

(n)

since (ub,k , x̃b,k ) is the solution of (4.35) at iteration n. Moreover, the result for (4.34b)
can also be obtained following the same manner. From the mentioned facts, one can
conclude (ii).
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Appendix 5 Convexity of function
The function

x2
√
y

x2
√
y

is strictly convex over x > 0, y > 0 which can be shown via the

second-order condition. More specifically, the Hessian of the function is


x
√2
−
3/2
y
y
,
A=
3x2
x
− y3/2
4y5/2
and thus one has
2v2 2xv1 v2 3x2 v2
xv2 2 x2 v21
2
[v1 v2 ]A[v1 v2 ]T = √ 1 − 3/2 + 5/22 = √ (v1 −
) + 5/2 > 0,
y
y
2y
y
4y
4y
for all non-zero vector [v1 v2 ], i.e., A is positive definite.
It is interesting that the constraint
SOCs as

x2
√
y

≤ t can be equivalently represented by two


k[2x, t − v]k ≤ t + v
x2
2
√ ≤t ⇔

y
k[2y, v − 1]k2 ≤ v + 1

.
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Appendix 6 Optimal equivalence between
problems EEF-OW and (5.36)
The optimal equivalence between problems (5.36) and EEF-OW can be proved as
∗
Ω be the optimal solution of (5.36). Define k̂ , arg maxk∈KP {η̂k } where
follows. Let Ω̇
sp

η̂k , P̄1k +


Pk0
τ̃ ∗ ε1k
p ∗ + Pk00 .
+
∗
∗
ṙ1k ṙ1k
p̃1k

Recall that constraints in (5.36e) hold with equality at the optimum following the
epigraph transformation. Thus it is sufficient to show that:
– (i) there exists k̂ such that constraint (5.33) (or equivalently, constraints (5.34)
and(5.35)) w.r.t. k̂ is active at the optimum, meaning that η̂k̂ is the optimal solution of
(5.36), i.e., η̂k̂ = η̇ ∗ ;
– (ii) constraints (5.27) and (5.6) w.r.t. k̂ hold with equality at the optimum.
In these regards, problems (5.36) and EEF-OW obtain the same optimal values of
(w∗ , ṙ∗ , τ ∗ , p∗ ) as can be seen by constraints in (5.36e). Thereby, one can achieve
eh


P0
−1
τ̃ ∗ ε
1
sp
fk̂EE,OW (τ ∗ , p∗ , ṙ∗ ) = P̄1k̂ + ∗k̂ + ∗ q1k̂ + Pk̂00
= ∗
eh
∗
ṙ1k̂ ṙ1k̂
η̇
p̃1k̂
which implies the equivalence between problems (5.36) and EEF-OW. Arguments (i)
and (ii) are shown as follows.
First, argument (i) can easily be justified, since η̂k̂ < η̇ ∗ contradicts the fact that
η̇ ∗ is the optimum. Thus (5.33) holds at the optimum for k̂, and η̂k̂ = η̇ ∗ . Similarly,
argument (ii) can also be proved by contradiction. Consider problem (5.36) and suppose,
to the contrary, that (5.27) does not hold at the optimum for k̂. Then, ṙ1∗k̂ can be scaled

up by a positive-scaling factor λ > 1 such that r̂1k̂ , λ ṙ1∗k̂ = log(1 + ġ∗1k̂ ). It can also be
easily checked that the new value r̂1k̂ is still feasible to (5.36). However, substituting r̂1k
to (5.36) results in a strictly smaller objective, i.e.,
sp

P1k̂ +
This contradicts the fact that

Pk̂0
r̂1k̂

η̇ ∗

+


ε
τ̃
p1k̂ + Pk̂00 < η̇ ∗
r̂1k̂
p̃1k̂

is the optimal solution. In the same manner, one can

argue that (5.6) w.r.t. k̂ holds with equality at the optimum of EEF-OW. This leads to
(ii), and thus completes the proof.
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