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Abstract

This paper considers orthogonal frequency division midtgccess (OFDMA) systems with simultaneous
wireless information and power transfer. We study the resoallocation algorithm design for maximization
of the energy efficiency of data transmission (bits/Jouliveleed to the receivers). In particular, we focus
on power splitting hybrid receivers which are able to spiié received signals into two power streams for
concurrent information decoding and energy harvestingo Saenarios are investigated considering different
power splitting abilities of the receivers. In the first sago, we assume receivers which can split the received
power into a continuous set of power streams with arbitranyey splitting ratios. In the second scenario, we
examine receivers which can split the received power orily andiscrete set of power streams with fixed power
splitting ratios. In both scenarios, we formulate the cgpmnding algorithm design as a non-convex optimization
problem which takes into account the circuit power consumnpthe minimum data rate requirements of delay
constrained services, the minimum required system datg eatd the minimum amount of power that has
to be delivered to the receivers. Subsequently, by exptpitiactional programming and dual decomposition,
suboptimal iterative resource allocation algorithms ai@psed to solve the non-convex problems. Simulation
results illustrate that the proposed iterative resourteation algorithms approach the optimal solution within
a small number of iterations and unveil the trade-off betwerergy efficiency, system capacity, and wireless
power transfer: (1) wireless power transfer enhances thiesyenergy efficiency by harvesting the energy in the
radio frequency, especially in the interference limitegimee; (2) the presence of multiple receivers is beneficial

for the system capacity, but is not necessarily beneficiattfe system energy efficiency.
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I. INTRODUCTION

Orthogonal frequency division multiple access (OFDMA) basn widely adopted as the air interface
in high speed wireless multiuser communication networkss tb its immunity to channel delay
spread and flexibility in resource allocation. In an OFDMAst®ym, a wideband frequency selective
spectrum is converted into a number of orthogonal narrowgtheaguency flat subcarrier channels which
facilitates the multiplexing of users’ data and the expgibdn of multiuser diversity. On the other
hand, next generation communication systems are expexteapport multiple users and to guarantee
quality of service (QoS). The increasing demand for higradate and ubiquitous services has led
to a high energy consumption in both transmitter(s) andiveos). Unfortunately, portable mobile
devices are usually only equipped with limited energy sigsplbatteries) which creates bottlenecks in
perpetuating the lifetime of networks. Besides, the bpttapacity has improved at a very slow pace
over the past decades and is unable to satisfy the new erexgirements [3]. Consequently, energy-
efficient mobile communication system design has becomeomipent approach for addressing this
issue in energy limited network5|[1[3[7] . Specifically, amoemous number of technologies/methods
such as energy harvesting and resource allocation optimizhave been proposed in the literature
for improving the energy efficiency (bits-per-Joule) of &éss communication systems. Among the
proposed technologies, energy harvesting from the enviemt is particularly appealing as it constitutes
a perpetual energy source. More importantly, it providdssaestainability to systems and is virtually
free of cost.

In practice, numerous renewable energy sources can beitepfor energy harvesting, including
solar, tide, geothermal, and wind. However, these naturatgy sources are usually location, weather,
or climate dependent and may not always be available in sedlmdoor environments or suitable for
mobile devices. On the other hand, wireless power tranefghmiplogy, which enables the receivers to
scavenge energy from propagating electromagnetic wavie§ (i radio frequency (RF), has gained
recent attention in both industry and acadenia [8]-[14¢lekd, RF signals carry both information
and energy simultaneously. Thus, the RF energy radiatedhdyransmitter(s) can be recycled at the
receivers for prolonging the lifetime of networks. Yet, thelization of EM waves as a carrier for
simultaneous information and power transfer poses many nesearch challenges for both resource
allocation algorithm and receiver design. [n1[10] ahdl [1hE fundamental trade-off between wireless
information and wireless power transfer was studied for fd@ing and frequency selective fading,

respectively. Specifically, an ideal receiver was assumg#id] and [11] such that information decoding
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and energy harvesting can be performed on the same recaed which is not possible in practice yet.
As a compromise solution, three different types of the remsi namelypower splitting separated
and time-switchingreceivers, were proposed in_[12], [13]. In particular, f@ver splittingreceiver
splits the received power into two power streams with a cemp@wer splitting ratio for facilitating
simultaneous energy harvesting and information decodnghé receiver. The authors in [12] and
[13] investigated the rate-energy regions for differenpety of receivers in two-user and point-to-
point single carrier systems, respectively. However, theblem formulations in[[12] and_[13] do
not take into account the heterogeneous data rate requiteroé users and the results may not be
to guarantee the requirements and applicable to multiecasystems with arbitrary numbers of users.
On the other hand, the authors in [14] focused on the resoaltoeation algorithm design for a
point-to-point single user system witower splittingreceiver in ergodic fading channels. Yet, the
assumption of channel ergodicity may not be well justified delay sensitive services in practice
since the transmitted data symbols of these services exmerislow fading. Besides, the high power
consumption in electronic circuitries and RF transmisgiase been overlooked in [10]=[14] but play
an important role in designing energy efficient communaasystems[[15],[[16]. In other words, the
energy efficiency of the systems in these works remains umknb addition, a portion of RF energy
can be harvested by the RF energy harvesting receivers fmoinmg the system energy efficiency.
Yet, the system models adopted in the literattre [10]-[I3thdt consider the energy recycling process
from an energy efficiency point of view. By incorporating tbiecuit power consumption and the RF
energy harvesting ability of receivers in the problem folation, we presented i [1] andl[2] two
energy efficient resource allocation algorithms for malticer systems assumirggparatedreceivers
andpower splittingreceivers, respectively. Nevertheless, [1] dnd [2] do nby fexploit the degrees of
freedom in resource allocation since data multiplexing iffecent users on different subcarriers was
not considered. Moreover, the algorithm proposed_In [2hieca high computation complexity at the
transmitter since the optimal power splitting ratio is fduria a full search over a continuous variable.
Furthermore, the power splitting ratio may take only digerdevels in practice and the results In [2],
which were designed for continuous power splitting ratexg, no longer applicable.

In this paper, we address the above issues. To this end, weifaie the resource allocation algorithm
design for energy efficient communication in OFDMA systenighwimultaneous wireless information
and power transfer as an optimization problem. In particwa focus on the algorithm design fpower
splitting receivers and consider both continuous and discrete pguigirgy ratios. Besides, users data
multiplexing on different subcarriers is incorporated Ire tproblem formulation. The resulting non-

convex optimization problems are solved by iterative atgars which combine nonlinear fractional
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Fig. 1. An OFDMA downlink communication system withh = 3 mobile receivers. The upper half of the figure illustratesiaclo

diagram of the transceiver model for wireless informatio @ower transfer.

programming and dual decomposition. Simulation resultsstitate an interesting trade-off between

energy efficiency, wireless power transfer, and multiuseerdity.

II. SYSTEM MODEL

In this section, we present the adopted OFDMA signal modedsthe model for the hybrid infor-

mation and energy harvesting receiver.

A. OFDMA Channel Model

We consider an OFDMA downlink system in which a transmittervices X' mobile receivers. In
particular, each mobile receiver is able to decode infolonaand harvest energy from the received radio
signals. All transceivers are equipped with a single ardaenfi Figurd lL. The total system bandwidth is
B Hertz and there are subcarriers. We focus on quasi-static block fading chanaetl assume that
the downlink channel gains can be accurately obtained hybfeek from the receivers. The downlink

received symbol at receivére {1, ..., K} on subcarriet € {1, ..., np} is given by
Yir =V Piklege Hip Xig + Lix + 2, + Z,s 1)

where X, ., P, and H,, are the transmitted data symbol, the transmitted power,tla@dnultipath
fading coefficient from the transmitter to receiveron subcarrieri, respectivelyl, and g, represent
the path loss and shadowing attenuation from the transmdteeceiverk, respectively.Z;, and Z¢,
are additive white Gaussian noises (AWGN) originating freignal processing and the antenna on
subcarrier: of receiverk, respectively. They are modeled as Gaussian random vesiakith zero

means and varianceg. and o2, respectively, cf. Figur€l1l,, is the received aggregate co-channel

291
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interference on subcarrier of receiverk with zero mean and variance; . which is emitted by

unintended transmitters sharing the same frequency channe

B. Hybrid Information and Energy Harvesting Receiver

In practice, the model of an energy harvesting receiver ngpen its specific implementation. For
example, electromagnetic induction and electromagnatication are able to transfer wireless power
[11], [14]. Nevertheless, the associated hardware chiesitn the receivers and the corresponding energy
harvesting efficiency can be significantly different. Besidthe signal used for decoding the modulated
information cannot be used for harvesting energy due tovemel limitation [14]. In order to isolate
the resource allocation algorithm design from the spec#icvare implementation details, we do not
assume a particular type of energy harvesting receiverhik gaper, we focus on receivers which
consist of an energy harvesting unit and a conventionalasignocessing core unit for concurrent
energy harvesting and information decoding, cf. Figurenlparticular, we adopt a receiver which
splits the received signal into two power streams [14] in Rkefront end with power splitting ratigs
pir and pf.. Subsequently, the two power streams with power splittiigprp;”, and p;, are used
for harvesting energy and decoding the modulated infolnaith the signal, respectively. Indeed, by
imposing power splitting ratigsof pir = Lph = 0 andp/, = 0,pf, = 1, the hybrid receiver
reduces to a tradition information receiver or energy hsting receiver, respectively. Furthermore, we
assume that the harvested energy is used to replenish ageahke battery at the receiver. Besides,
each receiver has a fixed power consumptiorPef Watts which is used for maintaining the routine
operations in the receiver and is independent of the amdumrgested power. We note that in practice
the receivers may be powered by more than one energy soudctharmarvested energy may be used

as a supplement for supporting the energy consumptiohthe receivers, [17].

[Il. RESOURCEALLOCATION - CONTINUOUS SET OF POWER SPLITTING RATIOS

In this section, we consider the resource allocation algardesign for maximizing the system energy
efficiency for the case of a continuous set of power splittiaigps. The derived solution provides not

only a useful guideline for choosing a suitable number otmite power splitting ratios in the power

!Indeed, p! ,, and pfk represents the fraction in splitting the received power sdrit on subcarrieri for information decoding and
energy harvesting, respectively. Yet, we follow the comicenin the literature[[14] and adopt the term “power spiigtiratios” in the
paper.

2 In this paper, a perfect passive power splitting unit is aesi; i.e., the power splitting does not incur any power corsion and

does not introduce any power loss or signal processing roiglee system.

3In this paper, the unit of Joule-per-second is used for gneogsumption. Thus, the terms “power” and “energy” arerttiangeable.
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splitting unit, but also serves as a performance benchnuarthé case of discrete power splitting ratios.
Now, we define the system energy efficiency by first introdgadhre weighted system capacity and the

power dissipation of the system.

A. System Energy Efficiency

Assuming the availability of perfect channel state infotioa (CSI) at the receiver, the channel
capacity between the transmitter and receivem subcarrieti with subcarrier bandwidthl” = B/ng
is given b
P ilkgr Hik|?
P02 +07,) + 0%

where P, .I'; ;. is the received signal-to-interference-plus-noise ré8NR) on subcarrief at receiver

(2)

Ci,k = W10g2 (1 + B,kFi7k> and Fi,k =

k. The weighted system capacity defined as the aggregate number of bits deliveredl tceceivers

and is given by
ngp K

U(P,S,p) =Y Y arsixCix [bitslg, (3)

i=1 k=1
whereP = {P,;, > 0,Vi, k} is the power allocation policys = {s;, = {0, 1}, Vi, k} is the subcarrier

allocation policy, andp = {pi{k,pfk > 0,Vi, k} is the power splitting policy with variable;sik and
pfk introduced in Sectioh II-Ba;, > 0, Vk, is a non-negative constant which accounts for the présriti
of different receivers and is specified by the applicatioyetaln practice, proportional fairness and
max-min fairness can be achieved by varying the values,ofver timé¢ [20]. On the other hand, for
facilitating the resource allocation algorithm design, imeorporate the total power consumption of the
system in the optimization objective function. In partaylthe power consumption of the considered

system,Urp(P, S, p), consists of five terms and can be expressed as:

K np K K
Urp(P,8.p) = Po, + KPe, + Y > ePsin— Y Qp, — Y Q1 [Joulely, 4)
k=1 i=1 k=1 k=1
ng K
where Qp, = > (Z E,jsi,j>lkgk|Hi,k|2nkak )
i=1  j=1

J/

Power harvested from information signal at receiver

nr

and Q;, = > (0% + 0t ol (6)

i=1

J

Power harvested from interference signal and antenna @abiseceiverk

“The received interference signil on each subcarrier is treated as AWGN in order to simplifyatgrithm design[[13],[[18].

® Optimizing the value ofy; for achieving different system objectives is beyond thepscof this paper. Interested readers may refer
to [19] for further details.
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The first three terms if1{4), i.efc, + KPc,, + Zle St ePigs; k. represent the power dissipation
required for supporting reliable communicatioR., > 0 is the constansignal processing circuit
power consumptiom the transmitter, caused by filters, frequency synthesete., and is independent
of the power radiated by the transmitter. Variabl§$’-, and 31, S7* P, ;s;, denote the total
circuit power consumption in thé receivers and the power dissipation in the power amplifier of
the transmitter, respectively. To model the power inefficieof the power amplifier, we introduce a
multiplicative constants > 1, for the power radiated by the transmitter ih (4) which takes account
the joint effect of the drain efficiency and the power amplift@itput backoff [15]. For example, if

e = 10, then10 Watts of power are consumed in the power amplifier for everyatt\&f power radiated

in the RF; the wasted power during the power amplificationsgsigated as heat. On the other hand, the
last two terms in[(l), i.e.+ Zszl Qp, — Z,ﬁil Q1,, represent the harvested energy at fheeceivers.
The minus sign in front onle Qp, in @) indicates that a portion of the power radiated in the RF
from the transmitter can be harvested by thiereceivers. Besides) < n, < 1 in () and [6) is a
constant which denotes the energy harvesting efficiencyatfile receiverk in converting the received
radio signal to electrical energy for storage. In fact, mertnklkgk\Hmefk in (®) can be interpreted
as afrequency selective power transfer efficiefaytransferring power from the transmitter to receiver
k on subcarrieri. Similarly, the minus sign in front oEszl Q1. in (@) accounts for the ability of
receivers to harvest energy from interference signals.Wéightedenergy efficiencyf the considered
system is defined as the total average number of bits suatigssinveyed to thex receivers per Joule
consumed energy and is given by

U(P,S,p)
UTP<7D7 ‘57 p)

It is worth mentioning that unlike in other system modelsduge the literature([18],[[2[1], here the

Uef(P, S, p) [bits/Joule. (7)

unintended interference signal may be beneficial to theesygterformance as far as the system energy
efficiency is concerned. Although strong interference imgthe channel capacity, strong interference
can act as a vital energy source which supplies energy toettevers and facilities energy savings in
the system.

Remark 1:Mathematically, it is possible that;»(P, S, p) takes a negative value. Yéiyp(P,S, p) >
0 always hold in practical communication systems due to tHeviing reasons. First, it can be observed
that 1, o8 ePgsin > S, SO Posir > Son Qp,, Where the strict inequality is due to the
second law of thermodynamics from physics. In particulae tommunication channel between the
transmitter and théS receivers is a passive system which does not introduce erggy to the signals.

Besides, the desired signal energy received at the recisiveitenuated due to path loss and energy
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scavenging inefficiency. Second, the interference poweorgrolled (via regulation) to a reasonable

level [22] for reliable communication which results R, + K Po,, > Sn, Q.-

B. Optimization Problem Formulation

The optimal power allocation policf®*, subcarrier allocation policys*, and power splitting policy

p*, can be obtained by solving the following optimization gdesh:

max U.¢(P,S, p)

P,S,p
ngp K
st CliQp, +Qp > Pid Vk, C2:)> Y Pissin < Puax,
i=1 k=1
ngp K ngp K

C3: Po,+ Y Y ePisin < Pra,  C4) > 5i4xCik > Ruin,

i=1 k=1 =1 k=1

ng
C5: > 5i4Cik > Ruin,, Yk € D, C6: P, > 0, Vi, k,

i=1

K
C7: 5.5, = {0,1},Vi, k, C8: > sip <1, Vi,
k=1
C9: pF < pfk < pE, Vi, k, C10: ph < pi{ksi,k < pt, Vi, k,
Cllipf,sik + pie < 1, Vi, k, C12:pf), = py, Yk i # j. (8)

Variable P in C1 is a constant which specifies the minimum required pavegrsfer to receiver.
The value ofP,., in C2 puts an upper limit on the power radiated by the trartemiThe value of
P..x is a constant which depends on the hardware limitations efpibwer amplifier. C3 limits the
maximum power supplied by the power grid for supporting tbevgr consumption of the transmitter
to Ppg, cf. Figurell.R,,;, in C4 is the minimum required data rate of the system. Altloiig;, is not

an optimization variable in this paper, we can strike a baddmetween the system energy efficiency and
the total system throughput by varying its value. In paticuwhenR,;, is increasing, the resource
allocator may increase the transmit power for satisfyirgghilgher data rate requirement by sacrificing
the system energy efficiency. C5 is the minimum required dat@ R,,;,, for the delay constrained
services of receivek, which is specified by the application layer, afddenotes a set of receivers
having delay constrainedservices. C6 is the non-negative orthant constraint of th&ep allocation
variables. C7 and C8 indicate that each subcarrier can besédid to at most one receiver exclusively in
conveying information; inter-user interference is avdide the system. Besides, C8 indicates that some
subcarriers can be excluded from the subcarrier selectioceps for energy efficiency maximization.

Boundary variableg’ andp? in C9 denote the constant upper and lower bounds of the paguliing
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ratio for harvesting energy, respectively. The bounds aesliio account for the limited capability of the
receivers in splitting the received power. Similagl, and? in C10 denote the constant upper and lower
bounds of the power splitting ratio for information decaglinherept + pf =1 andp? + p/, = 1. C11

is the power splitting constraint of the hybrid informatiand energy harvesting receivers. Its physical
meaning is that the power splitting unit, see Fidure 1, isssppa device and no extra power gain can be
achieved by the power splitting process. C12 constrainptieer spitting ratio for energy harvesting,
pZEk such that it is identical for all subcarriers in each reeei\r heoretically,of,C can be different across
different subcarriers. However, in this case, an analogtadapassive frequency selective power splitter
is required which results in a high system complexity. Tferee we consider a more practical scenario
where p?. = pFy., Vk,Vj # i. We note that we do not imposg, = p!,,Vk,Vj # i, in the problem

formulation since different subcarriers can be used fortipleking the data of different receivers.

C. Solution of the Optimization Problem

The key challenge in solving](8) is the lack of convexity i throblem formulation. In particular,
the objective function in[{8) is a ratio of two non-convex €tions which generally results in a non-
convex function. Besides, constraints C1-C12 do not spaonsex solution set due to the integer
constraint for subcarrier allocation in C7 and the coupl@tinoization variables in C1. In general,
there is no standard approach for solving non-convex opétian problems. In the extreme case, an
exhaustive search or branch-and-bound method is needdatdam dhe global optimal solution which
is computationally infeasible even for a sméll andnx. In order to make the problem tractable, we
transform the objective function and approximate the fiansed objective function in order to simplify
the problem. Subsequently, we use the constraint relaxafiproach for handling the integer constraint
C7 to obtain a close-to-optimal resource allocation athari Next, we introduce the objective function

transformation via a parametric approach from nonlineactional programming.

D. Transformation of the Objective Function

For notational simplicity, we defing as the set of feasible soluti(Hmf the optimization problem
in B) spanned by constraints C1-C12. Without loss of gditgrave assume tha{P, S, p} € F and
we denoteg* as the maximum energy efficiency of the considered systerohatan be expressed as

. U, S p*) U(P,S,p)

p— prm— - . . 9
1 Urp(P*,S8*, p*) g}gff(’ Urp(P, S, p) ®)

®We assume that the set is non-empty and compact.
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Now, we introduce the following important Theorem which isrfowed from nonlinear fractional
programming([2B] for solving the optimization problem [0).(8

Theorem 1:The resource allocation policy achieves the maximum eneffigiency ¢* if and only

max U(P,S,p) — ¢Urp(P,S, p)

P.S.p
= U(P*,S8,p")—q¢Urp(P*, 8" p*) =0, (10)
for U(P,S,p) >0 andUrp(P,S, p) > 0.

Proof: Please refer ta [7, Appendix A] for a proof of Theorem 1.

Theoren 1l provides a necessary and sufficient condition serdeng the optimal resource alloca-
tion policy. In particular, for an optimization problem Wwitan objective function in fractional form,
there exists an equivalent optimization problem with aneotiye function in subtractive form, e.g.
U(P,S,p) — ¢*Urp(P,S, p) in the considered case, such that both problem formulatiess to the
same optimal resource allocation policy. Moreover, thenogit resource allocation policy will enforce
the equality in[(ID) which provides an indicator for verifgithe optimality of the solution. As a result,
we can focus on the equivalent objective function and deaigesource allocation policy for satisfying

Theorem 1 in the rest of the paper.

E. Iterative Algorithm for Energy Efficiency Maximization

In this section, an iterative algorithm (known as the Ditlasih meth(ﬂl[@]) is proposed for solving
(8) with an equivalent objective function such that the oi®d solution satisfies the conditions stated
in Theorem 1. The proposed algorithm is summarized in Talde khe next page) and the convergence
to the optimal energy efficiency is guaranteed if the innebfem [11) is solved in each iteration.

Proof: Please refer ta_[7, Appendix B] for a proof of convergence.

As shown in Tabléll, we solve the following optimization pledm for a given parameter in each

iteration in the main loop, i.e., lines 3-12:
max U(P,S, p) - qUTP(Pv‘Sap)
P,S.p
s.t. C1 - C12 (11)

We note that for any value gfgenerated by Algorithm | in each iteratioii(P, S, p)—qUrp(P, S, p) >
0 is always valid; negative energy efficiencies will not océlease refer td [7, Proposition 3] for a proof.

In fact, the transformed objective function, i.&(P, S, p) — qUrp(P, S, p), has an interesting pricing

"We note that the Dinkelbach method is an application of Newtmethod for root finding, please refer fo [15], [24] for aiég.
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10
TABLE |

ITERATIVE RESOURCEALLOCATION ALGORITHM.

Algorithm Iterative Resource Allocation Algorithm [Dinkelbach mett}
1: Initialization: L,,,, = the maximum number of iterations amkl= the maximum tolerance

2: Setq = 0 and iteration index = 0

3: repeat {Iteration Process: Main Logdp

4. For a givery, obtain an intermediate resource allocation poligy, S’, p'} by solving the problem
in (1T)

5. it U(P,S,p') —qUrp(P'.S', p') < A then

6: Convergence-true

. * * 1 / / / * U(Plaslap/)
7: return {P*, 8, p'} ={P', &', p'} andq* = 555375
8: €else
10: Convergence-= false
11:  end if

12: until Convergence= trueor j = L,,4.

interpretation from the field of economics. In particul&;P, S, p) indicates the system profit due to
information transmission whileUrp(P, S, p) represents the associated cost due to energy consumption.
Besides, the termQp, and@;, in Urp(P, S, p) are the corresponding rebate and discount to the energy
cost via energy harvesting. The optimal valuegafepresents a scaling factor for balancing the profit

and cost.
1) Solution of the Main Loop Problemh {11)fhe transformed problem has an objective function

in subtractive form and is parameterized by variafpléJnfortunately, there are still two obstacles in
tackling the problem. First, the power splitting variabiesinformation decoding and energy harvesting,
i.e., p,, andpl;, are coupled with the power allocation variables in both dabgective function and

constraint C1 which complicates the solution. Second, tmlxnatorial constraint C7 on the subcarrier
allocation variables creates a disjoint feasible solusetwhich is a hurdle for solving the problem
via tools from convex optimization. In order to derive a tedide resource allocation algorithm, we
approximate the transformed objective function in thedwihg. First, we approximate theeighted

system capacitas

ngp K
UP.S,p) = Y3 awsyWlog, (1+ Pislix) ~ U(P, S, p) (12)
i=1 k=1
ngp K
where ﬁ(P, S, p) = Z Z Oéksi’kW10g2 (Pi,kri,k> (13)

i=1 k=1
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11

which is a tight approximation for high SINR, i.e€?, ;I'; , > 1. On the other hand, we adopt a lower
bound onU7p(P, S, p) in the transformed objective function in(11):

K

nr
Urp(P,S,p) > Urp(P,S,p) = Po, + KPoy + Y Y  ePigsin
i=1 k=1

nr

K K K
- Z Z ( Z Pz‘,jsz‘,j> Legie | H o, — Z Qr,. (14)
k=1 =1 =1

j=1

We note thaiiA]Tp(P,S,p) is obtained by setting;fk =11in Urp(P,S, p). Indeed,UTp(P,S,p) can

be interpreted as the use of a theoretical receiver whichlesta fully recycle and harvest the energy
of the signal used for information decoﬂngﬂ\s a result, the transformed objective function can be

approximated by
U(P,S,p) — qUrp(P,S, p) SUP,S, p) — qUrp(P,S, p). (15)

On the other hand, by exploiting constraint C12, we can tewgonstraint C1 in the following form

to remove the associated non-convexity:

nF K nr req
Pmin
clL Z (Z Pivjsivj>lk9k|Hz‘,k\2?7k + Z oF Mk > (16)
=1 j=1 i=1 P1k
where the right hand side of the inequality inl(16) is due tosta@int C12:p7, = p5). = ... = p} =

c.= pfka. Besides, we can further simplify the algorithm design ylaeing C12 with the following

equivalent constraint:
C13:py, = plp Ve, r ={2,...,np}. (17)

Next, we handle the combinatorial constraint in C7 by tirharg relaxation. In particular, we relax
the subcarrier selection variabig; to be a real value between zero and one instead of a Boolean, i.
C7:0 <s;, < 1. As aresults; , can be interpreted as a time-sharing factor in allocatihgarier: to
K receivers for delivering information. In addition, we iotiuce two new auxiliary variables and define
them asP;;, = P, s, and i = Pipsik- They represent the actual transmitted power and the power

splitting ratio for information decoding on subcarriefor receiverk under the time-sharing condition,

respectively. On the other hand, we replacg, in C4 and C5 in[(I11) byC;, = Wlog, (f: flk>
Tix = Tixl 1, while Gy, > C;». We note that althoughi’;, > C;, generally holds(;; ~ C; is
i,k’:si:k,

asymptotically tight in the high SINR regime. Since the fekssolution set of the problem wittﬁ*l-JC in

8Note thatpfk = 1 is only applied to the received energy harvested from therinétion signal, but not to the portion harvested from

the interference signals.
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C4 and C5 is a subset of the original problgmhe solution obtained with the Dinkelbach method for
the approximated objective function can be used as a subapsolution to the original optimization
problem in [B). Nevertheless, it will be shown in the simigiatsection that the proposed resource
allocation algorithm achieves a close-to-optimal perfance in high SINR. Note that by considering
the transformed optimization problem with the approxindadéjective function and relaxed constraint
C7 in each iteration of the Dinkelbach method, the proposbérmse converges to the optimal solution
of the problem with the approximated objective functiorradiuced in [(I4).

The problem with approximated objective function is jojnioncave with respect to (w.r.t.) all
optimization variables (cf. Appendix) and it can be furtlverified that the primal problem satisfies
Slater’'s constraint qualification. As a result, strong dwaholds and solving the dual problem is
equivalent to solving the primal problem |25]. Motivated thys fact, we solve the primal problem by

solving its dual problem in the following.

F. Dual Problem Formulation

In this subsection, the resource allocation policy is dativia solving the dual problem df (11) with
approximated objective function. For this purpose, we fiestd the Lagrangian function of the primal

problem. The Lagrangian of (IL1) is given by

£<W7)\7fy7ﬁ767v7u7c77)787p)

1 K K n
:ZF Z(ak ++ Uk)si,kéi,k — q(PCT + KPq,, + Z ZFg]—:)Zk

=1 kn;l o ) k=1 i=1 v
_Z Z (Z Pi,j>lkgk|Hi,k|277k - Z ka,> — YRmin — 5(PPG — Pe, + Z Z 6P¢,k>
k=1 i=1  j=1 k=1 i=1 k=1
nr K ~ nrp K
_)\<ZZPZ’k max) Zz(slk<pzk+pzk ) ZCZ(ZSZk_l)
i=1 k=1 i=1 k=1 =1
_Z Z ik (,01 k— Pi ) Z U Rinin,,
k=1 i=2 keD
K req ng K ng
—Z wk( - (Z )lkgk\Hi,k\Qﬁk -> Ui’k,mz), (18)
=1 j=1 i=1

°In general, the constraint relaxation used in C7 may resuét superset of the feasible solution set. Yet, it will be shawthe next
section that the optimal subcarrier allocation policy wilspect to the approximated objective function takes gahfeeither zero or
one on each subcarrier. In other words, the subcarrieraltmt policy is a Boolean even though it is allowed to take walpe between

zero and one; i.e., the size of the feasible solution set doeshange with the constraint relaxation in C7.
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~ F)’L ~ ~
where C;, = W log, <—:rk> and [y = Iip|
’ pi,kisi’k,

and is the Lagrange multiplier vector corresponding to tividual minimum required power transfer

. w has elementsv, > 0, k € {1,..., K},

o~

constraint.A > 0 accounts for the maximum transmit power allowari¢g, in constraint C2.5 > 0

is the Lagrange multiplier connected to C3 accounting far plower usage from the power grid at
the transmitter:y is the Lagrange multiplier associated with the minimum datz requirement of
the system in C4» denotes the Lagrange multiplier vector connected to theinmuim individual
data rate requirement of receivkrin C5 and has elements, > 0,k = {1,..., K}. We note that
v, = 0,VEk ¢ D, for the receivers requiring non-delay constrained ses«i¢ is the Lagrange multiplier
vector accounting for the subcarrier assignment const@®and has elements,i = {1,...,ng}.

é is the Lagrange multiplier vector connected to the poweitts constraint C11 and has elements
dir,t =A{1,...,np}, k={1,..., K}. pis the Lagrange multiplier vector connected to constraiti2 C
and has elements; ,,i = {1,...,nr}, k = {1,..., K}. On the other hand, the boundary constraints
C6, C7, C9, and C10 on the optimization variables are cagtbyethe Karush-Kuhn-Tucker (KKT)
conditions when deriving the resource allocation solutiothe next section. Thus, the dual problem

for the primal problem[(11) is given by

min max E(W7 )\7 ’}/7 /87 57 U7 l’l/7 C? P’ 87 p)' (19)

W7)\,PY76757U74207” P7S7p

G. Dual Decomposition Solution

In this section, the optin@ resource allocation policy is obtained via Lagrange duabdegposition.
Specifically, the dual problem in_(119) is decomposed into erarchy of two levels. Level 1, the
inner maximization in[(119), consists afz subproblems with identical structure that can be solved in
parallel. Level 2, the outer minimization in_(19), is the re@gproblem. The dual problem can be solved
iteratively. Specifically, in each iteration, the trandmertsolves the:r subproblems by applying the
KKT conditions for a fixed set of Lagrange multipliers. Thé tsolutions of the subproblems are used
for updating the Lagrange multiplier master problem via ginedient method.

Level 1 (Subproblem Solution)Jsing standard convex optimization techniques and the KHKii-c
ditions, for a givery, in each iteration of the Dinkelbach method, the power allion policy and the
power splitting policy on subcarrierfor receiverk are given by

+
Wow 47+ 00) | v (20)
In(2) (@i

% *
Pi,k = Slkpzk = Sik [

%In this section, an optimality refers to the optimality fdret problem formulation using the time-sharing assumptiod the

approximated objective function.
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K

®i=qe + Be + A — > _(q+ wi)lkg| Hikl i, (21)
k=1
M req PG
pEr = [ Ok i ]+ Vk, and (22)
L Ok — q(o2a + Ui,k,)m + 2?22 Hj,k pE7 ’
- L
— pg
pfl: = Q(Uga + U?j’k,)ﬁk - 6j,k + Hoj ke 5 Vkvj = {27 cee 7nF}7 (23)
i P
Pl
W, o?
~]x Ix i,k P .
Pit = SikPir=Sik . — ,VZ, ]{], (24)
* * [2 (2)(Gi)(0% +0F,)  200% + o-i,,)] y
? L
U =02 \/4W(ak +v 4 v (0% + ai’k) + (6; ) In(2)02 (25)

and i, x = 0. Here, operatorgz] " and [z], are defined agz]” = max{0,z} and [z]; = ¢, if = >
¢,[z], =a, ifd <z <cz], =d if d> z respectively. The power allocation solution [n](20)

is known as multilevel water-filling. In particular, the weatlevel in allocating power on subcarrier

W(ag+y+v)

1 for receiverk, i.e., n(2)3: 1

, Is not only directly proportional to the priority of receiwk via
variableay, but also depends on the channel gains of the alher1 receivers via the ter@,ﬁil(q+
wi)lkgk| Hi x)*nx. Besides, Lagrange multipliers, vy, and wy force the transmitter to transmit with
a sufficiently high power to fulfill the system data rate regument, R,;,, the individual data rate
requirements of the receivers having delay constrainedcssy, R,,;,,, and the minimum power transfer
requirement,P it , for receiverk, respectively. Moreover, as can be observed from (20), tveep
allocation solution?, is independent of; ; which facilitates a simple allocation design.

On the other hand, the power splitting ratio for informatidecoding,p{j;, is also in the form
of water-filling and the water-level depends on the prionfythe receiver vian, in (24). Besides,
Lagrange multipliey., . affects the power splitting ratio solution for energy hatigg in (22) and[(23)
such thatpy’, will eventually equalp,,Vj = {2,...,nr}, as enforced by consensus constraint C12.
Furthermore, it can be observed froml(24) thatif+o7 > o2, i} — pf, eventually. Ifp} = 0, then
the solution suggests that when the interference power rilies the power of the signal processing
noise, an infinitesimally small portion of received poweoskl be used at the receivers for information
decoding in order to achieve the optimal performance; piedithat the data rate constraints C4 and
C5 are satisfied. In other words, most of the received powtreateceivers should be used for energy
harvesting. This is due to the fact that wheh + o7 > o2, the SINR on each subcarrier approaches

Piﬁkpfj;clk*gk*‘Hi,k‘Q Pi,klkgk|Hi,k‘2

I 2 2 2 2 2
pz,k( z@ Ii,k) z8 z@ Ii,k’

decreasing function of/’;. Therefore,p’ — pf; andp/; — pj become the optimal power splitting

i7

and is independent {}; BesidesﬁTp(P,S,p) IS @ monotonically

policy for energy efficiency maximization. The above factlicates that in the interference limited
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regime, a hybrid information and energy harvesting receimast achieve a higher energy efficiency
than the traditional pure information receiver.
On the other hand, subcarriéns assigned to receiveér when the following selection criterion is
satisfied:
1 if k= arg max M, ,

S;k = (26)
0 otherwise

VES
Pik )
(pi3) (0% +0F,) + o

whereM;; = W(% +7+ Uk) [10g2 (EfklkgﬂHi,kF) + log, (

: 7 [ @7)
n(2)  In(2)(pf5 (0% + o7 ) +o2)] >

is the marginal benefit provided to the system when subcarigeassigned to serve receiverin other
words, receivek is selected for information transmission on subcaririéit can provide the maximum
marginal benefit to the system. Besides, if receivdras a high priority or a stringent individual data
rate requirement, it will have high values @f or v, and the resource allocator at the transmitter will
have a higher preference to serve receWewxith subcarrieri. On the other hand, it can be observed
from (28) that although constraint relaxation is used inst@int C7 for facilitating the design of
the resource allocation algorithm, the subcarrier aliocapolicy on each subcarrier for the relaxed
problem remains a Boolean; time sharing does not occur.

Remark 2: The above observation for the optimal power splitting polit the interference limited
regime is valid for both the problem with the original objeetfunction and the problem with the
approximated objective function. Indeed, if the case of raerference limited regime is considered,
the use of the approximated objective function is not nesgsinstead, we can first spf,j — pE and
pi — pi, in the problem formulationp!”; and p/;, become constants and the associated non-convexity
vanishes. Then, we optimizé and S by following a similar approach as used [ (B)4(27).

Level 2 (Master Problem Solution)fhe Level 2 master problem if_(119) can be solved by using the

gradient method which leads to the following Lagrange rplir update equations:

_ ngp K

Ao+ 1)=[Aw) = &) % (Pase =303 ﬁ;,kﬂf (28)
) i=1 k=1
_ np K ~ n

Blu+1)=|B(u) = &(w) x (Pra = Po = 3 3Py )| (29)
) i=1 k=1
_ ng K

Y+ D)= [ = (@) x (30D 5uaCis = R )| (30)
) i=1 k=1

ig(u+1)= 5zk(u) — &ulu) x (1 - /lek - /%Ekﬂ +,Vi, k, (31)
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Mr,k(u + 1) = |:/~Lr,k(u) - 55(71,) X (pf,k - p5k>:| ,V'f’ S {27 s 7nF}7 Vk7 (32)

wi(u+ 1) = [w(u) — &(w)

ng req

K ng
i Pmin
X( E ( E R,])lkgk|Hz,k‘2?7k+ E Ui,kﬂk - E k7>:|7Vk7 (33)
i=1 j=1 i=1

Pik
ng _ +
vr(u+1)= [Uk(u) —&r(u) X <Z $ikCik — Rminkﬂ Vk €D, (34)
=1
where indexu > 0 is the iteration index and,(m), t € {1,...,7}, are positive step sizes. Then, the

updatem Lagrange multipliers in[{28)E(B4) can be used for updatimg tesource allocation policy
in (20)-(27) via solving thexrr subproblems in[(19). As the primal problem with the appraatied
objective function is jointly concave w.r.t. the optimiiat variables, it is guaranteed that the primal
optimal solution can be obtained by solving the problemseandl 1 and Level 2 iteratively, provided
that the chosen step size&s(m), are sufficiently small [25],[[26]. We note that other thae tidopted
gradient method, different iterative algorithms such asehipsoid method can also be used for finding

the optimal Lagrange multipliers due to the convexity of th&l problem[[25].

IV. RESOURCEALLOCATION DESIGN - DISCRETE SET OF POWER SPLITTING RATIOS

In practice, due to the high complexity associated with ahhpgecision power splitting unit, the
RF energy harvesting receivers may only be capable of isglithe received power into two power
streams with a finite discrete set of power splitting ratinghis section, we design a resource allocation
algorithm for such receivers. In particular, we assume thate areN distinct power splitting ratios
for energy harvesting and information decoding at eachiveceThus, the power splitting ratios for
energy harvesting and information decoding on subcairfer mobile receiverk can be represented

by the following constraints:

Claipf, = (P pl, .o ol oYY, CLipl = (ol pl, o plry o o). (35)

pym andpyt, n € {1,2,..., N}, are the possible power splitting modes for energy hamvestnd infor-

mation decoding adopted in receivier respectively. The corresponding resource allocatioorélgnm

design can be formulated as the following optimization peob

%’,l%?,(; Ueff(P7 87 p)

s.t.  C1-C8, C11, C12, C14, C15 (36)

it can be observed that updatidg is not necessary since it does not affect the result of theastibr allocation solution ir {26).
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Similar to the case of a continuous set of power splittingpgathe objective function of the above prob-
lem formulation inherits the non-convexity of the fractariorm of the objective function. Therefore,
by using Theorem 1, we can transform the objective functromfthe fractional form to a subtractive
form and solve the problem via the Dinkelbach method. As showTable[l, in each iteration of the

main loop, i.e., lines 3-12, we solve the following optiniaa problem for a given parameter

max U(P,S, p) — qUrp(P,S, p)
P,S,p

st. Cl1-Cs, Cl11, Cl12, C14, C15 (37)

The additional difficulty in solving the above optimizatigmoblem compared to the problem for-
mulation in [8) is the disjoint/discrete nature of the optiation variablesp/, and p/,, cf. C14 and
C15 in [35). In general, an exhaustive search is requirectaim the global optimal solution and the
search space grows in the order/®f“"", which may not be computationally feasible for systems of
moderate size. In the following, we transform](37) into atnirafzation problem with tractable solution
by exploiting subcarrier time-sharing and the concept afgrosplitting mode selection. In particular,

different values o,

can be treated as different operating modes of recéivath different equivalent
SINRs. Then, we combine the subcarrier selection with theraipng mode selection by augmenting
the dimensions of the optimization variables. To this end,define the channel capacity between the
transmitter and receivér on subcarrier with channel bandwidthl” by using power splitting mode
as

P lege | Hi x|
(0% +0f )+ o2

Beo= Wiogy (1+ PAIT,), Th = (38)

and P/, T}, is the received SINR on subcarriérat receiverk using power splitting mode: for
information decoding. Theveighted system capacitg defined as the total average number of bits

successfully delivered to th& receivers via theV power splitting modes and is given by

Uy, s i > Z ays! Oy, (39)

i=1 k=1 n=1
whereP" = { P/} > 0,Yi, k,n} is the power allocation policy an8" = {s}, = {0,1}, Vi, k,n} is the
subcarrier allocation policy for the case of discrete poggitting ratios. We note that the subcarrier

allocation policy in[(3B) incorporates the power splittimpde selection for information decoding. On
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the other hand, the power consumption of the system can lieewias

ng K N K N
UTP<7>N,8N,AN>=PCT+KPCR+ZZZE TS =Y Y Qb = > > QF (40)

i=1 k=1 n=1 k=1 n=1 k=1 n=1
ng

K N
where Qp, = ) (Z > Pls n)lkgk|Hi,k|2nkPkEnaZ (41)

i=1  j=1m=1

J/

Power harvested from information signal at receivewith power splitting mode:

nr

and Q) = Z(%a"‘@ )pr A : (42)

i=1
N J/
'

Power harvested from interference and antenna noise aveeéewith power splitting mode:

Here, AN = {a} = {0,1},Vk,n} is the power splitting ratio selection policy for energy Vesting. In
the above problem formulation} is the optimization variable which captures the selectibtne power
splitting modep; for energy harvesting. Similar to the case of the continusetsof power splitting
ratios, we consider an approximation of the objective fiomctfor facilitating a tractable resource
allocation algorithm design in the following. First, thessym capacity between the transmitter and the
K mobile receivers can be approximated by

Upy, SN) U(PN SYy = iZZakszk

i=1 k=1 n=1

Cre = Wlog, (P1I) (43)
andg in (43) is due to the high SINR assumption. On the other handwar bound for the total

power consumption of the system is given by

ng N

K
Urp(PN, 8N, AN) > Upp(PN, 8N, AN) = Py, + K Pe,, + ZZZ Plst,

=1 i=1 n=1

_ZZ<ZZPZJ3”>%%|HM| Nk _ZZZQM (44)

i=1 k=1 j=1m=1 k=1 n=1 i=1
where ﬁTp(PN,SN,AN) is obtained by setting,"ay = 1. Then, the objective function for the

optimization problem with discrete sets of power splittiagtors is given by

UPY,8N) — qUrp(PN, SN, AY) < UPN,SN) — qUrp(PVN, SN, AY). (45)
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A. Optimization Problem Formulation
With a slight abuse of notation, we reformulate the optimiaraproblem with discrete power splitting

ratios to be solved in each iteration as follows:

max U(PN, SN) — qﬁTP(PN7 SN, AN)

PN SN AN
N ngp K N
s.t. Cl: Zng +Q} > Pl VE, C2:) > > Pl < P
= i=1 k=1 n=1
ng np K N
C3: P+ Z Zs st < Pra, Ca:) >N 1O > R,
i=1 k=1 n=1 i=1 k=1 n=1
ng
C5: ) Z s1.Cr. > Rugin,, Yk € D, C6: P, >0, Vi, k,n,
i=1 k=1 n=1
K N
C7:s7, = {0,1}, Vi, k,n, C8: > ) sh <1, Vi,
k=1 n=1
N
C9:al = {0,1}, Vk,n, C10: Y aj =1,Vk,
n=1
N N
C11:pp sy + ZpkE’”ak <1, Vi, k,n, C12:) " pimsiy + pprap < 1, Vi k,n.  (46)

Constraints C1-C6 have the same physical meanings as irdbiem formulation in[(B). Constraints
C7-C12 are imposed to guarantee that in each receiver oelp@ner splitting mode can be selected for
information decoding and energy harvesting. Besides, @il1C4 2 indicate that no extra power gain can
be achieved in the power splitting process. On the other hiednon-convexity of the above problem
formulation is caused by the coupled optimization variabfeC1 and the combinatorial constraints in
C7 and C9. In analogy to the techniques used for solving thiengmation problem in[(1l1), we solve
problem [[46) in the following two steps. In the first step, vedak constraints C7 and C9 such that
variabless;, anda;, can assume any value between zero and one, i.e.Q €77, < 1,Vi, k,n and
C9:0 < ajy, <1,Vi, k,n. Thens}, andaj, can be interpreted as the time sharing factors for receiver
k in utilizing subcarrieri with power splitting mode:. We also define a new variab}é’j,C = s, b, for
facilitating the design of the resource allocation aldorit In fact,]%fbk represents the actual transmit
power of the transmitter for receivérin subcarrier: if power splitting moden is used under the time

sharing condition. In the second step, we replace const@iinn (46) by

ng K N ng nPreq

Z (Z Z ﬁf;) Legi| Hy k) > + Z(Uga +of ) > =gt Vk,n. (47)

i=1  j=1m=1 i=1 pk
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Although C1’ is equivalent to C1 in[{46) only i} takes a binary value, i.eq} = {0,1}, and
S L ap =1, it will be shown in the next section that the optimal solutir a} has a binary form
under constraint C1’, despite the adopted constraint agilaxx. Consequently, the optimization problem
with the approximated objective function and the constrestaxation is now jointly concave w.r.t. all
optimization variables. Besides, it satisfies Slater’'s constraint qualificatiohergfore, we can apply
dual decomposition to solve the primal problem via solvitsgdual problem. The Lagrangian function

of the primal problem in[{46) is given by

L(w, m B,8,v,¢,k,¢ PN, SV, AY)

ng ne
S 3)3) NINEEEHENC CHRDIIED 9 9 9E 2

i=1 k=1 n=1 k=1 n=1 i=1
np N K K N np K N
—Z > (Z f)z‘r,bj)lkgk|Hi,k|2nk -> ZQ};) — YRuin — Q(Z > st 1)
k=1 i=1 n=1 j=1 k=1 n=1 i=1 k=1 n=1
ngp K np K N
SO W ED ) WA +Zp£’"ak -1)
i=1 k=1 n=1 i=1 k=1 n=1
ng
—ZZZHM<Z/) zk+pknak_1) kalenk
i=1 k=1 n=1 keD
N L R W S SR
SOD (o =3 (303 P Yhanl Hoalme = D (0% + 07 )
k=1 n=1 Pk i=1  j=1 m=1 i=1
K N np K N
S on(Sar—1) = 8(Pra— Po, + 303 3Py, (48)
k=1 n=1 i=1 k=1 n=1

where )\, 3, and~y are the scalar Lagrange multipliers associated to consir@?2, C3, and C4 iri_(46),
respectivelyw, v, ¢, 4, andk are the Lagrange multiplier vectors for constraints C1’, CB8, C10,
C11, and C12 which have element§ > 0,n = {1,... , N}k ={1,..., K}, v >0, > 0,i =
{1,...,nr}, i, 07y, andx}, respectively. We note that there is no restriction on theeaif ¢; since

it is associated with the equality constraint C10. Thus,dbal problem is given by

min max £<W7 )\7 77ﬁ7 67 v? (P7 ’67 C’PN78N7AN)' (49)

W7>\7PY76757U7C7'<’207<P PN7SN,AN

B. Dual Decomposition Solution

By using dual decomposition and following a similar apptoas in Sectiod II-G, the resource

allocation policy can be obtained via an iterative procedidior a given set of Lagrange multipliers

12The concavity of the above optimization problem can be pidwe following a similar approach as in the Appendix for theeaf

continuous power splitting ratios.
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{w,\,7,5,0,v, ¢, k,(}, the power allocation policy, power splitting policy, anabsarrier allocation

policy for receiverk using power splitting mode on subcarrieti are given by

+
Wiag + v+ vi)

Pl = siy Pl = si , Vi, k, (50)
In(2) (cbi,k)
1 if n=argmax 7T} ,Vk,
ag = ’ (51)
0 otherwise
ng N ng bPreq
E min
T, = pkb(anZ(Uza +UI 225 Z“%) Tk — Pk (52)
i=1 i=1 m=1 i=1 k

1 if n,k=argmax M, ,Vi,
SZ;; _ c,b ’ (53)
0 otherwise

I"

M = W {op 4y + o) [ logy (Plitionl Hisl?) +1ogy ( )
N kT T Uk 82 ( Pi bk gkl Hil 82 P (0% + Uli,k) + o2,
1 0.2S ] N
— _ z 5n _( ! ) In : 54
n2)  In(2)(pf3(0% + 03 ) +02) wPE ; k)P G (54)

and ®, ;. is defined in[(2b). The power allocation solution [nl(50) hasrailar multi-level water filling
interpretation as in[(20). The difference betwelen (20) &) (s that the power allocation ih_(50) is
performed w.r.t. each power splitting mode. On the otherdhéncan be observed from (51) ard{(53)
that the optimal values of} and sy, are binary numbers, although time sharing relaxation isl dise
facilitating the algorithm design.

Now, since the dual function is differentiable, we can updéie set of Lagrange multipliers for a

given set of PV, SV, AV by using the gradient method. The gradient update equasicngiven by

ng K

Mo+ 1) = [ M) = &1(w) X (P ZZZP{@)} , (55)
) i=1 k=1 n=1
Blu+1)=[Bw) — &) x (Pra = Pe =33 D ePi)] (56)
) =1 k=1 n=1
Y+ 1)=[7(w) = &) x (R Zzzsfk I (57)
) i=1 k=1 n=1
5Zk(u+1)::5;fk(u)_f4( ) X (1_Pk Sik Z/)k ak)TF,W,k,n, (58)
i N N
sz:(u_'_ 1)= m?k(u) — &5(u) x <1 — Zpémsﬁ pf’“aﬁ)] Vi, k,n, (59)
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ng k req

K ng
7 aanin
(30 (0 P st + 3002 + o e — 255 Y], (60
i=1 k

i=1  j=1

wipu+ 1) = [wp(u) - &(u)

vr(u+1)= [Uk(u) — & (u) x (Rmink, — i i Sik Alnkﬂ +,‘v’k e D. (61)

i=1 n=1
Similar to the case of a continuous power splitting ratiggjating(; andy; is not necessary since they

will not affect the power splitting mode selection and sulieaallocation in[(5ll) and (33), respectively.

V. RESULTS

In this section, simulation results are presented to detretesthe energy efficiency and system
capacity of the proposed resource allocation algorithmes.c@hsider an indoor communication system
with a maximum service distance o0 meters. There ar&” receivers uniformly distributed between
the reference distanc®& = 1 meter and the maximum service distance. Each transceiassismed
to have an effective antenna gain of dB. The TGn path loss model [27] is adopted with a carrier
center frequency of70 MH. We note that the wavelength of the carrier signdl.tsmeter which is
smaller than minimum distance between the transmitter ecélivers. Thus, the far-field assumption of
the channel model in_[27] holds. The operating bandwidtB is 20 MHz with nr = 128 subcarriers
which results in a subcarrier bandwidth 8f = 156 kHz. All receivers are assumed to have the same
priority oy, = 1, Vk, in resource allocation. We assume that the signal prawgsmise, o, in every
receiver is due to thermal noise and quantization noisecifiqgaly, a 12-bit uniform quantizer is used
for quantizing the information carried on each subcarmethie fast Fourier transform computation. As
a result, the quantization noise power and the thermal nmseer on each subcarrier arel7 dBm
and —112 dBm, respectively. In addition, the antenna noise is sentgit’g = —44 dBm. The multipath
fading coefficients of the transmitter—receiver commutiocachannels are generated as independent
and identically distributed (i.i.d.) Rician random vatied with Rician factor 6 dB. The shadowing of
all communication links is set tg, = 1, Vk, to account for the line-of-sight communication setting.
We assume the maximum power supply of the transmittdrds = 50 dBm and the minimum data
rate requirement of the system i&,;, = 50 Mbit/s. Unless further specified, we assume that there is
one receiver requiring delay constrained service with aimum data rate requirement @t,,;,, = 10
Mbit/s. Besides, the minimum required power transfer areddéhergy harvesting efficiency are set to

Pl =0dBm, Vk, andn, = 0.8, Vk, respectively. Also, we set the static circuit power constioms

ming

13The 470 MHz frequency band will be used by IEEE 802.11 for the nextegation of Wi-Fi systems [28].
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Fig. 2. Average system energy efficiency (bits/joule) versumber of iterations with different levels of interfereqmower,ai,k, and
different values of maximum transmit power allowanég,... There are’ = 3 receivers in the system. The dashed solid lines represent
the upper bound of energy efficiency after algorithm coneecg.

of the transmitter and each rece%o Pc, =30 dBm andF.,, = 10 dBm, respectively. Furthermore,
we assume a class A/B power amplifier with a power efficiency66f is used at the transmitter [29],
e, e = 0—116 = 6.25. The average energy efficiency of the system is computedrdiogpto (7) and
averaged over multipath fading and path loss. In the sedjeltotal number of iterations is defined
as the number of main loops in the Dinkelbach method. For #s= ©f continuous power splitting
ratios, we set = pl, = 1 and p¥ = pL = 0. Besides, there are five power splitting ratios for
the resource allocation with the discrete set of powertirpryitratios:pfk = {1,0.75,0.5,0.25,0} and
Pt =10,0.25,0.5,0.75,1}. Moreover, the step sizes adopted[in (28}-(34) (BR)-dBL optimized
for obtaining fast convergence. Note that if the transmitteunable to meet the minimum required
system data raté,,;,, the minimum required individual data rafg,,,,, or the minimum required
power transfer 2 , we set the energy efficiency and the system capacity forcthatnel realization
to zero to account for the corresponding failure. For theesaikillustration, the performance curves
of the proposed algorithms for the continuous and discrete af power splitting ratios are labeled as

“Proposed algorithm 1I” and “Proposed algorithm 11" in Figst2£6.
A. Convergence and Optimality of Iterative Algorithm

Figure[2 depicts the average system energy efficiency of thpoged iterative algorithms for
different levels of received interference versus the numddeiterations. Specifically, we are inter-

ested in the energy efficiency and convergence speed of tdpoged algorithms. We plot the upper

The values of the circuit power consumption used in this pape for illustration purpose. In practice, the value otuit power

consumption depends on the specific hardware implementatid service application.
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bound performan@ of the system after convergence to illustrate the sub-aiiynof the proposed
algorithms. The results in Figutd 2 were obtained by averghe energy efficiency of the system
over 100000 independent realizations of multipath fadind path loss attenuation. The dashed lines
refer to the average energy efficiency upper bound for eask study. After only 5 iterations, the
iterative algorithms achieve over 95% of the upper bounde/dbr all considered scenarios. Besides,
the convergence speed of the proposed algorithms is imiaoahe interference Ievels,%iyk, which is
desirable for practical implementation.

In the following case studies, the number of iterations istee for illustrating the performance of

the proposed algorithms.

B. Energy Efficiency versus Maximum Allowed Transmit Power

Figure[3 shows the average system energy efficiency versundiximum transmit power allowance,
Po.ax, for different received levels of interferen(z%’k. It can be observed that the average system energy
efficiency of the proposed algorithms is a monotonically-decreasing function of,,... In particular,
starting from a small value oP,,.,, the energy efficiency first quickly increases with an insneg
P..x and then saturates whét,., > 18 dBm. This is due to the fact that the two proposed algorithms
strike a balance between the system energy efficiency angdawer consumption of the system. In
fact, once the maximum energy efﬁcie@:pf the system is achieved, a further increase in the transmit
power would result in a degradation in energy efficiency. Aseeted, proposed algorithm | outperforms
proposed algorithm Il in all cases since the latter algamith designed based on discrete sets of power
splitting ratios which span a smaller feasible solution @@npared to algorithm I. Besides, Figulde 3
reveals that although interference signals can act as devatergy source to the system, ¢fl (5) and
(@), strong interference impairs the energy efficiency ef $fgstem; the energy harvesting gain due to
strong interferen@ is unable to compensate the corresponding capacity loscdrparison, Figure
also contains the energy efficiency of two baseline regoaliocation schemes which maximize the
system capacity (bits/s) under constraints C1-C12]in (Byliiferent settings of power splitting ratios.
Specifically, the baseline | and baseline Il algorithms nmaze the system capacity w.r{P, S}, but

for a random value obfk and a fixed valueaf,C = 0.5, respectively. Figurgl3 shows that the proposed

15The upper bound system performance is obtained by direetljuating the upper bound objective function via replading energy
consumption functiot/rp (P, S, p) in (14) by[A](P,S, p) for the continuous set of power splitting ratios. We note tha approximation
in (12) is asymptotically tight for high SINR.

18The maximum energy efficiency refers to the “maximum” withe corresponding problem formulation.

"Nevertheless, we would like to emphasize that the use ofithyiiormation and energy harvesting receivers providestteb energy

efficiency to the system compared to pure information ressivas discussed before equation (26).
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Fig. 3. Average system energy efficiency (bits-per-Jousys maximum transmit power allowand®,.x, for K = 3 receivers and

different levels of interference power, .

algorithms | and Il outperform baseline algorithms | anddt &ll considered scenarios. The superior
performance of the proposed algorithms is attributed toogbimization of the energy efficiency and
the power splitting ratios. It can be observed that the gnefficiency of the two baseline schemes
reduces dramatically in the high transmit power allowanegime. The reason is that the baseline
schemes allow the transmitter to use an exceedingly largepfor capacity maximization which has
a negative impact on the energy efficiency. On the other hidmedperformance gains achieved by the
two proposed algorithms over the two baseline schemes if srhan the interference power is high
and the transmit power is low. This is because the systemcitgpenprovement due to an optimized
value of p!, is saturated in the high interference regime, although phthe energy in the RF is

harvested by the receivers.

C. Average System Capacity versus Maximum Allowed Traromiér

In Figure[4, we plot the average system capacity versus thenman transmit power allowance,
P..x, for different levels of interference power?i’k. We compare the two proposed algorithms again
with the two aforementioned baseline schemes.fQy < 18 dBm, it can be observed that the average
system capacities of the two proposed algorithms scale thi#ghmaximum transmit power allowance
P..x. Yet, the system capacity gain due to a larggr,, begins to saturate in the high transmit power
allowance regime, i.e.P,.. > 18 dBm. Indeed, the proposed algorithms do not further inerébe
transmit power in the RF when the system capacity gain dudnigheer transmit power cannot neutralize

the associated energy consumption required for boostiagrinsmit power. On the other hand, the
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proposed schemes achieve a superior average system gamanjpared to the baseline schemes in the
low transmit power allowance regimes. These results sugigaisthe optimization of the power splitting
ratio plays also a key role in maximizing the system capadigvertheless, the system capacities of
the two baseline schemes are larger than those of the pr@bdgerithm in the high transmit power
regime. This is attributed to the fact that in order to mazenthe system capacity for the baseline
algorithms, the transmitters radiate all the power at eweng instant whenever it is available. Yet,
the better system capacity comes at the expense of a lownsyatergy efficiency, see Figuté 3. In
addition, all the considered algorithms are able to fulfik tsystem data rate and individual data rate

requirements in C4 and C5 on average.

D. Average Harvested Power versus Maximum Allowed TranBaviter

Figure[5 depicts the average harvested power of the propalgedithm Il versus the maximum
allowed transmit powerpP,..., for different levels of interference powefi,’k. It can be seen that in
the high transmit power regime, the amount of average heagiggower in all considered scenarios is
saturated. This is because for the proposed algorithm él tidnsmitter stops to increase the transmit
power for energy efficiency maximization. Meanwhile, theermage interference power level remains
unchanged and no extra energy can be harvested IR ttexeivers. On the other hand, a higher amount
of power is harvested by the receivers in the system whemtieeference power levels increases. The
reason behind this is twofold. First, the increases in fatence power level provide some extra energy

to the system for potential energy harvesting. Second, ttemg interference tends to saturate the
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0%+ 0} > oZ. Thus, using more of the received power for information diéug does not provide a

SINR on each subcarrier such that it is independeng/gf i.e.,

significant gain in channel capacity. Consequently, moceived power is used for energy harvesting
to reduce the total energy consumption of the system whitiamres the system energy efficiency.

E. Average Energy Efficiency and System Capacity versus &uohliReceivers

Figure[6(a) and Figurg 6(b) illustrate the average systepadaty and the average system energy
efficiency of the proposed algorithm Il versus the number obites receivers for different interference
power Ievels,ai_’k, and different receiver circuit power consumptioti%,,. In Figure[6(b), it can be
observed that the average system capacity increases withuimber of receivers in the system since
the proposed algorithm is able to exploit multiuser divgrsspecifically, the transmitter has a higher
chance of selecting a receiver with good channel conditiwhen more receivers are in the system,
which results in a system capacity gain. In addition, altioa higher interference power level impairs
the average system capacity, it does not decrease the iparfoe gain due to multiuser diversity as
can be concluded from the slopes of the curves. Besides,etircuit power consumption in the
receivers does not have a large impact on the average sysigacity. On the contrary, Figufe 6(a)
shows that the average system energy efficiency does nossagdg monotonically increase/decrease
w.r.t. the number of receivers. In fact, for a moderate valugeceiver circuit power consumption, e.g.
Pc,, > 5 dBm, for the considered system setting, the energy effigiefthe system first increases and
then decreases with an increasing number of receivers. fileement of energy efficiency is mainly
due to the multiuser diversity gain in the channel capacitemvhaving multiple receivers. Besides, if

more receivers participate in the energy harvesting psy@farger portion of energy can be harvested
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Prnax = 18 dBm, different receiver circuit power consumptiod%;,, and different interference power Ieveiﬁiwk_.

from the RF signals. Nevertheless, an extra circuit eneagpsemption is incurred by each additional

receiver. Indeed, when the number of receivers in the systefy,, are large, the system performance
gain due to multiuser diversity is unable to compensate ¢h& £nergy cost of the receivers since
K Pe,, increases linearly w.r.t. the number of receivers. Henlke, énergy efficiency of the system

decreases with the number of receivers. As a matter of faet,enhergy efficiency gain due to the

additional receivers depends on the trade-off betweeniuselt diversity gain, the amount of harvested
energy, and the associated cost in having multiple receiwvethe system. In the extreme case, the
energy efficiency will monotonically increase w.r.t. thenmoer of receivers P, — 0, provided that

the optimization problems i (8) and {46) are feasible.

VI. CONCLUSIONS

In this paper, the resource allocation algorithm designsianultaneous wireless information and
power transfer in OFDMA systems was studied. We focused amepaplitting receivers which are
able to split the received signals into two power streamscfmmcurrent information decoding and
energy harvesting. The algorithm design was formulated msnaconvex optimization problem which
took into account a minimum system data rate requirememtinmim individual data rate requirements
of the receivers, a minimum required power transfer, andtaked system power dissipation. We first
focused on receivers with continuous sets of power sgijttatios and proposed a resource allocation
algorithm. The derived solution served as a building block the design of a suboptimal resource
allocation algorithm for receivers with discrete sets ofvposplitting ratios. Simulation results showed
the excellent performance of the two proposed suboptinggrahms and also unveiled the trade-off

between energy efficiency, system capacity, and wirelesgptransfer.
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APPENDIX
A. Proof of Concavity of the Transformed Problem with ObyecFunction Approximation

The concavity of the optimization problem with approxinthtbjective function can be proved by
the following few steps. First, we consider the concavityfuriction U(P,S,p) on a per subcarrier

basis w.r.t. the optimization variablé ;, 5,, and p¥,. For notational simplicity, we define a vector
pi,kﬁf’klkgHHi,k‘Q
ﬁf,k(gga +‘Ti k)+o§5

as input. Then, we denote I (f; x(x;x)), andr, 7, andr the Hessian matrix of functiof; »(x; x)

X = [1’51-7,C ﬁf,k pfk] and a functionf; ,(x; x) = Way log, ( ) which takes vectox;

and the eigenvalues &(f; »(x;)), respectively. The Hessian matrix of functigp.(x; x) is given by

-1
(P; k)% 1n(2) 0 0
—02, O'za +2 ~ZI o2
H(fub) = | 0 o (Ber2dh,) 62)
(5102 ) (7207073, )
0 0 0
N » 0% (o227, 0% )

and the corresponding eigenvalues afe= ————, » = 2 ikl andr = 0.

P; k 2 In(2 ’ - -
( i, ) ( ) (pz{k’)2 1n(2) (Uia"_pz{k’ Ui’ .

Sincer, < 0,a = {1,2,3}, thereforeH(f, »(x;x)) IS a negative semi-definite matrix. In other words,
function f; ,(x; ) is jointly concave W.r.tf’i,k, ﬁf,k’ and pfk Then, we can perform the perspective
transformation ory; . (x; ) which is given byu; ,(x; x) = si % fir(xix/5:.x). We note that the perspective
transformation preserves the concavity of the functior] B% u; (x; ) is jointly concave w.r.tPM,
Pi g P @Nds; . Subsequentlyl/ (P, S, p) = S Z,ﬁil Way, u; k(x; ) can be constructed as a non-
negative weighted sum af; ;.(x; ) which guarantees the concavity of the resulting functioesiBes,
UTP(P,S, p) is an affine function of the optimization variables. Th[Tfs{P,S, p) — qUTp(P,S, p) is
jointly concave w.r.t. the optimization variables. On they hand, constraints C1-C11 (with relaxed
constraint C7), C14, and C15 span a convex feasible set. Asudtrthe transformed problem with the
approximated objective function is a concave maximizapooblem.
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