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Abstract—Renewable energy (RE) is a promising solution to
reduce grid energy consumption and carbon dioxide emissions of
cellular networks. However, the benefit of utilizing RE is limited
by its highly intermittent and unreliable nature, resulting in low
savings in grid energy. To minimize the grid energy cost, we pro-
pose to utilize data buffer of user equipments as well as energy
storage at the base station (BS) to better adapt the BS resource
allocation and hence its energy consumption to the dynamic
nature of RE. We consider the scenario of downlink orthogo-
nal frequency division multiple access networks with non-ideal
hybrid energy supply. To jointly optimize the energy consumption
and the quality of service (QoS) of users, we adopt the weighted
sum of users’ utility of data rates and grid energy consumption
as our performance metric. We propose a low-complexity online
control scheme based on Lyapunov optimization framework.
The proposed technique can provide asymptotically optimal
performance bound without requiring the stochastic distribution
information of RE arrival and channel state condition. The exper-
imental results demonstrate the ability of the proposed approach
to significantly improve the performance in terms of grid
power consumption and user QoS compared with the existing
schemes.

Index Terms—Lyapunov methods, energy storage, solar energy,
stochastic optimal control, mobile communication.

I. INTRODUCTION

HE PROLIFERATION of mobile traffic will lead to

drastically increasing energy consumption in future
cellular networks. The total energy consumption and car-
bon dioxide equivalent (CO9.) emission of mobile cellular
networks globally for 2020 has been estimated to more
than 120TWh and 179 million tons (Mt) [2]. According
to [3], base stations (BSs) consume 80% of the total power
in cellular networks. Therefore, the need to reduce the
grid power consumption of the BSs is crucial for energy-
efficient cellular networks. There has been significant research
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of energy-efficient BSs [4], ranging from physical layer
approaches involving power and spectral resource alloca-
tion [5], [6] and RF chain switching [7] to network level tech-
niques wherein active BS selection and user association [§]
is performed. In addition to the above techniques focusing
on reduction of BS energy consumption, powering BSs with
renewable energy (RE), which may increase BS energy con-
sumption while reducing grid energy consumption of BSs, is
a promising solution [9], [10]. Though the last few years have
seen tremendous growth in the use of RE in several commer-
cial and industrial sectors, its adoption in cellular networks has
been limited. The primary challenge in utilizing RE energy for
BSs is the highly intermittent, unreliable and variable nature
of RE availability across time and space, leading to mis-
match between RE generation and loads [11]. In this paper, we
will mainly focus on solar energy, however, our insights and
proposed approach will apply to wind and other intermittent
RE sources.

One approach to overcome the challenges of intermittency
and variability of RE availability is the use of high capac-
ity batteries [12]. However, high CAPEX of such systems
limits the economic viability for operators and growth of RE-
powered BSs. Therefore, using RE in conjunction with grid
energy (i.e., hybrid energy supply (HES)) is a viable approach
to save grid energy [13]-[17]. The other challenge is the non-
ideal behavior of batteries. For example, lead-acid batteries are
widely used in telecommunication power systems as backup
power supply and energy storage. From [12], the efficiency of
lead-acid battery depends on the charging/discharging rate and
state of charge and is lower than 75%. Batteries are assumed
to be ideal in most of the previous green communication
studies [13]-[16]. In this paper, we will incorporate the non-
ideal characteristic of batteries and propose the corresponding
charging and discharging decision.

In our preliminary work [1], we propose a RE-aware tech-
nique to adapt time resource of the BS and data buffers at user
equipments (UEs) depending on the amount of harvested RE at
the BS, channel condition and buffer level of UEs. We have
demonstrated that the technique increases the utilization of
RE and hence decreases the grid energy consumption without
requiring energy storage. However, there are two main limita-
tions: 1) Excessive solar energy is wasted if the harvested solar
energy is larger than maximum power consumption of BS or
data buffer of all users is full, 2) depletion of UE data buffer
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may limit the ability to adapt the BS resource and hence grid
energy saving. Therefore, we propose the use of energy storage
to complement the RE-aware BS resource allocation technique
in this work.

In this work, our objective is to minimize grid energy con-
sumption of BSs as well as maximize QoS of users while
optimally utilizing harvested solar power. The focus of the
proposed approach will be to modulate BS energy consump-
tion with the use of both energy storage at the BS and
data storage of the UEs in order to mitigate the mismatch
between harvested solar energy and BS energy consumption.
Though the proposed approach is applicable to any application
that utilizes data storage of users, we consider the problem for
video download/streaming, which will play a large proportion
of mobile traffic and hence the BS energy consumption.

A. Related Work

Various relevant recent work that address the use of renew-
able energy to minimize grid energy in wireless cellular
communication are briefly discussed below. Gong et al. [13]
and Tutuncuoglu er al. [17] focus on a single BS-UE link
of the HES BS and propose an optimal BS resource alloca-
tion technique using the two-stage water filling (WF) policy
to minimize grid energy consumption. Unlike the above tech-
niques which consider only a point-to-point link with fixed
transmission rate requirement, our approach adapts transmis-
sion rate and BS resource allocation of multiple BS-UE links.
Farooq et al. [18], [19] propose an energy cooperation scheme
where BSs trade and transfer energy via smart grid based
on RE availability and traffic load. However, the technique
requires BSs to be fully connected with two-way power grid
to transfer energy while we focus on shaping the power con-
sumption of the BS to realize grid energy reduction. BSs with
Non-direct energy transfer schemes are proposed to minimize
the grid energy cost either by traffic offload [14] or cognitive
spectrum sharing [20]. However, these approaches require fre-
quent inter-cell coordination to adapt cell size or spectrum
sensing while our technique is applicable to a single cell
and do not require to change cell size. Approaches have also
been developed for cellular networks with HES which also
use battery storage [13]-[16]; however, the above approaches
assume the battery to be ideal, while our work does consider
battery imperfection and shows it to have significant impact
in HES communication system. Tutuncuoglu er al. [17] and
Devillers and Giindiiz [21] consider non-ideal behavior of bat-
teries with a threshold-based charging/discharging strategy, but
their research effort focuses on cellular network throughput
optimization instead of energy saving.

The other key challenge of RE-powered communication
systems design is how to efficiently utilize given channel
side information (CSI) and energy side information (ESI).
In conventional communication systems, BS power consump-
tion is minimized thorough optimizing energy efficiency (as
measured in bits/J) with given CSI. In [6], BS power con-
sumption in multi-user OFDMA systems is proposed as
a function of the transmission power, the signal processing
power and the fixed circuit power to optimize system energy
efficiency, which is ratio of the achieved sum throughput
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and the energy consumed. However, in RE-powered systems,
ESI should be also considered, especially when the charge
and discharge behavior of batteries is non-ideal. Markov
decision processes (MDP) are widely applied to relevant
online optimization problems with statistical knowledge of
CSI and ESI [22]. However, MDP suffers from the curse of
dimensionality with exponential dimension of system states.
Lyapunov optimization technique, which has advantages such
as low-complexity, computable theoretical bounds and little
requirement of prior statistical knowledge, was first applied
in RE-powered communication systems in [23]. Lyapunov
optimization framework is applied to solve subcarrier power
allocation in [24] and user association problem in [16] to min-
imize power consumption given CSI and ESI as stochastic
processes. However, they do not consider the non-ideal bat-
tery behavior which will significantly affect the dynamic of
batteries and the resulting optimal solution. Wang et al. [25]
maximize the network utility in multi-hop wireless networks
with imperfect batteries and limited RE. The above works do
not consider utilizing the data storage of UEs and adapting
the transmission accordingly, which will further enhance the
energy and QoS performance.

In this work, we focus on mobile video, which is esti-
mated to contribute to over two-thirds of mobile data traf-
fic by 2018 [26]. Hence it is critical to reduce the BS
energy consumption while satisfying the QoS requirements
of users during video download/streaming. Techniques which
adapt streaming quality like dynamic adaptive streaming over
HTTP (DASH) [27] have been studied and applied to shape the
download traffic. Most previous work addressing energy con-
sumption during video download/streaming [28], [29] focuses
on power saving of mobile devices by shaping the traffic
transmitted to users and extending the periods of no trans-
mission or idle periods of mobile devices, but do not address
reducing BS energy consumption during video download.
Abou-Zeid et al. [30] propose to schedule transmission given
the channel state predictions for wireless video download
and adapt the video bitrate to minimize BS energy consump-
tion while the use of RE and UE buffer is not considered.
Kwasinski and Kwasinski [31] propose to adapt compression
ratio of video traffic to the amount of harvested RE. However,
the technique requires perfect distribution information of
harvested RE and traffic demand of UEs.

B. Contributions

To the best of our knowledge, this is the first work uti-
lizing both energy storage at the BS and data storage at
the UEs to minimize grid power consumption of BS and
maximize QoS of users in a RE-aware manner. By inte-
grating Lyapunov optimization techniques in [23] and [32],
the original stochastic optimization problem is transformed
to a series of operations determined by solving the per-time
slot problem which only requires instantaneous information
of harvested RE and channel condition. We then develop an
online control scheme to solve the per-time slot problem,
which consists of: a) charging/discharging algorithm based
on current battery level, b) BS subcarrier allocation based on
channel condition and buffer level of UEs and battery level
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Fig. 1. Architecture of proposed system.

104 and c) buffer consumption rate based on current buffer level
155 of UEs and QoS requirement. We derive a rigorous analysis to
196 demonstrate that the proposed scheme is feasible for any given
197 finite battery and buffer capacities and the proposed scheme
18 can achieve asymptotically to the optimal solution. The rest
199 Of the paper is organized as follows. In Section II, the system
200 model is described and the problem formulation is presented.
200 We present the proposed Lyapunov-based solar power-aware
202 BS resource (L-SPAR) allocation methodology and algorithm
203 in Section III. In Section 1V, the feasibility and performance
204 bounds are derived. The performance of the proposed algo-
205 rithm is evaluated via simulation in Section V. Finally, we
206 conclude the paper in Section VI.

207 II. SYSTEM MODEL AND PROBLEM FORMULATION

208 In this section, we will first present the system model
200 comprising of network, channel, traffic demand, BS energy
o consumption, energy storage and data buffer models. Then, we
211 formulate the weighted sum optimization problem to address
212 both grid energy consumption and QoS of users with con-
s straints of UE data buffer, energy storage and BS utilization.
214 For ease of reference, we list the key notations of our system
215 model in Table I.

2

2

216 A. Network and Channel Model

217 Consider downlink communication in a OFDMA cellular
218 network system with a set of BSs B, each with subcarriers set
a9 K ={1,2... K}. Without loss of generality, we will consider
220 one BS, b € B and its associated set of users I = {1,2...1}.
221 For the sake of notational brevity, henceforth, we will drop the
222 subscript b from the BS related variables. Also, we will use the
223 terms energy storage and battery interchangeably. Fig. 1 shows
224 a single BS, with energy flows from different energy sources
225 (PV panel, grid and battery), to different energy sinks (the
26 BS and the battery), and data links between the BS and I
227 users. Transmission time is equally divided into n time slots of
228 duration A, which is normalized to one in our paper for ease of
220 analysis. We assume perfect channel state estimation including
230 path loss, multi-path fading, shadowing and other factors if
231 any at both the transmitters (BSs) and the receivers (UEs).
232 Bach subcarrier k € K can only be used by one user and
233 subcarrier allocation is performed at the beginning of each

N

TABLE I

SUMMARY OF KEY NOTATIONS

Notation

Description

K
1

n
Xik

Index set of subcarriers of BS b

Index set of the UEs associated with b

Subcarrier allocation indicator in nt" slot

Channel gain of user i on subcarrier k

Achievable transmission rate of user i on subcarrier

k

Total achievable transmission rate of user i

Buffer level of user i

Buffer consumption rate of user i

Utility function of user i

Power consumption of the BS in n'* slot

Battery level in nt" slot
Charging energy in n" slot
Discharging energy in n* slot

Perturbation parameter of battery level
Perturbation parameter of buffer level of user i

time slot. We denote subcarrier allocation by the binary matrix

X" = {x]] }ier kex Where ]} is defined as

Tig =

n 1, if subcarrier k is assigned to user i in n® slot
0, otherwise

(1)

Let H" = {h]; }icr rek be the channel gain matrix where

n

i, is the channel gain of user i on subcarrier k. The chan-

nel gain A} of each BS-UE link is assumed to be statistically
independent and identically distributed (i.i.d) and remains con-
stant during each slot. We denote P;' the downlink transmit
power allocated on each subcarrier k of the BS in the nth slot
and is assumed to be fixed within each time slot. Since joint
optimization of subcarrier and power allocation is proved to
be NP-hard [33] and there is no standard method for optimal
solution, our proposed technique only decides subcarrier allo-
cation X" and it can work with any existing power allocation
techniques. Let 7} denote the achievable transmission rate
from the BS to user i on subcarrier k in the n'" slot and is

given by

ri. = Wlogy | 1+ o Ng

AR

2)

where W, Nj and o are the bandwidth of each subcarrier, noise
power density and the nominal spectral efficiency in (bit/s)/Hz

respectively. Note that 77 is clipped within [r

min
)

r

ma:E]

to

account for practical modulation orders. Let R denote the

total achievable transmission rate from the BS to user i over

all subcarriers and is given by

K

n __ n.n

R; = Z Tif, Tife
h—1

B. UE QoS Model

As discussed earlier, we focus on mobile video down-
load/streaming. Video contents can be transmitted to UEs and
stored at the UEs’ buffer, and then the transmission can be

3)
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paused without stalling if there is enough data for playing.
Therefore, we are interested in the data buffer level of the
users. We define the buffer level Q;* of user i in nt slot as
the sum of the buffer level in n — 1% slot and the data accu-
mulated in the buffer AR subtracted by the data used for
video playback Ad7'. Note that A is assumed to be 1 in our
case. Therefore, buffer level in the n' slot Q' is given by

“)

We assume Q? = 0,Vi and 0] is the buffer consumption rate
satisfying

Q' = QI+ R -7, Vi, Vn,

0 <8P <gmae (5)

with a finite 6% at all time. For smooth playback ¢} and
R should be decided in a manner that the video buffer does
not overflow or underflow. Hence for each user we have

0< Q" <@, Vi, Vn, (6)

where Q"% € (0,00) is the maximum number of bits that
can be stored at user i, which may depend on the video client
and network policy. In DASH [24], the video content is seg-
mented into small HTTP-based files. Video segments are then
pre-encoded in multiple versions with their “quality levels,”
specifying specific video bit rate and resolution [27], [34].
During video download, the streaming adaptation engine at UE
i selects the quality level of requested video segments based on
throughput estimation and media playout conditions [34]. The
better QoS UEs have, the higher the buffer consumption rate.
To provide a measure of user QoS during video download, we
denote utility function! U;(67) for each user i. Every U;(6)
is assumed to be positive, increasing, strictly concave and dif-
ferentiable for 6 € [0,6™%"] [25], [35]. For convenience, we
denote [3; as the maximum first derivative of U;(d) according
to the property of strictly concave functions.

C. Base Station Power Consumption Model

According to [5], [6], and [11], the BS power consump-
tion can be modeled as a constant power term plus a radio
frequency (RF) related power term. Secondly, the RF related
power term can be modeled as a linear function of the number
of active subcarriers. The total power consumption of the BS
in time slot n is:

I K P
PnZZ%(AtHPSp)JrPO

i=1k=1

(7

where Py is the constant transmit power level per subcarrier
and A is power amplifier efficiency. Py, denotes the signal
processing power per subcarrier and Py denotes fixed circuit
power consumption of the BS such as the baseband proces-
sor, the converter and the cooling system. Finally, the energy
consumption of the BS in time slot n is AP™ and again \ is
omitted since A is assumed to be 1 in our case.

INetwork utility function is first proposed by Kelly er al. [35] as a mea-
sure of user satisfaction based on data rate. Increasing, differentiable, and
concave utility functions U(-) (e.g., proportional-fair utility functions) are
widely adopted in network utility maximization (NUM) problems.
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D. Energy Storage

Let the amount of harvested solar at the beginning of the
nth slot be S™. We assume that S™ is immediately avail-
able for use in n*”* slot and takes values in some finite set S”
€ [0, 8™%] and there exists S < co. We also assume that
S™ is i.i.d. among different time slots. Although the i.i.d. pro-
cess cannot fully represent the non-linear and non-stationary
solar arrival, it captures the intermittent nature of solar and
has been widely adopted in previous studies [16], [22], [23].
The BS stores the harvested solar in the battery and let
E™4% ¢ (0,00) denote the battery capacity. At the begin-
ning of the nth time slot, the transmitter harvests and stores
the ¢™ units of energy. It then draws d™ units of energy from
the battery to power the BS. We assume E° = 0 and model
the battery level £ as

E"Hl = QE™ 4 e —d™, Vn, (8)

where ¢” and d" are two non-negative numbers denoting the
amount of energy used to charge and discharge the battery in
the n'” slot respectively. To characterize the imperfection of
batteries, we firstly use ¢ € (0,1) as storage efficiency. This
implies that during each time slot, (1—) portion of the energy
stored in the battery will be lost due to energy dissipation. We
use 1 € (0,1) to denote the charging efficiency of the battery.
When ¢™ units of energy are used for charging, only nc¢™ can
be stored in the battery for future use and (1 — n)c™ is lost
due to charging loss.”

We assume that 0 = 0 and E™ is constrained by energy
causality and limited capacity of the battery. Hence, £" should
satisfy

0< E™ < E™aT  yp, )

As shown in Fig. 1, the grid energy consumption G in the
nt" slot is given by the BS energy consumption P subtracted
the energy drawn from the battery d™ and the portion of solar
energy S" — ¢"

G'=P"—d" —-8"+c">0, Vn. (10)

Note that G™ can never be negative, i.e., there is no transfer of
energy back to the grid from the BS for general power grids.

¢™ is constrained by

0< "< 8™ Vn, (11)
Therefore, d” is constrained by

0<d™ < P", Vn. (12)

E. Problem Formulation

To minimize grid energy consumption while maximizing the
utility of users, the weighted sum of the above two objectives
is used as our objective. Given the solar energy S™ and the
channel conditions H", the buffer availability of each user Q"

2Practically, energy loss occurs during both charge and discharge, and the
efficiency depends on factors such as temperature, charging/discharging rate
and battery level. For simplicity, these two losses are combined into one and
the efficiency is assumed fixed in this work.
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and the battery level E", our objective is to determine subcar-
riers allocation X", the buffer consumption rate ', charging
energy ¢” and discharging energy d” in each time slot to
optimize the objective function while satisfying the buffer
constraints of users, the battery constraint and the BS utiliza-
tion constraint. Therefore, the optimization problem P1 can be
formulated as

N—1 I
. . 1 n n
P1: XTL?(SI;I}}CI}L’M NE)IEOO i nz:% E|weG" — wy ; U;(07)
s.t. (5),(6),(9) — (12) (13)
I
Y ap <1, Vi, Vn, Vi, (14)
=1

Constraints (14) states that each subcarrier is exclusively
assigned to a single user. Note that since our objective is
to maximize aggregate utility of users, we will take negative
terms for all U;(67) in the objective function. Letw and wy
denote the weights of the grid energy consumption and aggre-
gate user utility respectively. By properly adjusting wg and
wr, solving P1 can effectively minimize grid power consump-
tion with any QoS requirement, depending on the network
policy.

The problem P1 is a stochastic optimization problem. As
shown in (6) and (9), the feasible actions set (charging,
discharging, the buffer consumption rate and BS resource
allocation) is confined by the current UE buffer level and
the battery level. Also, the state transition can be described
as a function of actions {X",467,c",d"} and their states
{E"™, Q;'} in the previous time slot given the probability dis-
tribution of the solar energy S™ and the channel conditions
H"™. Such problems can be modeled by MDP and theoretically
solved by linear programming (LP) or dynamic program-
ming (DP) techniques [13], [17]. However, the performance
of such techniques depends on accurate statistical estimation
of solar arrival and channel condition. Furthermore, the offline
solution provided by MDP requires exponential number of
states to characterize the system, so the process is practically
infeasible due to computation complexity. For example, if we
have J states of solar arrival, M states of channel gain and L
states of buffer level for each user i and T states of battery
levels, we need to solve the MDP problem with JM LT
possible states.

Inspired by Lyapunov optimization framework developed in
recent works [23], [32], we will next present a low-complexity
online L-SPAR algorithm with the following advantages:

e The proposed algorithm provides an online solution
requiring no prior knowledge of the probability distri-
bution of the wireless channel or solar arrival processes.

e The proposed algorithm minimizes objective function
considering only the current data buffer and the energy
storage state, which greatly reduces the complexity
that standard MDP/LP solutions would have faced to
solve P1.

o Although the proposed algorithm does not result in exact
optimal solution, the performance can achieve arbitrar-
ily close to the optimal solution by adjusting the penalty

parameter [23] in the Lyapunov optimization framework
which will be discussed in Section IV.

III. L-SPAR METHODOLOGY AND ALGORITHM

In this section, we will first describe the proposed Lyapunov
optimization framework and propose a per-time slot problem
P2. To solve P2, we then propose an online algorithm which
determines the BS subcarrier allocation, the amount of energy
charging/discharging the battery, and buffer consumption rate
of users. In Section IV, we will show that the proposed algo-
rithm provides a feasible and asymptotically optimal solution
for P1.

A. Per-Time Slot Problem and L-SPAR Algorithm

In constraints (6) and (9), there exists time-dependent cou-
pling between the state of battery and data buffer and the
decision of charging/discharging, BS resource allocation and
buffer consumption rate across time slots, which makes the
optimization challenging. The principle we apply Lyapunov
optimization here is to decouple such dependency by trans-
forming such constraints of the battery level E™ and the
data buffer level @' into a set of virtual queues. Based on
Lyapunov optimization framework, the objective function in
P1 is defined as penalty function. By greedily minimizing
a weighted function of Lyapunov drift, which is the sum of
the squares of the current queue backlogs, and the penalty
function, the objective function can be optimized with the
long-term average constraints satisfied. Traditional Lyapunov
optimization can only guarantee to satisfy long-term averaged
constraints. To ensure deterministic bounds on all queue sizes
derived from (6) and (9), we use the similar method as in [32]
to introduce perturbation parameter § = {6p 61, ...60;} and
define the virtual queues, which represent the shifted version
of original battery level E™ and data buffer level Q. The
physical meaning of @ is the convergence value of data and
batteries buffer and was chosen carefully to satisfy the original
queue constraints

B =B 0, 15)
Qr =Qr —0;,i=1,2,...,1, (16)
where
max Emax _ gmax
wgV + SOOSMGV—F @S V)
wy VB +6M < 00 =1,2,..., 1, (18)

where V denotes the non-negative weight parameter in
Lyapunov optimization where larger V will place more empha-
sis on penalty minimization over the queue stability. Note that
although the battery and the data buffer levels are always non-
negative according to constraints (6) and (9), the virtual queues
E™ and an can be negative.

We now define the per-time slot problem P2, which min-
imizes the weighted sum of the drift of virtual queues and
the penalty function with all constraints except (6) and (9).
We will later show that (6) and (9) are indeed satisfied by
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Algorithm 1 L-SPAR Algorithm
Choose a pair

Initialization: satis-

fies (17)-(18).

1: At the beginning of each time slot n, obtain solar energy
S™, virtual battery level queue E™, channel gain H™ and
virtual buffer level queue Q7 Vi € L.

2: Decide optimal action set {X"*, 07", c"
P2

3: Update E™ and Q" according to (4), (8), (15), (16)

4: Setn=n+1

of (6,V) which

*, d™} by solving

L-SPAR in Section IV.
1 K
P2: X",5I,’L!IL1,icI}L,d” z; QF (kg:l T — 5Z">
1= =

+ E" [nc” —d" - (E" + 0())(1 - @)]

+ V]wg(P"

1
—S”—i—c”—d”)—w[ZU(él)
=1

(19)
s.t. (5), (10) —(12), (14)

After integrating and generalizing Lyapunov optimization
framework to propose P2, we present the online L-SPAR
algorithm. The objective of L-SPAR is to stabilize the bat-
tery and data buffer levels around the perturbed level @ and
meanwhile minimize the penalty function. We assume that /
users are scheduled in each time slot and the channel state
information and buffer level information of users are periodi-
cally reported to the BS using Channel Quality Indicator (CQI)
and mechanisms similar to Buffer Status Report (BSR) dur-
ing uploading as in 3GPP specification [36]. Based on the
above information and the amount of generated solar energy
and the current battery level, the BS will run L-SPAR in
every slot. In other words, given a pair of (@, V) and by
observing the current state of random processes {S™ H"}
and queues {E", Q”}, L-SPAR will determine an optimal
action set {X"™*, 8", ¢™* d"*} as a solution for P2. In the next

) 27
section, we will focus on solving the per-time slot problem.

B. Solving the Per-Time Slot Problem

Next, we will focus on solving P2. After rearranging P2 and
using Eq. (8), the BS energy consumption model, the objective
function in (19) can be written as

I K
: AN n,n
,min QN D afrh
X707 emdm i k=1

I
=Yo[@ror +wrvuen)
=1
+wGVZZ zk( +Psp>
i=1k=1

cn(nEn+w0V) —dn(E"—i-wgV) +C

where C represents the constant term E™(E™ +6)(1 — ¢) +
wg V(Py — S™) in n'* slot, which can be omitted in the
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optimization process. We will decouple the problem into three
parts: 1) Charge and discharge of the battery, 2) BS resource
allocation, 3) UE buffer consumption rate.

Charge and discharge of the battery: To decide ¢™* and
d™*, we first solve the problem as a simple threshold-based
structure

min ¢"(E™ + wg V) — d"” (En + wa V) (20)

c™ . dn
t. (10), (11), (12):

Case 1: nE” +wagV > 0; —(E” +wg V) < 0. L-SPAR
will discharge as much as possible and will not
charge. Since d™* has to satisfy P — S™ + ¢"
d™ >0 and ¢™* = 0 in this case, we have d"™* =
maz{P™ — S™, 0}.

nE™ + wgV > 0, —(E™ + wg V) > 0. L-SPAR
will neither charge nor discharge in n'"slot.
Therefore, ¢™* = d™* = 0.

nE" +wgV < 0; =(E™ + wg V) > 0. L-SPAR
will charge as much as possible and will not
discharge at n'" slot. Since ¢™* has to satisfy
constraint (12), we have ¢™* = S™ and d™* = 0.
nE"+wqV < 0; —(E"+wg V) < 0. Case 4 will
not happen since it contradicts with our assumption
0<np<land V >0.

Note that if S > P™ + ¢", in this case, the portion of har-
vested solar S™ — P™ — ¢™ can not be utilized either to charge
the battery or power the BS and will be wasted. Furthermore,
when —V > E" > =Y we have ¢™ = 4™ = 0, which
may lead to a “static zone” where there is no further charge
and discharge of the battery. However, there is a (1 — ¢) por-
tion of the energy stored in the battery which will be lost due
to leakage, so the battery will not be trapped in the static zone
in our algorithm.

BS resource allocation: After solving the charge and dis-
charge problem as a function of P, we will solve the BS
resource allocation X" based on the three possible cases
derived from the charge and discharge decision.

Case 1: We have ¢™* =0 and d"* = maz{P™ — S™,0}.
We will first solve X™ assuming d™* = P™ — S™. Rewriting
P2 and omitting the constant terms, we want to solve

1 ~ I K P
min_ QF (Z l’,knk> S ADIPIL (Am * PSP)

Case 2:

Case 3:

Case 4:

i=1 k=1 i=1k=1
K ) P,
R ONNACEE A CSIN)
i=1k=1
(a) = - n(P
OS> Qe - (T4 ry)) e
k=1 =1
s.t. (14)

where (a) is because multiple subcarriers can be allocated
to one single user. Therefore, the minimization problem can
be viewed as the sum of K minimization problems in each
subcarrier.

For simplicity, we define y/; = (anrﬁg_ E”(% + Pgp)).
To minimize the per-subcarrier problem, the solution for the
optimal BS resource allocation is to select one user with the
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minimal and negative y;;. If all y}; are non-negative on sub-
carrier K, the BS will not allocate subcarrier K to any user.
The optimal solution z}* is given as

Ll — L, if y) < min{O, yl?,mm}
0, otherwise

i Y,k =1,2,..., K.If the resulting

(22)

min
i€lLk'=
P™ < 8™ given x[}c* there is no feasible solution for d"™* =
P™ — 8™ We can set d™ = 0 and solve X" as the same
method in Case 2 where ¢™* = d™* = 0.

Case 2 & 3: We have ¢™* = 0 and ¢"* = S™ in Case 2 and
Case 3 respectively while d™* = 0 in both cases. Note that
no matter ¢™* = 0 or ¢™ = ", the ¢"(NE™ + wg V) term
in P2 remains a constant in n!” slot which does not affect the
decision of X™. After rewriting P2 and omitting the constant
terms, we want to solve

I ~ K
Saor (Z xm)
=1 k=1

n —
where Y min =

I K

vazzzi@(Zmpsp)

i=1 k=1

min
X’VL

I K
: = Py
:H)}}PZZ:E7,76<QZLTZT;C+’LUGV<Azd‘_PSp)) (23)
1=1k=1
s.t. (14).

Similar as Case I, if we set yﬁ; = (QZ”TZ’}C%— wa V(%l +
Psp)), we have the optimal solution z/;* given as

ol = 1, if yﬁg’ < min{O, yl?,mm}
0, otherwise

. /
min y2,, k=1,2,..., K. For each sub-
ieLk'=k "

carrier K in all three cases, the user with minimal Qz”rﬁc
will be selected as potential candidate to serve. The physi-
cal interpretation is that among the users whose data buffer
levels are lower than their perturbed levels 6;, the BS will
serve the user with the largest product of achievable trans-
mission rate and the gap to their predefined buffer level 6; in
order to fill the gap. On the other hand, if the buffer levels
of all users are larger than #;, BS will not allocate subcar-
riers or serve the user with smallest product of achievable
transmission rate and excess data compared to their perturbed
buffer level 0; to avoid buffer overflow. After selecting the
potential candidate, the algorithm compares an 7, with either
E"(% + Pgp) or —wg V(]XC + Pgp), depending on whether
the BS is powered by the battery in Case 1 or grid in Case 2 &
3 respectively. We can observe that if E™ is larger (the bat-
tery level is higher) in Case 1 or V is smaller (L-SPAR focuses
more on stability of queues over performance) in Case 2 &
3, the BS is more likely to allocate subcarriers to users and
hence consumes more energy.

UE buffer consumption rate: To obtain the optimal UE
buffer consumption rate J;', we solve the problem

(24)

/
n —
where Y min =

I
ng}ln — Z [anéf + wy VU((S?)}
=1

s.t. (5).

(25)

As we prove below, the optimal solution §7'* is given as

7 = min{6™>, 1 —or } (26)
v T w[V

where Ui/ _1(-) is the inverse function of U;’(§) and satisfies
U ~L(U{(6)) = 6 for & € [0,6ma%].

Proof: The minimization problem can be viewed as the
sum of / minimization problems for each user. The objec-
tive function for each user is a strictly convex function for
d € [0,0™3] since it is the negative sum of a linear func-
tion and a strictly concave function U;(d). Moreover, if
the derivative of a strictly convex function is zero at some

point which is 0} = U;_l(;f’?‘;) in our case, then that
point is a global minimum. For an < —wyp VU (6™M2%),

the optimal point §;' = Ui/ X ;TQ‘;) is within [0, 0™#%]. For
QF > —wy VU, (§max), Ui/_l(%%;) is not within [0, §™?%]
and hence not a feasible solution. Moreover, since U;’() is
positive and decreasing for 6 € [0, ™|, the first derivative
of objective function —Qz” —wy VU’ (67) is always negative
for ¢ € [0, 8™@*]. Therefore, the objective is a monotonically
decreasing function for ¢ € [0, 6™#*] and thereby ™ is the
optimal solution. |

In each time slot, the computational complexity of the L-
SPAR algorithm comes from the BS resource allocation where
sorting y;; or yﬁ; of I users on each subcarrier requires
O(IlogI) time. The complexity of BS resource allocation
is then bounded by O(KI logI) where K is the numbers of
subcarriers. As we described in the previous section, the com-
plexity is independent of the complexity of system states (e.g.,
harvested solar energy, channel state, battery state, UE buffer
state) and the choice of (V,0).

IV. PERFORMANCE ANALYSIS

In this section, we will show that the L-SPAR algo-
rithm satisfies all constraints in P1 and provides a theoretical
performance bound of L-SPAR. Furthermore, we will discuss
the relation between the performance and the choice of the
predefined parameters (1,0) in L-SPAR.

A. Feasibility Analysis

In the proposed L-SPAR algorithm, the UE data buffer
constraint (6) and the battery capacity and energy causality
constraint (9) are ignored. It is important to show that for
given pair of (V,0), solving the per-time slot problem P2
will produce feasible solutions of P1 under the constraints (6)
and (9).

Proposition 1: Under the L-SPAR algorithm, the battery
level E™ is confined within [0, E™3%].

Proof: We first prove E" is lower bounded by 0. Firstly,
we have E¥ = 0 from assumption. From L-SPAR we know
that d"* = 0 when E" = E" — 0y < —wg V. Suppose
0< E™<6y—wegV,wehave E"T1 = oE™4+n¢™ > 0. On
the other hand, if E™ > 6y — wgV, E"T! > pE"— §™ +
P™ > pE™ — P™*_Since 0y > wg V + % by constraint

A7), B> o(wg V 4+ 255 —wg V)= p™ 2 0.
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ez Next, we will show that E™ is upper bounded by E™&¥.
638 SUPPOSE “’GV —|—6‘ < E™ < E™®*_ from L-SPAR we know
s30 the 0pt1mal ¢™ = 0. Therefore, E"!1 = pE™ — d™ <
a0 B < E™M2X QOtherwise, if E" < wnGV + 6, E"TL <

o4t QBT 4 S < go( —weV 90) + S™aX_Since Oy < w%V +
642 %me by constralnt (17), Entl < gmaz, ]
ess  Proposition 2: Under the L-SPAR algorithm, the buffer level
sa (' of user i is confined within [0, Q;"**].

s Proof: We first prove ()]' is lower bounded by 0. If Q" >
sts 0N QP > QP —§ > 0 for any § € [0,8™]. If 0 <

o QF < 6™ we have QP < §™MAX — g, < —wy VU (™)
sss from (18). Therefore, we have 0] = Uz_l( wQ{j) according
sa9 to (26).

eso  Lemma 1: Given (V, 0) satisfying (17) and (18), we have
o U/(QM) < U/(U "1 (52)), @ € [0, 5mae]

es2  Proof: See Appendix A. |
s Since U;(6) is concave and differentiable for ¢§ ¢
oo (0,6, QP > Qr — §7* > QF — UG > 0

i 2
if and only if U;'(Q[") < U’(Ui/_ (wQV)) which is derived
ess in Lemma 1. Therefore, with the assumption that QO =0,Vi,
es7 we can prove that Q] > 0.

e Next, we will show that Q" is upper bounded by Qm‘w
oo Lemma 2: Q' < 0; + 7= (Ptz + Pgp) + Kr*, where r*
(Ptl + Pgp) + Kr p = max{E™* — (y, —wg V}

r 6 [ mm, ,,,,m(ll']

65!

o

660 max

661
e2  Proof: See Appendix B. |
es  According to Lemma 2, given the size of the available
sos data buffer Q/"%", we derive the upper bound of the control
ess parameter 6;

666 0; < Qimax — Kr*vi

+ Pgp) = 27)

A

se7 Where constraint Q" < @/"** can be satisfied.

ess  The above two propositions together imply that the proposed
eeo per-timeslot L-SPAR algorithm with proper selection of (V', 0)
e0 can always yield a feasible control policy satisfying con-
straints (6) and (9) under any arbitrary stochastic process of
solar energy S” and channel conditions H".

/LL(PKE
r*

67

67.

N

673 B. Performance Analysis

e« We will next show that L-SPAR algorithm yields an asymp-
e75 totically near-optimal solution. By the definition of the drift-
76 plus-penalty function defined in [23], we define Lyapunov
e77 function as the total sum of virtual queues length

1
1 _ N2
- L(n) = 5 [Z(Q[‘)Q + (E") (28)
i=1
e79 Next, the Lyapunov drift is defined as
680 A(n) =E[L(n+ 1) — L(n)]. (29)

est The Lyapunov drift-plus-penalty function is then defined as

s2 Ay(n)=A(n)+ V{ng — wy ZIE Ul 5” } 30)
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Lemma 3: For arbitrary feasible decision variables ess
{X™,07,c™,d"}, Ay(n) is upper bounded by o84
1 ~ K
< ]E{ S ar (Z ot 5;L>
=1 k=1
+ E”[ nc™ —d" — (E” +00)(1—p)] e
+ V wg(Pn—Sn—F Cn—dn) 687
I
— ’LU]ZU((;) }+Cl (31) ess
=1
where the constant term C] equals to 689
max 2 max max]2

max{ (S22, [PUaX 4 (1 — o) pax]? |

Cl = 690
2
P En {(Rmax)2’ (5max)2
+ I . 691
2

Proof: After subtracting @ on both sides of (4) and (8), we o2
have 693
Qn+1 Qn + Rn — 5;—“, (32) 694
B+l — By penml _gnel (E" n 90) (1— ). (33) os

By squaring both sides of (32) and (33), and summing up the ess

equalities, we have 697
A(n) = llzl:(én+1>2 + (En+1>2] 698
2 =1 '
1T, . 2 N2
s ()
A 2
= 22(2 IZ;’CTZ]LC 5?) 700
1=1 \k=1
b gfer —an = (B v a0) - o)
I K
+ Z an <Z mﬁcrlk 5]) 702
=1 k=1
+ En [ncn —d" — (En—i-eo)(l—(p)} 703
< Z Qz (Z xzkrzk ) 704
=1
+E" [770 —d" - (E"—ﬁ—@o)(l—go)} + (1. 705

The inequality holds since zj; 7/, 47", nc™ and d™ + (E" + 706
00)(1—¢) are all non-negative. We then add the penalty func- 707

tion Viwg(P" — S™ + ¢ — d"™) — wy Z U(6;")] and take 7os

=1
expectation on both sides to obtain the desned result. B 709
We then define an auxiliary problem P3. In P3, the 710
constraints (6) and (9) are replaced by the corresponding 711
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time-average version (36) and (37).

N—-1 I
1
P3: i lim — E " (07
R L DR LR DRLALY
s.t. (5),(11) — (13), (34)
1 N—-1
. Ny A
NngN E[R]' —67] =0, Vi, (35)
n=0
1 N—-1
O_N—l>r-Ii-looNn_0 [ne" —d"] < (1-¢) :

(36)

Proposition 4: P3 is the relaxation of P1 where any feasible
solution in P1 satisfies (35) and (36).

Proof: By summing up both sides of (4) and (8) for n =
1,2,... N, taking the expectation, divide both sides by N and
let N go to infinity, we have

o
N

QY| _

N
]‘ n n -
N]E[RZ 751 ]7 VZ7

(37)
EO
E[E™] = N]

%E[ncn —d"].
(38)

Since both QiN < oo and E™ 1is bounded within

[0, E™%], (37) and (38) are satisfied. ]

Let Y P! and Y °P* be the optimal value of penalty function
of P1 and P3 respectively. Y °P* > Y °Pt since every feasible
solution in P1 satisfies P3.

Lemma 4: For arbitrary € > 0, there exist a stationary con-
trol policy IT = {X'I, 61, I ¢} which observes {S™, H"}
for each slot n and independently choose a control action in
P3 and satisfies

lim E
N—+oo

lim E
N—+oo

+ lim
N—+o0

(1-¢) &

¥ lim E

N —+o00

lim
N—+oo

n=1

+ lim
N—+o0

I
E|¢ -3 U, (5;“) < yort g, (39)
=1
‘JE{R?H “oll| <e v, (40)
(1= p)EmaT > E[ncnn _ d"H} >0, (41)

Proof: The proof is similar to [23, Th. 4.5], which is
omitted for brevity.

Next, we will derive the worst-case performance of L-SPAR
algorithm with the auxiliary problem P3.

Theorem 1: The objective function achieved by L-SPAR is
upper-bounded by Y °P! 4+ % where Cs is given by

Cy = (1 — go)EmaXmax{Go, (Emax — 90)} + .

Note that Y °P! is the optimal value of P1 under any feasible
control algorithm, even if which relies on future knowledge
of random process {S™,H"}.
Proof: See Appendix C. |
According to Theorem 1, the gap between the solution
achieved by L-SPAR and the optimal solution Y °P! is decided

by ., and G = (1 — ) E™™ max{fy, (E™* — 6p)} +

nlax{(nsmax)Q7[Pr;ax+(1_4p)Emax}2} +I rnax[(Rmaxz)Q’((;max)Q] is

a constant with given system parameters. Therefore, we can
make the objective function arbitrarily close to theoretical
optimal solution Y °P! by letting V — co. However, increas-
ing V comes with a cost of the increasing convergence level of
data buffer w; V 5; +6™3* and batteries buffer wg V + PR
according to equations (17) and (18). In other word, the deci-
sion of V is a tradeoff between the performance (in terms of
grid power consumption and user utility) and longer conver-
gence time and higher buffer requirement. By setting proper
values of (wg, wy, V'), we can adjust the priority of L-SPAR
algorithm to meet with different system requirements.

V. SIMULATION FRAMEWORK AND RESULTS

In this section, we will discuss the developed simulation
framework and results obtained by using the proposed L-
SPAR algorithm and compare the results with existing methods
during mobile video download.

A. Simulation Framework

We have developed a MATLAB based simulation frame-
work which consists of PV harvesting model, BS power
consumption model, and traffic demand model of UEs. The
framework allows us to implement different video download
techniques and evaluate the grid power consumption for tem-
porally varying harvested solar energy and channel conditions.
We will briefly describe the above models and the related
simulation parameters, as listed in Table II.

In our simulation study, we assume the harvested solar
energy S is uniformly distributed between 0 and S™% =
200W. To show that L-SPAR does not depend on the assump-
tion on the random processes and holds for non-i.i.d cases,
we will also include the actual solar irradiance trace in [1]
in performance comparison. We assume imperfect batteries
at the BS, with storage efficiency ¢ = 0.99, and charging
efficiency n = 0.8 and maximum capacity 300J. The linear
power consumption model elaborated in Section II is used
with the parameters obtained from [36]. For the network and
channel model, we assume the BS has 20 subcarriers with
equal bandwidth. The cell radius, transmit power, noise power,
system bandwidth and channel gain parameters recommended
in Long Term Evolution (LTE) specifications [37], [38] are
listed in Table II. We assume users are randomly distributed
within a 150-meter radius with the total number of concur-
rent users I = 10. The channel gains at each time slot are
exponentially distributed with mean equal to path-loss model
given in Table II. Different users download videos of different
bitrates with utility function U;(d) = In(1 + ¢;), We assume
each user has maximum buffer size of 500 MB and maximum
buffer consumption rate I0MB/s. For the performance metrics,
we assume equal weights of the grid power consumption wg
and aggregate user utility w; in our simulation.

We compare the proposed technique with two existing rele-
vant techniques, [15] and [24], listed below. For convenience,
we will refer to them as Approach 1 [15] and Approach 2 [24]
respectively. In Approach 1, which makes greedy decisions
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TABLE 1T
SIMULATION PARAMETERS

Cell radius 150m
Simulation time lhour
140.7 + 36.7 log,o R, R is the distance
Path-loss(dB) between user and BS and is in kilometers
Noise power -105.86dBm
Bandwidth BW 10MHz
Max transmit power 4W
Maximum BS power 140W
Static BS power 35W
Number of users 10
UE Buffer size 500 MB
00 —— Battery (V=75) 300 —— UE1(V=75)
350 — Battery (V=150) L —— UE2(V=75)
UE1(V=150)
o — UE2(V=150)
§ 250 % “ :
E 200 é
12150 g
Q w
100 =)
50
nO 100 200 300 400 500 0 100 200 300 400 500
Time (Sec) Time (Sec)
(a) (b)
Fig. 2. (a) left, battery level versus time (b) right, buffer level of two users

versus time.

to minimize the objective function, the UEs first choose the
largest possible buffer consumption rate considering its avail-
able downloaded data. Secondly, Approach 1 arranges the UEs
in an ascending order with respect to their remaining data in
their buffers. The BS then gives higher priority for using the
harvested RE and only allocates the subcarrier with the best
channel gain to the UE which buffer level is below a minimal
level, which is the maximum buffer consumption rate §6"7*%*
in our simulation. In other words, the BS only allocates the
minimum required resources (determined by the buffer con-
sumption rate and buffer level) to the users while UEs try to
maximize their utility. Approach 2 uses standard Lyapunov
optimization framework while perfect batteries are assumed.
The method is similar to L-SPAR instead of two key dif-
ferences: 1) instead of using data buffer to halt or reduce
data transmission, the BS allocates enough subcarriers to meet
the required buffer consumption rate of UEs in each time slot,
2) the optimization process does not consider the effect of
battery imperfection.

B. Simulation Results

The simulation results consist of two parts: We will first
verify the feasibility of L-SPAR algorithm by examining the
battery level of the BS and the UE buffer level. Secondly,
we will compare L-SPAR with the other methods using the
weighted sum of grid energy consumption and aggregate user
utility defined in (13) and the corresponding required battery
and UEs’ buffer. In our simulation, the value of fy and 6; are
chosen as the LHS of (17) and (18) respectively, which means
the minimum value of 6y and 6; are chosen with given V,
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the non-negative weight parameter in Lyapunov optimization
where larger V emphasizes more on objective minimization
over the queue stability. The rationale is that the larger the
perturbation parameter 6y and 6;, L-SPAR tends to maintain
unnecessarily higher battery level and buffer level of UEs. We
choose V = 75 and V = 150 as two examples to discuss how
different values of V affect the dynamics of the battery and the
UEs’ buffer level, as shown in Fig. 2. Note we only show the
first 500 seconds of the simulation since both targets converge
and stabilize within the first 500 seconds.

In Fig. 2(a), we can observe that the battery level in both
cases fluctuates with the maximum charge nS"% and the
maximum discharge P™% and the variation is within the
range between 40J and 250J. The major difference between
the two cases is the frequency of charging and discharging
in V = 75 is higher than V = 150. When V increases,
the gap between charging and discharging threshold also
increases, which makes charging and discharging less likely
to occur. This also implies that when V increases, L-SPAR
charge/discharge the battery less frequently to avoid charging
energy loss. In Fig. 2(b), the buffer of two users with their
distance to the BS equals to 100m (UE1) and 50m (UE2) are
shown. Firstly, we can see that since the average channel gain
of UE2 is better than UEI1, the buffer level of UE2 converges
faster and the convergence level is higher than UEIL. This
can be explained in the per-time slot problem that the larger
the achievable transmission rate of UE i, the more likely the
BS will allocate the subcarriers to UE i. Moreover, when V
increases to 150, convergence of the buffer of both UEs to
a higher level takes longer time, which is the tradeoff between
performance matrix and queue size in Lyapunov optimization
framework. As shown in Fig. 2, we can conclude that the
proposed L-SPAR algorithm is feasible in terms of battery
and data buffer.

In Fig. 3, we compare the performance metric, which is
the weighted sum of grid energy consumption and aggregate
user utility, between the three methods with different val-
ues of V. Note that Approach 1 is independent of V. We
can see that the weighted sum is inversely proportional to
V, which verifies the asymptotic optimality of Theorem 1.
Fig. 3(a) further shows that L-SPAR can produce consistently
better performance than the other two methods. For example,
when V = 270, L-SPAR improves the performance by 57.6%
and 38.8% compared with Approach 1 and Approach 2 respec-
tively. In Fig. 3(b) and 3(c), we compare the average grid
power consumption and aggregate utility of UEs respectively
between L-SPAR and Approach 2 (Approach 1 is omitted
since it is independent of V). We can see that power con-
sumption decreases as V increases for both methods while the
aggregate utility of UEs decreases. Moreover, L-SPAR consis-
tently consumes less power than Approach 2 with the same
buffer consumption rate. As an example, when V = 270, L-
SPAR consumes 25.5% less average power than Approach 2.
As shown in Fig. 3, L-SPAR effectively reduces the energy
consumption by 37.7% while the aggregate utility of UEs only
decreases by 5.9%. In the scenario with actual solar irradiance
trace, we assume the solar module associated with the BS uses
typical crystalline solar cells with 15% conversion efficiency,
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and measurement of the solar power profile used in [1] for
the simulation is from 8AM to 4PM. The performance is gen-
erally worse for all three methods because of non-stationary
and non-linear solar profile. However, we can observe simi-
lar trend as the case with uniformly distributed solar power,
as shown in Figure 4. When V = 270, L-SPAR improves the
performance by 68.1% and 46.8% compared with Approach
1 and Approach 2 respectively.

In Fig. 5, we simulate the maximum battery level and
user buffer needed for different values of V. In Fig. 5(a), the
maximum battery level in Approach 2 approximately remains
the same as V increases while it slightly decreases in L-
SPAR. The observation is different from what is discussed in
Section IV where the required batter capacity should increase
with the increment of 6y as V increases. The reason is that the
maximum battery level in L-SPAR decreases as V increases
is L-SPAR takes charging efficiency into account. In L-SPAR
algorithm, L-SPAR will not charge if E" > % Applying
Op =V + P r;ax as the setting in our simulation, we have the
above threshold as E™ = E™ + 6 > 777];1 V4 %. Since

"T_l < 0, the charging threshold in L-SPAR decrease as V
increases, showing that the actual required battery capacity is
less than the theoretical bound in (17). In Fig. 5(b), we can
observe that the required buffer level of both Approach 2 and
L-SPAR is proportional to V. This verifies the performance
analysis and the growth of required data buffer of UEs and
longer convergence time observed in Fig. 5(b), which becomes

the main tradeoff to achieve better grid energy consumption
and aggregate user utility.

We will next discuss the effect of choosing different w¢
and wy, the weights associated with grid energy consumption
and user utility in equation (13). Grid power consumption and
aggregate user utility versus :U”—é with V = 30 and V = 270 are
shown in Fig. 6. As 1%; increases, both grid power consump-
tion and user utility increases because the BS tends to consume
more power to transmit data to UEs to increase aggregate
utility. Secondly, the grid power consumption grows linearly
while aggregate utility grows logarithmically with increas-
ing g—é which indicates the tradeoff between grid power and
aggregate utility is not uniform. Thirdly, different values of
V result in different tradeoffs between grid power and aggre-
gate utility. For example, from zv"—é = 0.5 to zv"—é = 1.5, the
ratio of increased aggregate utility to increased grid power is
0.17 when V = 30 and 0.20 when V = 270, respectively. In
conclusion, the parameter set (w¢, wy, V') in L-SPAR can be
chosen to meet the data buffer constraint of UEs and arbi-
trary priority of grid power consumption and utility of UEs as
desired by a specific service provider or network operator.

VI. CONCLUSION

In this paper, we propose a renewable energy (RE)-aware
BS resource allocation technique which aims to better uti-
lize intermittent harvested renewable energy to reduce grid
power consumption of hybrid energy supply (HES) BSs and
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enhance QoS of UEs. We utilize the data buffer of UEs
together with energy storage of the BS to adapt the BS
resource. Our technique decides optimal charging and dis-
charging of batteries, subcarrier allocation of the BS and buffer
consumption rate according to given CSI and ESI. Moreover,
a realistic imperfect battery model is considered in our
paper.

To avoid the performance degradation due to imperfect
prediction of CSI and ESI and reduce the computation com-
plexity, we propose a Lyapunov optimization-based online
algorithm in a RE-aware manner. To minimize grid energy
consumption while maximizing utility of users, the weighted
sum of the above two targets is used as our objective function.
To satisfy the causality and capacity constraints of batteries
and UEs’ buffer, we generalize the Lyapunov optimization
technique and propose an online L-SPAR algorithm based
on current state of energy arrival, channel condition, battery
level and buffer level of UEs. We then prove the feasibility
and performance bound of L-SPAR algorithm. The simula-
tion results show that L-SPAR provides a feasible solution
and effectively reduces grid power consumption compared to
conventional non-RE schemes and existing Lyapunov-based
techniques.

Jointly solving power and subcarrier allocation in each
time slot can enable full utilization of spatial/temporal diver-
sity of OFDMA networks and can potentially lead to better
optimization opportunities and hence better performance. In
the future, we plan to explore addressing this more general-
ized problem, while also addressing its significantly increased
complexity. Finally, we plan to extend this research to a coop-
erative BSs scheme to incorporate both temporal and spatial
variation of harvested RE in multi-BSs scenario.

IEEE TRANSACTIONS ON GREEN COMMUNICATIONS AND NETWORKING

APPENDIX
A. PROOF OF LEMMA 1
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Since Ui, ~1(.) is the inverse function of U '(6) which sat-

isfies U/fl(U-’( 5)) = 4, we have U; (U 1(9w1%n)) -
P9 > g+ 202 by the definition of (19). Since
Bi'% U/(Q) and 5T > QP for QF € [0,67),

0/ (U ) > 0(Qp) for Q1 e [0, 5m),
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B. PROOF OF LEMMA 2

Derived from data buffer dynamic equation (4), we have

K
Qin—I—l _ an_,'_zxn

n
ik ik —
k=1

988

989

g

990

~

< Q'+ Z LT Tk € [rmm, rm‘”}.
k=1

991

The inequality comes from (5) that buffer consumption rate 0
is non-negative. From (22) and (24) in L-SPAR, zj; =1 only
if Ql-" i < E”(P” + Pgp) in Case 1 or T,’,fm(P’T + Pgp) <
an T < —wg V(%— + Pgp) in Case 2 & 3 respectively. We
define p = max{E™** — 0y, —wg V'}. Therefore, we have
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result.
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C. PROOF OF THEOREM 1 1006

Together with the upper bound of Ay (n) derived from 1o
Lemma 3 and the property of L-SPAR algorithm, we have
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121 The first inequality is directly obtained from Lemma 3. The

1022 second inequality is because the solution {X* 67, c

* (i* }

1023 obtained from L-SPAR minimize the per-time slot problem
12s P2. Together with the facts in Proposition 1 and 2 that
125 ™ is bounded within [0, "] and Q" is bounded within
1026 [0, Q"] respectively, we then apply the performance bound

1027 derived from Lemma 4 to give the last inequality.
From Lemma 4, letting ¢ — 0 and Cp =
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10ss We then sum up equation (44) for n = 0,1,..., N — 1 and
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