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Abstract—Cell-free radio access network (CF-RAN) has
emerged to address escalating demands in future mobile commu-
nications. The growing energy expense of CF-RAN necessitates
efficient resource management and the integration of renewable
energy harvesting systems. While prior studies on renewable
energy-enabled CF-RAN have mainly focused on antenna re-
source management and energy consumption of access points
(APs), they have largely overlooked significant power usage and
scheduling requirements of central processing unit (CPU) and
joint photovoltaic (PV) panel/battery sizing. To bridge these gaps,
this paper integrates CF-RAN with smart grid technology and
explores the joint optimization of PV panel/battery sizing and re-
source allocation to minimize system cost, including both capital
expenditure (CAPEX) for PV/battery installation and operational
expenditure (OPEX) for long-term operations. Leveraging the
stochastic dual-subgradient method, we develop an online energy
trading and resource allocation (OER) algorithm to enable real-
time decisions on beamforming, service scheduling, and energy
management. The feasibility and asymptotic optimality of the
proposed OER are rigorously established through Lyapunov
optimization techniques. Building on this asymptotically optimal
solution, particle swarm optimization (PSO) is further employed
to optimize the sizes of PV panels and batteries beforehand.
Simulation results demonstrate a 62.7% reduction in total sys-
tem cost compared to benchmark approaches, while reducing
computational complexity in sizing PV panels and batteries.

Index Terms—Cell-free radio access network (CF-RAN), pho-
tovoltaic (PV) panel and battery sizing, energy harvesting,
resource allocation, stochastic optimization.

I. INTRODUCTION

To meet the explosive demands of high data rates, multi-
media applications and spectral efficiency for future mobile
communications, e.g., sixth-generation (6G) system, cell-free
radio access network (CF-RAN) has been proposed as a
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promising architecture with densely deployed access points
(APs) connected to a central processing unit (CPU) via fron-
thaul links [2]–[4]. However, with the potentially substantially
increased number of deployed APs and intensive processing
needs at the CPU, the energy expenses contribute a significant
part of the operational expenditure (OPEX).

Meanwhile, electricity grids are shifting from traditional
grids to smart grids [5]. Smart grid technology enables flex-
ible power schedules and two-way energy transactions in
response to varying electricity prices, particularly with the
integration of distributed renewable energy source (RES). It
has the great potential to reduce the energy consumption
and OPEX of wireless networks [6]–[9]. Several studies have
investigated resource allocation to minimize the OPEX of
smart grid-powered coordinated multipoint (CoMP) systems
[10] or mobile edge computing (MEC) [11], [12]. While
integrating RES, particularly photovoltaic (PV) systems, with
CF-RAN is a natural strategy to curtail OPEX and carbon
emissions, harnessing solar energy in wireless networks is far
from straightforward. In contrast to reliable grid power, the
output of PV panels is inherently intermittent, as it depends on
solar insolation that varies with weather conditions, geographic
location, and time of day [13]. Consequently, batteries are
therefore essential to store surplus energy and stabilize supply.
Yet, determining the optimal sizes of PV panels and batteries
is an essential challenge: Oversizing leads to excessive capital
expenditure (CAPEX) [14], [15], while undersizing increases
reliance on grid electricity and raises OPEX. Crucially, these
sizing decisions directly influence the efficiency of real-time
resource allocation and energy trading strategies. Therefore,
to minimize the total system cost (including both CAPEX and
OPEX) in smart grid-powered CF-RAN, PV panel/battery sizes
must be carefully designed in conjunction with two-way en-
ergy transactions with the grid, battery charging/discharging
schedules, and resource allocation.

To address the computational complexity arising from the
coupling of hardware sizing and stochastic resource manage-
ment, we propose a two-stage framework, termed PBS-OER,
which jointly integrates particle swarm optimization (PSO)-
based sizing with online energy trading and resource allocation
(OER) in smart grid-powered CF-RAN. Unlike the confer-
ence version [1] which adopted a cellular centralized C-RAN
model, this work builds upon a CF-RAN architecture, where
distributed APs jointly serve UEs without predefined cell
boundaries. By jointly optimizing PV panel and battery sizing
together with radio and energy resource allocation, the pro-
posed PBS-OER minimizes system cost while ensuring system
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stability and users’ QoS. PBS-OER consists of two tightly
integrated stages. In the offline stage, a PSO-based algorithm
determines the optimal PV panel and battery sizes for each
AP using historical channel and energy price data, leveraging
its efficiency in handling high-dimensional, non-convex search
spaces without gradient information. In the online stage,
the OER algorithm performs real-time beamforming, service
scheduling and energy management based on the stochastic
dual-subgradient method. Using Lyapunov optimization, OER
is shown to achieve feasibility and asymptotic optimality,
ensuring long-term system stability and QoS, which in turn
enables efficient and high-quality sizing decisions.

The key contributions of this paper are summarized as
follows:

1) We formulate the first joint PV panel/battery sizing and
resource allocation problem tailored to CF-RAN. Unlike
prior works on small cells or conventional RAN [16],
[17], our formulation explicitly captures the coupling
between hardware sizing, centralized beamforming, CPU
computation scheduling, and energy trading. This holistic
design minimizes both CAPEX and OPEX under smart
grid integration.

2) We propose PBS-OER, a two-stage framework that co-
designs offline PSO-based sizing with online energy trad-
ing and resource allocation. The framework incorporates
CPU VM energy consumption and service scheduling
into CF-RAN optimization. Leveraging the stochastic
dual-subgradient method, real-time VM scheduling and
energy management decisions for APs and CPUs are
decoupled across time and entities, enabling fully dis-
tributed online optimization via OER.

3) Leveraging Lyapunov optimization, we establish the fea-
sibility and asymptotic optimality of the proposed OER
algorithm. Even when system dynamics such as RES
generation and energy prices are unknown a priori, OER
guarantees long-term stability and QoS.

4) With the asymptotically optimal OER in place, we em-
ploy PSO to efficiently determine PV panel and battery
sizes in advance, utilizing historical system parameters
(e.g., channel gains and energy prices).

Extensive simulations show that the proposed PBS-OER algo-
rithm significantly cuts down the system cost by 62.7%, and
reduces the computational complexity of the PV panel/battery
sizing, compared to the benchmarks. The feasibility condition
established analytically is also validated.

The remainder of the paper is organized as follows. In
Section II, we review the related works. The system models
are provided in Section III. In Section IV, the problem is
formulated and relaxed to improve tractability. The proposed
PBS-OER strategy is developed in Section V. Performance
analysis is presented in Section VI. Numerical results are re-
ported in Section VII, while Section VIII provides conclusions.
The notation used in this paper is listed in Table II.

II. RELATED WORK

Some works have investigated resource allocation for RES-
enabled CF-RAN [18]–[20], and its predecessor C-RAN [21],

[22]. Demir et al. [18] applied linear programming for of-
fline energy cooperation and management of cell-free massive
multiple-input multiple-output (CF-mMIMO) systems. Moradi
et al. [19] developed an AP power allocation scheme to
minimize the energy consumption from the electrical grid.
An intelligent network resource scheduling scheme based
on the Soft Actor-Critic (SAC) algorithm was proposed in
[20] to provide quality-of-service (QoS) guarantees while
minimizing grid power consumption. Focusing on practical
random systems, online resource management schemes were
studied based on Lyapunov optimization in [21] with RES-
powered APs. Zeng et al. [22] investigated an RES-aware AP
activation problem with convex optimization to verify the high
energy efficiency of their green C-RAN architecture. Despite
these contributions, the existing works [18]–[22] primarily
focus on antenna resource management and the energy con-
sumption of APs. They largely overlook the substantial power
usage and scheduling requirements of CPU virtual machines
(VMs). Moreover, none of these studies jointly optimize PV
panel/battery sizing together with radio and energy resource
allocation in CF-RAN.

In parallel, several studies have examined PV panel and
battery sizing in cellular networks. Chamola et al. [23] ana-
lyzed the outage probability with regard to PV panel size and
battery number by modeling solar energy harvesting, BS load,
and battery state as Markov processes. Javidsharifi et al. [14]
developed a heuristic algorithm to decide the number of PV
panels and battery capacities for powering drone-aided cellular
networks. Only a few existing works have jointly considered
PV panel/battery sizing and radio/energy resource alloca-
tion, for smart grid-powered small cells [16] or RES-enabled
RAN [17]. Mendil et al. [16] developed an iterative approach
for PV panel/battery sizing accounting for battery aging, and
minimized energy cost using a Fuzzy Q-learning based energy
control strategy. Pamuklu et al. [17] proposed an offline cost-
effective algorithm for PV panel/battery sizing, and an online
BS switch-on/off algorithm to regulate the grid electricity
consumption. Although these works represent important steps
towards green wireless networks, their approaches are tailored
to decentralized small-cell or conventional RAN architectures
and cannot be directly extended to CF-RAN, which involves
complex centralized beamforming and joint signal processing
across all APs. Furthermore, none of them provides an online
stochastic optimization framework with rigorous theoretical
guarantees that can simultaneously handle renewable energy
intermittency and dynamic energy prices.

Table I provides a structured comparison of the above
related works and the proposed approach. As summarized in
the table, three open problems motivate this work:

1) Oversight of CPU computation resources: Prior works on
RES-enabled CF-RAN or C-RAN [18]–[22] mainly focus
on antenna resource management and energy consump-
tion of APs, and overlook the significant power usage and
scheduling requirements of CPU VMs.

2) Absence of joint optimization in CF-RAN: While a few
works on small cells and conventional RAN [16], [17]
have investigated joint PV panel/battery sizing and re-
source allocation, their approaches cannot be directly
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TABLE I
SUMMARY OF RELATED WORKS AND CRITICAL GAPS

Reference System Architecture Objective Main Focus Gap
Demir et al.
[18]

RES-enabled
CF-RAN

Distributed APs;
centralized CPU

Spectral ef-
ficiency

Offline energy cooperation
via linear programming

✓AP energy consumption and antenna resource
management;
✗CPU computation resource scheduling;
✗PV/battery sizing;
✗online optimization with theoretical
guarantees.

Moradi et al.
[19]

RES-enabled
CF-RAN

Distributed APs;
centralized CPU

Energy con-
sumption

AP power allocation to min-
imize energy consumption

Zhang et al.
[20]

RES-enabled
CF-RAN

Distributed APs;
centralized CPU

Energy con-
sumption

SAC-based intelligent
scheduling for QoS and grid
power minimization

Zhu et al.
[21]

RES-enabled C-
RAN

Centralized Energy effi-
ciency

Online resource management
via Lyapunov optimization

Zeng et al.
[22]

RES-enabled C-
RAN

Centralized Energy con-
sumption

RES-aware AP activation
with convex optimization

Chamola et
al. [23]

RES-enabled
cellular
networks

Decentralized CAPEX Outage analysis with
PV/battery sizing (Markov
modeling)

✓PV/battery sizing;
✗joint radio and energy resource allocation;
✗CF-RAN specific.

Javidsharifi
et al. [14]

Drone-aided cel-
lular networks

Decentralized OPEX+
CAPEX

Heuristic PV/battery sizing
algorithm

Mendil et al.
[16]

Smart grid-
powered small
cells

Decentralized OPEX+
CAPEX

Iterative PV/battery sizing
with battery aging; fuzzy Q-
learning

✓Joint PV/battery sizing and resource
allocation;
✗directly extended to CF-RAN;
✗CF-RAN-oriented online stochastic
optimization.

Pamuklu et
al. [17]

RES-enabled
RAN

Decentralized OPEX+
CAPEX

Offline PV/battery sizing;
online BS switch-on/off

Proposed
PBS-OER

Smart grid-
powered CF-
RAN

Distributed
APs;
centralized
CPU

OPEX+
CAPEX

Joint PV/battery sizing and
online resource allocation

✓CPU resource scheduling;
✓joint PV/battery sizing and resource alloca-
tion for CF-RAN;
✓online stochastic optimization with theoret-
ical guarantees.

extended to CF-RAN. The CF-RAN architecture requires
complex beamforming and centralized processing, which
creates a unique coupling between hardware sizing and
real-time signal processing that has not been studied in
the literature.

3) Lack of CF-RAN-oriented online stochastic optimization
with theoretical guarantees: Existing methods do not
provide an online optimization framework with theoreti-
cal guarantees that can simultaneously handle renewable
energy intermittency and dynamic energy prices in CF-
RAN, making it difficult to ensure long-term stability and
QoS.

As clearly highlighted in Table I, the proposed PBS-OER is the
only approach that simultaneously addresses CPU computation
resources, joint PV/battery sizing and resource allocation
tailored to CF-RAN, and online stochastic optimization with
theoretical guarantees.

III. SYSTEM MODELS

Consider a CF-RAN for downlink transmission; see Fig. 1.
A set I := {1, . . . , I} of multi-antenna APs, each equipped
with M antennas, serves a set K := {1, . . . ,K} of single-
antenna user equipment (UE). All APs are linked to the CPU
through highly reliable wired fronthaul links (e.g., optical
fibers). The CPU builds VMs to provide computational re-
sources to the UEs. Suppose that the CPU and each AP can
use batteries to store surplus RES harvested by the PV panels
and electricity purchased off the grid for their future use.

We consider slotted transmissions and model the wireless
channels and RES harvesting process as quasi-static models;
i.e., the channel coefficients and harvested energy amounts do

TABLE II
NOTATION AND DEFINITION

Notation Definition
I, I Set and total number of APs
K,K Set and total number of UEs
M Number of antennas per AP
T, t Operation period and time slot index
Cpv, Cbat Unit costs for PV panels and batteries
ht
ik,wt

ik Channel gain and beamforming vectors from AP i
to UE k

rtk, γk, n
t
k, σ

2
k Transmission rate, target SINR, noise and noise

variance of UE k
Qt

e,k, Q
t
u,k Queue lengths of VM processing at CPU and trans-

mission at APs for UE k
At

k, λk Data arrival amount and average arrival rate for UE
k at the CPU

µt
k, µ

max
k Service rate and maximum service rate of VM k at

the CPU
Et

i , E
t
e Harvested RES at AP i and CPU

Si, I
t
i PV panel size and solar insolation at AP i

Ct
i , C

t
e State of Charge (SoC) of battery at AP i and CPU

Cmax
i , Cmax

e Battery capacity at AP i and CPU
Cmin

i , Cmin
e Minimum battery energy level at AP i and CPU

P t
b,i, P

t
b,e Battery charging/discharging power at AP i and CPU

P t
g,i, Pc,i Total power consumption and constant power con-

sumption of AP i
P t
v,e, Pcoord Total power consumption and constant coordination

power of the CPU
αt, βt Effective energy buying and selling prices at slot t
ΦCAP,ΦOP CAPEX and OPEX
GR(·), GB(·) Transaction cost of APs and CPU
qti , q

t
e Virtual energy queues of AP i and CPU

not change within a time slot, and yet can change indepen-
dently between slots. Let t ∈ T := {0, 1, 2, . . . , T −1} denote
the index of a slot. The duration of a slot is normalized to “1”
for illustration convenience. In this sense, the terms “energy”
and “power” are interchangeable in this paper.
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Fig. 1. The considered smart grid-powered CF-RAN, where the
CPU and APs with a mixed power supply implement two-way
energy transactions with the smart grid.

As per slot t, ht
ik ∈ CM is the channel gain from AP i to

UE k, and wt
ik ∈ CM is the beamformer of AP i to UE k.

The channel gain and beamforming vector from the APs to UE
k are collected in ht

k := [ht
′

1k, . . . ,h
t
′

Ik]
′ ∈ CMI and wt

k :=

[wt
′

1k, . . . ,wt
′

Ik]
′ ∈ CMI . The received signal at UE k is [3],

[18]

ytk = htH

k wt
kx

t
k +

K∑
j=1,j ̸=k

htH

k wt
jx

t
j + nt

k, (1)

where xtk is the normalized data symbol for UE k with
unit power; ntk is the additive noise at UE k, following the
circularly symmetric complex Gaussian distribution with zero
mean and variance σ2

k. The first term on the right-hand side
(RHS) of (1) accounts for the desired coherent signal jointly
transmitted from all APs serving UE k. The second term
corresponds to coherent multi-user signals intended for other
UEs, which are jointly processed in CF-RAN. The signal-to-
interference-plus-noise-ratio (SINR) of UE k is given by [3]

SINRt
k({wt

k}) =
htH

k wt
kwtH

k ht
k∑K

j=1,j ̸=k htH
k wt

jwtH
j ht

k + σ2
k

. (2)

With γk denoting UE k’s target SINR, the QoS of UEs is
guaranteed by requiring [18]

SINRt
k({wt

k}) ≥ γk, ∀k. (3)

The achievable rate of UE k at slot t is

rtk({wt
k}) = log(1 +

htH

k wt
kwtH

k ht
k∑K

j=1,j ̸=k htH
k wt

jwtH
j ht

k + σ2
k

). (4)

A. Queue Model

A double-layer queueing model is created to describe data
processing and transmission from the CPU to the UEs with
reference to [24]. Assume that each UE k is exclusively served
by its respective VM k. As shown in Fig. 1, the data of UE
k arrives at the processing queue of VM k in the CPU, and
is executed with a service rate of µt

k ∈ [0, µmax
k ], where µmax

k

denotes the maximum service rate. The service rate inherently
captures the non-negligible processing delay at the CPU. The

processed data is delivered to the transmission queue of the
AP serving UE k, and then to UE k via wireless channels with
the transmit rate rtk in (4).

Let Qt
e,k and Qt

u,k denote the lengths of the VM processing
queue and AP transmission queue for UE k at slot t, respec-
tively. With [x]+ := max{x, 0}, these two queues evolve as

Qt+1
e,k = [Qt

e,k−µt
k]

++At
k; Qt+1

u,k = [Qt
u,k−rtk]++µt

k, (5)

where At
k denotes the data for UE k arriving at the CPU at

slot t with an average arrival rate of λk = E{At
k}. Note that

the service rate µt
k not only determines the execution speed

at VM k but also represents the data rate forwarded from the
CPU to the AP serving UE k. Each fronthaul link between
an AP i and the CPU is subject to a finite capacity Cfh,i. To
capture fronthaul limitations, we impose

µt
k ≤ wk,iCfh,i,

∑
k∈Γi

wk,i = 1, (6)

where wk,i is the allocation weight (e.g., based on channel
quality or service priority), and Γi denotes the set of UEs
served by AP i.

We define the system as stable if the following holds:

lim
T→∞

1

T

T−1∑
t=0

E[Qt
e,k] ≤ ∞; lim

T→∞

1

T

T−1∑
t=0

E[Qt
u,k] ≤ ∞. (7)

B. Energy Model

1) Energy Consumption: The transmit power of AP i
is P t

x,i =
∑K

k=1 wtH

k Biwt
k, where the MI × MI matrix

Bi := diag(0, . . . , 0︸ ︷︷ ︸
(i−1)M

, 1, . . . , 1︸ ︷︷ ︸
M

, 0, . . . , 0︸ ︷︷ ︸
(I−i)M

) selects the beamform-

ing vectors wt
i,k, ∀i from wt

k, for evaluating the transmit power
of AP i. The total power consumption of AP i at slot t is

P t
g,i = Pc,i +

K∑
k=1

wtH

k Biwt
k/ξ ≤ Pmax

g,i , (8)

where Pc,i is the constant power consumed by, e.g., air
conditioning, data processing and circuits; ξ > 0 specifies
the power amplifier efficiency; Pmax

g,i is the maximum power
consumption of AP i. By default, we set ξ = 1.

The power consumption for user data processing of a
VM is generally considered as a convex and increasing
function of the service rate µt

k [25], [26]. To account for
the additional computational burden of centralized scheduling
and coordination, the CPU power consumption is given by
P t
v,e =

∑K
k=1 kc(µ

t
k)

3 + Pcoord, where the first term on the
RHS represents the processing cost for user data, and Pcoord
explicitly models the overhead of joint coordination. Here,
kc > 0 is a constant, and typically obtained empirically.

2) Renewable Energy Generation: Suppose that the sizes
of the PV panel and battery at the CPU are known, while those
at the APs can be optimized to reduce the system cost. The
RES harvested at the CPU at slot t is Et

e. The RES harvested
at AP i at slot t is Et

i = ηpv ·Si ·Iti , where Iti denotes the solar
insolation of AP i, Si is the size (or area) of the PV panel, and
ηpv is the PV module efficiency [27], [28]. Note that renewable
generation (e.g., solar insolation Iti ) is modeled as a random
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process rather than a deterministic input, thereby capturing
environmental uncertainties. Without loss of generality, we set
ηpv = 1 by default.

3) Battery Dynamics: Considering physical constraints,
each battery has a finite capacity and a minimum energy level
for the battery’s health. The state of charge (SoC) of the APs,
denoted by Ct

i , and of the CPU, denoted by Ct
e, the battery

(dis)charge rates at the APs, P t
b,i, and at the CPU, P t

b,e, satisfy

Ct+1
i = Ct

i + P t
b,i, C

min
i ≤ Ct

i ≤ Cmax
i , ∀i, t (9)

Ct+1
e = Ct

e + P t
b,e, C

min
e ≤ Ct

e ≤ Cmax
e , ∀t (10)

Pmin
b,i ≤ P t

b,i ≤ Pmax
b,i , Pmin

b,e ≤ P t
b,e ≤ Pmax

b,e , ∀t (11)

where Pmin
b,i < 0 and Pmin

b,e < 0 are the maximum battery
discharging amounts, and Pmax

b,i > 0 and Pmax
b,e > 0 are the

maximum battery charging amounts accordingly.
4) Energy Trading Mechanism: Given the batteries, two-

way energy transactions between the CPU/APs and the grid
can better utilize the RES and cut down system cost. The
energy shortage of the CPU to be acquired from the grid is
[P t

v,e − Et
e + P t

b,e]
+. The surplus energy that can be sold to

the grid is [Et
e−P t

v,e−P t
b,e]

+. The shortage energy of AP i is
[P t

g,i−SiI
t
i +P

t
b,i]

+. Its surplus energy is [SiI
t
i −P t

g,i−P t
b,i]

+.
Let α̃t and β̃t be the energy purchase and selling prices at

time t, respectively. It is reasonable to assume α̃t > β̃t > 0.
To capture battery (dis)charging inefficiencies, we pre-scale
α̃t and β̃t to obtain effective energy prices: αt = α̃t/ηch and
βt = β̃tηdis, where ηch and ηdis are the battery charging and
discharging efficiencies, respectively. The transaction cost of
the CPU at time t is given by

GB(P
t
v,e, P

t
b,e) := αt[P t

v,e−Et
e+P

t
b,e]

+−βt[Et
e−P t

v,e−P t
b,e]

+.
(12)

The transaction cost of AP i at slot t is

GR(Si, P
t
g,i, P

t
b,i) := αt[P t

g,i − SiI
t
i + P t

b,i]
+

− βt[SiI
t
i − P t

g,i − P t
b,i]

+.
(13)

The system OPEX is considered as the total energy trans-
action cost over a long-term horizon T , i.e.,

ΦOP(Si, P
t
i , P

t
e) =

T−1∑
t=0

[
∑
i∈I

GR(Si, P
t
i ) +GB(P

t
e)],

where P t
i := P t

g,i + P t
b,i and P t

e := P t
v,e + P t

b,e are auxiliary
variables introduced for notational brevity.

The system CAPEX can be modeled as a linear function of
the sizes of PV panels and batteries at the APs [17], as given
by

ΦCAP(Si, C
max
i ) =

∑
i∈I

(Si · Cpv + Cmax
i · Cbat), (14)

where Cpv is the unit installation cost of a PV panel. Con-
sidering the effect of battery degradation, we amortize the
expected replacement cost over the planning horizon T and
embed it into the CAPEX coefficient. Specifically, we define
the effective unit cost of battery as Cbat = C ins

bat +C rep
bat , where

C ins
bat is the unit installation cost, and C rep

bat is the amortized unit
replacement cost given by C rep

bat = crepηcycT/Lnom [29], [30].

Here, crep denotes the replacement cost per unit capacity, ηcyc
is the cycle-induced capacity loss coefficient, and Lnom denotes
the nominal cycle lifetime of the battery.

IV. PROBLEM FORMULATION

In this section, we investigate the PV panel/battery siz-
ing and radio/energy resource allocation for the smart grid-
powered CF-RAN to minimize the system cost (including
CAPEX and long-term OPEX), while guaranteeing the system
stability and UEs’ QoS requirement. The problem is cast as

P1: min
Θ

ΦCAP(Si, C
max
i ) + ΦOP(Si, P

t
i , P

t
e) (15a)

s. t. Smin
i ≤ Si ≤ Smax

i , CMIN
i ≤ Cmax

i ≤ CMAX
i ,

(15b)

Cmin
i ≤ Ct

i ≤ Cmax
i , Cmin

e ≤ Ct
e ≤ Cmax

e , (15c)

Ct+1
i = Ct

i + P t
i − Pc,i −

∑
k∈K

wtH

k Biwt
k, (15d)

Ct+1
e = Ct

e + P t
e − kc

∑
k∈K

(µt
k)

3, (15e)

(3), (5) − (8), (11),

where Θ := {Si, C
max
i ,wt

k, µ
t
k, P

t
i , P

t
e , ∀i, k, t}. Here, Si and

Cmax
i are bounded in (15b), and are assumed to be discrete

values picked from finite sets.
Problem P1 is nontrivial, as the PV panel and battery sizing

decisions made in advance affect the real-time resource allo-
cation and energy trading over the long-time operation period.
Moreover, the SoC dynamics in (15d)–(15e) and the queue
changes in (5) couple all variables {wt

k, µ
t
k, P

t
i , P

t
e , ∀i, k, t}

throughout T . We proceed to decompose Problem P1 into two
subproblems: a long-term time-average OPEX minimization
subproblem with fixed PV panel and battery sizes, and a
one-off PV panel/battery sizing subproblem that minimizes
the total system cost, and produce an asymptotically optimal
solution, as will be discussed in Section V.

1) OPEX Minimization: Let xt := {wt
k, µ

t
k, P

t
i , P

t
e , ∀i, k},

and X := {xt, ∀t}. Given the PV panel sizes and batteries,
the long-term time-average OPEX minimization is cast as

S1: F ∗ := min
X

lim
T→∞

1

T

T−1∑
t=0

[
∑
i∈I

GR(P
t
i ) +GB(P

t
e)] (16)

s. t. (3), (5)–(8), (11), (15c)–(15e).

2) PV Panel and Battery Sizing: Based on the solution to
Problem S1, the minimum OPEX F ∗ can be obtained with
different size combinations of PV panels and batteries. Then
the PV panel and battery sizing can be optimized by solving

S2: min
{Si,Cmax

i }
ΦCAP(Si, C

max
i ) + TF ∗(Si, C

max
i ) (17)

s. t. (15b).

It is difficult to solve Problem S1 since our goal is to
minimize the time-average OPEX cost over a long time
horizon, with all variables {wt

k, µ
t
k, P

t
i , P

t
e , ∀i, k, t} coupled

in (5) and (15d)–(15e) throughout the operation period T .
We relax the problem to improve its tractability by applying

time decoupling [31]. In particular, for the coupled battery
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dynamics (15d)–(15e), as we sum them up over the scheduling
horizon, and then divide both sides by T → ∞, it holds that

lim
T→∞

1

T

T−1∑
t=0

E[P t
i − Pc,i −

∑
k

wtH

k Biwt
k] = 0;

lim
T→∞

1

T

T−1∑
t=0

E[P t
e − kc

∑
k

(µt
k)

3] = 0.

(18)

By reformulating (5) and (7) from a long-term perspective, the
following conditions must be satisfied for system stability [32]

lim
T→∞

1

T

T−1∑
t=0

E[At
k − µt

k] ≤ 0;

lim
T→∞

1

T

T−1∑
t=0

E[µt
k − rtk] ≤ 0.

(19)

Problem S1 can now be relaxed to

S1.1: F̃ ∗ := min
X

E[
∑
i∈I

GR(P
t
i ) +GB(P

t
e)]

s. t. (3), (8), (11), (18)–(19).

In Problem S1.1, (15c)–(15e) are replaced by (18) to
eliminate the time coupling of {Ct

i , C
t
e, ∀i, t}. (5) and (7)

are replaced by (19) to eliminate the time coupling of
{Qt

e,k, Q
t
u,k, ∀k, t}. Since Problem S1.1 is a relaxed version of

S1, a lower bound of F ∗ can be obtained by solving Problem
S1.1. This is because the optimal value of S1.1 does not exceed
that of S1, i.e., F̃ ∗ ≤ F ∗. Let ξt := {Iti , Et

e, A
t
k, h

t
k, α

t, βt}
collect all the dynamic system parameters. We apply a stochas-
tic dual-subgradient approach to solve Problem S1.1, so that
the asymptotically optimal solution to S1 can be obtained.

V. PROPOSED PBS-OER ALGORITHM

A. Online Resource Allocation

We develop an iterative algorithm to achieve a long-term
optimal resource scheduling strategy (including AP beamform-
ing, CPU processing, and energy transaction control) for S1.1.

1) Stochastic Dual-Subgradient Method: Let F t denote
the set of xt satisfying constraints (3), (8) and (11) per t.
Also, let λt := {λti,1, λt2, λtk,3, λtk,4, ∀i, k} and λ := {λt, ∀t}
collect the Lagrange multipliers related with constraints (18)
and (19). The partial Lagrangian function of Problem S1.1 is
given by L(X ,λ) := E[Lt(xt,λt)], where Lt(xt,λt) is the
instantaneous Lagrangian at slot t, as given by

Lt(xt,λt) =
∑
i∈I

GR(P
t
i ) +GB(P

t
e) +

∑
i∈I

λti,1(P
t
i − Pc,i

−
∑
k

wtH

k Biwt
k) + λt2(P

t
e − kc

∑
k

(µt
k)

3)

+
∑
k∈K

λtk,3(A
t
k − µt

k) +
∑
k∈K

λtk,4(µ
t
k − rtk({wt

k})). (21)

The dual problem of Problem S1.1 is maxλD(λ), where
D(λ) = minxt∈Ft L(X ,λ). A standard subgradient method
can be adopted to update λ for the dual problem. However,
calculating the standard subgradients requires taking expec-
tations over the random parameter ξt with unknown joint

probability distributions. For a stationary ξt, we apply the
stochastic subgradient descent technique to update the stochas-
tic Lagrange multipliers λ̂t = {λ̂ti,1, λ̂t2, λ̂tk,3, λ̂tk,4, ∀i, k, t}
with the stepsize η, as given by [33]

λ̂t+1
i,1 = λ̂ti,1 + η(P t

i − Pc,i −
∑
k

wtH

k Biwt
k), ∀i, t; (22a)

λ̂t+1
2 = λ̂t2 + η(P t

e − kc
∑
k

(µt
k)

3), ∀t; (22b)

λ̂t+1
k,3 = [λ̂tk,3 + η(At

k − µt
k)]

+, ∀k, t; (22c)

λ̂t+1
k,4 = [λ̂tk,4 + η(µt

k − rtk({wt
k}))]+, ∀k, t. (22d)

With λ̂t obtained from xt−1 via (22) per t, we can optimize
online the variables xt = {wt

k, µ
t
k, P

t
i , P

t
e} by solving

xt = argmin
xt∈Ft

Lt(xt, λ̂t, ξt). (23)

2) Virtual-Queue Control: The queues of the VMs and UEs
in (5) satisfy Qt

e,k = λ̂tk,3/η and Qt
u,k = λ̂tk,4/η; see (22c)

and (22d). Define two virtual energy queues qti = λ̂ti,1/η and
qte = λ̂t2/η, following the SoC dynamics (15d) and (15e), i.e.,

qt+1
i = qti + P t

i − Pc,i −
∑
k

wtH

k Biwt
k; (24a)

qt+1
e = qte + P t

e − kc
∑
k

(µt
k)

3. (24b)

The values of qti and qte are allowed to be negative.
3) Online Optimization: Let Qt := {qti , qte, Qt

e,k, Q
t
u,k},

then λ̂t = ηQt. We can replace λ̂t with ηQt in (23), and
decompose (23) into four subproblems based on the decision
variables, i.e.,

min
P t
i

f1(P
t
i ) = min

P t
i

∑
i

[GR(P
t
i ) + ηqti(P

t
i − Pc,i)], (25a)

s. t. (11);
min
P t
e

f2(P
t
e ) = min

P t
e

[GB(P
t
e ) + ηqteP

t
e ], (25b)

s. t. (11);

min
µt
k

f3(µ
t
k) = min

µt
k

∑
k

[−ηqtekc(µ
t
k)

3 + ηQt
e,k(A

t
k − µt

k)

+ ηQt
u,kµ

t
k], (25c)

s. t. (11);

min
wt
k

f4(wt
k) = min

wt
k

[−
∑
i

ηqti
∑
k

wtH

k Biwt
k −

∑
k

ηQt
u,kr

t
k({wt

k})],

s. t. (3), (8), (11). (25d)

In what follows, given Qt, we optimize energy management
via (25a)-(25b), VM processing via (25c), and AP beam-
forming via (25d). The energy management (25a)-(25b) and
VM service schedule (25c) problems are inherently distributed
across APs/VMs, where local decision-making is performed.
The beamforming design is coordinated centrally at the CPU.

• Energy Management: By defining ψt := (αt − βt)/2
and ϕt := (αt +βt)/2, (12) and (13) can be rewritten as

GB(P
t
e) = ψt

∣∣P t
e − Et

e

∣∣+ ϕt(P t
e − Et

e),

GR(P
t
i ) = ψt

∣∣P t
i − SiI

t
i

∣∣+ ϕt(P t
i − SiI

t
i ).
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Since αt > βt > 0, it readily follows that ϕt > ψt > 0.
GB(P

t
e) and GR(P

t
i ) are convex functions of P t

e and P t
i ,

respectively. As a result, (25a) and (25b) are convex of
P t
i and P t

e , respectively, which can be solved by convex
solvers, e.g., the interior-point method [34].

• VM Service Schedule: Subproblem (25c) minimizes a
cubic function of µt

k. The optimal processing rate µt,opt
k

can be obtained by setting f
′

3(µ
t
k) = 0, where f

′

3(·) is
the first-order derivative of f3(·). We then have

µt,opt
k =

min[

√
Qt

u,k −Qt
e,k

3qtekc
, µmax

k ], if
Qt

u,k −Qt
e,k

qte
> 0;

µmax
k , otherwise.

(27)
• AP Beamforming: Subproblem (25d) is equivalent to

the following weighted minimum mean square error
(WMMSE) problem [35]:

min
{ρt

k
,ut

k
,wt

k
}

∑
k

ηQt
u,k(ρ

t
ke

t
k − logρtk)−

∑
i

[ηqti
∑
k

wtH

k Biwt
k].

(28)
This is because (25d) is equivalent to the weighted sum-
rate (WSR) maximization, and the equivalence between
WSR maximization and WMMSE problem has been es-
tablished in [35]. Here, ρtk is the mean square error (MSE)
weight for UE k at slot t, and etk is the corresponding
MSE. With an initial wt

k, we have ρtk = etk
−1, where etk =

E[(utkytk − xtk)
2] = ut

H

k (
∑

j∈K htH

k wt
jwtH

j ht
k + σ2

k)u
t
k −

2Re{utHk htH

k wt
k} + 1 with utk =

htH

k wt
k∑

j∈K htH

k wt
jwtH

j ht

k+σ2
k

being the optimal receiver.
By proper rearrangement, the SINR constraints in (3)
can be rewritten as a convex second-order cone (SOC)
constraint [10], that is,√∑

j ̸=k

|htH
k wt

j |2+σ2
k ≤ 1

√
γk

Re{htH

k wt
k}, Im{htH

k wt
k} = 0.

(29)
With obtained ρtk and utk, the beamforming vector wt

k

can be attained solving [36]

min
wt

k

∑
k

wtH
k (

∑
j∈K

ηQt
u,jρ

t
ju

tH

j ht
jhtH

j utj −
∑
i

ηqtiBi)wt
k

− 2
∑
k

ηQt
u,kρ

t
kRe{ut

H

k htH

k wt
k}, (30)

which is a quadratic program with the convex SOC
constraint (29), and can also be solved using off-the-
shelf convex solvers. Problem (25d) can then be solved
by iterating between wt

k, utk and ρtk until wt
k converges.

The proposed OER strategy is summarized in Algorithm 1.

B. PV Panel/Battery Sizing

We proceed to minimize the total system cost in (17) by
selecting the sizes of the PV panels and batteries for each
AP. Note that the PV panel/battery sizing is one-off and done
before the online resource allocation and energy trading, and
can be achieved in light of the asymptotic optimality of Algo-
rithm 1. Consider that the sizes are discrete and can be selected

Algorithm 1 Proposed OER Algorithm

1: Initialize the virtual queue lengths q0i , q
0
e and stepsize η.

2: for t = 1, 2, . . . do
3: The APs deliver their transmission queue information
Qt

u,k of UE k to VM k.
4: Each VM processes data with the optimal service rate in

(27), and each AP transmits data to UEs with the optimal
beamforming vector by solving (30).

5: The CPU and APs perform two-way energy transactions
with the grid based on the optimal P t

e and P t
i , and charge

or discharge the batteries based on the optimal P t
b,e and

P t
b,i, by solving (25a) and (25b).

6: Update the queue Qt+1 = {Qt+1
e,k , Q

t+1
u,k , q

t+1
i , qt+1

e }
via the dynamics (5) and (24).

7: end for

from a finite set, and the asymptotically optimal OPEX (i.e,
the upper bound of the offline optimum F ∗) can be obtained
solving S1 under each different combination of the PV panel
and battery sizes. With the asymptotically optimal policy at
hand and historical data, Monte Carlo methods can be utilized
to optimize the panel and battery sizes before deployment. In
this case, the PSO can be utilized to test different possible
combinations of panel and battery sizes, and evaluate the
overall system cost. The PSO-based PV panel/battery sizing
algorithm can speed up the sizing procedure, compared to an
exhaustive search [14], and is described as follows.

At each search iteration n, the position of the p-th particle
is Xn

p = [Xn
p,1, . . . ,X

n
p,I ]1×I , where Xn

p,i = {Si, C
max
i },

p = 1, . . . , P , with P being the total number of particles. The
search velocity V n

p and position Xn
p of the p-th particle are

updated as follows:

V n+1
p = w · V n

p + c1 · rand1 · (Pbestnp −Xn
p )

+ c2 · rand2 · (Gbestn −Xn
p ),

(31)

Xn+1
p = Xn

p + V n+1
p , (32)

where w is the inertia weight; c1 and c2 are constant weights;
rand1 and rand2 are random values from [0, 1]; Pbestnp is
the best position (i.e., the 2-tuple {Si, C

max
i } minimizing the

system cost in (17)) of particle p recorded by iteration n;
Gbestn is the best position among all particles by iteration n.

Let N denote the total number of iterations. The optimal
{Si, C

max
i } can be obtained when the iteration number reaches

N . Then, we carry out online resource allocation and energy
trading running Algorithm 1. The joint PBS-OER strategy is
presented in Algorithm 2.

Computational Complexity. The computational complex-
ity of the proposed OER algorithm is O(Λ), where Λ :=
L
[
I3.5 + (MIK)3.5 +K

]
. Here, L indicates the required

number of iterations till convergence in Steps 2-7 of Algo-
rithm 1. As per each iteration, the complexities of solving
problem (25a), (25b) and (25d) are O(I3.5), O(13.5) and
O((MIK)3.5) using the interior-point method, respectively.
Computing the optimal VM processing rates via (27) incurs a
complexity of O(K). The total complexity of the PBS-OER
algorithm is O(PNΛ). The complexity of solving Problem S1
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Algorithm 2 Proposed PBS-OER Algorithm

1: Initialize particle positions X0
p with random search veloc-

ities V 0
p for all particles.

2: for n = 0, 1, 2, . . . , N do
3: For each particle p, solve Problem S1 with historical

system parameters to calculate the minimum OPEX F ∗,
and sequentially the total cost in (17). Determine the
corresponding Pbestnp and Gbestn.

4: Update the position Xn+1
p and velocity V n+1

p of each
particle via (31) and (32).

5: end for
6: Obtain the optimal {Si, C

max
i } for all APs from the global

best position Gbestn.
7: Run Algorithm 1 to perform online resource allocation

and energy trading.

in Step 3 of Algorithm 2 is O(Λ) for each iteration. The total
number of iterations required is PN via the PSO approach.
Compared to an exhaustive search-based approach with a
complexity of O(SICIΛ), PBS-OER significantly shortens
the execution time. Here, S and C represent the number of
candidate PV panels and battery sizes, respectively.

VI. PERFORMANCE GUARANTEE

This section establishes the conditions under which the
feasibility and (asymptotic) optimality of OER is guaranteed.

1) Queue Stability: By leveraging Lyapunov optimization
[32], the queue stability under the OER is established:

Lemma 1 (Queue Stability): Suppose that there is a stationary
policy X : E[

∑
k(A

t
k − µt

k)] ≤ −ζ, E[
∑

k(µ
t
k − rtk)] ≤

−ζ, E[
∑

i(P
t
i − Pc,i −

∑
k wtH

k Biwt
k)] ≤ −ζ, and E[P t

e −
kc

∑
k(µ

t
k)

3] ≤ −ζ, where ζ > 0 is a slack vector constant.
Then, the OER algorithm guarantees the time-average queue
length is bounded and grows linearly with 1

η , i.e.,

lim
T→∞

1

T

T−1∑
t=0

E[
∑
i

(qti) + qte +
∑
k

(Qt
e,k +Qt

u,k)] = O(
1

η
).

Proof: Please refer to Appendix A.
2) Feasibility Guarantee: The OER algorithm is designed

to solve the relaxed Problem S1.1, where the instantaneous
battery capacity constraint in (15c) is replaced by the long-
term stability requirement. Nevertheless, we can prove that the
derived policy is feasible for the original S1, i.e., satisfying
(15c), by appropriately initializing η and {q0i , q0e , ∀i}.

Theorem 1 (Feasibility): If the stepsize η ≥ η :=
α−β

min{Cmax
i −Cmin

i +Pmin
b,i −Pmax

b,i ,Cmax
e −Cmin

e +Pmin
b,e −Pmax

b,e } and the

initial lengths of the virtual queues are q0i = C0
i − α

η −C
min
i +

Pmin
b,i and q02 = C0

e − α
η − Cmin

e + Pmin
b,e , then it holds that

Ct
i ∈ [Cmin

i , Cmax
i ] and Ct

e ∈ [Cmin
e , Cmax

e ] under the OER
algorithm, and the algorithm is feasible.

Proof: Please refer to Appendix B.

Theorem 1 affirms that the OER is feasible for both the
relaxed problem S1.1 and the original S1, if the stepsize and
the initial lengths of the virtual queues are properly configured.

3) Asymptotic Optimality: Finally, we can establish:

Theorem 2 (Asymptotic Optimality): With the stepsize and
the initial virtual queues specified in Theorem 1, the OER
yields asymptotic optimality and feasibility for S1.1, i.e.,

F ∗ ≤ lim
T→∞

1

T

T−1∑
t=0

E[
∑
i

GR(P
t
i ) +GB(P

t
e)] ≤ F ∗ + ηB,

where the constant B := 1
2 [(max{Pmax

b,i ,−Pmin
b,i })2 +

(max{Pmax
b,e ,−Pmin

b,e })2 + (Amax)2 + 2(µmax)2 + (rmax)2],
Amax = maxkA

t
k, µmax = maxkµ

t
k, and rmax = maxkr

t
k.

Proof: Please refer to Appendix C.

Theorem 2 indicates that the average cost of Problem
S1.1 under the OER converges to an O(η) close-to-optimal
solution. The gap to the optimal (offline) solution diminishes
as η → 0. Based on Lemma 1, a cost-queue tradeoff of [η, 1/η]
is revealed. With η = η, the optimality loss of the OER

is ηB =
(α−β)B

min{Cmax
i −Cmin

i +Pmin
b,i −Pmax

b,i ,Cmax
e −Cmin

e +Pmin
b,e −Pmax

b,e } .
The optimality loss is small, when (α − β) is small or the
battery capacities Cmax

i and Cmax
e are large. The proposed

OER can approach the optimal F ∗ by properly choosing η.

VII. SIMULATION RESULTS

In this section, extensive numerical tests are carried out
to verify the proposed PBS-OER algorithm and validate the
analyses presented in Section V.

A. Experiment Setup

We consider a green CF-RAN, where there are I = 4 APs,
each with M = 2 transmit antennas, and K = 20 UEs. We
use a custom-built numerical simulation platform developed
in MATLAB. This platform rigorously implements the sys-
tem models described in Section II (including the double-
layer queueing dynamics, battery state-of-charge evolution,
and wireless channel fading) and solves the decomposed
subproblems using either closed-form solutions or convex opti-
mization, i.e., standard interior-point method. For the wireless
channel, we adopt a composite fading model that combines
large-scale path loss with small-scale Rayleigh fading, where
the path loss exponent is set to 3.5 and the Rayleigh distri-
bution has unit variance. The fronthaul capacity Cfh,i is set to
1 Gbps. The task arrival process At

k is modeled as a scaled
representation of real-world application traffic obtained from
the OpenAirInterface (OAI) platform [37], with an average
rate of 4 Mnats. Renewable energy variability is captured
using real solar insolation data collected at the SolarTech Lab,
Politecnico di Milano, Italy [38]. The size of the PV panels
is picked from [1, 2, . . . , 7] m2, and the battery capacity is
picked from [30, 40, . . . , 90] kW [14]. The energy buying price
αt yields a folded normal distribution, i.e., αt = |x| with
x ∼ N (3, 3), while the selling price is set to βt = rαt with
r = 0.5 [31]. The stepsize is set to η = η (cf. Theorem 1).
The default system parameters are listed in Table III.

The following alternatives are compared to PBS-OER to
evaluate the benefit of two-way energy trading, RES and long-
term planning.
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TABLE III
SIMULATION PARAMETERS [31]

Parameter Value Parameter Value Parameter Value Parameter Value Parameter Value Parameter Value

System γk 0.1 ηch, ηdis 0.95 kc 10−16 Cpv 100 $/m2 Cbat 40 $/kW Pc,i 1 kW

AP˙i Pmin
g,i 0 Pmax

g,i 50 kW Cmin
i 5 kW C0

i 5 kW Pmin
b,i -10 kW Pmax

b,i 10 kW

CPU Pcoord 100 W µmax
k 10 Mbps Cmin

e 5 kW C0
e 5 kW Pmin

b,e -10 kW Pmax
b,e 10 kW

(a) (b)

Fig. 2. Average system cost (i.e., long-term OPEX and CAPEX)
and time-average queue length (η = η).

1) Joint Exhaustive Search-based Sizing and OER (ES-
OER): This algorithm solves the sizing problem (17) using
exhaustive search over all possible size combinations of PV
panel and battery, and provides a lower bound of system cost.

2) Greedy Algorithm: In this algorithm, instantaneous deci-
sions {wt

k, µ
t
k, P

t
i , P

t
e} are directly derived per slot by solving

(16) with convex solvers. Any surplus or shortfall energy must
be traded per slot to minimize the instantaneous cost.

3) OER without RES: It follows the proposed OER al-
gorithm to optimize the time-average system cost. However,
this algorithm does not utilize renewable energy. It only uses
energy purchased from the grid, as opposed to OER.

4) OER without (PV panel and battery) Sizing: This algo-
rithm randomly selects the sizes of PV panels and batteries
from the candidate sets. The resource allocation is conducted
online in the same way as described in Algorithm 1.

5) Myopic Algorithm [19]: This algorithm follows the pro-
posed sizing scheme. It performs resource allocation myopi-
cally to minimize the instantaneous cost slot-by-slot without
energy selling.

B. Performance Evaluation

Fig. 2(a) compares the average system costs of the con-
sidered algorithms. It is seen that PBS-OER converges to the
lower bound (i.e., ES-OER), while Greedy, OER without RES,
OER without Sizing and Myopic incur about 55.51%, 60.5%,
62.7%, and 56.9% higher costs, respectively. This is because
PBS-OER takes advantage of the PV panel/battery sizing,

Fig. 3. Average system cost versus r = βt/αt (η = η).

RES, fluctuating energy prices, and the battery to store low-
price energy for future use. In contrast, the Greedy algorithm
trades any abundance or shortage of energy at the current slot
to reduce the instantaneous cost. Similarly, Myopic follows
a Greedy-like trend but with higher costs, as it does not sell
energy and wastes surplus renewables. In Fig. 2(b), the average
queue lengths of the OER-based algorithms achieve similar
convergent values, while those of Greedy and Myopic keep
rising, as these shortsighted algorithms minimize instantaneous
costs while overlooking queue dynamics. With a convergent
queue length, the system stability is ensured by the proposed
OER, as stated in Lemma 1.

Fig. 3 shows the average system cost versus the price ratio
r = βt/αt with fixed αt. Clearly, the average costs of the
considered algorithms decrease as r grows, since the system
can make more profits with a higher βt. The OER-based
algorithms, i.e., PBS-OER, ES-OER, OER without RES, and
OER without Sizing, can benefit more since the optimality gap
ηB narrows as r grows (or (α− β) in η diminishes).

Fig. 4 plots the average system cost and running time of
different algorithms versus the number of UEs K. In Fig.
4(a), it is clear that the average system costs increase with
UEs, since the communication load is increasingly heavier.
The costs of Greedy and Myopic, however, remain unchanged
under different number of UEs at the cost of increasing queue
lengths. Although ES-OER achieves the lowest average system
cost, it undergoes a prohibitive computational complexity as
validated in Fig. 4(b), when the number of UEs is large.
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(a)

(b)

Fig. 4. Comparison of the average system cost and optimization
time of different algorithms (η = η).

C. Analysis Verification

We demonstrate the asymptotic optimality and feasibility of
OER with preserved system stability. First, we plot the energy
prices αt and βt, the Lagrangian multipliers λ̂t1,1 = ηqt1 and
λ̂t2 = ηqte, and the battery (dis)charging amounts P t

b,1 and P t
b,e

in Fig. 5. It is observed from Fig. 5(a) that OER performs
full battery charges P t

b,1 = Pmax
b,1 for AP1 when λ̂t1,1 < −αt

at t = 1, 2, 3, 5, 7, 9, 11, 13, 15; while full discharges P t
b,1 =

Pmin
b,1 occur when λ̂t1,1 > −βt at t = 4, 10, 12. This concurs

with the finding in Lemma 3 in Appendix B. The same battery
(dis)charging rules are observed at the CPU from Fig. 5(b).

Fig. 6 validates the feasibility condition derived in Theorem
1; i.e., the SoCs of AP1 and CPU are always feasible (Cmin

1 ≤
Ct

1 ≤ Cmax
1 , Cmin

e ≤ Ct
e ≤ Cmax

e ) when η = η. In contrast,
if η = 0.5η, the SoCs Ct

1 and Ct
e exceed the battery capacity.

The proposed OER obtained for the relaxed problem S1.1 is
feasible for the original problem S1 after properly initializing
η.

VIII. CONCLUDING REMARKS

In this paper, PV panel/battery sizing and resource allo-
cation were investigated for renewable energy-powered CF-
RAN. Leveraging PSO and the stochastic subgradient descent

(a) Power schedule of AP1

(b) Power schedule of the CPU

Fig. 5. Battery (dis)charging actions at AP1 and the CPU
(Cmax

1 = Cmax
e = 70 kW, η = η).

techniques, an offline sizing and online resource allocation and
energy trading strategy was developed to minimize the total
system cost. Applying the Lyapunov optimization technique,
we proved that our PBS-OER algorithm is a feasible and
asymptotically optimal strategy for the OPEX minimization
problem, even without knowing the information of system
dynamics a-priori. Simulations indicated that PBS-OER saves
the average system cost by 62.7%, compared to its alternatives.

APPENDIX

A. Proof of Lemma 1

By generalizing the Lyapunov optimization, we start this
proof with the following lemma.

Lemma 2: If ξt := {Iti , Et
e, A

t
k, h

t
k, α

t, βt} is i.i.d., there
exists a stationary control strategy P stat, which satis-
fies (5), (8), (11), (29) and guarantees: E[F stat(Xt)] =
F̃ ∗, E[

∑
k(A

t
k − µt,stat

k )] ≤ −ζ, E[
∑

k(µ
t,stat
k − rtk)] ≤

−ζ, E[
∑

i(P
t,stat
i − Pc,i −

∑
k wt,statH

k Biwt,stat
k ] ≤ −ζ,

and E[P t,stat
e − kc

∑
k(µ

t,stat
k )3] ≤ −ζ, where F stat(Xt)

is the system cost under P stat, {wt,stat
k , µt,stat

k , P t,stat
i ,

P t,stat
e , ∀i, k, t} are the variables.

Proof: This follows [32] and is suppressed for brevity.
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(a) (b)

Fig. 6. Battery SoC at AP1 and the CPU under the proposed
PBS-OER (Cmax

1 = Cmax
e = 50 kW, η = η).

Lemma 2 shows that the stationary P stat leads to the
optimal cost of Problem S1.1, and the expected cost per t
equals the optimal time-average cost. Based on the queue
evolutions in (5), we have [32]

(Qt+1
e,k )2 = ([Qt

e,k − µt
k]

+
+At

k)
2

≤ (Qt
e,k)

2 + 2Qt
e,k(A

t
k − µt

k) + (Amax)2 + (µmax)2︸ ︷︷ ︸
2B1

,

(33)
where Amax = maxkA

t
k, and µmax = maxkµ

t
k.

Similarly, with rmax = maxkr
t
k, we have

(Qt+1
u,k )

2 = ([Qt
u,k − rtk]

+
+ µt

k)
2

≤ (Qt
u,k)

2 + 2Qt
u,k(µ

t
k − rtk) + (µmax)2 + (rmax)2︸ ︷︷ ︸

2B2

,

(34)
From (11) and (24), it readily follows that

(qt+1
i )2 = (qti + P t

i − Pc,i −
∑
k

wtH

k Biwt
k)

2

≤(qti)
2+2qti(P

t
i −Pc,i−

∑
k

wtH

k Biwt
k)+(max{Pmax

b,i ,−Pmin
b,i })2︸ ︷︷ ︸

2B3

;

(qt+1
e )2 = (qte + P t

e − kc
∑
k

(µt
k)

3)2

≤ (qte)
2 + 2qte(P

t
e − kc

∑
k

(µt
k)

3) + (max{Pmax
b,e ,−Pmin

b,e })2︸ ︷︷ ︸
2B4

.

(35)
Let V (t) := 1

2 [
∑

i(q
t
i)

2+(qte)
2+

∑
k(Q

t
e,k)

2+
∑

k(Q
t
u,k)

2]
denote the Lyapunov function. According to (33)-(35), the
Lyapunov drift can be written as

∆V (t) := V (t+ 1)− V (t) ≤
∑
i

qti(P
t
i − Pc,i −

∑
k

wtH

k Biwt
k)+

qte(P
t
e−kc

∑
k

(µt
k)

3)+
∑
k

Qt
e,k(A

t
k−µt

k)+
∑
k

Qt
u,k(µ

t
k−rtk)+B.

where B = B1 + B2 + B3 + B4. Taking expectations and
adding 1

ηE[
∑

iGR(P
t
i ) + GB(P

t
e)] on both sides, it follows

that

E[∆V (t)] +
1

η
E[
∑
i

GR(P
t
i ) +GB(P

t
e )]

≤ B +
1

η
E
{
[
∑
i

GR(P
t
i ) +GB(P

t
e )] + ηqte(P

t
e − kc

∑
k

(µt
k)

3)

+ η
∑
i

qti(P
t
i − Pc,i −

∑
k

wtH

k Biwt
k)

+ η
∑
k

Qt
e,k(A

t
k − µt

k) + η
∑
k

Qt
u,k(µ

t
k − rtk)

}
≤ B +

1

η
E
{
F stat(Xt) + ηqte(P

t,stat
e − kc

∑
k

(µt,stat
k )3)

+ η
∑
i

qti(P
t,stat
i − Pc,i −

∑
k

wt,statH

k Biwt,stat
k )

+ η
∑
k

Qt
e,k(A

t
k − µt,stat

k ) + η
∑
k

Qt
u,k(µ

t,stat
k − rtk)

}
≤ B +

1

η
F ∗ − ζE[

∑
i

qti + qte +
∑
k

(Qt
e,k +Qt

u,k)], (36)

where the second inequality holds since the OER minimizes
Lt in (21) given all feasible strategies, such as P stat. The last
inequality is due to F̃ ∗ ≤ F ∗ and Lemma 2.

Sum over t on both sides of (36). We have
T−1∑
t=0

E[∆V (t)] +
1

η

T−1∑
t=0

E[
∑
i

GR(P
t
i ) +GB(P

t
e)]

= E[V (T )]− V (0) +
1

η

T−1∑
t=0

E[
∑
i

GR(P
t
i ) +GB(P

t
e)]

≤ T (B +
1

η
F ∗)− ζ

T−1∑
t=0

E[
∑
i

qti + qte +
∑
k

(Qt
e,k +Qt

u,k)].

Dividing both sides of (37) by T and then taking T → ∞
yields Lemma 1.

B. Proof of Theorem 1

We start with the following lemma.

Lemma 3: The energy (dis)charged in the batteries under the
proposed OER algorithm per slot, i.e., P t

b,i and P t
b,e satisfy

P t
b,i(q

t
i) =


Pmin
b,i , if qti >

−β

η
;

Pmax
b,i , if qti <

−α

η
;

P t
b,e(q

t
e) =


Pmin
b,e , if qte>

−β

η
;

Pmax
b,e , if qte<

−α

η
,

where α := max{αt, ∀t}, and β := min{βt, ∀t}.
Proof: According to P t

b,i = P t
i − Pc,i −

∑
k wtH

k Biwt
k,

P t
b,e = P t

e − kc
∑

k(µ
t
k)

3, (25a) and (25b), we have

P t
b,i(q

t
i) ∈ argmin

P t
b,i(q

t
i)

∑
i

[GR(P
t
b,i + Pc,i +

∑
k

wtH

k Biwt
k)

+ ηqti(P
t
b,i +

∑
k

wtH

k Biwt
k)];

P t
b,e(q

t
e) ∈ argmin

P t
b,e(q

t
e)

∑
k

[GB(P
t
b,e + kc

∑
k

(µt
k)

3)

+ ηqte(P
t
b,e + kc

∑
k

(µt
k)

3)],
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which lead to
i) If P t

b,i + Pc,i +
∑

k wtH

k Biwt
k ≥ Et

i and P t
b,e +

kc
∑

k(µ
t
k)

3 ≥ Et
e, then GR(P

t
b,i + Pc,i +

∑
k wtH

k Biwt
k) =

αt(P t
b,i + Pc,i +

∑
k wtH

k Biwt
k − Et

i ) and GB(P
t
b,e +

kc
∑

k(µ
t
k)

3) = αt(P t
b,e + kc

∑
k(µ

t
k)

3 − Et
e). We must have

P t
b,i(q

t
i)=

{
Pmin
b,i , if ηqti+αt>0;

Pmax
b,i , if ηqti+αt<0;

P t
b,e(q

t
e)=

{
Pmin
b,e , if ηqte+αt>0;

Pmax
b,e , if ηqte+αt<0.

ii) If P t
b,i + Pc,i +

∑
k wtH

k Biwt
k < Et

i and P t
b,e +

kc
∑

k(µ
t
k)

3 < Et
e, then GR(P

t
b,i + Pc,i +

∑
k wtH

k Biwt
k) =

βt(P t
b,i + Pc,i +

∑
k wtH

k Biwt
k − Et

i ) and GB(P
t
b,e +

kc
∑

k(µ
t
k)

3) = βt(P t
b,e + kc

∑
k(µ

t
k)

3 − Et
e), we have

P t
b,i(q

t
i)=

{
Pmin
b,i , if ηqti+β

t>0;

Pmax
b,i , if ηqti+β

t<0;
P t
b,e(q

t
e)=

{
Pmin
b,e , if ηqte+β

t>0;

Pmax
b,e , if ηqte+β

t<0.

Combining Cases i) and ii), we summarize that per slot t, if
{ηqti , ηqte} > max{−αt,−βt} = −βt, then P t

b,i(q
t
i) = Pmin

b,i

and P t
b,e(q

t
e) = Pmin

b,e ; if {ηqti , ηqte} < min{−αt,−βt} =
−αt, then P t

b,i(q
t
i) = Pmax

b,i and P t
b,e(q

t
e) = Pmax

b,e . Lemma 3
is proved when the long-term horizon is considered.

Lemma 3 indicates that a battery is fully discharged if its
virtual energy queues are long enough (i.e., qti >

−β

η and

qte >
−β

η ); and it is fully charged if the virtual energy queues
are short (i.e., qti <

−α
η and qte <

−α
η ). Then, we first prove

{qti , ∀i, t} is bounded by [−α
η + Pmin

b,i , Cmax
i − Cmin

i − α
η +

Pmin
b,i ] using mathematic induction. Suppose q0i and qti are

bounded by [−α
η + Pmin

b,i , Cmax
i − Cmin

i − α
η + Pmin

b,i ]. We
infer that qt+1

i is also bounded as follows.
i) If qti ∈ (−β

η , C
max
i − Cmin

i − α
η + Pmin

b,i ], it follows

Lemma 3 that qt+1
i = qti + Pmin

b,i ∈ (−β

η + Pmin
b,i , Cmax

i −
Cmin

i − α
η +2Pmin

b,i ] ⊆ (−α
η +P

min
b,i , Cmax

i −Cmin
i − α

η +P
min
b,i ].

The last step follows, as −α
η < −β

η and Pmin
b,i < 0.

ii) If qti ∈ [−α
η ,−

β

η ], then qt+1
i = qti + P t

b,i ∈ [−α
η +

Pmin
b,i ,−β

η +P
max
b,i ] ⊆ [−α

η +P
min
b,i , Cmax

i −Cmin
i − α

η +P
min
b,i ].

The last step follows, as η ≥ η.
iii) If qti ∈ [−α

η + Pmin
b,i ,−α

η ), it follows that qt+1
i =

qti + Pmax
b,i ∈ [−α

η + Pmin
b,i + Pmax

b,i ,−α
η + Pmax

b,i ) ⊆ (−α
η +

Pmin
b,i , Cmax

i − Cmin
i − α

η + Pmin
b,i ). The last step is due to

Pmax
b,i > 0, −α

η < −β

η , and η ≥ η.
Since Ct

i = qti +
α
η + Cmin

i − Pmin
b,i , we can derive that

Ct
i ∈ [Cmin

i , Cmax
i ] per slot t. The same finding also applies

to Ct
e. Theorem 1 is proved.

C. Proof of Theorem 2
By referring to the proof of Lemma 1, it follows that

E[∆V (t)] +
1

η
E[
∑
i

GR(P
t
i ) +GB(P

t
e )]

≤ B +
1

η
E
{
[
∑
i

GR(P
t
i ) +GB(P

t
e )]

+ η
∑
i

qti(P
t
i − Pc,i −

∑
k

wtH

k Biwt
k) + ηqte(P

t
e − kc

∑
k

(µt
k)

3)

+ η
∑
k

Qt
e,k(A

t
k − µt

k) + η
∑
k

Qt
u,k(µ

t
k − rtk)

}
= B +

1

η
L(X (ηQt), ηQt) = B +

1

η
D(ηQt) ≤ B +

1

η
F̃ ∗,

(37)

where X (ηQt) collects the decision variables in (23) with
λ = ηQt. L(X (ηQt), ηQt) = D(ηQt). The last inequality
of (37) follows from the weak duality: D(λ) ≤ F̃ ∗.

Finally, we sum both sides of (37) through t and get

T−1∑
t=0

E[∆V (t)] +
1

η

T−1∑
t=0

E[
∑
i

GR(P
t
i ) +GB(P

t
e)]

= E[V (T )]− V (0) +
1

η

T−1∑
t=0

E[
∑
i

GR(P
t
i ) +GB(P

t
e)]

≤ T (B +
1

η
F̃ ∗),

which results in 1
T

∑T−1
t=0 E[

∑
iGR(P

t
i ) +GB(P

t
e)] ≤ F̃ ∗ +

η(B + V (0)
T ) ≤ F ∗ + η(B + V (0)

T ). Theorem 2 is proved.
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