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Abstract—In this paper, we investigate the sustainable resource
allocation for green Cloud Radio Access Networks (C-RAN)
powered by renewable energy. Specifically, the Base Station
pool (BS pool) in a C-RAN distributes data to a set of remote
radio heads (RRHs) with energy harvesting (EH) capability, and
allocates sub-carriers to the selected RRHs for downlink trans-
missions, by jointly considering the user throughput and energy
sustainability performance of RRHs. To this end, we formulate a
utility optimization problem, characterizing the stochastic process
of energy harvesting (EH) and wireless fading channel. Based on
Lyapunov optimization techniques, we decompose the formulated
problem into three sub-problems, including energy harvesting,
data scheduling, and sub-carrier allocation. To solve these prob-
lems, an efficient online algorithm is proposed to achieve the
maximal aggregate user utility while ensuring the stability of the
data buffers and sustainability of the energy buffers. Performance
analysis shows that the proposed algorithm can achieve a sub-
optimal performance with guaranteed upper bounds on data
queue and energy queue lengths. Extensive simulations validate
the effectiveness and efficiency of the proposed algorithm.

I. INTRODUCTION

Infotainment applications have been growing at a dramatic
pace in the past decade, which leads to an explosive growth
of traffic demand in mobile wireless networks. According to
a recent release [1] by Cisco, it is predicted that the global
mobile data traffic will increase by eightfold in the next five
years. Such intense demand poses great challenges to mobile
operators on how to improve the network capacity to provide
quality wireless access to mobile users. One feasible solution
is to deploy a high density of small cell base stations (BSs)
in traditional radio access networks (RANs) to improve the
spectrum utilization efficiency [2] of wireless channels. Yet
densified deployments of small cells involves high expenses of
both capital expenditure (CAPEX) and operational expenditure
(OPEX), such as energy consumption, and may not be a cost-
efficient solution for mobile operators.

Another promising solution is Cloud-assisted RAN (C-
RAN) which can achieve great capacity improvement at a
relatively low cost [3]. A typical C-RAN architecture splits the
functions of traditional base stations into two parts. The control
function and baseband processing function are centralized into
a visualized BS pool where the resource can be shared; while
the radio function resides in low-cost remote radio heads

(RRHs) that are closely deployed to the mobile users across the
network [4]. Thanks to the resource visualization and sharing,
only the enhancement of the BS pool and dense deployment
of low-cost RRHs are needed to boost the network capacity
in C-RAN. Moreover, dynamical real-time resource allocation
is enabled in C-RAN to efficiently serve a large number of
users, by exploiting the full knowledge of the network at
the BS pool. From the energy efficiency perspective, densely
deployed RRHs may increase energy consumption of C-RANs,
which not only require higher OPEX but also cause more
carbon footprints and thus are not environmental-friendly. To
address this issue, it is highly desirable to employ the energy
harvesting (EH) technology in RRHs, i.e., to enable RRH to
harvest energy from renewable energy sources, such as solar,
wind, etc. [5], [6], and to use the harvested energy for radio
communications. In such a way, the self-powered RRHs can
further decrease the OPEX and achieve a green C-RAN.

Resource management in green C-RAN powered by renew-
able energy faces some new challenges which has not been
well investigated yet. Firstly, unlike the stable energy supplies
from the electricity grid, harvested energy may be sporadic
and intermittent dependent on environmental factors such as
weather, which makes it challenging for energy management in
a green C-RAN. Specifically, to achieve a sustainable green C-
RAN, the harvested energy at RRHs should be fully exploited
to serve radio communications. To deplete the RRHs’ energy
at a rate slower or faster than the energy harvesting rate may
lead to either energy waste when the battery is fully charged
and cannot accommodate any more energy, or energy depletion
at RRHs so that depleted RRH cannot provide radio commu-
nication services to mobile users. Secondly, considering the
large number of RRHs and the highly dynamic EH process, a
green C-RAN requires a low-complexity and online algorithm
to efficiently utilize the harvested energy in RRHs.

The energy efficient operation of C-RAN has attracted abun-
dant attention recently [7]–[10]. In [7], Huang et al. maximize
the user utility of C-RAN by taking the diverse quality-of-
service requirements of users and energy constraints of RRHs
into account. In [8], Li et al. propose a energy efficient
resource allocation scheme for C-RAN. The proposed scheme
maintains the network stability subject to the time-average
energy efficiency constraint. In [9], Zhao et al. investigate the
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content caching for C-RAN to reduce the energy consumption
and improve the QoS for real-life services. In [10], Cai et
al. study the admission control and resource management for
an EH-powered wireless network to achieve high resource
utilization and improve energy sustainability. However, the
above-mentioned works either consider a Snapshot-based stat-
ic model [7], or manage the data buffers at RRHs for the
sake of C-RAN’s energy efficiency [8]–[10]. Therefore, they
cannot be applied into green C-RAN which requires joint
management of data buffers and energy buffers to optimize
the network performance.

In this paper, we study sustainable resource management in
a green C-RAN consisting of a BS pool and a large number
of RRHs, by jointly considering the data buffers and energy
buffers management of network nodes. Generally, the BS pool
distributes data to various RRHs for downlink transmissions
based on the energy harvesting capabilities of RRHs. We aim
to maximize the time-average aggregate user utility (referred
to as user utility hereafter) while achieving satisfactory user
QoS and ensuring energy sustainable operation of RRHs. To
this end, we first formulate a utility maximization problem,
characterizing the stochastic EH process and the stability of
the data queues at RRHs. To solve the optimization problem,
we then propose an efficient online algorithm to achieve close-
to-optimal user utility, while ensuring the energy sustainability
of green RRHs. The contributions of this paper are as sum-
marized as follows:

1) We propose a stochastic formulation for the user utility
optimization problem subject to the stability of RRHs’
data queues and energy sustainability conditions, by
characterizing the stochastic nature of the EH process
and wireless channel conditions.

2) We design a low-complexity and online algorithm to
achieve close-to-optimal user utility for the optimization
problem on the basis of Lyapunov optimization.

3) We analyze the performance of the proposed algorithm
in terms of the upper bounds of RRHs’ data queues
and optimality of the proposed algorithm. Furthermore,
we reveal the required battery capacity to support the
operation of the green C-RAN.

The remainder of the paper is organized as follows. The
system model and problem formulation is presented in Section
II. A resource allocation algorithm is proposed in Section III.
We then analyze the stability and optimality of the proposed
algorithm in Section IV. Simulation results are provided to
evaluate the performance of the proposed algorithm in Section
V, followed by concluding remarks and future works in
Section VI.

II. SYSTEM MODEL

We consider a green C-RAN consisting of a BS pool and
N RRHs to serve the downlink data transmissions to M
users, as shown in Fig. 1. Let N = {1, · · · , n, · · · , N} and
M = {1, · · · ,m, · · · ,M} denote the set of RRHs and users,
respectively. The RRHs are employed with energy harvesting
modules and rechargeable batteries to store the harvested
energy. All RRHs are connected to the central controller, i.e.,

EH-powered
RRH

User Wireless links

Fronthaul links

BS pool

Fig. 1. Green C-RAN with Energy Harvesting.

the BS pool, through the wired front-haul links. The BS pool
has access to users’ data. Based on the network topology and
energy availability at RRHs, the central controller schedules
and distribute the data properly to various RRHs for downlink
transmissions. Thus, besides the battery or energy buffer, each
RRH also has a data buffer to store the data from the BS pool
for downlink transmissions.

The C-RAN is based on the time slotted OFDMA sys-
tem, i.e., the time is divided into unit time slots t ∈
T = {1, 2, · · ·T}, and the spectrum bandwidth is equal-
ly divided into K orthogonal subcarriers denoted as K =
{1 · · · , k, · · · ,K}. The BS pool schedules downlink transmis-
sions periodically and distributes the downlink data to RRHs
via the front-haul links. In each time slot, a set of RRHs are
scheduled to serve downlink transmissions for multiple users,
based on OFDMA technology. With respect to the notations,
a bold-face small-case symbol refers to a vector, a non-italic
bold-face large-case symbol refers to a matrix, and [x]+ refers
to a non-negative value, i.e., max(x, 0).

A. OFDMA-based subcarrier allocation

To schedule the downlink transmissions, the BS pool needs
to allocate subcarriers to each RRHs to serve the user. We de-
fine a 3-dimensional matrix s(t) with elements skn,m(t),∀n ∈
N , k ∈ K,m ∈ M. We have skn,m(t) = 1 if RRH n is
scheduled to serve user m at time slot t using subcarrier k,
and 0 otherwise. Each subcarrier can be allocated to at most
one user to avoid multi-user interference, namely∑

n∈N

∑
m∈M

skn,m(t) ≤ 1,∀k ∈ K. (1)

In addition, each user can be served by at most one RRH using
one subcarrier at each slot, thus we have∑

n∈N

∑
k∈K

skn,m(t) ≤ 1,∀m ∈M. (2)

B. Energy model

The energy of RRH n is stored in its rechargeable batteries
with capacity Ωn. Let En(t) denote the available energy at
RRH n, i.e., the energy queue length of RRH n, and E(t) =
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(E1(t), E2(t), · · · , EN (t)) is a vector of energy queue lengths
of all RRHs.

The RRHs harvest energy from ambient energy sources
through EH modules, such as solar panels or wind turbines.
Let en(t) denote the amount of harvested energy by RRH n
at slot t, we have

0 ≤ en(t) ≤ ζn(t), (3)

where ζn(t) denotes the maximum amount of energy that
can be harvested by RRH n at slot t. We model the energy
harvesting as a random process, and at each time slot, ζn(t)
is independent and identically distributed over [0, ζmax] for
any RRH, i.e., ζn(t) ≤ ζmax,∀n ∈ N , t ∈ T . Notice that
the green C-RAN may have no a priori knowledge of ζn(t),
which is practically true when the statistics of EH process is
not available.

All RRHs use the same transmission power PT over each
allocated subcarrier for data transmissions1. The total energy
consumption of RRH n is dependent on the number of users it
serves. Therefore, the energy queue length of RRH n at time
t+ 1 is given by

En(t+ 1) = En(t)− PT

∑
k∈K

∑
m∈M

skn,m(t) + en(t), ∀n ∈ N . (4)

Note that the total energy consumption of each RRH is upper
bounded by the maximum number of users or subcarriers, i.e.,
Pmax = max(K,M)PT .

As the total energy consumption of RRH n cannot exceed
the available energy in its battery, we have∑

k∈K

∑
m∈M

skn,m(t)PT ≤ En(t),∀n ∈ N . (5)

Furthermore, the energy charging is bounded by the battery
capacity,

En(t) + en(t) ≤ Ωn, ∀n ∈ N . (6)

C. Data buffer model

Denote an,m(t) as the amount of scheduled data for RRH
n to serve user m at time slot t. The total amount of data
received at RRH n is bounded by its front-haul link capacity
Cn. The front-haul capacity constraint can be expressed by∑

m∈M
an,m(t) ≤ Cn,∀n ∈ N . (7)

Denote the data of user m at the BS pool is am. Therefore,
we have ∑

n∈N
an,m(t) ≤ am,∀m ∈M. (8)

The data transmission from RRH n to user m∑
n∈N an,m(t), is associated with a utility function, U(·).

Generally, the utility function can be an increasing, con-
tinuously differentiable and strictly concave function in∑
n∈N an,m(t) with a bounded first derivative U ′(·) denoted

by υU and U(0) = 0, as in [8].

1The time is slotted with unit size, thus we omit the implicit multiplication
by 1 slot when converting between power and energy [11].

If RRH n is scheduled to serve user m using sub-carrier k
at slot t, the data transmission is determined by the wireless
channel capacity λkn,m(t), which is upper bounded by the
maximum capacity λmax, i.e., λkn,m(t) ≤ λmax,∀n,m, k. Let
Qn,m(t) denote the data queue length at RRH n for user m.
The data queue length can be expressed as

Qn,m(t+1) =

[
Qn,m(t)−

∑
k∈K

skn,m(t)λk
n,m(t)

]+
+an,m(t). (9)

Based on queueing theory, a data queue is considered stable
if the time-average queue length is of finite size,

lim
T→∞

1

T

T−1∑
t=0

∑
n∈N

∑
m∈M

E[Qn,m(t)] <∞. (10)

D. Optimization problem formulation

According to the aforementioned energy and data buffer
models, we formulates an optimization problem with the
objective to maximize the user utility, i.e.,

Ō = lim
T→∞

1

T

T∑
t=0

E[O(t)], (11)

where O(t) =
∑
m∈M U(

∑
n∈N an,m(t)) represents the

utility of all users at slot t. To simplify the presentation, we use
a(t) to denote the matrix of data an,m(t), and e(t) to denote
the vector of harvested energy en(t). Recall that s(t) is the
RRH and subcarrier allocation matrix with elements skn,m(t).
Therefore, we define a three-tuple Γ(t) , (a(t), e(t), s(t)) to
represent the decision variables at time slot t.

Our objective is to maximize the aggregate utility of all
users. To attain this, we formulate a user utility optimization
problem as follows, subject to the constraints (1) to (10).

(UUO) max
Γ(t)

Ō

s.t. (1) to (10).

In the following section, we decompose UUO problem into
multiple deterministic subproblems at each slot, by employing
the Lyapunov optimization approach.

III. RESOURCE ALLOCATION ALGORITHM

According to the above-described system model, we can
see that UUO problem is a Mixed Integer Non-Linear Prob-
lem (MINLP), which is in general NP-hard. Furthermore,
considering the stochasticity of the EH process and wireless
channel conditions, the C-RAN cannot have the information
of the maximum amount of harvested energy, and wireless
link capacity through the operation time. Thus, we resort to
an efficient online algorithm for a close-to-optimal solution.
To this end, we first transform the problem with stochastic
processes into deterministic subproblems. The subproblems
jointly consider the network stability, i.e., the stability of data
queues, and user utility optimization.
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A. Lyapunov Optimization

Denote the network state at slot t by Θ(t) = (E(t),Q(t)),
which represents the energy queue and data queue lengthes
at each RRH. To measure the queue lengths, we define a
Lyapunov function, L(t), as the sum of the squares of the
data queue lengthes and the spare capacity of RRHs’ batteries
[11], namely,

L(t) =
1

2

∑
n∈N

∑
m∈M

Qn,m(t)2 +
1

2

∑
n∈N

(
−Ẽn(t)

)2
. (13)

where the spare capacity of RRH n is Ẽn(t) = Ωn−En(t). A
small value of L(t) implies low congestion in data transmis-
sions and low spare capacity in the RRHs’ batteries. Based on
the Lyapunov function L(t), the conditional Lyapunov drift is
obtained as ∆(t) = E[L(t+ 1)− L(t)|Θ(t)] which measures
the increase of L(t) at each slot. By minimizing ∆(t), the
occupancy of data queues is pushed towards zero to stabilize
the data queues, while the energy queues of RRHs are pushed
towards their battery capacities, such that the RRHs tend to
recharge their batteries through energy harvesting. Notably,
by carefully determining the battery capacity of RRH n, i.e.,
Ωn, it is guaranteed that RRH n have sufficient energy for
downlink data transmissions to ensure the energy-availability
constraint (5).

We further incorporate the user utility into the Lyapunov
drift ∆(t) to derive the drift-minus-utility function ∆V (t)

∆V (t) = E[∆(t)− V O(t)|Θ(t)], (14)

where V is the weight of user utility in function ∆V (t).
As it can be seen from (14), we can jointly minimize the
Lyapunov drift ∆(t) and maximize the weighted user utility,
by minimizing ∆V (t).

Notice that ∆V (t) is a quadratic function with respect to
the decision variables, i.e., data a(t), RRH, subcarrier s(t)
with different harvested energy capabilities e(t). To simplify
the optimization problem, we first derive the upper bound of
∆V (t) in Theorem 1, and then aim to minimize the upper
bound to achieve the sub-optimal solution of the formulated
UUO problem.

Theorem 1. The value of ∆V (t) is bounded by:

∆V (t) ≤ B + E[ΛV (t)|Θ(t)], (15)

under any feasible algorithm, where B is constant and inde-
pendent of V which can be expressed as

B =
N

2

[
(max{M,K}PT )2 + (ζmax)2

]
+
NM

2
[(λmax)2 + (am)2],

(16)

and ΛV (t) is given in (17).

The proof of Theorem 1 is provided in Appendix A.
Given the system parameters including the upper bound of
the harvested energy ζmax, wireless channel capacity λmax,
and user’s data am, B in (16) can be determined. Thus,
to minimize the upper bound of ∆V (t), we only need to
minimize ΛV (t), for the queue lengths E(t) and Q(t).

From (17), it can be seen that the decision variables, i.e.,
data a(t), RRH, subcarrier s(t), and the harvested energy

e(t), are linearly combined. Exploiting the linear structure
in (17), we can optimize the decision variables by separately
minimizing the linear terms.

B. Sub-problem Solution

To minimize the first term
∑
n∈N

[
−Ẽn(t)en(t)

]
, we

should optimize the harvested energy e(t) while ensuring the
constraints (3) and (6) are satisfied. Basically, to achieve this,
the RRHs should harvest as much as energy as possible to
recharge their batteries, which is intuitively true. Therefore,
we have en(t) = max(ζn(t),Ωn − En(t)),∀n ∈ N .

Then, to minimize the second term in (17) under the
constraints (7) and (8), we can consider it as a sub-problem
of data scheduling, i.e., to optimize data scheduling a(t),

(DS) min
a(t)

∑
n∈N

∑
m∈M

Qn,m(t)an,m(t)− V
∑

m∈M

U

(∑
n∈N

an,m(t)

)
s.t. (7), (8).

Because the utility function U(·) is a twice-differentiable
and concave function, the utility of user m at slot t, i.e.,
U
(∑

n∈N an,m(t)
)
, is concave w.r.t. a(t) [12]. This makes

the objective function of DS a convex function. Therefore,
DS problem is a convex optimization problem which can be
efficiently solved.

To minimize the third term in (17), we formulate a RSA
sub-problem as follows:

(RSA) min
s(t)

∑
n∈N

∑
m∈M

∑
k∈K

skn,m(t)
[
Ẽn(t)PT −Qn,m(t)λk

n,m(t)
]

s.t. (1), (2).

RSA sub-problem can be considered as a 3-dimensional
matching problem, which is in general NP-hard [13]. The
weight of the matching is denoted by

W k
n,m(t) = Ẽn(t)PT −Qn,m(t)λkn,m(t). (18)

To find the optimal solution efficiently, we show that the sub-
problem is equivalent to a bipartite matching problem and
therefore can be solved efficiently. To this end, we first prove
in Lemma 1 that if RRH n is the optimal RRH to serve user
m through subcarrier k, then RRH n achieves the minimal
weight compared with other RRHs. Therefore, we only need
to consider the matching the users with subcarriers using the
updated weight achieved by the optimal RRH.

Lemma 1. Let s∗(t) be the optimal solution of RSA sub-
problem. If RRH n̂ is the optimal RRH to serve user m on
subcarrier k, i.e., sk∗n̂,m(t) = 1, we have

n̂ = arg min
n∈N

W k
n,m(t),∀m ∈M, k ∈ K. (19)

The proof Lemma 1 of can be found in Appendix B. We
then replace the weight in the objective function of RSA
sub-problem by Ŵ k

m(t), which is the updated weight of the
allocation of subcarriers to users served by the optimal RRH

Ŵ k
m(t) = min

n∈N
W k
n,m(t),∀m ∈M, k ∈ K. (20)

After finding the optimal RRH, the RSA sub-problem can be
transformed to the Subcarrier Allocation (SA) problem, i.e.,
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ΛV (t) =
∑
n∈N

[
−Ẽn(t)en(t)

]
+
∑
n∈N

∑
m∈M

Qn,m(t)an,m(t)− V
∑
m∈M

U(
∑
n∈N

an,m(t))

−
∑
n∈N

∑
m∈M

∑
k∈K

skn,m(t)
[
Qn,m(t)λkn,m(t)− Ẽn(t)PT

] (17)

to allocate subcarriers to users. To do so, we reduce the 3-
dimensional matrix s(t) to a 2-dimensional matrix ŝ(t) with
element ŝkm(t), which represents the allocation of subcarriers
to users. Let ŝkm(t) = 1 if subcarrier k is allocated to user m
and 0 otherwise. The SA problem can be formulated as

(SA) min
ŝ(t)

∑
m∈M

∑
k∈K

ŝkm(t)Ŵ k
m(t)

s.t.

{∑
m∈M ŝkm(t) ≤ 1, ∀k ∈ K,∑
k∈K ŝ

k
m(t) ≤ 1, ∀m ∈M.

Generally, SA problem is a bipartite one-to-one matching
problem which can be optimally solved by the Hungarian
algorithm with time complexity O(MK2 +MlogM). [14]. It
is worth noting that the complexity of the solution algorithm
is independent of N , i.e., the number of RRHs, which makes
the algorithm efficient for the densely deployed RRHs case.

C. Proposed Algorithm

In this subsection, we propose the resource allocation algo-
rithms to minimize DV (t) at each slot. The algorithm aims
to jointly optimize the harvested energy e(t), data a(t), and
RRHs and subcarriers s(t), respectively. The queue lengths of
the data buffer Q(t+1) and that of the energy buffer E(t+1)
will be updated accordingly.

Algorithm 1: Resource Allocation Algorithm
Data: Q(t),E(t), ζn(t),∀n ∈ N ,

λkn,m(t),∀n ∈ N ,∀m ∈M,∀k ∈ K.
Result: e∗(t), a∗(t), s∗(t), Q(t+ 1), E(t+ 1).
/* Harvested Energy */

1 foreach n ∈ N do
2 e∗n(t) = min(Ωn − En(t), ζn(t));

/* Data Scheduling */
3 Solve DS problem and set a∗(t);
/* RRHs and Subcarriers Allocation */

4 Solve SA problem and set ŝ∗(t);
5 foreach k ∈ K do
6 if ŝk∗m (t) == 1,∀m ∈M then
7 n̂ = arg minn∈N W

k
n,m(t);

8 sk∗n̂,m = 1;

/* Queues Updating */
9 foreach n ∈ N and m ∈M do

10 Compute Qn,m(t+ 1) based on (9);

11 foreach n ∈ N do
12 Compute En(t+ 1) based on (4);

IV. PERFORMANCE ANALYSIS

In this section, we analyze the stability and upper bound
performance of the proposed algorithm. In Proposition 1,
the upper bounds of the data queues are derived, which
proves the network stability with finite data queue length.
Furthermore, we derive the required battery capacity to support
the operation of the considered green C-RAN. At last, we
states the optimality of the proposed algorithm in Theorem
2 by evaluating the gap of the user utility obtained by the
proposed algorithm and the optimal solution.

A. Upper bounds of data queues

In Proposition 1, we derive the finite upper bounds of data
queues at RRHs and show that the network-stability constraint
(10) is satisfied as the queue length is finite.

Proposition 1. With any parameter V > 0, suppose the data
queue lengths are initialized as

0 ≤ Qn,m(0) ≤ Qmax,∀n ∈ N ,m ∈M,

where Qmax = V υU + am denotes the upper bounds of data
queues. Then, the data queue lengths always satisfy:

0 ≤ Qn,m(t) ≤ Qmax,∀t ∈ T . (21)

The proof of Proposition 1 is provided in Appendix C.
To enable the green C-RAN to operate under the proposed
algorithm, the RRHs should be equipped with a data buffer of
size MQmax to accommodate the data queues for M users.

B. Required battery capacity

To ensure the energy sustainable operation of the green C-
RAN, energy-availability constraint (5), the consumed energy
of an RRH cannot exceed its available energy, should be taken
into account. For instance, RRH n can serve a user when its
available energy is sufficient to sustain the transmission energy
demand of the user. For a larger battery capacity Ωn, RRH
n is more likely to have a longer energy queue for serving
users. Thus, an RRH should employ a sufficiently large battery,
and it can serve a user if and only if its available energy is
more than the maximum transmission energy per slot, i.e.,
En(t) < Pmax. Proposition 2 analyzes the required battery
capacity to support the sustainable operation of a green C-
RAN.

Proposition 2. Suppose that the battery capacity of RRH n,
i.e., Ωn, satisfies

Ωn =
Qmaxλmax

PT
+ Pmax,∀n ∈ N , (22)
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RRH n cannot be allocated to serve any users if En(t) ≤
Pmax.

The proof of Proposition 2 can be found in Appendix D. As
we can see from Eq. (22), the required batter capacity linearly
increases with the upper bounds of data queues, Qmax and
the value of V . Therefore, to achieve higher user utility, the
RRHs should be equipped with larger battery capacity.

C. Optimality of the proposed algorithm

We study the performance gap between the user utility
achieved by the proposed algorithm and the optimal utility.

Theorem 2. Let O∗ and Ō denote the optimal user utility that
can be achieved by any algorithm, and the user utility achieved
by the proposed algorithm, respectively. The gap between them
is bounded by

Ō ≥ O∗ − B

V
. (23)

Proof: This theorem can be proved based on the Lya-
punov optimization theory. The detail of this proof can be
found in [11], [15].

As we can see from Eq. (23), the achieved user utility
increases with larger V . This is because the value of V
represents how much we emphasize on utility maximization
in Eq. (17), i.e., the objective function to minimize at each
slot.

V. SIMULATION RESULTS

We simulate a green C-RAN with N = 5 RRHs randomly
distributed to serve M = 40 users in a circular area with
radius 100 m. The energy harvesting rate of all RRHs are
uniformly distributed in [0, 15W ]. The capacity of all fronthaul
links is cn = 50 Mb. Time duration of each slot is 1 s. The
total bandwidth is 200 MHz which are equally divided into
K = 32 subcarriers. Thus, the bandwidth of each subcarrier is
W = 6.25MHz. The transmission power on each subcarrier
is PT = 1 W . The achievable capacity per subcarrier is thus
λkn,m(t) = W log(1 +

PTh
k
n,m(t)

d4n,mWN0
) where dn,m is the distance

between RRH n and user m, N0 = 10−15mW/Hz denotes
the noise power. We consider a wireless fading channel where
the channel gain hkn,m(t) is uniformly distributed between
[0.9, 1.1] in each slot. The maximum channel capacity is
λmax = 3 Mb. The data for user m at the BS pool is
am = 8 Mb, ∀m ∈M. The user utility function is

U(
∑
n∈N

an,m(t)) = log(1 +
∑
n∈N

an,m(t)).

The user utility is plotted in Fig. 2 under different weights
V . It is shown that the user utility increases with V . This
is expected since V represents the importance of utility
maximization in the design of online algorithm. However,
the increasing decreases when V becomes larger. This is
consistent with Eq. (23), which shows that the user utility
is a concave function with respect to V .

The time average length of the data buffers and energy
buffers under different weights V is shown in Fig. 3. As it
can be seen from the figure, the lengths of both data queue
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and energy queue increase linearly with V . As in Eq. (21) and
(22), both the upper bound of data queue and energy queue
increases linearly with V . From Fig. 2 and 3, we can see the
tradeoff between the user utility and queue lengths, i.e., the
higher utility can be achieved at the cost of longer data queues
and energy queues.

Fig. 4 shows the energy queue dynamics with different V .
It can be seen that the RRHs first accumulate energy in their
batteries at the startup phase. Then, they start to transmit
data to users when they have sufficient energy. This leads to
the fluctuation of energy queues around a time-average value
after the convergence. Furthermore, the time-average value
increases with V .

Fig. 5 shows the dynamics of the data queue over 10000
time slots with respect to different weights V . The time-
average length of data queues increases with larger V . Fur-
thermore, the figure shows that the data queue length of RRHs
increases at first. This is because the energy queues of RRHs
are initialized as empty, such that the they can only obtain data
from the BS pool. After the RRHs harvest enough energy in
their battery, they start to serve users.

VI. CONCLUSION

In this paper, we have formulated an optimal resource
allocation problem to achieve the maximum user utility of
a green C-RAN. Considering the stochastic nature of EH
process and wireless channel conditions, we employ Lyapunov
optimization approach to decompose the user utility optimiza-
tion problem into three sub-problems, i.e., energy harvesting,
data scheduling, and subcarrier allocation, which are jointly
solved by a low-complexity and online algorithm. The bounds
of energy queues and data queues, and the optimality gap
have been derived. Simulations validate the performance of
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the proposed algorithm for a green C-RAN. The outcomes of
this paper provide some insights for the design of practical
green C-RANs, by guaranteeing the sustainability of RRHs.

For our future work, we plan to investigate the green C-RAN
scenario, in which the RRHs are powered by both on-grid
power and renewable power. Furthermore, we will consider
the interference between users.

APPENDIX A
PROOF OF THEOREM 1

We can obtain Eqs. (24) and (25) by squaring both sides of
Eqs. (9) and (4), respectively. After rearranging, we can have
Eq. (15).

1

2

[
(Qn,m(t+ 1))

2 − (Qn,m(t))
2
]

≤
1

2

∑
k∈K

s
k
n,m(t)λ

k
n,m(t)

2

+ (an,m(t))
2

+2Qn,m(t)

an,m(t)−
∑
k∈K

s
k
n,m(t)λ

k
n,m(t)


≤

(λmax)
2 + (amax)

2

2
+Qn,m(t)

an,m(t)−
∑
k∈K

s
k
n,m(t)λ

k
n,m(t)


(24)

1

2

[
(−Ẽn(t+ 1))

2 − (−Ẽn(t))
2
]

≤
1

2

PT

∑
k∈K

∑
m∈M

s
k
n,m(t)

2

+ (en(t))
2

−2Ẽn(t)

en(t)− PT

∑
k∈K

∑
m∈M

s
k
n,m(t)


≤

(Pmax)
2 + (ζmax)

2

2
− Ẽn(t)

en(t)− PT

∑
k∈K

∑
m∈M

s
k
n,m(t)



(25)

APPENDIX B
PROOF OF LEMMA 1

We prove the lemma by contradiction. Given that skn̂,m = 1
is the optimal solution to RSA problem and Eq. (19) does not
hold, there exists another RRH n∗ and W k

n∗,m(t) < W k
n̂,m(t).

If we change n̂ to n∗, i.e., set skn∗,m = 1, then the sum
of weights in the objective function of RSA problem can be
further decreased. This contradicts that skn̂,m = 1 is the optimal
solution to RSA problem. Therefore, we prove Lemma 1.

APPENDIX C
PROOF OF PROPOSITION 1

We prove Eq. (21) by inductions. Since Eq. (21) holds at
t = 0, we show that if Eq. (21) holds at slot t, i.e., Qn,m(t) <
V νU + am, then it also holds at slot t+ 1.

1) If Qn,m(t) ≤ V νU , then we have Qn,m(t+ 1) ≤ V νU +
am, where am denotes the available amount of data for
user m at the BS pool.

2) For the case Qn,m(t) > V νU , we show that an,m =
0, ∀n ∈ N is the optimal solution to DS problem.
The optimal solution of an,m can be obtained when
the first order derivative of the objective function in
DS problem is zero, due to the convexity. The first

order derivative is Qn,m(t)−V U ′(
∑
n∈N an,m(t)). Since

Qn,m(t) > V νU and νU is the upper bound of U ′(·), we
have Qn,m(t) − V U ′(

∑
n∈N an,m(t)) > 0. Therefore,

the objective function of DS problem monotonically
increases when an,m > 0, ∀n ∈ N . The optimal solution
is an,m = 0, ∀n ∈ N and Qn,m(t+ 1) ≤ V νU + am.

Thus, Eq. (21) is proved.

APPENDIX D
PROOF OF PROPOSITION 2

Recalling that Ẽn(t) = Ωn − En(t), RRH n cannot serve
user m by subcarrier k in RSA problem, if the following
inequality holds:

Ωn − En(t) >
Qn,m(t)λkn,m(t)

PT
. (26)

To make sure that RRH n does not serve user m by subcarrier
k when En(t) ≤ Pmax, we can set Ωn as

Ωn =
Qn,m(t)λkn,m(t)

PT
+ Pmax. (27)

Since Qn,m(t) ≤ Qmax and λkn,m(t) ≤ λmax, we can have
Eq. (22).
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