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With the complexity of the network architecture, the diversity of network slicing, and the introduction of advanced techniques
such as device to device (D2D), it is difficult for the next-generation (5G+ or 6G) networks to comprehensively consider the
requirements of users from different slices and jointly allocate wireless resources to improve network energy efficiency.*is paper
studies the energy efficiency optimization problem for D2D-enabled fog radio access networks (FRANs). A resource allocation
algorithm is proposed to maximize the network energy efficiency by jointly optimizing the beamforming vector, resource block
allocation, and transmission power of the remote radio heads (RRHs), fog access point (FAP), and D2D users. *e developed
algorithm is based on nonlinear programming, convex optimization, and Lagrangian duality. Simulation results show that, by
applying the proposed algorithm, the system throughput is significantly improved, and the network energy consumption is greatly
reduced, which can ultimately improve the network energy efficiency obviously.

1. Introduction

In the context of the ever-increasing digitization and
globalization of the society, people’s demand for mobile
communications is growing dramatically. With the large-
scale deployment of 5G communication networks, mobile
communication has entered the 5G+ era and has become
popular throughout the society [1]. Due to high transmission
rate and high reliability of mobile communications, the
development space of mobile communications has expanded
incredibly. Its advantages have become an important sup-
port for the highly developed software and even hardware
industries and have become an important cornerstone for
the rapid development of the society.

Of course, correspondingly, wireless communication is
developing towards the next-generation network with
higher speed and higher reliability. *e focus of mobile
communication development is shifting towards the de-
velopment of state-of-the-art technologies such as massive
multiple-input and multiple-output (massive MIMO), in-
telligent reflective surface (IRS), millimeter-wave and

terahertz communication, advanced network architectures
and scenarios such as fog radio access networks (FRANs)
and coexistence of diversified transmission modes in
communications, and advanced wireless resource allocation
schemes related to beamforming, power allocation, and
transmission mode selection [2]. Under the pressure of the
increasing demand for wireless networks, cloud computing
and fog computing have emerged. Compared with cloud
computing, fog computing has several obvious character-
istics: lower latency and more energy saving. Benefited from
these advantages, fog-enabled network architecture, that is,
FRAN with strong caching, communication, and computing
capabilities, is widely adopted by 5G and the next-generation
(6G) networks and believed to be the most promising
network technology for the future networks [3]. In the
FRAN, while providing high spectrum efficiency of the
network, it is also necessary to ensure that the quality of
service (QoS) for users requesting real-time service is above a
certain level.*e key role of wireless resource allocation is to
further improve network performance and ensure the QoS.
*erefore, in the FRAN, it is of great significance to adopt
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resource allocation methods that can guarantee the users’
QoS to further improve the network performance.

Many studies have been done on resource allocation in
the FRAN in recent years. In [4], the inefficiency of the
current contributions in computational offloading and re-
source allocation was pointed out, and a deep reinforcement
learning-based resource allocation algorithm was proposed
to minimize latency by joint optimization of mode selection,
resource allocation, and power allocation. Ai et al. [5] fo-
cused on the network slicing-based FRAN and developed a
joint resource allocation and admission control scheme to
maximize the number of users in the hotspot slice that can be
supported with the desired quality of service. Admission
control and beamforming were performed in the hotspot
slice, while subchannel and power allocation were per-
formed in the Internet of *ings (IoT) slice. In [6], se-
quential resource allocation of the fog nodes was discussed,
where the access decision of the IoT users was made by
reinforcement learning-based methods to improve the
system utility in terms of latency. Although advanced
schemes were proposed and resources other than wireless
resources, such as computing resources, were used, most of
the previous research studies focused on the latency and
association number of the users, which did not take the
network energy efficiency and throughput into consider-
ation [7]. Higher energy efficiency is also one of the expected
achievements for next-generation mobile systems such as
beyond 5G and 6G [8]. To maximize network energy effi-
ciency, Dinh et al. [9] proposed a joint optimization algo-
rithm based on user association and beamforming as well as
a heuristic low-complexity strategy under the constraint of
local edge processing capability. *e scenarios of global but
outdated user channel state information (CSI) and perfect
but local CSI were both considered. In [10], energy efficiency
and cross-tier interference problem of the network was
studied for the FRAN, where the user association, caching,
and power allocation were jointly optimized based on an
alternating direction method of multipliers. Energy effi-
ciency, spectrum efficiency, and interference were jointly
maximized in [11] by optimizing the content distribution
from fog nodes and cloud to users.

In the FRAN, device-to-device (D2D) communication is
a technology that allows direct communication between two
fog users that are relatively close by multiplexing remote
radio header (RRH) spectrum resources [12]. Benefiting
from themultiplex gain, distance gain, and offloading gain of
D2D communication, D2D technology can improve the
spectrum efficiency and energy efficiency of the FRAN and,
to a large extent, alleviate the problem of the transmission
capacity limitation of the fronthaul link. *erefore, D2D
scenario is an important case that the resource allocation
should take into account, and D2D users should be included
into the research of resource allocation-based energy effi-
ciency optimization in the FRAN [13]. However, as far as we
know, there is very little research in this area. *is paper
focuses on the resource allocation algorithm under the users’
QoS requirements to maximize the network energy effi-
ciency in the FRAN where RRH users, IoT users, and D2D
users all exist. *e data rate and delay are formulated as the

constraints of users’ QoS requirements, and the energy ef-
ficiency is finally improved by joint optimization of the
transmission mode, beamforming vector, and the allocation
of power and resource blocks. By a reasonable design of the
joint optimization algorithm, the corresponding energy-
efficient resource allocation algorithm for the coexistence of
multiple modes is proposed. By building a MATLAB sim-
ulation platform, system simulation is performed to verify
the performance of the proposed algorithm. A resource
allocation method for the application of the FRAN archi-
tecture in current and future mobile communication net-
works to ensure real-time service requirements is designed.
*e research not only provides theoretical analysis and
performance reference for the FRAN to better support delay-
sensitive services but also has great significance for pro-
moting the commercial deployment of the FRAN.

However, further paper is arranged in an order such as in
Section 2, a brief introduction about the system model is
given, and a network energy efficiency maximization
problem for the sliced FRAN is formulated. To facilitate the
resolution of the formulated problem, in Section 3, the
original problem is transformed into 3 solvable subprob-
lems. An energy-efficient joint optimization algorithm on
beamforming, resource block allocation, and power control
is proposed in Section 4. To prove the effectiveness of the
algorithm, simulation configurations and the corresponding
results are given in Section 5. Conclusion is presented in
Section 6.

2. System Model

2.1.Network Scenario. D2D-enabled FRAN is studied in this
paper. To meet the requirements of high-speed and low-
latency users, respectively, as shown in the system model in
Figure 1, both high-speed slicing and low-latency slicing are
considered in the network scenario, and both high-speed
slicing and low-latency slicing are realized by the network
slicing technology based on NFV (network function virtu-
alization) and SDN (software-defined network). Users in the
network can be divided into RRH users, IoTusers, and D2D
users, which are served by RRH, FAP, and directly connected
devices, respectively. Each user has only a single antenna, the
total bandwidth that can be utilized is denoted as B, and
OFDM (orthogonal frequency division multiplexing) tech-
nology is adopted by the system.

2.1.1. High-Speed Slice. In the high-speed slice, M RRHs
which provide service to G RRH users with high-speed
requirements are connected to the baseband unit (BBU) pool
through capacity-limited downlink. *e RRHs can partici-
pate in collaborative communication under high-speed
slicing. *e set of the RRHs is represented by M� {1, 2, m,
. . .,M}, and the number of antennas for each RRH is T. *e
set of RRH users in the high-speed slicing is denoted as
G � {1, 2, g,..., G}. Different from the IoT users in the low-
latency slice, RRH users requesting high-speed services can
choose to use the D2D function to provide the corre-
sponding high-speed services. Once the D2D function is
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enabled, the user is called a D2D user. Using xg ∈X� {0, 1}
to indicate the D2Dmode selection of user g, then the user is
a D2D user if xg � 1, and it is an RRH user if xg � 0. For an
RRH user g, its serving RRH is decided by the RRH asso-
ciation indicator Dm,g; if Dm,g � 1, then RRH user g is
associated with and served by RRH m; otherwise, Dm,g � 0.

At time t, the received signal of the gth RRH user served
by the BBU pool can be expressed by

y
R
g(t) � hg(t)wg(t)sg(t) + 

l∈G,l≠g
hg(t)wl(t)sl(t) + ng(t),

(1)
where hg ∈ C1×MS is the CSI (channel state information)
vector from the RRHs to RRH user g, wg is the beamforming
matrix of the RRHs to RRH user g, where
wg � [wT

1,g, wT
2,g, . . . , wT

M,g]T ∈ CMS×1 and wm,g ∈ CS×1 rep-
resents the beamforming vector from RRHm to RRH user g,
sg is the data symbol of RRH user g with E |sg(t)|2  � 1, and
ng is the noise received by RRH user g, and ng ∼ CM(0, σ2).
According to Shannon’s formula, the data transmission rate
of RRH user g can be expressed by

R
R
g(t) � B log2 1 +

hg(t)wg(t)



2

l∈G,l≠g hg(t)wl(t)



2

+ σ2
⎛⎜⎜⎝ ⎞⎟⎟⎠. (2)

For D2D users, the received signal of D2D user d served
by D2D user r can be expressed by

y
D
d (t) � Pr(t) hr,d(t)



2

+ nd(t), (3)

where Pr denotes the transmission power of D2D user r and
|hr,d|2 is the path loss between the D2D pair. *e data
transmission rate of D2D user d is represented by

R
D
d (t) � B log2 1 +

Pr|hr,d(t)|
2

I∈D,I≠r,dPI hI,d(t)



2

+ σ2
⎛⎝ ⎞⎠, (4)

where D is the set of D D2D users and I is one of the
interfering D2D users to user g.

2.1.2. Low-Latency Slice. In the low-latency slice,Q IoTusers
with low-latency requirements are served by the fog access
point (FAP) equipped with S antennas. FAP in the low-
latency slice can effectively implement resource allocation
and power control to IoTusers. *e set of IoTusers is ψ � {1,
2, ..., q,...,Q}. At time t, K resource blocks can be allocated to
the IoT users, the set of resource blocks is ▽� {1, 2, ...,
k,...,K}, and Q≤K. Due to the limited signal processing
capabilities of IoT users, an IoT user can only be allocated
one resource block at most. If at time t, resource block k is
allocated to IoT user q, then resource block allocation in-
dicator ak,q � 1, and the received signal of the IoT user q on
resource block k is

y
F
q,k(t) � Pq,k(t) hq,k(t)




2

+ nq(t), (5)

where Pq,k is the transmission power of the FAP to IoTuser q
on the resource block k, |hq,k|2 refers to the path loss between
the FAP and IoT user q on resource block k, and nq is the
received noise power of IoT user q.
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Figure 1: System model.
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According to Shannon’s formula, the data transmission
rate of IoT user q can be represented by

R
F
q (t) � Bklog2 1 +

Pq,k|hq,k(t)
2

σ2
⎛⎝ ⎞⎠. (6)

Network energy efficiency is defined as the ratio of the
average total throughput of the network to the average
power consumption, in bit/Joule, and the expression is as
follows:

ηEE �
Rtot

PCtot

�
lim

t⟶∞
1/T

T− 1
t�0 E Rtot(t) 

lim
t⟶∞

1/T
T− 1
t�0 E PCtot(t) 

, (7)

where Rtot(t) and PCtot(t) are the total throughput and
power consumption of the network at time t, respectively,
which are

Rtot � 
G

g�1
R

R
g(t) + 

D

d�1
R

D
d (t) + 

Q

q�1
R

F
q (t), (8)

and

PCtot � 
M

m�1
PC

R
m(t) + PC

F
(t), (9)

respectively. In equation (9), PCR
m � g∈G‖wg‖22/η

R
m is the

power consumption of RRH m, where ηR
m is the amplifier

efficiency of RRH m. PCF � 
K
k�1

Q
q�1ak,qPq,k/ηF is the

power consumption of the FAP, where ηF is the amplifier
efficiency of the FAP.

2.2. Problem Formulation. According to equation (7), there
are two ways to improve the energy efficiency of the network:
one is to increase throughput Rtot, and the other is to reduce
total energy consumption PCtot. Considering the relation-
ship among equations (2), (4), (6), (9), and (7), the energy
efficiency can be improved by jointly optimizing the
beamforming vector wm,g of each RRH m, resource block
allocation k of the FAP, D2D mode selection indicator xg,
RRH association indicator Dm,g, transmission power Pq,k of
the FAP to IoT user q on the resource block k, and the
transmission power Pr of the D2D users.

Using K � [K1, . . . Kq, . . . KQ] to denote the resource
block allocation indicator vector of the IoT users,
W � [w1,1, . . . , wm,g, . . . , wM,G] to denote the beamforming
vector of the network, PF � [P1,1, . . . , Pq,k, . . . , PQ,K] to
denote the transmission power vector of the FAP, and PD �

[P1, . . . , Pd, . . . , PD] to represent the transmission power
vector of the D2D users, considering network stability
constraints, QoS requirements of users, and restriction
conditions such as transmission power limitation and
backhaul link capacity limitation, the resource allocation-
based energy efficiency maximization problem in the FRAN
is defined as follows:

max
K,W,PF,PD

ηEE �
Rtot

PCtot

,

C1: Dg, Dq, Dd <∞, ∀g ∈ G,∀q ∈ Q,∀d ∈ D,

C2: R
R
g(t)≥R

min
g , ∀g ∈ G,

C3: R
D
d (t)≥R

min
d , ∀d ∈ D,

C4: Pr Dq ≥D
max
q  � ε, ∀q ∈ Q,

C5: 
G

g�1
Dm,gwm,g

�����

�����
2

2
≤P

max
RRH, ∀g ∈ G,∀m ∈M,

C6: 0≤ 
k∈K

Pq,k ≤P
max
FAP, ∀q ∈ Q,

C7: Dq,k ∈ 0, 1{ }, ∀q ∈ Q,∀k ∈K,

C8: 
q∈Q

Dq,k ≤ 1, ∀k ∈K,

C9: 
G

g�1
Dm,gR

R
g ≤Cm, ∀m ∈M,

C10: 0≤Pr ≤P
max
D , ∀r ∈ D,

(10)

where Dg, Dd, and Dq are the traffic queues of the RRH user
g, D2D user d, and IoT user q, respectively. C1 constitutes
the stability condition of the network. C2 and C3 are the QoS
constraints for RRH users and D2D users in the high-speed
slice, respectively. C4 is to guarantee the probability that the
delay of IoTusers does not exceed the given threshold 1 − ε.
C5 and C6 are the maximum transmission power constraints
of each RRH and FAP, respectively. C7 and C8 mean each
IoT user can only be allocated to one resource block. C9 is
the capacity limitation on the backhaul link of the BBU pool.
C10 is the maximum transmission power constraint of D2D
user d.

3. Transformation of the Original Problem

Using Lyapunov’s theory, it is easy to prove that the pro-
posed optimization problem can be transformed into the
following form:

min
K,W,PF,PD


M

m�1VηEEPC
R
m − 

G

g�1 V + D
R
g R

R
g + VηEEPC

F

− 
K

k�1 V + D
F
q R

F
q − 

D

d�1 V + D
R
d R

R
d

s.t. C2 − C9

,

(11)

where V is the Lyapunov control parameter, which is a
nonnegative real number. *e larger the value of V is, the
more important the wireless resource allocation strategy will
be to optimize the network energy efficiency and the worse
the delay performance will be. DR

m and DF
k are the traffic
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queues of RRH m and resource block k of the FAP,
respectively.

From (11), it can be found that the beamforming vector
set W is only related to PCR

m, RR
m, C2, C5, and C9. Resource

block indicator variable setK and transmission power vector
PF of the FAP are only related to PCF, RF

k , C4, C6, C7, and
C8. Transmission power vector PD of the D2D users is only
related toRD

d andC3.*erefore, the optimization problem in
equation (11) can be decomposed into 3 independent
subproblems: the optimization problem of beamforming
design in high-rate slices, the optimization problem of joint
resource block allocation and power control in low-latency
slices, and the optimization problem of power control in the
D2D mode.

3.1. Subproblem 1: Optimization Problem of Beamforming
Design in High-Rate Slices. According to the above analysis,
the optimization problem of beamforming design in high-
rate slices can be rewritten as

min
W


M

m�1
VηEE

ηR
m


g∈G

wg

�����

�����
2

2
− 

G

g�1 V + D
R
g R

R
g

s.t. C2, C5, C9

. (12)

To transform optimization problem (12) into convex,
constraints C2 and C9 should be transformed. C2 can be
rewritten as

C2:

���������������


l∈G,l≠g

hgwl




2

+ σ2


≤
Re hgwg 

2Rmin
g /B

− 1
, ∀g ∈ G. (13)

C9 can be reconstructed into

C9: 
G

g�1

wm,g

�����

�����
2

2

wm,g

�����

�����
2

2
+ ξ

R
R
g ≤Cm, ∀m ∈M, (14)

where ξ is a regular factor close to 0.

3.2. Subproblem 2: Optimization Problem of Joint Resource
Block Allocation and Power Control in Low-Latency Slices.
*e optimization problem of joint resource block allocation
and power control in low-latency slices can be transformed
into

min
K,PF

VηEE

ηF


K

k�1


Q

q�1
ak,q Pq,k − V + D

F
q Bklog2 1 +

Pq,k|h
2
q,k

σ2
⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦

s.t. C4, C6, C7, C8

.

(15)

To transform (15) into convex, constraints C4 and C7
should be transformed. Since each IoT UE can only be

allocated to one resource block, the minimum data rate
requirement of each IoT UE at time t is equivalent to its
minimum transmit power requirement on the resource
block. And furthermore, taking into consideration the re-
lationship between traffic queue and data rate, constraint C4
can be transformed into

C4: 2RF
min/W − 1  hq,k




2
/σ2 ≤Pq,k, ∀q ∈ Q,∀k ∈K.

(16)

To make the problem easier to solve, discrete constraint
C7 can be transformed into

C7: 0≤Dq,k ≤ 1, ∀q ∈ Q,∀k ∈K. (17)

3.3. Subproblem 3: Optimization Problem of Power Control in
the D2DMode. *e optimization problem of power control
in the D2D mode can be represented by

max
PD



D

d�1
V + D

R
d B log2 1 +

Pr hr,d(t)



2

I∈D,I≠r,dPI hI,d(t)



2

+ σ2
⎛⎝ ⎞⎠

s.t. C3, C10

.

(18)

4. Proposed Joint Optimization Algorithm

4.1. Beamforming Design for RRH Users in High-Rate Slices.
With the help of the WMMSE method [14], the original
subproblem 1 in (12) can be transformed into the following
WMMSE problem with the same optimal solution:

min
W



M

m�1

VηEE

ηR
m



G

g�1
wg

�����

�����
2

2
+ 

G

g�1
V + D

R
g  ρgeg − log μg 

s.t. C2, C5, C9

,

(19)

where ρg, eg, and μg are the mean square error weight, mean
square error, and best receiving weight of the received signal
of RRH user g, respectively. *e definition of the mean
square error is as follows:

eg � E μH
g y

R
g − sg 

2
 

� μH
g 

M

l�1
hgwlw

H
l h

H
g + σ2⎛⎝ ⎞⎠μg − 2Re μH

g hgwg  + 1.

(20)

For any RRH user g, when wg and μg are given, the
calculation of the optimal mean square error weight ρg is

Mobile Information Systems 5



ρg � e
− 1
g . (21)

Given wg, the best receiving weight μg can be calculated
according to

μg �
hgwg


M
l�1hgwlw

H
l h

H
g + σ2

. (22)

Given the set of ρg and μg for all the RRH users, the
WMMSE optimization problem of W in (19) is

min
W



G

g�1
w

H
g 

M

m�1

VηEE

ηR
m

+ 
G

l�1
V + D

R
l ρlμ

H
l h

H
l hlμl

⎛⎝ ⎞⎠wg

− 2 

G

g�1
V + D

R
g ρgRe μH

g hgwg 

s.t.C2, C5, C9

.

(23)

C2 in optimization problem (23) is a second-order
conical constraint, and C5 and C9 are both quadratic
constraints; therefore, problem (23) is a QCQP problem
which can be solved by the convex optimization toolbox
CVX [15]. Using toolbox CVX, the result of (23) in one
iteration can be obtained. *rough multiple iterations, the
beamforming vector will approach the optimal solution.

4.2. Joint Resource Block Allocation and Power Control
Algorithm for IoT Users in Low-Latency Slices. *e objective
function in problem (15) can be minimized by optimizing
the transmission power PF for IoT users first and then
optimizing the resource block indicator K. Besides, the
solution obtained by solving the corresponding Lagrangian
dual problem of (15) is at least a local optimal solution of
(15). *erefore, optimization problem (15) can be reformed
as the following optimization problems about PF and K,
respectively.

Optimization problem (15) can be reformed as the
following optimization problem about PF:

min
PF

VηEE

ηF


K

k�1


Q

q�1
ak,q Pq,k − V + D

F
q Bklog2 1 +

Pq,k|h
2
q,k

σ2
⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦

s.t. 2RF
min/W − 1  hq,k




2
/σ2 ≤Pq,k ≤P

max
FAP,∀q ∈ Q,∀k ∈K

.

(24)

*e objective function of (24) has a continuous first-
order derivative, and the constraint gives the range of the
transmit power; therefore, the defined bound set is obviously
a convex set. According to the KKTcondition [16], to obtain
the optimal transmit power, it is only necessary to let the first
partial derivative of the objective function in (24) equal to 0.
*e optimal transmit power P∗q,k can be expressed as follows:

P
∗
q,k � max 2RF

min/W − 1  hq,k




2
/σ2,min

V + D
F
q ηF

W

VηEE

−
σ2

hq,k




2, P

max
FAP

⎡⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎦.

⎧⎪⎨

⎪⎩
(25)

From (25), it can be found that when the quality of the
channel is good or the traffic queue of the user is long, the
resource management module of the FAP will increase the
transmit power to serve the IOT user, and vice versa.
Substituting P∗q,k into optimization problem (15), the opti-
mization problem about K is

min
K

VηEE

ηF


K

k�1


Q

q�1
ak,q P

∗
q,k − V + D

F
q Bklog2 1 +

P
∗
q,k|h

2
q,k

σ2
⎛⎝ ⎞⎠⎡⎢⎢⎣ ⎤⎥⎥⎦

s.t. C7, C8,

,

(26)

which is a linear optimization problem. *e optimal re-
source block allocation strategy can be obtained by

ak,q �

1 if gk,q < 0 and k � argmin
l

gl,q

0, otherwise
,

⎧⎪⎨

⎪⎩
(27)

where gk,q � VηEEP∗q,k/η
F − (V + DF

q )Bklog2 (1 + P∗q,k|hq,k|2

/σ2).

4.3. Power Control Algorithm for D2D. *e objective func-
tion of problem (18) is a strictly convex function, and
constraints C3 and C10 are linear and convex, respectively.
*erefore, Lagrangian method can be used to solve problem
(18). *e Lagrangian dual problem corresponding to (18) is
as follows:

max
δ,θ

min
PD

L P
D

, δ, θ  

s.t. δ ≥ 0, θ≥ 0,

(28)
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where L(PD, δ, θ) is the Lagrangian function defined as

L PD
, δ, θ  � 

D

d�1
V + D

R
d B log2 1 +

Pr hr,d(t)



2

I∈D,I≠r,dPI hI,d(t)



2

+ σ2
⎛⎝ ⎞⎠

+δ Pr − 
I∈D,I≠r,d

PI hI,r(t)



2

+ σ2⎛⎝ ⎞⎠ 2Rmin
g − 1 ⎛⎝ ⎞⎠

+θ P
max
D − Pr( .

(29)

Problem (28) is a convex optimization problem about δ
and θ. *e subgradient method in [17] can be used to update

the optimal Lagrangian multipliers δ and θ iteratively
according to

δ∗ � max 0, δ∗ + Δδ Pr − 
I∈D,I≠r,d

PI|hI,d|
2

+ σ2⎛⎝ ⎞⎠ 2Rmin
g − 1 ⎛⎝ ⎞⎠

⎧⎨

⎩

⎫⎬

⎭, (30)

and

θ∗ � max 0, θ∗ + Δθ P
max
D − Pr(  , (31)

respectively, where Δδ and Δθ are the step size of searching
for optimal δ and θ, and they are positive and small real
numbers close to zero. *en, the optimal transmission
power can be obtained by

zL P
D

, δ, θ 

zPr

δ�δ∗,θ�θ∗ � 0, ∀r ∈ D. (32)

Finally, calculate the transmission power of D2D user r
to D2D user d according to

P
∗
r � max 0, Pr . (33)

4.4. Overall Algorithm. First, each user reports the reference
signal received power (RSRP), signal-to-interference-noise
ratio, channel state information reference signal (CSI-RS),
location, and other parameters to the cloud.

*en, the cloud accepts the service requests from users. If
the distance between two users is less than threshold dth and
the relative moving speed is less than threshold vth, the two
users release the communication link with the RRU and start
the D2D communication mode. Based on this, xg can be
determined.

After that, the cloud calculates and assigns the beam-
forming vectors to RRH users for each RRH based on the
result of CVX provided in Section 4.1. *e configuration of
beam weights ultimately serves the energy utility function,
that is, the objective function. Given the beamforming
vectors of the RRH users, the transmission power of the FAP
and D2D transmitter can be determined by equations (25)
and (33), respectively. At the same time, the cloud calculates
and determines the resource block allocation according to
equation (27) for each IoT user in the FAP.

Finally, the cloud detects the status of users in real time,
determines the users’ service status and the distance between
the users performing communication services, and updates
access and departure of the users to enable the updates of the
D2D communication mode.

5. Simulation and Results

5.1. Simulation Configurations. To verify the effectiveness of
the algorithm, system-level simulations are conducted.
Related simulation parameters and settings are listed in
Table 1.

5.2. Simulation Results. Figure 2 gives the relationship
between the number of users in the D2D mode and the
overall throughput. Simulation results show that when the
number of users in the D2D transmission mode increases,
the overall throughput of the system also increases. *is
proves that the D2D mode can alleviate the pressure on the
fronthaul links, reduce interference between UEs, and in-
crease the SINR, thereby increasing throughput. On the
contrary, users who choose the D2D transmission mode do
not occupy base station resources and release a large amount
of system capacity, thereby greatly improving the overall
throughput of the system.

Figure 3 is the relationship between the number of it-
erations of each algorithm and the overall throughput. *e
simulation results show that, as the number of iterations
increases, the global solutions of the two algorithms are
approaching the optimal solution. At the same time, the
overall throughput of the fusion algorithm is greater than
that of a single beamforming algorithm. *is is because
compared with a single beamforming algorithm, the system
throughput can only be improved by adjusting the beam to
improve the signal-to-noise ratio, and the fusion algorithm
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Table 1: Simulation parameters and settings.

Parameter name Parameter setting
Bandwidth 5MHZ
Subcarrier interval 10 kHz
Downlink path loss of RRHs 105.7 + 28.6log(D), D in km
Downlink path loss of the FAP 105.7 + 28.6log(D), D in km
Maximum transmission power of RRHs 32 dBm
Maximum transmission power of the FAP 14 dBm
Capacity constraints of fronthaul links 10Mbps
Power amplifier efficiency of RRHs 0.7
Power amplifier efficiency of the FAP 0.5
Small-scale fading model Rayleigh fading
Lognormal shadow 5 dB
Noise power density − 147 dBm/Hz
Regularization factor 20–13
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Figure 2: Overall throughput of the system with different numbers of D2D users.
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Figure 3: Evolution of system throughput with the number of iterations.
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can reduce the base station load and expand the system
capacity on this basis.

Figure 4 shows the relationship between the number of
iterations of each algorithm and the overall energy of the
system. *e simulation results confirm the effectiveness of
the beamforming algorithm and fusion algorithm for system
energy saving. *e beamforming algorithm adjusts the gain
in each direction of the beam according to the distribution of
the UE to achieve the effect of energy saving. Because of the
direct communication between terminals, the fusion algo-
rithm does not occupy base station resources, so the
beamforming effect is more significant, and the system
energy is further reduced.

6. Conclusion

In this paper, the energy efficiency optimization problem for
D2D-enabled fog radio access networks (FRANs) was
studied. An energy efficiency maximization algorithm based
on beamforming, resource block allocation, and power
control was proposed to solve the energy efficiency opti-
mization problem. Beamforming vector, resource block
allocation, and transmission power of the RRHs, FAP, and
D2D users were jointly optimized with the help of nonlinear
programming, convex optimization, and Lagrangian duality.
Simulation results indicated that, by using the proposed
optimization algorithm, the network energy efficiency and
throughput can be significantly improved, and the network
energy consumption can be greatly reduced, which finally
proved the effectiveness of the proposed algorithm.

6.1. Future Work. *is work can be further enhanced and
expanded on a huge and massive scale. It can be used for
highly scalable wireless access networks where the resource
allocation becomes miserable. *is allocation is based on the

quality of service provided and acquired by the user. Sim-
ilarly, it can be dug out that when and which kind of re-
sources shall be needed when the number of users generally
increases.
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