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Abstract: With the rapid development of 5G, artificial intelligence, the internet of things (IoT) and
other technologies, the number of intelligent terminal devices is growing explosively, bringing huge
challenges to the existing communication network and cloud computing service mode. The dense
edge computing system (DECS), which combines mobile edge computing (MEC) with an ultra-
dense network (UDN), has the potential to significantly improve low latency of communications
and enhance the quality of experience (QoE) of user equipments (UEs). In this paper, to achieve
energy-efficient MEC, computation efficiency (CE) is maximized by jointly optimizing computation
offloading, subchannel allocation and power allocation, which yields a challenging non-convex
problem. Specially, due to the heterogeneity of UE battery capacities and residual energy, the residual
energy of UEs should be taken into consideration in order to achieve better QoE. Therefore, we
develop a residual energy-based computation efficiency (RECE) optimization scheme to maximize
CE, where the optimization problem is divided into three subproblems. Firstly, the computation
offloading subproblem is addressed by a many-to-one matching strategy. Secondly, the subchannel
allocation subproblem is dealt with by adopting the graph coloring algorithm. Finally, the power
allocation subproblem is solved by the concave-convex procedure (CCCP) method. The numerical
results illustrate that UEs” CE can be optimized based on their residual energy in the proposed RECE
scheme. Additionally, compared to a scheme without considering UE residual energy, the system
CE can be much enhanced, and the UE energy consumption can be significantly reduced in the
RECE scheme.

Keywords: dense edge computing system (DECS); computation efficiency (CE); residual energy;
computation offloading; resource allocation

1. Introduction

A large number of emerging applications and services put forward high requirements
for low latency and high data rates. Meanwhile, the terminal devices of the internet
of things (IoT) have high demands for large numbers of connections and computing.
However, the traditional macrocell networks cannot meet the access demand of massive
intelligent terminal devices and the requirements of quantitative traffic surges. Therefore,
plenty of low-power small cells are deployed into the macrocell networks and construct an
ultra-dense network (UDN), which is considered to be a promising network paradigm [1].
However, due to the limited computing resource and battery capacity, the user equipments
(UEs) cannot meet the requirements of computing and the communication transmission
delay of vertical services such as the IoT and the Internet of Vehicles (IoV). Mobile cloud
computing (MCC) enables UEs to transfer computing-intensive tasks to powerful and
centralized remote clouds for processing. However, since the UEs are far away from the
remote cloud, MCC cannot meet the demands of delay-sensitive services. To address this
problem, by deploying servers with sufficient computing and storage resources at the edge
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of a radio access network (RAN), mobile edge computing (MEC) technology can achieve
the goal of low task delay and low-UE-energy consumption [2].

In a UDN, the network environment is complex due to the deployment of plenty
of heterogeneous small cells, such as microcells, picocells, femtocells and remote radio
head (RRH) nodes. UEs can associate with these small cells for data transmission. As the
spectrum resource is limited, small cells usually refuse the channel resource. On the one
hand, a UDN can gain a lot of benefits, but on the other hand, it also brings some challenges.
For instance, the interference can be very serious and the transmission efficiency of tasks
can be affected due to the co-channel deployment. Moreover, energy consumption cannot
be neglected due to the intensive deployment of small cells. Many studies have focused on
improving the efficiency of UDNs through resource allocation [3].

Due to the blossoming of new mobile applications, running these applications on UEs
is constrained by the limited computing resources and battery capacity. Therefore, MEC
technology has attracted much extensive attention. By equipping the wireless access nodes
with powerful computing servers, UEs can offload their tasks to these servers, so that the
tasks can be executed by MEC servers. Thus, the task latency can be reduced and the energy
of the UEs can be saved. In addition, the pressure of the core network can be relieved
through computation offloading. The concept of MEC was proposed by the European
Telecommunications Standards Institute (ETSI) in 2014 [4], and the majority of the work
has been completed to optimize the computation offloading strategies. The state-of-the-art
research on computation offloading in MEC was summarized in [5].

A dense edge computing system (DECS), which integrates MEC with UDN, can meet
the application needs of high computing efficiency, low latency, wide connection and high
security, and has become a new mobile network development trend [6]. In a DECS, the task
processing capability can be synced close to the UE side by equipping massive small-cell
base stations (SBSs) with MEC servers. Thus, MEC can better support new services, greatly
reduce network congestion and improve the reliability of the network. Large numbers
of researches have focused on reducing system latency, reducing energy consumption
or obtaining their trade-off through computation offloading and resource allocation.

In the study of task offloading for reducing latency, cooperation, interference and
environment change are usually considered. In order to take advantage of cooperation
opportunities brought about by the DECS, the authors in [7] optimized site clustering,
transmit power allocation and computation offloading to minimize task delay. When the
sites are deployed with the same frequency, co-tier interference influence system perfor-
mance. In order to avoid interference, orthogonal channels were allocated between small
cells, and computation offloading with small-cell base station dormancy was optimized
to minimize task delay when meeting the small-cell base station energy consumption
constraints in [8]. In [9], the interference was mitigated by disconnecting some links, and
the average processing delay per UE was evaluated with the tools of stochastic geometry
in scenarios where the UE’s task can be partitioned and offloaded to multiple MEC servers.
In a fast-changing environment where a UE moves randomly, the authors developed a
novel UE-oriented computation offloading strategy to reduce system delay under a price
budget constraint; see [10]. In [11], to reduce the task discard rate and task latency in a
time-varying environment, a deep reinforcement learning algorithm with multi-branch
architecture was proposed by jointly optimizing the computation offloading strategy and
resource allocation.

As the battery capacities of UEs are limited, massive existing studies are concerned
with the energy consumption reduction in UEs in order to enhance their quality of experi-
ence (QoE). In [12], considering different task priorities in a cloud-assisted MEC system,
the computation offloading strategy was investigated to reduce the target UE’s energy
consumption without degrading the UE’s quality of service (QoS). As resource allocation
plays a key role in MEC for computing and communications, joint resource allocation
and computation offloading optimization could bring much benefit in the aspect of min-
imizing energy consumption in [13-15]. In particular, the delay requirements constraint
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was considered in a heterogeneous network where interference existed; see [13]. In [14],
both the randomness of UE service types and the co-tier interference were taken into ac-
count. The weighted network energy consumption was reduced in the DECS with splitting
C-plane and U-plane in [15].

Taking into account both latency and energy consumption, many studies have focused
on the trade-off between these two factors by constructing a cost function where the task
delay and energy consumption are weighted. In these studies, the cost is usually minimized
by computation offloading and resource allocation or task scheduling. In [16], the authors
developed an improved gray-wolf optimization algorithm to optimize the computation
offloading so as to reduce the system cost. In [17], the system cost of the MEC-assisted
UDN was reduced through computation offloading strategies, subchannel assignments and
power allocation. In [18], assuming that the task cannot be divided into subtasks and each
task can only upload through one subchannel, a heuristic computation offloading algorithm
was proposed. In [19], considering that the sites are divided into multiple clusters, and UE is
accessed through non-orthogonal multiple access (NOMA) with uplink co-tier interference,
the system cost where the weights is decided by the remaining energy of UE was minimized.
In [20], computation offloading, base station selection and resource scheduling were jointly
optimized to minimize the system cost. Considering an UE holding a directed acyclic
graph (DAG)-based application, in [21], the task scheduling was optimized by solving a
multiobjective optimization where both the application’s execution latency and the UE'’s
energy consumption were simultaneously minimized.

As is well known, previous studies have paid a lot of attention to energy efficiency
and communication efficiency. However, most of them ignore the system efficiency in
terms of computation bits per Joule. As an important metric, computation efficiency
(CE) [22], defined as the system computation bits per consumed energy, has recently
attracted increasing attention. In [23], the subchannels, transmit power and computing
resources were jointly allocated to maximize the weighted sum-CE. However, the weights
of CE were all set to one, without considering the heterogeneity of UEs.

Recently, many studies on CE have taken fairness into consideration, typically adopt-
ing the max-min fairness criterion [24-28]. In [24], in a wireless-powered MEC network
where NOMA and the time division multiple access (TDMA) were considered, CE was
maximized through the energy harvesting time, computation resource, offloading power
and time optimization. In an OFDMA-based MEC network, the authors of [25] optimized
the transmit power, subchannel and computation resource allocation to maximize the
minimum UE’s CE with strict delay and energy consumption constraints. In [26], the
max—min fairness of the CE optimization problem was nvestigated in mmWave-MEC with
NOMA, where the beamforming and resource allocation were jointly optimized. The CE
optimization problem for the mmWave-MEC with reconfigurable intelligent surface (RIS)
was addressed in [27]. In [28], the total downlink and uplink CE was optimized with
carrier scheduling and resource allocation while the UE QoS was guaranteed in the NOMA
heterogeneous networks.

There are also some studies on CE optimization from the perspectives of user co-
operation [29], security [30], and unmanned aerial vehicle (UAV) scenarios [31,32]. For
example, in [29], the energy beamforming and resource allocation in the power and time
domains were jointly optimized to maximize the CE while considering UE cooperation in
the NOMA-enabled wireless-powered MEC networks. In a MEC network with a passive
malicious eavesdropper, the secure CE maximization problem was studied through jointly
optimizing computing resource and power allocation in [30]. In the UAV-enabled MEC
communication systems, system CEs were maximized through joint computing schedul-
ing, the UAV trajectory, and resource allocation under the partial computation offloading
mode [31] and the binary computation offloading strategy [32].

In the DECS, massive heterogeneous UEs offload their tasks to the MEC servers
to reduce task latency and save energy. In practice, the battery capacities and residual
energy of UEs are different. For UEs with low residual energy, compared with UEs with
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high residual energy, for the purpose of gaining a good QoE and saving energy, they
are eager to achieve more system computation bits with the least energy consumption.
Therefore, the UE CE maximization needs to consider priorities based on their residual
energy. Although numerous existing studies focus on optimizing CE, the influence of UE
residual energy on CE optimization is usually ignored. In this paper, taking into account
the effects of UE’s residual energy on CE optimization, we develop a residual energy-based
computation efficiency (RECE) optimization scheme to maximize the CE in the DECS where
the computation offloading strategy, subchannel allocation, and UE transmit power are
jointly optimized. The main contributions of the paper are summarized as follows:

1.  From the perspective of energy-efficient communications and computations, the CE
matrix is introduced. In addition, considering the heterogeneity of UE residual energy,
the computation offloading strategy, subchannel, and UE transmit power allocations
are jointly optimized to maximize the weighted sum-CE, where the weights depend
on UE residual energy;

2. Due to the interference between UEs, the formulated CE maximization problem is
NP-hard. To deal with this complex problem, we divide it into three subproblems.
The computation offloading is first decided based on a matching game. Then, the
subchannel assignment subproblem is solved with the coloring method. Finally, the
UE transmit power allocation is decided with the aid of the CCCP method to maximize
the system CE;

3. Simulation results show that UE CE can be optimized based on UE residual energy in
the proposed RECE scheme. Moreover, compared with the scheme without consider-
ing the difference in UE residual energy, the RECE scheme can achieve greater system
CE, consume less energy, and process more data.

The structure of the paper is organized as follows. The considered system model and
the residual energy-based CE maximization problem formulation are given in Section 2.
In Section 3, the RECE algorithm is proposed to optimize computation offloading and
resource allocation so as to solve the problem. Section 4 demonstrates the simulation results
and presents a discussion. Section 5 presents the conclusion of the paper.

2. System Model and Problem Formulation

As shown in Figure 1, an OFDMA-based DECS consists of S SBS with a single antenna
and M single-antenna UEs. Each SBS is equipped with an MEC server to provide computa-
tion services for UEs. The residual battery levels of UEs are different. We assume that the
computation task is indivisible, the binary offloading mode is used, and all UEs offload
their tasks to MEC severs for computing, with each UE offloading tasks to only one MEC
server. When UEs offload their tasks by occupying the same subchannels, the interference
cannot be neglected. For instance, as shown in Figure 1, UE 2 and UE 3 offload their task to
MEC server 1 and MEC server 2, respectively, by occupying the same subchannel. UE 2
introduces interference to SBS 2 and UE 3 also causes interference for SBS 1.

2.1. Communication Model

We assume that there are K subchannels in the DECS, and the bandwidth of each
subchannel is By Hz. The subchannel set, the UE set, and the SBS (MEC server) set are
denoted by £ = {1,2,...,K}, M ={1,2,...,M}and S = {1,2,...,S}, respectively. The
subchannels can be reused by multiple UEs such that interference between UEs exists.
ams € {0,1} is defined as the task offloading indicator variable. Specifically, a,,s = 1 if
UE m offloads its tasks to a MEC server s, and a,,s = 0 otherwise. by, € {0,1} is an
indicator variable for subchannel assignment. Specifically, b5y = 1 if subchannel k is
occupied by UE m for computation offloading to a MEC server s, and b,,;5x = 0 otherwise.
We let T denote the OFDMA time block. Similar to [25], we assume that the subchannels
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between the MEC servers and UEs keep constant during each block with duration T, which
is perfectly known at SBSs. Therefore, the achievable rate of UE m can be expressed as

> K bmskpmkgmsk
Ry =YY amsBolog, <1 + >, 1)

2
s=1 k=1 L+ o

where p,x and g,,,sx are the transmit power of UE m and channel gain from UE m to SBS s
M
on subchannel k, respectively. Iy = Y. ausbyskPusk&usk is the interference SBS s suffers
n=1,n#m

on subchannel k. 02 is the variance of additive Gaussian white noise.

— signal

. - - = - =) interference
l/<< >>/UE2 o ( )
w
UE1

sBs2 | MEC Server2

b

UE5

MEC Serverl SBS1

Figure 1. An MEC network consisting of multiple SBSs, each equipped with an MEC server and
massive UEs with different residual energy levels.

2.2. Computation Model

It is assumed that the computing frequency of UE m is f,;, and that UE m requires g,
cycles to compute one bit of its task. Hence, if UE m computes its task locally, the local
computed bits of UE m during the entire block T can be expressed as

T
cloc = Lm, @
qm
The energy consumed in local computing can be calculated as
En = tmfuT, ®)

where «,;, denotes the energy coefficient of UE m, which relates to the chip’s hardware
architecture.

When UE tasks are offloaded to MEC servers, the number of computed bits for UE m
during the entire time block T can be given by

Coff = R, T. (4)

The energy consumption of UE m in the offloading process with duration T can be
modeled as

S K
B = Z Z (@msbuskDppukT+PT), (5)

where Ap denotes the power amplifier coefficient, and P, is the circuit power for the
offloading process on each subchannel.

Similar to [33], the energy consumption for execution can be ignored due to fact that
the cable power supply can power MEC servers. Moreover, the time and the time of result
feedback can be neglected because of the MEC severs’ strong computation capability and
the small number of bits related to the computation results [27].
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Therefore, the CE of UE m can be defined as

S S K
(l —Ams ) Tfm bmskpmkgmsk
- Cloe - ol _ sgl o sgl k§1 4ms BoTlog, (1 1 ro? ) (6)
T Eloc 4 E"ff S 5 S K )
1l n 21 (1= ams)kmfin T + 21 kzl (amsbmsk Dp P T+PT)
S= s= =

2.3. Problem Formulation

In this paper, we consider a scenario where each UE has a computing-intensive
task which needs to be offloaded to the MEC servers, and all MEC servers have strong
computation capabilities. Hence, whether UEs choose to compute their task locally or
offload their tasks to the MEC server is out of the scope of this paper. Therefore, the match
between UEs and the MEC servers is the concern of this paper. Considering the difference
in the residual energy of UEs, we use weight w;, to denote the CE preference of UE m
and set w;, = 1/€,. €, represents the percentage of residual energy of UE m. We note
that when ¢, is very small, the weight w, is very large, and it dominates the computation
process. Therefore, in order to avoid this, we add a constant c to the residual energy ratio
of all UEs and make the following transformation: &, = min(¢,, + ¢, 1.0), Vim € M. In this
paper, we set ¢ = 0.1 for simplicity. In order to save energy for UEs, we optimize the CE
through the UE offloading strategy, subchannel allocation, and power allocation. Therefore,
the residual energy-based CE maximization problem can be formulated as

S
b
M ©@n ¥ ansBoTlog, (1 + testluitpst
s=1k=1
max E S K

m=1 21 kil (amsbmskAppka+PcT)
s=1k=

st. Cl:R, > R™ Vme M
C2:0 < pyi < PR, Yme M,ke K

m
K
C3: Z Pk < P, Ym € M @)
k=1

S K
C4:) Y bugx=1YmeM
s=1k=1

S
CSZZﬂms:LVWlEM,SES

s=1

C6 :ams, bysk € {0,1}

where RT" is the minimum data rate of UE m. PR and Pp® denote the thresholds
of transmit power on subchannel k and the total transmit power of UE m, respectively.
Constraint C1 guarantees the UE rate requirements in the offloading process. Constraints
C2 and C3 provide a power constraint for each subchannel and each UE, respectively.
Constraint C4 denotes that each UE is only allocated one subchannel. Constraints C5 and
Cé6 indicate that each UE can only choose one MEC server for computation offloading. It
is apparent that the the objective function in Problem (7) is the sum of CEs. Therefore,
it is a non-convex problem. Moreover, since the binary offloading indicator variable
A = [amus] g and the binary subchannel allocation variable B = [byqk] 1 g« x are binary
variables, and the continuous power allocation variables P = [p,x]\x are coupled,
obtaining the solution of Problem (7) directly is difficult.

3. Residual Energy-Based Computation Offloading and Resource Allocation Scheme
In this section, to deal with Problem (7), a residual energy-based computation offload-

ing and resource allocation scheme is designed. Firstly, a matching-based computation

offloading strategy is presented to obtain the binary offloading indicator variable while
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taking into account the difference in UE residual energy. Then, a coloring-based subchannel
assignment scheme is developed to allocate subchannels to UEs according to their residual
energy. Finally, in order to attain the maximum weighted CE, we develop a CCCP-based
UE power allocation algorithm.

3.1. Matching-Based Computation Offloading Strategy

Since each UE offloads its task to only one MEC server while each MEC server can
execute multiple UE tasks, we can adopt the many-to-one matching theory to solve the
computation offloading problem. The matching can be denoted by a triplet of (Pas, 1, P):

(1) Pm = {M,S} is two disjointed sets of players. In this paper, M denotes the set of
UESs that offload tasks to the MEC servers, and S is the set of MEC servers that execute
the computation tasks.

(2) ¢ = (PLy, PLs) denotes the preference lists of the UEs and the MEC servers. Each UE
m € M maintains a preference list PL;,, where the preferences on MEC servers are
ordered in a descending order, i.e., PL,;, = {s,s>,s"}, which means that UE m prefers
MEC server s to s’ in task offloading. Furthermore, each MEC server s € S maintains
a UE preference list PL; in a descending order, i.e., PLy = {m, m>sm'}.

(3) @ C M x S denotes the matching between the UEs and the MEC servers. Each UE
m € M can be matched with at most one MEC server, i.e.,, ®(m) € S and |®(m)| <1,
where |®(-)] is the cardinality of matching result ®(-). Moreover, each MEC server
can be matched with multiple UEs, i.e., ®(s) € M and |®(s)| < K.

Subsequently, the definition of the considered many-to-one matching can be described
as follows:

Definition 1. Given the UE set M and the MEC server set S, the matching game ® : M — S
for computation offloading is defined as a many-to-one function, such that

(1) ®(m) e Sand |O(m)| <1,Vme M;
(2) ®(s) € Mand |P(s)| <K Vs €S;
(3) s=®(m) e m=(s),Vme M,s € S.

In the computation offloading process, each UE is willing to be associated with the
MEC server with the best channel condition so as to obtain a high offloading rate. Therefore,
the preference function of UE m can be defined as below:

Y (S) = Smsk- (8)

Therefore, each UE m € M can calculate its preference on each MEC servers € S
according to (8) and construct its preference list PL,, = {s,s>,5"}.

For the sake of reducing the energy of UEs with low residual energy, each MEC server
makes a choice regarding whether to accept UE requests based on the MEC server’s prefer-
ence function. A MEC server prefers a UE with good channel condition and low residual
energy. Hence, the MEC server s ranks UEs according to the following preference function:

Ps(m) = gmsk/gm- )

Thus, each MEC server s € S can calculate its preference on each UE m € M according
to (9) and construct its preference list PL; = {m, m>sm’}.

Algorithm 1 summarizes the steps of the many-to-one matching-based computation
offloading strategy. In the first place, all UEs and MEC servers are not matched. Therefore,
the unmatched UE set M, and the unmatched MEC server set S, are initialized as all UEs
and all MEC servers, respectively. In the matching process, every unmatched UE builds
its preference list based on (8) and sends an offloading request to its most preferred MEC
server in the preference list. Subsequently, each unmatched MEC server calculates s € S,
which is the number of offloading requests received, and marks UEs that sent the offloading
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requests by the set Mc,. If Cs is not more than the number of subchannels, all UEs in
M, are allowed to communicate with the MEC server s for task offloading. Otherwise,
the unmatched MEC server s establishes its preference list based on (9). The first K UEs
in M, are allowed offloading of their tasks, and the offloading requests of other UEs in
M, are rejected. Then, the the unmatched UE set My, and the unmatched MEC server set
Sy are updated. The matching process is not finished until all UEs and MEC servers are
matched. Finally, the offloading indicator can be obtained from the matching result A*. In
order to evaluate the matching results, we define the blocking pairs and stable matching.

Algorithm 1 The UE-MEC server matching algorithm

Input: All UE data rate demands R,
Output: Stable matching A*.
1: Initialize the unmatched UE set M, = {1,2,..., M}, and the unmatched MEC server
setS, ={1,2,...,S5}.
2: while M, # @ do

3:  for all unmatched UE m € M, do

4 UE m builds its preference list PL,, based on (8) in a descending order;

5: UE m sends an offloading request to the first MEC server in PL,;

6: end for

7. while S, # @ do

8: for all unmatched MEC server s € S, do

9: Count the number of requests received by MEC server s as Cs and denote the set

of these UEs as M_;

10: if C; <= K then
11: MEC server s allows these Cs; UEs offloading of their tasks;
12: Remove MEC server from S, and PL,,;, and remove these Cs UEs from M;
13: end if
14: if C; > K then

15: MEC server s updates its preference list PL; in a descending order according

to (9) and allows the first K UEs in M, offloading of their tasks;

16: Remove MEC server from S, and PL,;, and remove these C; UEs from My;
17: end if

18: end for

19:  end while
20:  For all UEs m € M matched with MEC server s, a,,s = 1;
21: end while

Definition 2. For every UE m/MEC server s (m € M, s € S), which are matched with ®(m)
/ ®(s), a blocking pair exists when a UE n and a MEC server t pair satisfies t>,®(m) and
n—-sP(s).

Definition 3. If there are no blocking pairs in a matching ® : M < S, the matching is said to
be stable.

Theorem 1. The proposed UE and MEC server matching A* generated by Algorithm 1 is stable.

Proof of Theorem 1. This proof is similar to [34]. For the purpose of proving that the
proposed matching algorithm is stable, we should verify the nonexistence of blocking
pairs in Algorithm 1. As shown in Lines 5 and 15 of Algorithm 1, the UE task can be
offloaded to the MEC server that provides the best channel gain, while each MEC server
deals with the tasks offloaded by those UEs that provide the first K largest ratio of channel
gain to the residual energy, which is calculated in (9). This guarantees that no blocking pair
exists in the matching results obtained by adopting Algorithm 1. Consequently, Theorem 1
is proved. 0O
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3.2. Coloring-Based Subchannel Assignment Scheme

When the UEs and the MEC servers are well matched, all UEs can offload their
tasks to the target MEC servers and each MEC server should allocate subchannels to the
UEs offloading tasks to it. UEs in the same MEC servers are assigned subchannels in an
orthogonal way. In order to improve the frequency spectrum utilization, UEs in different
MEC servers reuse the subchannels. Therefore, co-tier interference between UEs exists, and
the original Problem (7) can be changed into the following formula:

S K
Wy Z Z amsBO’I‘log2 1+ m bmskpmkgmsk

M s=1k=1 712 Ansbysk PrskSnsk+0
max ) S — , (10
m=1 Zl kzl (amsbmskApPﬂlkT+PCT)
s=1k=

s.t. C1,C2,C3,C4.

From the optimization objective function in (7), it can be seen that the performance of
each UE is affected by the power of UEs occupying the same channel, and the power of each
UE can also cause interference with other UEs using the same channel. I\ZA: Ansbysk PrskSnsk

n=1n#m

is the interference of SBS s caused by other UEs on subchannel k. Therefore, ’ﬁ) alleviate serious
co-tier interference, it should be decided which subchannels are to be reused in the subchannel
allocation process. In this subsection, a coloring-based subchannel assignment algorithm is
developed, which takes the residual energy of UEs into account. The idea of this algorithm
is that UEs that may interfere with each other try to avoid using the same channel. If it is
unavoidable, each UE chooses the channel occupied by the UE with a higher remaining energy
ratio, so that the interference can be alleviated by reducing the energy of that UE.

Since each MEC server has K subchannels, the number of colors is set to be K in the
coloring-based subchannel assignment algorithm. The algorithm includes two parts, i.e., the
graph construction procedure in Algorithm 2 and the coloring procedure in Algorithm 3.
When coloring all the nodes, different subchannels are allocated to different colors. The de-
tailed steps of the algorithms are as follows:

(1) Graph G(V, &) is constructed. In the graph, the node set V consists of all UEs in the
network. Thus, V = M. £ is the edge set and the edges between UEs are established
so that they can be allocated to different colors. Therefore, UEs in the same MEC
servers are connected by edges. For UEs in different MEC servers, whether there is an
edge between them depends on the distance between the UEs and the MEC servers.
For instance, we suppose that there are two MEC servers, i.e., the MEC server i and
j, and the UE m is served by the MEC server i. The distance d,,,; between UE m and
the MEC server j should be calculated. If d; is less than the threshold Dy,, then the
distance between all UEs in the MEC server j and the MEC server i should be judged.
In the MEC server j, if the distance d,,; from UE n and the MEC server i is less than
Dy, edges are constructed between UE m and UE n. Otherwise, the UE in the MEC
server j that is closest to the MEC server i is chosen to construct edge with UE m. If
UE m and UE 7 are connected by the edge, they should be added to each other’s edge
sets. The edge set of UE m is denoted by &;,. Thus, UE n and UE m should be added
to edge sets &, and &, respectively.

(2) Coloring. After graph G(V, £) construction is completed, the node degrees are calcu-
lated. All nodes are saved in the degree list £, according to degree, from high to low.
The color set used by UEs is initialized in &, as C} ge = @ The graph is colored start-

ing from the node with the highest degree. If there are several nodes with the same

degree, one is chosen at random. When coloring, if a node has multiple color choices,
the color assigned by the UE with the highest residual energy ratio in its adjacent

MEC servers is selected so that serious interference with the data transmission of UEs
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with low residual energy ratio can be mitigated with power allocation. The details are
as follows:

(a)

(b)

For all nodes in the degree list £, colors assigned by the nodes in their edge
sets are found and added to the color set C}); e Vm € L4. Then, the colored
nodes are moved from the edge set £;. Therefore, £, includes the nodes
without being colored. The remaining color set that can be used by node m is
updated as C;, = C\CJ ge- We select the first node from the degree list £;, and
assume that this node is node m. Then, its color is chosen from C,;,.

If there is more than one color in C,,;, one is chosen to add to node m randomly,
and this color is added to the color set C}} . Otherwise, the colors used by
other nodes in the same MEC server are found with node . The color sets
Coy ge and C;, are updated. The color with the least color utilization in C;, is
assigned to node m. If there are multiple optional colors for node m, we select
the color with the highest residual energy ratio.

Algorithm 2 Graph construction algorithm

Input: The stable matching A, the UE set M and the MEC server set S.
Output: Graph G(V, ).

1: All UEs in M construct the nodes of the graph.

2: for MEC serveri € S do

3: forUEm,n € Mdo
4: if they all match with the MEC server i then
5: Build edge between UE m and UE n. Add UE n and m to the edge set £, and &,
respectively.
6: end if
7: if UE m and UE n match with the MEC server i and j, respectively, i # j then
8: Calculate the distance d,,,j between UE m and MEC server j.
9: if dm] < Dth then
10: for UE n matching with the MEC server j do
11: Calculate the distance d,,; between UE n and MEC server i.
12: if d,;; < Dy, then
13: Establish edge between UE m and UE n. Add UE # and m to the edge set
Em and &, respectively.
14: end if
15: if d,;; is the smallest value then
16: Build edge between UE m and UE #n, and add UE # to the edge set &, of
UE m.
17: end if
18: end for
19: end if
20: end if
21:  end for
22: end for

Figure 2 illustrates the procedure of graph construction and coloring. As shown in
Figure 2a, the network model includes two SBSs, two MEC servers and six UEs. Especially
ul, u2, and u3 offload their tasks to MEC server 1, and u4, u5, and u6 offload their tasks to
MEC server 2. The value around each UE denotes the residual energy ratio. An interference
matrix is constructed, and its elements denote whether there exists an edge between two
nodes. All elements in the interference matrix are initialized as zero, which means there is no
edge between nodes. In Figure 2b, the distance between UE and MEC servers is calculated,
and graph G(V, £) is built according to the distance threshold Dy,. Simultaneously, the ele-
ments in the interference matrix are updated. Then, the edge set of each UE is constructed,
ie, &1 = {u2,u3,ud}, e, = {ul,u3,u4, u5}, e3 = {ul, u2,u4, us5}, ¢4, = {ul, u2,u3, u5, ub},
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€5 = {u2,u3,u4,u6}, and €5 = {u4,u5}. The coloring procedure of the graph G(V, £) is
shown in Figure 2¢ and the number of colors is assumed to be 3, i.e., C = {red, green, blue}.
The degrees of all nodes are calculated and all nodes are stored in the degree list, £;,, by
ranking the degrees in descending order, i.e., L4, = {u4,u2,u3,u5,ul, u6}. The degrees of
these UEs are 5, 4, 4, 4, 3, and 2, respectively. The coloring steps are detailed below.

Algorithm 3 Coloring algorithm

Input: The graph G(V, &), the color set C = {1,2,...,K}.
Output: The subchannel allocation variable B*.

1:

for node m € M in the graph G(V, £) do

2. Calculate the degree of node m and initialize the color set ngjge = Q.
3: end for
4: Sort all nodes into the list £, in descending order according to their degree.
5. fornode m € L4, do
6:  if m is not colored then
7: fornoden € &, do
8: if node n use color i then
9: Add color i into the color set C[ ge and move node n from &,,.
10: Update the color set C;, = C \Cg?ige'
11: end if
12: end for
13: if C;; # @ then
14: Choose one color from C;, for node m randomly. Add this color into C7 .
15: end if
16: if C;;;, = ® then
17: fornode j € &, do
18: if node n and node j are in the same MEC server, and node j is colored then
19: Update the color set C§ ge and Cyy.
20: end if
21: end for
22: for color ¢ € Cy;, do
23: Calculate the number of utilization of color c.
24: end for
25: Select the least utilized color and assign it to node m.
26: if color c has the same utilization ratio as color d then
27: Select the color used by the node with higher residual energy ratio and assign
it to node m.
28: end if
29: end if
30:  end if
31: end for
(1) Select the first node in L, i.e., u4. Its edge color set is ng ge = @ and its color set can
be calculated as C4 = {red, green, blue}. Therefore, we can color u4 with red, which
is randomly chosen from C2, g
(2) Choose the second node from Ly, i.e., u2. Update C ‘Z-dge = {red} and C; = {green, blue}.
Choose one color from C; at random and color u2 with green.
(3) Select the third node from Ly, i.e., u3. Update ngge = {red,green} and C3 = {blue}.
Thus, u3 can be colored with blue.
(4) Choose the fourth node from Ly, i.e., u5. Update ng ge = ®. Since the nodes u4

and u6 in &5 are served by the same MEC with u5, and only u4 is colored with red,
the edge color set of u5 can be updated as ng e = {red}. Accordingly, its color set

can be updated as C5 = {green, blue}. The utilization numbers of green and blue are
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©)

(6)

both one, while the residual energy ratio of u2 colored with green is less than that of
u3 colored with blue. Therefore, u5 can be colored with green.

Select the fifth node from £;,, i.e., ul. Update Celdge = ®. Since the nodes u2 and u3
in & are served by the same MEC with ul, and u2 and u3 are colored by green and
blue, respectively, the edge color set of ul can be updated as ngge = {green, blue}
and its color set can be updated as C; = {red}. Then, ul can be colored with red.
Choose the last node from Lg,, i.e., u6. Update C®, == {red, green} and Cs = {blue}.

edge
Thus, u6 can be colored with blue.

//Si?TSi;t ul u2 u3 u4 u5 ub
_ N\
ﬁ @Xﬂls\ al

[ Ca @R o) 00 0 0 0 0
\0—2/ ~ wo o o0 0 0 0
RN 7 ny BS2 \ W30 0 0 0 0 0
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1
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0

(6) Color u6 with blue (5) Color ul with red (4) Color u5 with green

(c) Coloring the graph

Figure 2. Graph construction and coloring procedure.

3.3.

CCCP-Based UE Power Allocation Algorithm

After the computation offloading and subchannel assignment are accomplished, UE

power should be optimized to improve CE. Therefore, Problem (7) can be rewritten as

M K
max ) ) @k

m=1k=1
st. C1,C2,C3, (11)

W Rmku(m,k)

C7:
Appiuk + Pe

> Pmk-
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Furthermore, Theorem 2 is introduced to transform Problem (11) into the following,
which can be proven with the same method as that used in [35].

Theorem 2. If (P, *) is obtained by addressing Problem (11), then there exists (%, such that P*
is also a solution to Problem (12):

M K
max Z Z Conk {memku(m,k) — Pmk (Appmk + pc)} ,
m=1k=1 (12)

s.t. C1,C2,C3,C7.

W Ryyigs (m )

In addition, if { = {* and ¢ = ¢* , P* satisfies {, = m and Qi = Byt Pr

For the sake of easy handling, we change the optimization function of Problem (12)
into the following form:

U(P) = uczwel (P) - ucave2(P)/ (13)

M K M
where the two convex functions are U1 (P) = Y Y Ckwm Bolog2< Y PmkSmku(mk)

M K M M K
‘HTZ) and Uepe2(P) = ¥ ¥ CukwmBolog, )y Pmk8tku(mk) + 0.2) + X X Cm
m=1k=1 t=1,t#m m=1k=1
(Appmk + Pc). Furthermore, we rewrite constraint C1 as follows:
Rg}in M
C1" 2 Puk&mku(m) + (1 - 230) ( Z; Pik8 jku(m ) T 02) > 0. (14)
j=1,j#m

It can be seen that C1’ is convex. Therefore, according to Theorem 2, solving Prob-
lem (15) can produce the solution of the original problem.

max U(P),

/ (15)

st. C1',C2,C3,C7.

Due to the fact that U2 (P) is differentiable, we can adopt the CCCP method to

solve Problem (15). Therefore, the optimal transmit power of UE m on subchannel k can be
derived as pmax

P* _ Bol ik wm B I+ 02
mk lnz[Lmk +Am — mG] Smku(m,k)

(16)

0

REin
where Hmk = Ymk&mku(m,k) + ) % Vik8mku(j k) <1 - 25}0) and Ly = ) I\ZA: M +
j=Lj#m j=Lj#m M/Zt%m Pk tku(jk) +07
ApCmk@mk- The two Lagrange multipliers, i.e., A and v, are introduced to solve the problem.
Algorithm 4 shows the steps of the proposed power allocation algorithm. Correspondingly,
the total procedure of the RECE algorithm is demonstrated in Algorithm 5.
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Algorithm 4 CCCP-based power allocation algorithm

Input: All UE data rate requirements R,
Output: Optimal power P*.
1: Initialization: Set I = 0 and ¢ > 0. Set P(%) and for all UEs and MEC servers, calculate

0 0
Ty and gl
M

2: while max{ 21 177(79( |:mer(n[k)u(m,k) - (pgz,)c (App’gi,)( + P+ pifm,k)k)} H > eorl < Lymax do
m=

3:  Use CCCP to solve (15), the optimal power is obtained according to (16).

4:  Update Kr(rll;_l) and (pffzkﬂ) :

5. Setl=1+1.

6:

end while

Algorithm 5 RECE algorithm

Input: All UE minimum data rate R
Output: Stable matching A*, the subchannel allocation variable B*, the optimal power
allocation P*.

1: Initialize the UE set M, the MEC server set S, the subchannel set K and SUEs’ target
data rate R0, Vm € M.

: Obtain the stable UE and MEC server matching A* according to Algorithm 1.

: Construct graph G(V, £) by Algorithm 2.

: Use Algorithm 3 to attain the subchannel allocation B*.

: Adopt Algorithm 4 to acquire the optimal power allocation P*.

T W N

3.4. Complexity Analysis

The computational complexity of the RECE scheme (Algorithm 5) includes four parts,
i.e., from Algorithm 1 to Algorithm 4. In Algorithm 1, the complexity of each UE sorting
S MEC servers in its preference list is O(Slog S). Therefore, the sorting complexity for
M UEs is O(MS1log S). When the UEs submit their offloading requests, each MEC server
should make a decision to accept or reject the request. Considering the worst case where
each MEC server should deal with M requests, the sorting complexity for S MEC servers
is O(SMlog M). The complexity of the stable matching is (MSlogMS). In Algorithm 2,
the complexity of graph construction for UEs is O(M?). In Algorithm 3, the complexity
of degree calculation for M nodes is O(M). The sorting complexity of nodes according to
their degrees is O(MlogM). In order to allocate K colors to M nodes, the complexity is
denoted as O(M? + MK). Since the number of colors K is lesser than the number of nodes,
the complexity of Algorithm 3 is O(M?). We assume that updating (17, ¢) and (7, A) needs
Li,itqo and Li,; ) iterations, respectively, in Algorithm 4. Hence, the complexity of Algorithm 4

can be calculated as O(KMN,i?t(pNthAlog(l /¢€)). Therefore, we can derive the complexity of

the proposed RECE scheme as O(MSlogM$ + M? + KMN,{, N\ log(1/¢)).

4. Numerical Results

In our simulation, we consider an OFDMA-based dense edge computing network
in a 100 x 100 m? square area. Many SBSs and UEs are located in this area at random.
Large-scale channel fading is considered and the parameters are similar to those in [36].
Table 1 shows the specific simulation parameters. To investigate the performance of the
proposed RECE scheme, the following schemes are compared:

(1) Base scheme: UEs offload their tasks to the MEC servers with the best channel
condition and they offload their tasks with maximum transmit power.

(2) Residual energy-based energy saving (REES) scheme: The difference in UE residual
energies is considered. UEs offload their tasks based on the proposed matching
algorithm and the subchannel assignment based on the proposed coloring algorithm.
Power allocation is used to minimize the total energy consumption.
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(3) Equal weighted computation efficiency (EWCE) maximization scheme. The difference
from the RECE scheme is that this scheme does not consider the difference in UE
residual energies in the computation offloading, subchannel assignment, and power
allocation processes.

Table 1. Values of simulation parameters.

Parameters Value
Number of SBSs (MEC servers) S 20~50
Number of UEs M 50~150
Number of subchannels K 5
Bandwidth of each subchannel B, 2 MHz [23]
Maximum transmit power of each UE P;;?* 23 dBm [37]
Amplifier coefficient A, 3.0 [23]
Transmit circuit power on each subchannel P, 0.05 W [23]
Minimum data rate of UE m Ri" 3 x 10° bits /s
Time block duration T 10 ms
Noise power spectral density —174 dBm/Hz [25]
Maximum distance threshold Dy, 10 m

Figure 3 shows the convergence of the proposed RECE scheme on different subchan-
nels when there are 20 MEC servers and 100 UEs. It can be observed that the average CE
on each subchannel converges to a constant with several iterations, which indicates that
our proposed RECE scheme is computationally efficient.

4 ><10 T T T T
351
3 | .
25
—%¥— subchannellD=0
2 g —+— subchannellD=2| 4
! —8&— subchannellD=3

Average CE on subchannels (bits/Joule)

O 1 L 1 L 1
5 10 15 20 25 30

Number of iterations

Figure 3. The CE on a random subchannel versus the number of iterations.

Figure 4 illustrates the CE of UEs and the average energy consumption per frame in
different schemes. In this simulation, 20 UEs are chosen from 100 UEs to be compared when
the number of MEC servers is 20. The values of CE and energy for all UEs are, respectively,
given in Tables 2 and 3. Figure 4a depicts the CE of UEs in different schemes. It can be
seen that most UEs can achieve a higher CE in the EWCE and RECE schemes than the Base
and REES schemes. This is because the CE of UEs is optimized in the EWCE and RECE
schemes. Moreover, we can see that compared with the EWCE scheme, UE 1, 6, 12, 18, 19,
and 20 obtain lower CEs in the RECE scheme. The reason is that these UEs have higher
energy and the priorities of CE optimization are lower than others in the RECE scheme,
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while all UEs have the same priorities in the EWCE scheme. Although UE 7 and 17 also
have high energy and low priorities, their CE in all schemes is almost the same and is very
low due to the bad channel condition. In addition, it can be observed that the CEs of UE 4,
5,8,9, 14, and 15 are higher in the RECE scheme than those in the EWCE scheme. Figure 4b
shows the average energy consumption per frame of UEs. Since UEs use the maximum
transmit power to offload their tasks, the initial residual energy can be seen from the Base
scheme. Therefore, the energy consumption of all UEs in the Base scheme is larger than
that in other schemes. It can be seen that the residual energy of UE 6, 7, 17, and 20 is higher
than that of others, while the residual energy of UE 14 and 15 is lower than that of others.
In the REES scheme, most UEs use the lowest transmit power to save energy. Thus, the
energy consumption of most UEs in the REES scheme is less than that in other schemes.
Compared with the EWCE scheme, UE 7 and 17 in the proposed RECE scheme consume
less energy, while their CE is almost the same as that in the EWCE scheme. For UEs with
low residual energy, i.e., UE 14 and 15, a higher CE can be obtained in the RECE scheme
than the EWCE scheme. Therefore, our proposed scheme can improve the CE of UEs with

low residual energy.

9
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Figure 4. Average CE of UEs and average energy consumption of UEs per frame for different schemes.

Table 2. Average CE of UEs (Gbits/Joule) per frame in different schemes.

UEID 1 2 3 4 5 6 7 8 9 10

Base 0.18 0.24 0.27 0.73 0.51 0.07 0.07 0.11 0.47 0.09
REES 0.78 1.568 0.74 0.22 1.47 0.16 0.00 0.26 1.99 0.19
EWCE 075 1.82 0.15 0.57 0.64 0.23 0.09 1.00 1.08 0.14
RECE  0.56 1.93 0.39 0.59 0.93 0.10 0.09 1.35 1.78 0.12

17 18 19 20

UEID 11 12 13 14 15 16

Base 0.21 0.19 0.08 0.82 0.35 0.03 0.06 0.26 0.62 0.07
REES 0.00 0.42 0.18 0.31 0.09 0.24 0.16 1.60 0.66 0.00
EWCE 025 0.70 0.14 0.67 0.39 0.11 0.08 1.28 1.29 0.37
RECE 0.26 0.54 0.13 0.75 1.38 0.039 0.09 1.03 1.12 0.19
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Table 3. Average energy consumption of UEs (Joule) per frame in different schemes !.

UEID 1 2 3 4 5 6 7 8 9 10

Base 4.13 3.63 248 1.79 1.73 6.49 6.49 3.94 1.85 5.35
REES 0.85 0.50 0.80 0.51 0.50 237 0.50 2.53 0.50 2.09
EWCE 051 0.54 248 0.54 0.52 2.01 6.49 0.64 0.51 2.19
RECE  1.02 0.56 0.89 0.53 0.50 3.52 3.25 0.65 0.51 2.73

UEID 11 12 13 14 15 16 17 18 19 20

Base 2.12 2.15 3.74 1.17 1.55 3.58 5.42 443 1.74 6.26
REES 0.50 2.15 2.10 0.50 0.50 3.25 5.42 0.55 0.51 0.50
EWCE 1.38 091 3.60 0.71 0.50 3.58 5.42 0.63 0.68 0.84
RECE 132 1.50 3.73 1.17 1.05 3.58 5.00 0.86 0.56 0.50

1 Each value should be multiplied by 1073 .

Figure 5 shows the average system CE versus different network densities. The value of
CE can be found in Table 4. In order to take full advantage of the subchannels, we assume
that four UEs are randomly located within each small cell, and twenty UEs are randomly
located in the square area. Obviously, the system CE in all schemes is increased with the
number of MEC servers. It can be seen that the performance of the EWCE scheme is more
than twice that of the Base scheme. This is due to the fact that subchannel allocation and
power allocation are jointly optimized in the EWCE scheme, while the interference between
UEs is severe due to the maximum transmit power in the Base scheme. Compared with
the REES scheme, the RECE scheme can obtain a larger CE. This is because the power
allocation is optimized to reduce energy consumption in the REES scheme, while the power
assignment in the RECE scheme is developed to improve the system CE. Moreover, in
the match between UEs and MEC servers, the subchannel assignment and power allocation
are jointly optimized, and considering the different residual energy of UEs, the RECE
scheme can attain better performance than the EWCE scheme.

10
11 210 : : : : :
—¥— Base p
10 | |—e—RECE
REES
9 |—=—EWCE .

Average System CE (bits/Joule)

1 L L L Il Il
20 25 30 35 40 45 50

Number of MEC servers

Figure 5. Average system CE versus network density.
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Table 4. System CE (Gbits/Joule) vs. network density in different schemes.

S 20 23 26 29 32 35 38 41 44 47 50

Base 1136 1249 1371 1472 1579 16.73 18.04 18.85 19.86 20.80 21.67
REES 2774 29.88 3243 3454 36.79 38.62 4157 4294 4640 4824 50.38
EWCE 3857 43.06 4693 50.11 5428 5932 6292 6807 7223 7726 8283
RECE 45.15 5030 5542 6348 6798 7414 7915 8583 9225 98.01 104.77

Figure 6 depicts the impact of network density on the performance of the system
energy consumption per frame. Table 5 shows the energy consumption per frame. It can be
seen that the energy consumption acquired by all the schemes increases with the increase
in the network density. Since the number of UEs increases with the growth of the network
density and all users are allocated to their maximum transmit power for data transmission,
the system energy increases rapidly with the increase in the network density in the Base
scheme. In the REES scheme, the system energy consumption is the minimum. This is
because the power allocation of all UEs is optimized for the purpose of reducing the system
energy consumption. When taking the residual energy of UEs into consideration in the
joint optimization of computation offloading, subchannel assignment, and power allocation
procedures, the proposed RECE scheme can consume less energy than the EWCE scheme.
The reason is that UEs with more residual energy use lower transmit power in the RECE
scheme than in the EWCE scheme.
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Figure 6. Average system energy consumption per frame versus network density.

Table 5. Average system energy consumption (Joule) per frame vs. network density in different
schemes.

S 20 23 26 29 32 35 38 41 44 47 50

Base  0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.79 0.84 0.89
REES 0.12 0.13 0.15 0.16 0.18 0.19 0.20 0.21 0.22 0.23 0.24
EWCE 0.20 0.23 0.25 0.27 0.30 0.31 0.34 0.35 0.38 0.39 0.41
RECE 0.16 0.18 0.19 0.20 0.21 0.22 0.24 0.24 0.25 0.26 0.26
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From Figures 5 and 6, it can be seen that the RECE scheme can achieve a higher system
CE than other schemes while consuming a little more system energy than the REES scheme.
When the number of MEC servers is 50, the system CE in the RECE scheme is almost twice
that in the REES scheme, while the energy consumption in the RECE scheme is 6% higher
than in the REES scheme. Moreover, the RECE scheme can obtain better CE performance
and less energy consumption than the EWCE scheme for different network densities. When
the number of MEC servers is 50, compared with the EWCE scheme, the RECE scheme can
improve the system CE by 26.5% while reducing the system energy consumption by 36.5%.

Figure 7 demonstrates the average amount of data processed during one time block
with the change in network density in different schemes. It can be seen that when the
number of MEC servers is fixed, the Base scheme can handle the largest amount of data
while the REES scheme can handle the least amount of data. This is because the UEs in
the Base scheme transmit data with the maximum power, while they use the minimum
power in the REES scheme in order to save energy. Compared with the EWCE scheme,
the proposed RECE scheme can handle more data. The reason is that some UEs with
higher residual energy in the RECE scheme use less energy to transmit data, such that the
interference caused by them can be mitigated and the interfered UEs can transmit more
data. Moreover, since four UEs are assumed to be randomly located within each small cell,
it can be observed that the average amount of data increases with the increase in network
density. Although the Base scheme can transmit the most data, it also consumes the highest
amount of energy. Therefore, its CE is the lowest, which can be seen from Figure 5.
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Figure 7. Average amount of data processed per time block versus network density.

From Figures 6 and 7, it can be observed that compared with the EWCE scheme,
the RECE scheme can transmit more data and consume less energy when the number of
MEC servers becomes larger. Therefore, a difference in residual energy of UEs for CE
optimization is imperative, and our proposed scheme is more efficient for the scenario with
higher network density.

In Figure 8, we present the relationship between the average system CE and the
number of UEs in the network when the number of MEC servers is 30. Table 6 presents
the system CE. As can be seen from Figure 8, the system CE increases with more UEs
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for all four schemes, which implies that the growth rate of dataset size is faster than the
increase in required energy. In addition, it is obvious that the RECE and EWCE schemes
are superior to the Base and REES schemes. This is because the CE is the optimization goal
in the RECE and EWCE schemes. Especially the RECE scheme can yield much higher CE
than the EWCE scheme when the number of users is larger than 100. The reason is that
over 60% of the subchannels in each SBS are occupied when the number of UEs exceeds
100, resulting in more severe co-tier interference, which can be effectively mitigated in the
RECE scheme by reasonably allocating subchannels and reducing the transmit power of
UEs with more residual energy.

10
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Figure 8. Average system CE versus the number of UEs.

Table 6. System CE (Gbits/Joule) vs. UE density in different schemes.

M 50 60 70 80 90 100 110 120 130 140 150

Base 1047 1140 13.68 1479 16.09 17.15 1835 1934 20.00 20.72 21.32
REES 31.62 3492 3873 4025 4270 4437 4574 4719 4873 4978 51.10
EWCE 44.16 49.08 5422 5729 60.07 6187 6292 6461 6610 6759 6991
RECE 4521 4948 5422 5813 60.74 6254 65.07 6792 7140 7481 79.07

Figure 9 illustrates the average system energy consumption per frame versus the
number of UEs when the number of MEC servers is 30. The value of energy consumption
can be found in Table 7. It is obviously noted that the system energy increases monotonically
with the number of UEs for all schemes. Since the goal of the REES scheme is to reduce the
system energy, the UEs in this scheme use the minimum transmit power to offload their
tasks. Thus, the system energy consumption in the REES scheme is the lowest. It can be
seen that the system energy consumption is the highest in the Base scheme due to the fact
that all UEs use their maximum transmit power. When the number of UEs is more than
100, the gap of system energy consumption between the EWCE and RECE schemes become
larger. The reason is that the UEs with more residual energy use a lower transmit power to
offload their tasks in order to mitigate the co-tier interference to the UEs with less residual
energy in the RECE scheme.
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Figure 9. Average system energy consumption per frame versus number of UEs.

Table 7. Average system energy consumption (Joule) per frame vs. UE density in different schemes.

M 50 60 70 80 90 100 110 120 130 140 150

Base  0.20 0.24 0.28 0.32 0.36 0.40 0.44 0.48 0.53 0.57 0.61
REES  0.05 0.05 0.06 0.07 0.08 0.10 0.11 0.12 0.14 0.15 0.16
EWCE 0.09 0.12 0.14 0.15 0.17 0.19 0.21 0.23 0.25 0.27 0.29
RECE 0.09 0.12 0.13 0.14 0.16 0.18 0.19 0.21 0.22 0.22 0.23

From Figures 8 and 9, it can be observed that both the system CE and the system
energy consumption speed up as the number of UEs increases. The system CE in the RECE
is much higher than that in the REES scheme, while the energy consumption is slightly
higher than that in the REES scheme. When the number of UEs increases, compared with
the EWCE scheme, the system CE is much higher and the energy consumption is much
lower in the RECE scheme.

Figure 10 shows the average amount of data processed per time block in different
schemes when the number of MEC servers is 30. It can be seen that when the number
of UEs is small, these four schemes attain almost the same performance. This is because
each SBS serves a small number of UEs and the interference between UEs is not severe.
Thus, the UEs can transmit a large amount of data to the SBSs and MEC servers. When the
number of UEs increases, the Base scheme can transmit more data than others, while the
REES scheme transmits the smallest amount of data. The reason is that the transmit power
of UEs is the maximum in the Base scheme, while the transmit power is reduced to save
energy in the REES scheme. In addition, it can be observed that the average amount of data
processed per time block is almost the same in the RECE and EWCE schemes. Therefore,
the proposed RECE scheme can reduce the system energy consumption without degrading
the performance of UEs.

From Figures 9 and 10, it can be seen that compared with the EWCE scheme, the RECE
scheme can transmit more data and consume less energy when the number of UEs becomes
greater. Therefore, our proposed scheme is more efficient than other schemes in the scenario
with more UEs, and the consideration of different residual energy of UEs is necessary.
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Figure 10. Average amount of data processed per time block versus number of UEs.
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5. Conclusions

In this paper, we optimize the system CE in the DECS, considering the residual energy
of UEs. The computation offloading, subchannel assignment, and transmit power alloca-
tion of UEs are jointly optimized. Therefore, we propose the RECE scheme, including the
matching-based computation offloading strategy, the coloring-based subchannel assign-
ment scheme, and the CCCP-based power allocation algorithm. The simulation results
demonstrate that the proposed RECE scheme can optimize the CE of UEs according to
their residual energy. In addition, compared with the REES scheme, the RECE scheme can
improve the system CE with a slight sacrifice of system energy consumption. Compared
with the EWCE scheme, the system CE can be much enhanced and the energy consumption
can be reduced in the RECE scheme.

In future work, the cooperation between heterogeneous UEs and the computation
offloading strategy for decomposable tasks will be investigated to improve the system
CE in heterogeneous DECS. Additionally, MEC has many advantages, such as proximity
awareness, low latency, and high bandwidth, encouraging its use in the three classical 5G
application scenarios, i.e., enhanced Mobile Broadband (eMBB), Ultra Reliable Low-Latency
Communications (URLLC), and massive Machine Type of Communication (mMTC), and
many usage cases where the three scenarios are mixed. Furthermore, IoT applications
represent opportunities for MEC technology. Therefore, the integration of MEC, 5G, and IoT
is an important and promising research direction. The authors summarize five scenarios
of 5G and MEC, and develop a win-win mode for their combination in [38]. The key
enabling technologies which facilitate the integration of MEC into 5G and IoT are elaborated
in [39]. Therefore, in the future, we will extend our work to practical application scenarios
integrating MEC, 5G, and IoT, and focus on the joint optimization of CE, communication
efficiency, and energy efficiency while taking into account the heterogeneity of services,
devices, and networks.
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