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Abstract. Mobile Edge Computing (MEC) is a promising technology
that provides computing services at the edge of wireless networks to
reduce the latency and the energy consumption for Smart Mobile Devices
(SMDs). Additionally, the Ultra-Dense Network (UDN) will play a key
role in providing high transmission capacity for SMDs in 5G networks. In
order to improve the edge cloud efficiency within limited communication
and computing resources, this paper proposes a joint task offloading and
resource allocation scheme collaborated between cloud computing and
edge computing in the UDN. Since wireless backhaul is more economi-
cal than expensive wired backhaul deployments, we consider the mixed
deployment of either wired or wireless backhaul between each Small Base
Station (SBS) and the Macro Base Station (MBS) in UDN scenarios,
then formulate an optimization problem to minimize the system-wide
computation overhead, and apply the Linear Decreasing Weight Parti-
cle Swarm Optimization (LDWPSO) algorithm to solve the problem.
Numerical experiments validate the effectiveness of our proposed scheme
compared to other baseline schemes.

Keywords: Mobile Edge Computing · Ultra-Dense Network · task
offloading · resource allocation · wireless backhaul

1 Introduction

With the rapid development of mobile communications and the Internet, the
fifth generation (5G) communication technology has now entered the stage of
full commercial deployment. The explosive growth of mobile data traffic, cou-
pled with computation-intensive and delay-sensitive applications like augmented
reality, face recognition and interactive games, poses a significant challenge for
smart mobile devices (SMDs) with limited computation resources and battery
capacity [1]. Traditionally, remote cloud centers have been relied upon to offload
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resource-intensive applications from SMDs due to their high computing and stor-
age capabilities. However, numerous SMDs and tremendous traffic load can result
in network congestion and high latency. To address these challenges, the Euro-
pean Telecommunications Standards Institute (ETSI) proposed Mobile Edge
Computing (MEC) to deploy cloud computing services at the edge of the mobile
access network, allowing mobile devices to efficiently offload computing tasks
to MEC servers deployed at wireless access points or base stations for quick
response [4].

While MEC effectively reduces traffic pressure on the core network, the com-
puting and storage capabilities of MEC become the main bottleneck compared
to cloud computing. To address this challenge, a layered collaborative cloud-
edge architecture can be adopted, where non-computing-intensive tasks are pro-
cessed at edge servers to achieve high energy efficiency and low latency, while
computing-intensive tasks are offloaded to cloud servers to utilize richer comput-
ing resources. Effective collaboration between the cloud and the edge is crucial
for improving system performance [11].

The Ultra-Dense Network (UDN) is a dense network deployment that can
provide wide-area coverage of local hotspots and enhance system capacity to
achieve low latency and high reliability [7]. In the UDN, a large number of low-
cost and low-power Small Base Stations (SBSs) for better wireless access links
are deployed. Computing tasks generated from SMDs can be transmitted to the
SBS through wireless access links, and continue to be transmitted to the Macro
Base Station (MBS) integrated with an MEC server through either wired or
wireless backhaul links. While wired backhaul links usually offer higher reliabil-
ity and data transmission rates compared to wireless backhaul links, practical
considerations such as difficulty in deployment and high maintenance costs must
also be taken into account. Therefore, the choice of backhaul links depends on a
variety of factors including the service requirements of mobile users, traffic load
intensity, and the cost of building the backhaul links [10]. In scenarios where
installing fiber optic backhaul links is not feasible, a mixed wired and wireless
backhaul links approach can be employed, enabling the SBS to receive and send
data traffic using the wired or wireless connection.

In this paper, we combine the layered architecture of cloud computing and
edge computing as a collaborative cloud-edge system in the UDN, taking into
account wired or wireless backhaul links between the SBSs and the MBS, and
comprehensively consider factors affecting system performance, such as offload-
ing decisions, bandwidth allocation, computing resource allocation, and trans-
mission power allocation, to achieve optimal computation overhead in terms of
both energy consumption and computing delay. We first establish a system model
and introduce a collaborative offloading process between cloud computing and
edge computing in the UDN, then formulate the energy consumption and the
latency of each phase of the process on the local SMD, the SBS, and the MBS,
respectively. Finally, we model the offloading problem as an optimization prob-
lem to minimize the system-wide computation overhead and solve the problem
by applying the Linear Decreasing Weight Particle Swarm Optimization (LDW-
PSO) algorithm. In summary, this paper makes the following contributions:
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1) We study a collaborative cloud-edge system in the UDN with wide-area cov-
erage, in which the SBSs provide relay services between SMDs and the MBS
integrated with an MEC server, while the cloud servers are deployed at the
cloud center for computing offloading services. Mixed wired and wireless back-
haul links are deployed between the SBSs and the MBS, and the available
spectrum is shared between the wireless access links and the wireless backhaul
links.

2) Considering the varying performance and energy requirements of different
SMDs, this paper models the computation overhead of each SMD as the
weighted sum of energy consumption and computing delay, then proposes a
joint optimization problem related to offloading decisions, bandwidth allo-
cation, computing resource allocation, and transmission power allocation to
minimize the system-wide computation overhead.

3) By applying the LDWPSO algorithm, we solve the non-convex optimization
problem in our proposed collaborative cloud-edge scheme. Subsequently, we
evaluate the scheme’s performance against other baseline schemes through
numerical simulations, which indicate that our proposed scheme outperforms
the baseline schemes.

The rest of the paper is organized as follows. In Sect. 2, we review the related
work. Section 3 describes the system model. In Sect. 4, we formulate the consid-
ered optimization problem. Section 5 describes the LDWPSO algorithm applied
for solving the proposed problem. Section 6 performs the numerical experiments.
We conclude our work in Sect. 7.

2 Related Work

In recent years, researchers have made significant strides in solving the problem
of computing offloading in MEC, in order to allow users to fully experience the
performance benefits of MEC in 5G networks. MEC is a versatile technology that
can be applied to various rich application scenarios, and it can effectively over-
come the limitations of centralized cloud computing. Optimizing task offloading
and resource allocation has become a key area of research for both academia and
industry.

Aiming at the task offloading and resource allocation problems of MEC,
there have been many related studies. Tran et al. decomposed the resource allo-
cation problem for multi-user and multi-server MEC systems into convex and
quasi-convex problems, by using the KKT condition and the dichotomy method
to solve it, maximizing the weighted sum of all users’ offloading benefits [13].
Furthermore, The academic community has also conducted extensive research
on collaborative offloading of MEC and cloud computing systems. Ren et al.
studied the joint optimization of computing and communication resources for
MEC and cloud computing systems, and formulated a multi-user, multi-relay,
and multi-server scenario, aiming to minimize system delay [11]. In addition, in
MEC networks, computing collaboration is considered as a technique to further
improve users’ quality of experience (QoE), and has been extensively studied
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by the academic community recently. Cao et al. proposed an offloading method
for communication and computing collaboration based on MEC systems, and
suggested a four-slot transmission protocol to improve energy efficiency under
delay constraints [2]. The authors in [16] proposed a three-stage Time Division
Multiple Access (TDMA) protocol to minimize delay in multi-assistant scenarios,
and solved the relaxed convex problem using the Lagrangian dual decomposition
technique with the ellipsoid method.

In the field of task offloading and resource optimization for the UDN com-
bined with MEC, several related studies have been conducted. However, when
a large number of users choose to offload tasks, bandwidth constraints severely
limit the scalability of MEC. To address this problem, the authors in [8] jointly
optimized offloading decisions, transmission power allocation, and sub-channel
allocation to minimize the energy consumption, utilizing the coordinate descent
method to update offloading decisions and allocating sub-channels with the Hun-
garian and greedy algorithms. In [10], the authors introduced a new wireless
backhaul framework to achieve dense cell deployment and efficient data transmis-
sion, but did not dynamically manage limited transmission power and computing
resources of local devices. Yang et al. considered a multi-cell MEC system based
on Non-Orthogonal Multiple Access (NOMA) and proposed a hybrid genetic
hill-climbing algorithm to minimize the weighted sum of energy consumption
and delay, but they did not optimize communication and computing resources
[17].

This paper differs from the aforementioned literature by studying a sce-
nario that involves collaborative cloud-edge computing in the UDN and covers
mixed wired and wireless backhaul. We analyze the joint optimization problem
of offloading decisions, bandwidth allocation, computing resource allocation, and
transmission power allocation and propose a solution using the LDWPSO algo-
rithm to determine the optimal strategy.

3 System Model

The UDN under consideration in this paper consists of one MBS equipped with
an MEC server and S SBSs of the same type, as shown in Fig. 1. We assume
that each SMD has already been associated with a SBS through user association
strategies [9]. To facilitate the analysis, the link between the SMD and the SBS is
called the wireless access link, while the wired and wireless links between SBSs
and the MBS are respectively referred to as the wired backhaul link and the
wireless backhaul link, and the link between the MBS and the cloud is referred to
as the backhaul link. The set of all SBSs is denoted as S = {1, 2, . . . , S}. Let S0 =
{1, . . . , M} and S1 = {M + 1, . . . , S} represent the subsets of SBSs connected
to the wireless backhaul links and the wired backhaul links, respectively, and M
represent the total number of SBSs accessing the wireless backhaul link. Suppose
Us SMDs locate in the s-th SBS cell, let Us = {1, 2, . . . , Us}, s ∈ S denote the
set of SMDs, and us,k ∈ Us represent the k-th SMD. The computing resources of
the MEC server and the cloud server can be allocated to SMDs through virtual
machine technology.
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Fig. 1. System model.

Assuming that the SBSs and the MBS share the same frequency spectrum
(as shown in Fig. 1), the system’s total frequency band Fb is divided into two
parts: Fb1 and Fb2. Fb1 is allocated for SBSs, and Fb2 is allocated for the
MBS. Notably, Fb1 is equally allocated to each SBS, then each SBS’s frequency
band is evenly allocated to its associated SMDs, while the MBS’s frequency
band is evenly allocated to the connected SBSs by the wireless backhaul links.
The widths of frequency bands Fb, Fb1, and Fb2 are B, λB, and (1 − λ)B,
respectively, where 0 ≤ λ ≤ 1 is the frequency band partitioning factor. The
model cancels out inter-tier interference, eliminates intra-tier interference, and
completely avoids intra-cell interference [18].

Suppose each SMD has a computing task, and the input-bits of the task for
the SMD us,k is denoted as Ls,k. Assume that the computing task belongs to
data-partitioned oriented tasks and can be divided arbitrarily, regardless of the
internal content, such as virus scanning tasks and GZip tasks [14]. Tasks can be
executed in three layers including the local device of the SMD, the MEC server,
and the cloud server respectively. Let lus,k, lms,k and lcs,k respectively denote the
task input-bits executed on the local SMD us,k, on the MEC server, and on the
cloud server. Then we have

Ls,k = lus,k + lms,k + lcs,k, ∀s ∈ S, k ∈ Us. (1)

The entire process of task computation and offloading in the system can be
categorized into three phases: the local processing phase, the SBS processing
phase and the MBS processing phase. In the upcoming sections, we will provide
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a detailed analysis of the computation latency, the communication latency, and
the energy consumption for each phase.

3.1 Local Processing Phase

The local processing phase involves the local SMD us,k performing self-
computing on the partial task of lus,k bits and offloading partial task of lms,k + lcs,k

bits to the SBS.

Local Computing. Let cu
s,k represent the number of CPU cycles required by

the SMD us,k to compute each task input-bit, and the computation frequency
(in CPU cycles/s) of the SMD us,k as fu

s,k ≥ 0, which is limited by the maximum
frequency Fu

s,k. Then the computing time of lus,k is

tu,comp
s,k =

lus,kcu
s,k

fu
s,k

. (2)

To calculate the energy consumption of SMDs when performing tasks locally, we
use the widely adopted model of the energy consumption per computing cycle as
ε = κfu

s,k
2, where κ is the energy coefficient depending on the chip architecture

[3]. Therefore, the energy consumption of the SMD us,k to execute the lus,k bits
locally is given by:

Ecomp
s,k = lus,kcu

s,kε = lus,kcu
s,kκ(fu

s,k)
2. (3)

Computation Offloading to SBS. The SMD us,k offloads the remaining
lms,k + lcs,k task bits to the SBS s through a wireless access link. The transmission
power of the SMD us,k is represented by ps,k ≥ 0, and the maximum transmission
power is represented by Ps,k. The data transmission rate (in bits/s) from the
SMD us,k to the SBS s is given by the equation:

rs,k =
Bλ

SUs
log2(1 +

ps,khs,k

Ns
), (4)

where hs,k ≥ 0 is the channel gain from the SMD us,k to the SBS s, Ns is the
Additive White Gaussian Noise (AWGN) power of the SBS s.

Using the equation (4), we can derive the offloading delay and energy con-
sumption from the SMD us,k to the SBS s:

tu,trans
s,k =

lms,k + lcs,k

rs,k
, (5)

Etrans
s,k = tu,trans

s,k ps,k =
ps,k(lms,k + lcs,k)

rs,k
. (6)
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3.2 SBS Processing Phase

After receiving the lms,k + lcs,k task bits from the SMD us,k, the SBS s offloads
the task segment to the MBS using a wired or wireless backhaul link in the SBS
processing phase.

When the SBS s accesses the MBS through a wireless backhaul link, the
transmission power of the SBS s is represented by ps. The data transmission
rate from the SBS s to the MBS is given by:

rs =
B(1 − λ)

M
log2(1 +

pshs

N0
),∀s ∈ S0, (7)

where hs ≥ 0 represents the channel gain from the SBS s to the MBS, N0

represents the AWGN power at the MBS.
Since the transmission delay of the wired backhaul link is typically much

smaller than that of the wireless backhaul link, the transmission delay of the
wired backhaul link can be ignored [8]. Therefore, we can obtain the transmission
delay for the SBS s to send lms,k + lcs,k task bits to the MBS:

tms,k =

⎧
⎨

⎩

lms,k + lcs,k

rs
, if s ∈ S0,

0, if s ∈ S1.
(8)

3.3 MBS Processing Phase

The processing phase of the MBS can be split into two parts. In the first part,
the MEC server computes the lms,k task bits received from the SMD us,k. In the
second part, the MBS offloads the remaining lcs,k bits to the cloud server for
computation.

Computing at MEC Server. Let cm
s,k denote the number of CPU cycles

required by the MEC server to calculate each task input-bit from the SMD us,k,
and let fm

s,k ≥ 0 specify the computing resources allocated by the MEC server
to the SMD us,k. The execution delay of computing lms,k task bits on the MEC
server can then be expressed as

tm,comp
s,k =

lms,kcm
s,k

fm
s,k

. (9)

Given the limited resources at the edge, it is necessary to satisfy the computing
resources constraint, which can be expressed as

S∑

s=1

Us∑

k=1

fm
s,k ≤ Fm, ∀s ∈ S, k ∈ Us, (10)

where Fm is the maximum computational frequency of the MEC server.
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Offloading to the Cloud Server. The MBS is connected to the cloud server
through a backhaul link, which is typically characterized by high bandwidth and
shared by multiple SMDs. Following the assumptions made in [11], we consider a
fixed resource scheduling policy. Accordingly, we can denote W as the backhaul
communication capacity for each SMD. Therefore, similar to the offloading delay
in (5), the backhaul transmission delay tm,trans

s,k is proportional to the size of data
to be offloaded, as

tm,trans
s,k =

lcs,k

W
, (11)

where W−1 can be interpreted as the required time for the backhaul link to
transmit one-bit data.

Since the cloud has abundant computing resources in comparison to the edge,
we can neglect the delay of executing these offloaded task bits [6]. Furthermore,
the size of the output is small enough, then the download delay can be ignored
[5].

4 Problem Formulation

As the MEC server and cloud servers have a reliable power supply, this paper
mainly focuses on analyzing the energy consumption of the SMDs. Using the Eqs.
(3) and (6), the total energy consumption of the SMD us,k can be computed as

Es,k = Ecomp
s,k + Etrans

s,k . (12)

Since the task of the SMD us,k can be executed in parallel on the local SMD,
the MEC server and the cloud server, the total time delay required for the SMD
to complete the task is:

Ts,k = max{tu,comp
s,k , tu,trans

s,k + tms,k + tm,comp
s,k , tu,trans

s,k + tms,k + tm,trans
s,k }. (13)

In a mobile edge computing system, the users’ QoE is primarily determined by
the time and the energy consumption required to complete tasks. Therefore, we
define the computation overhead of the SMD us,k as follows:

Zs,k = αs,kEs,k + (1 − αs,k)Ts,k, (14)

in which αs,k ∈ [0, 1].
Our objective is to minimize the system-wide computation overhead, which

we define as a weighted sum of all SMDs computation overheads:

Z =
S∑

s=1

Us∑

k=1

βs,kZs,k, (15)

where βs,k ∈ (0, 1] specify the resource provider’s preference towards the SMD
us,k. The minimization problem of the system-wide computation overhead is
then formulated as
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(P1): min
L,λ,F,P

Z (16a)

s.t. lus,k ≥ 0, lms,k ≥ 0, lcs,k ≥ 0, ∀s ∈ S, k ∈ Us, (16b)

0 ≤ λ ≤ 1, (16c)
0 ≤ fu

s,k ≤ Fu
s,k, ∀s ∈ S, k ∈ Us, (16d)

fm
s,k ≥ 0, ∀s ∈ S, k ∈ Us, (16e)

0 ≤ ps,k ≤ Ps,k, ∀s ∈ S, k ∈ Us, (16f)
Us∑

k=1

rs,k ≤ rs, ∀s ∈ S0, (16g)

(1) and (10),

where the task offloading decisions is denoted by L = (lu1,1, l
m
1,1, l

c
1,1, . . . , l

u
S,US

,
lmS,US

, lcS,US
), the computing resource allocation policy by F = (fu

1,1, f
m
1,1, . . . ,

fu
S,US

, fm
S,US

), and the transmission power allocation by P = (p1,1, . . . , pS,US
),

where US means the SMD locates in the S-th SBS cell. (16c) represents the lower
and upper bounds of the frequency band partitioning factor. (16d) represents
the constraints on the computational frequency of the SMDs. (16f) indicates the
constraints on the transmission power of the SMDs. (16g) indicates that the
total transmission rate of all SMDs associated with the SBS connected to the
wireless backhaul link should be not greater than the transmission rate of the
SBS.

5 Problem Solving

It is worth noting that the problem (P1) can be further simplified. The task size
computed on the local device, on the MEC server and on the cloud server can
be modeled as, respectively

lus,k = γu
s,kLs,k,∀s ∈ S, k ∈ Us, (17)

lms,k = γm
s,k(1 − γu

s,k)Ls,k,∀s ∈ S, k ∈ Us, (18)

lcs,k = (1 − γm
s,k)(1 − γu

s,k)Ls,k,∀s ∈ S, k ∈ Us, (19)

where γu
s,k ∈ [0, 1] and γm

s,k ∈ [0, 1]. In addition, we define the vectors Γu =
(γu

1,1, . . . , γ
u
S,US

) and Γm = (γm
1,1, . . . , γ

m
S,US

), so the original problem (P1) can
be transformed into the following equivalent optimization problem (P1-Eqv):

(P1-Eqv): min
Γu,Γm,λ,F,P

Z (20a)

s.t. γu
s,k ∈ [0, 1], γm

s,k ∈ [0, 1],∀s ∈ S, k ∈ Us, (20b)

(16c), (16d), (16e), (16f), (16g) and (10).
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The Particle Swarm Optimization (PSO) algorithm is a kind of swarm intelligent
algorithm inspired by bird predation behaviors. It analogizes the optimization
problem’s search space to the birds’ flight space and represents each bird as a
particle. Each particle has its fitness value equals to the value of the objective
function (20a), and particles follow the current optimal particle to search in the
solution space.

5.1 Particle Encoding

To utilize the PSO algorithm to solve the problem (P1-Eqv), we represent the
vector of particles as I = (1, 2, . . . , I), and Γu, Γm, λ, P are encoded as Ai, Bi,
ci, Qi, i ∈ I, where Ai = (ai

1,1, . . . , a
i
S,US

), and ai
s,k represents the proportion

of the task at the SMD us,k to be computed locally found by the particle i;
Bi = (bi

1,1, . . . , b
i
S,US

), and bi
s,k represents the proportion dimensions of the task

received by the MBS from the SMD us,k to be computed on the MEC server
found by the particle i; ci is the frequency band partitioning factor found by
the particle i; Qi = (qi

1,1, . . . , q
i
S,US

), and qi
s,k is the transmission power of the

SMD us,k found by the particle i. F is further encoded as Di and Ei, where
Di = (di

1,1, . . . , d
i
S,US

), and di
s,k represents the computation frequency of the

SMD us,k found by the particle i; Ei = (ei
1,1, . . . , e

i
S,US

), and ei
s,k represents the

computing resources allocated by the MEC server to the SMD us,k found by the
particle i.

5.2 Particle Velocity and Position Update

In the PSO algorithm, each particle has two attributes including the position
and the velocity, where the position represents a solution found by the particle
of the optimization problem, and the velocity shows how the solution evolves.

According to the constraint conditions (10), (16c)-(16f), and (20b), the initial
position of the particle i is described as follows:

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ai,0
s,k = rand(1),∀s ∈ S, k ∈ Us,

bi,0
s,k = rand(1),∀s ∈ S, k ∈ Us,

c0i = rand(1),
di,0

s,k = rand(Fu
s,k),∀s ∈ S, k ∈ Us,

ei,0
s,k = rand( βs,kFm

S∑

s=1

Us∑

k=1
βs,k

),∀s ∈ S, k ∈ Us,

qi,0
s,k = rand(Ps,k),∀s ∈ S, k ∈ Us,

(21)

where rand(a) randomly generates a number between 0 and a.
Then, the velocity of the particle i can be updated by

avi,t+1
s,k =ωtavi,t

s,k + c1η
i
s,k(aji,t

s,k − ali,ts,k) + c2η̂
i
s,k(agt

s,k − ali,ts,k),

∀s ∈ S, k ∈ Us,
(22)
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bvi,t+1
s,k =ωtbvi,t

s,k + c1η
i
s,k(bj

i,t
s,k − bli,ts,k) + c2η̂

i
s,k(bg

t
s,k − bli,ts,k),

∀s ∈ S, k ∈ Us,
(23)

cvt+1
i = ωtcvt

i + c1ξi(cjt
i − clti) + c2ξ̂i(cgt − clti), (24)

dvi,t+1
s,k =ωtdvi,t

s,k + c1η
i
s,k(dj

i,t
s,k − dli,ts,k) + c2η̂

i
s,k(dgt

s,k − dli,ts,k),

∀s ∈ S, k ∈ Us,
(25)

evi,t+1
s,k =ωtevi,t

s,k + c1η
i
s,k(ej

i,t
s,k − eli,ts,k) + c2η̂

i
s,k(eg

t
s,k − eli,ts,k),

∀s ∈ S, k ∈ Us,
(26)

qvi,t+1
s,k =ωtqvi,t

s,k + c1η
i
s,k(qj

i,t
s,k − qli,ts,k) + c2η̂

i
s,k(qg

t
s,k − qli,ts,k),

∀s ∈ S, k ∈ Us,
(27)

where ali,ts,k, bli,ts,k, clti , dli,ts,k, eli,ts,k and qli,ts,k are the position coordinates of ai
s,k,

bi
s,k, ci, di

s,k, ei
s,k and qi

s,k at the t-th iteration; avi,t
s,k, bvi,t

s,k, cvt
i , dvi,t

s,k, evi,t
s,k

and qvi,t
s,k are the velocity vectors of ai

s,k, bi
s,k, ci, di

s,k, ei
s,k and qi

s,k at the
t-th iteration; ωt represents an inertia weight at the t-th iteration; c1 and c2
denote the self-learning and social learning factors respectively; ηi

s,k, η̂i
s,k, ξi

and ξ̂i are random numbers between [0,1]; aji,t = (aji,t
1,1, . . . , aji,t

S,US
), bji,t =

(bji,t
1,1, . . . , bj

i,t
S,US

), clti , dji,t = (dji,t
1,1, . . . , dj

i,t
S,US

), eji,t = (eji,t
1,1, . . . , ej

i,t
S,US

) and
qji,t = (qji,t

1,1, . . . , qj
i,t
S,US

) are the historical optimal position coordinates of the
particle i until the t-th iteration; agt = (agt

1,1, . . . , agt
S,US

), bgt = (bgt
1,1, . . . ,

bgt
S,US

), cgt, dgt = (dgt
1,1, . . . , dgt

S,US
), egt = (egt

1,1, . . . , eg
t
S,US

) and qgt =
(qgt

1,1, . . . , qg
t
S,US

) are the historical optimal position coordinates in the solu-
tion space until the t-th iteration.

To balance the global and local search capabilities, a Linearly Decreasing
Weight (LDW) strategy can be employed, which has better performance than
using a fixed inertia weight [15]. Specifically, the update formula for the inertia
weight is:

ωt = ωmax − t(ωmax − ωmin)
T

, (28)

where ωmax and ωmin are the maximum and minimum inertia weights, and T is
the number of iterations. After updating the velocities of particles, the position
coordinates of the particle i can be updated by

ali,t+1
s,k = ali,ts,k + avi,t+1

s,k ,∀s ∈ S, k ∈ Us, (29)

bli,t+1
s,k = bli,ts,k + bvi,t+1

s,k ,∀s ∈ S, k ∈ Us, (30)

clt+1
i = alti + cvt+1

i , (31)

dli,t+1
s,k = dli,ts,k + dvi,t+1

s,k ,∀s ∈ S, k ∈ Us, (32)

eli,t+1
s,k = eli,ts,k + evi,t+1

s,k ,∀s ∈ S, k ∈ Us, (33)

qli,t+1
s,k = qli,ts,k + qvi,t+1

s,k ,∀s ∈ S, k ∈ Us. (34)
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In summary, the specific process of using the LDWPSO algorithm to solve the
optimization problem (P1-Eqv) is shown in Algorithm 1.

Algorithm 1: LDWPSO
1: Initialization:
2: t = 1, and a large fitness value N
3: Initialize the positions of I particles using Eq.(21).
4: Set the current position of each particle as its historical optimal position.
5: Find the global best particle of current population.
6: Initialize the velocities of I particles.
7: While t ≤ T Do
8: Update inertia weight using Eq.(28).
9: Update the velocities of I particles using Eqs.(22)–(27).

10: Update the positions of I particles using Eqs.(29)–(34).
11: For each i ∈ I Do
12: If the position of the particle i satisfies the constraints of the problem

(P1-Eqv) then
13: calculate the fitness value of the particle i using Eq.(20a);
14: else
15: set its fitness value to N .
16: End if
17: If its current fitness value is less than its historical optimal fitness

value then
18: the historical optimal position is updated by its current position.
19: End if
20: End for
21: Find the global best particle of current population.
22: Update the iteration index: t = t + 1.
23: End while
24: Output:
25: agT , bgT , cgT , dgT , egT and qgT as the solution to (P1-Eqv)

6 Results and Analysis

In this section, we will evaluate the performance of the proposed joint task
offloading and resource allocation scheme by setting corresponding simulation
parameters. We consider an outdoor environment of 300m × 300m, where the
MBS is located at the center, 15 SBSs and K SMDs are randomly distributed
within the area. Let d denote the distance between the transmitter and the
receiver. The path-loss between any two nodes is given by β0(d/d0)−ξ, where
β0 = −60db represents the path-loss at the reference distance of d0 = 10m, and
ξ = 3 is the path-loss exponent [12]. Table 1 lists other parameters in detail.
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Table 1. Simulation Parameters

Parameter Value Parameter Value

ωmax 0.9 ωmin 0.4
c1 2 c2 2
T 800 I 500
K [15,120] Ls,k [1,10] Mbits
B [5,50] MHz cus,k 103cycles/bit
cms,k 103cycles/bit κ 10−26

Ns −60 dbm N0 −70 dbm
ps 20 dbm Ps,k 20 dbm
m 4 W 5Mbps
Fu
s,k 1 GHz Fm 50GHz

N 1010 αs,k 0.6
βs,k 1

Based on these parameters, we conducted simulation experiments to compare the
performance of the proposed collaborative cloud-edge scheme with three baseline
schemes:

1) Local-Computing-Only: Tasks are not offloaded, and all SMDs only use local
computing to execute their tasks.

2) Full-Offloading: All SMDs offload all their tasks to the cloud and the MEC
server at the MBS.

3) Computing-without-Cloud: Tasks are not offloaded to the cloud server and
are jointly executed by SMDs locally and the MEC server at the MBS.

Figure 2 shows the relationship between the system-wide computation over-
head (i.e., total computation overhead) and the total SMD number K when
L = 5Mbits and B = 30MHz. The experimental results demonstrate that the
system-wide computation overhead of all schemes gradually increases with the
increase of the number of SMDs. It was observed that the proposed collaborative
cloud-edge scheme is superior to other schemes. This is because the collaborative
cloud-edge scheme not only has local and edge collaboration, but also takes the
advantage of the larger computing resources of the cloud server. Moreover, when
the number of SMDs is less than 30, the computation overhead of computing-
without-cloud is close to that of full-offloading. This is because when the number
of SMDs is relatively small, the computing resources that SMDs obtain from the
MEC server as well as the allocated bandwidth are sufficient, while when the
number of SMDs is greater than 60, the performance of local-computing-only is
better than that of full-offloading, and the gap between them gradually increases.
This is because the computing resources of the MEC server and the system band-
width are not enough to meet the needs of multiple devices simultaneously.
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Fig. 2. Computation overhead versus SMD number.

Fig. 3. Computation overhead versus computation task size.
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Figure 3 illustrates the variation of computation overhead for the four
schemes with the increase of the computation tasks size when K = 60 and
B = 30MHz. The results show that the overhead of all schemes increases as
the computation task size grows. Among these schemes, the overhead of the
proposed collaborative cloud-edge scheme is the smallest. This is because the
proposed scheme support offload partial of the task to the MEC server and
cloud server for execution. When the computation task size is small, the per-
formance of local-computing-only is similar to the other schemes, as the CPU
execution frequency of the local device is sufficient to complete the computation
task. It can be observed that the overhead of full-offloading is higher than that
of computing-without-cloud, and this gap gradually increases with the increase
of the computation task size. This indicates that with the increase of the com-
putation task size, the energy consumption and the latency required for commu-
nication (data transmission) will also increase.

Fig. 4. Computation overhead versus system bandwidth.

Figure 4 illustrates the relationship between the system-wide computation
overhead and system bandwidth when K = 60 and L = 5Mbits. As can be
seen, the computation overhead of local-computing-only remains constant as sys-
tem bandwidth increases, while the overhead of other schemes decreases. This is
because local-computing-only is independent of offloading. We can again observe
that the proposed collaborative cloud-edge scheme generates the minimum over-
head compared to the other baseline schemes. When the system bandwidth
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keeps low, full-offloading performs more worse than the other schemes for long
offloading delay. When the system bandwidth is large enough (i.e., great than
28MHz), full-offloading is better than local-computing-only. Especially, when
the system bandwidth is relatively large enough, such as 50MHz, the overhead
of full-offloading is almost as low as that of the proposed scheme. This is rea-
sonable because when the system bandwidth is large enough, the task offloading
time is quite small.

Fig. 5. Convergence analysis.

Figure 5 evaluates the convergence of the LDWPSO algorithm for the pro-
posed scheme with K = 60, L = 5Mbits, and B = 30MHz by varying the
number of iterations to observe the system-wide fitness value. It can be observed
that the algorithm converges quickly in the first 150 iterations and the fitness
value remains unchanged after 250 iterations with the global optimal solution
found which means the LDWPSO algorithm can constantly search for the global
optimal solution in the early stage of the algorithm and has good local search
capabilities in the later stage.

7 Conclusions

With the advent of the 5G era, the requirements for delay and energy con-
sumption in mobile communication networks have become increasingly strict.
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To meet the QoE demands of SMDs, this paper explores the problem of task
offloading and resource allocation based on collaborative cloud-edge system in
the UDN. Under the deployment of mixed wired and wireless backhaul links,
a system model for computing offloading is constructed, and the computation
time, offloading delay, and energy consumption are given for the local processing,
the SBS processing, and the MBS processing, respectively. Using the LDWPSO
algorithm, the optimization problem including the computing offloading deci-
sion, frequency band partitioning factor, CPU execution frequency of the SMDs
and the MEC server, and the transmission power of the SMDs is solved, and the
optimal system-wide computation overhead is achieved in the entire task offload-
ing process. Simulation results show that our proposed collaborative cloud-edge
offloading scheme effectively reduces the system-wide computation overhead and
improves the overall system performance compared to the other three baseline
solutions.
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