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Edge-Cloud Computing
Kun Cao, Liying Li, Yangguang Cui, Tongquan Wei, and Shiyan Hu

Abstract—In the past few years, the study on placing edge
servers for response time optimization in mobile edge-cloud com-
puting systems has become increasingly popular. Most existing
schemes neglect two important aspects: one is the heterogeneity
of edge/cloud servers and the other is the response time fairness
of base stations, which may significantly degrade the system
quality of services to mobile users. In this paper, we conduct
the study of deploying heterogeneous edge servers to optimize
the expected response time of both the whole and individual
base stations. We propose an approach consisting of offline and
online stages. At offline stage, the optimal placement strategy of
heterogeneous edge servers is produced by using integer linear
programming (ILP) technique. At online stage, a mobility-aware
game theory based method is developed to deal with the dynamic
characteristic of user movement. Experimental results reveal that
compared to benchmarking methods, our approach not only
reduces system expected response time by 47.37%, but also
improves response time fairness of base stations by 71.60%.

Index Terms—Edge server placement, fairness, mobile edge-
cloud computing, response time minimization.

I. INTRODUCTION

With the popularity of emerging mobile applications such
as augmented/virtual reality, the computation requirements
of mobile users have been constantly increasing nowadays.
In the conventional architecture of mobile cloud computing,
mobile users can offload their requests via base stations to
remote cloud servers, and ask these cloud servers to perform
task executions on behalf of themselves [1], [2]. However,
this paradigm has become infeasible in the era of Internet
of things because it inevitably exposes mobile users to high
service delays. As an alternative solution, mobile edge-cloud
computing [3], [4] that deploys edge servers between mobile
users and cloud servers is hence proposed to provide low-
latency services for numerous mobile users.

In the past few years, there has been a widespread interest
in the study of edge/cloud server deployment for mobile edge-
cloud computing systems. The locations of the edge/cloud
servers are an important factor in optimizing server energy
consumption, deployment costs, and mobile user latency. From
the perspective of energy optimization, Li et al. [5] aimed
to minimize the whole energy consumption of edge servers
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by adopting the well-known technique of particle swarm
optimization to place homogeneous edge servers. A Benders
decomposition based approach was developed by Yang et
al. [6] to place cloudlets (i.e., edge servers) for minimizing
system energy dissipation under latency constraints. As for
deployment costs, Yao et al. [7] investigated how to place
heterogeneous edge servers in a heterogeneity and cost-aware
way while meeting latency requirements. Based on enumera-
tion and partitioning algorithms, Zhao et al. [8] solved the edge
server placement problem for obtaining minimum data traffic
in mobile edge computing systems. Recently, some works [9],
[10] have been devoted to reducing mobile user latency. Yang
et al. [9] presented a novel resource allocation scheme based
on predicted distribution of user requests. Chen et al. [10]
developed a cloudlet placement framework to optimize both
the deployment cost of homogeneous cloudlets and the average
response time of mobile users. Nevertheless, all the works [5]–
[10] fail to account for the mobility of users, i.e., dynamic
characteristic of user movement at runtime. In mobile edge-
cloud computing environments, mobile users frequently move
from one area to another area within the system, which leads
to the fluctuation in workloads of base stations over different
scheduling horizons [11], [12].

To alleviate the workload imbalance due to frequent move-
ments of mobile users, recent works [13]–[16] have focused
on the design of resource and latency-aware strategies by
adjusting base station-to-server computation offloading map-
pings. For homogeneous edge-cloud computing systems, Xu
et al. [13] proposed an auction-based scheduling strategy to
allocate available resources of servers for better service quality.
Meng et al. [14] formulated the online mapping of base
stations to edge servers into the well investigated minimum-
cost maximum flow problem. Zhao et al. [15] proposed a
ranking based heuristic to minimize the average response
time of mobile users at runtime. All the schemes shown
in [13]–[15] are dedicated to homogeneous edge/cloud servers;
however, edge/cloud servers are usually heterogeneous in real-
world system deployment [17]. Given this situation, Rashidi
et al. [16] proposed an online task assignment strategy to
jointly reduce system response time and task dropping rates
of heterogeneous edge servers. However, they assumed that
heterogeneous servers have already been properly deployed
and did not explore how to deploy these servers in a latency-
aware way.

To our best knowledge, most existing design strategies
for minimizing system response time do not simultaneously
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consider the heterogeneity of edge/cloud servers and the
response time fairness of base stations. On one hand, existing
designs concentrate on system response time optimization with
no consideration of the heterogeneity of edge/cloud servers,
resulting in low server utilizations. For instance, Wang et
al. [17] utilized the mixed-integer linear programming (MILP)
technique to optimize response time fairness without consid-
ering the heterogeneity of servers. On the other hand, these
designs are merely intended to minimize system response
time, and ignore the optimization of response time fairness
of base stations. For instance, Samanta et al. [18] described
a service latency-aware decision engine to effectively provide
computation offloading services without considering response
time fairness of base stations. From the perspective of a
mobile edge-cloud computing system, it desires to optimize
the average response time of base stations for high system
quality of services. However, from the perspective of each
base station, it hopes to minimize its own response time as
much as possible in order to improve the quality of services
of mobile users it serves. Therefore, the cooperation and
competition of base stations should be considered during edge
server deployment in order to minimize the response time of
the system while maintaining the fairness in response time of
base stations.

In this paper, we study the optimization of both the expected
response time of the entire system and the fairness in expected
response time of individual base stations through edge server
placement and base station-to-server computation offloading
mappings. In addition to an offline method, we also provide
an online technique to address the workload fluctuation of base
stations incurred due to dynamic characteristic of user move-
ments. The major contributions of this paper are summarized
as follows.

• We investigate the problem of deploying heterogeneous
edge servers for response time minimization in mobile
edge-cloud computing systems. Particularly, we jointly
optimize the expected response time of the system and
the fairness in expected response time of base stations.

• We propose an effective approach composed of offline
and online stages. At offline stage, integer linear program-
ming (ILP) technique is leveraged to produce an optimal
solution of edge server placement. At online stage, a
game theory based scheme of base station remapping is
developed to deal with the mobility of users.

• We conduct extensive experiments to evaluate the devel-
oped approach. Experimental results show that compared
to benchmarking algorithms, our approach improves sys-
tem expected response time and response time fairness
by up to 47.37% and 71.60%, respectively.

The remainder of this paper is organized as follows. Sec-
tion II introduces system architecture and model. Section III
presents the problem definition of response time minimization
and shows an overview of our proposed two-stage approach.
Section IV describes the ILP based offline scheme while
Section V details the game theory based online scheme. We
experimentally investigate the performance of our solution in
Section VI and give concluding remarks in Section VII.

AR\VR

Cloud Server
Base Station

Edge Server

Communication 
link

Fig. 1: Illustration of a mobile edge-cloud computing system.

II. SYSTEM ARCHITECTURE AND MODEL

In this section, we first introduce the system architecture
and then describe the response time model.

A. System Architecture

We consider a representative mobile edge-cloud computing
system [3] consisting of multiple mobile users, M base
stations B = {B1, B2, · · · , BM}, N edge servers SE =
{S1, S2, · · · , SN} (M ≥ N ), and one cloud server S0.
Generally, the number of mobile users is much larger than the
number of base stations and edge servers. Let S = {S0,SE}
be the server set in which the server indexed by integer number
n (0 ≤ n ≤ N) is referred to as edge/cloud server Sn. The
edge/cloud servers are heterogenous in terms of processing
capacity. A mobile user sends requests (i.e., tasks) to a base
station within his/her proximity, and then the tasks are either
forwarded to an edge server for local execution or offloaded
to cloud server S0 for remote execution.

The topology of base stations and edge/cloud servers is
represented as an undirected graph G = (V,E). V = {B,S}
denotes the set of base stations and edge/cloud servers. We
assume that the placement locations of cloud server S0 and M
base stations have already been determined. On the contrary,
the placement locations of edge servers are unknown, and
they are one of the optimization variables in this paper. Each
edge server should be co-located with one base station and
thus it has possible M placement locations in total. E is the
set of candidate communication links between base stations
and edge/cloud servers for all placement strategies of edge
servers. In other words, the computation offloading mapping
of base stations to edge/cloud servers is also the optimization
variable in this paper. Note that the topology is full-meshed in
logical, but it is actually a multihop network. That is, a base
station can connect to an edge/cloud server through other base
station(s), and the forwarding time in the relay base station(s)
is ignored. As an intuitive example, Fig 1 illustrates the target
edge-cloud computing system with one feasible solution of
placing heterogenous edge servers and mapping base stations
to edge/cloud servers.
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B. Response Time Model

1) Communication Delay: For any base station, it needs
to transmit mobile users’ tasks to an edge/cloud server and
ask the edge/cloud server to execute these tasks. The tasks
that each base station Bm receives from multiple mobile
users are assumed to follow a Poisson process with aver-
age arrival rate λm (CPU cycles per second). Suppose that
base station Bm connects to edge/cloud server Sn through
a link with communication capacity ϑm,n. Note that the
connection between base stations and edge/cloud servers are
not fully meshed, that is, nodes communicate via multi-hop
connection. We assume the bandwidth between connected base
stations and edge/cloud servers is equally shared by links.
As a result, the communication capacity of individual link
is proportionally updated according to the total number of
shared links. Let a non-negative variable d(Bm, Sn) denote the
Euclidean distance between base station Bm and edge/cloud
server Sn. Following the model introduced in [19], the average
communication latency of tasks transmitted from base station
Bm to edge/cloud server Sn is given by

W
(1),m,n
delay =

d(Bm, Sn)

%
+

Dm

ϑm,n
. (1)

The constant number % and the non-negative variable Dm are
the propagation rate of electromagnetic waves and the average
task data volume of base station Bm, respectively.

2) Task Execution Delay: We adopt the popular M/G/1
queue model [20] to describe task processing procedure of
edge/cloud server Sn. External tasks arrive, wait in a task
queue, and get executed with speed pn (CPU cycles per
second). In the M/G/1 queue model, the time distribution
of task executions on edge/cloud server Sn can follow any
general distribution with mean µn > 0 and variance δ2n > 0.
Considering edge/cloud server Sn connected to multiple base
stations, we use Bn to denote the set of base stations mapped
to edge/cloud server Sn. According to [20], the average task
execution delay (including waiting time at task queue) of base
station Bm on edge/cloud server Sn is expressed as

W
(2),m,n
delay =

λm
pn

+
(µ2

n + δ2n)(λm + ∆n)

2(pn − λm + ∆n)
, (2)

where ∆n =
P

Bk∈{Bn−{Bm}} λk.
3) Total Response Delay: Evidently, the expected response

time of a base station is composed of communication delay
and task execution delay. Combining (1) and (2), the expected
response time of base station Bm is thus depicted as

W tot,m
delay =

MX
j=1

NX
n=0

�
Pj,n,m

�d(Bm, Sn)

%
+

Dm

ϑm,n

�
+

Pj,n,m

�λm
pn

+
(µ2

n + δ2n)(λm + ∆n)

2(pn − λm + ∆n)

��
. (3)

Here, we define a binary decision variable Pj,n,m and it is
set to 1 when i) Sn is an edge server co-located with base
station Bj ∈ B and base station Bm is mapped to the Sn,
or ii) Sn is a cloud server and base station Bm is mapped to
the Sn for fixed j = 1. Otherwise, Pj,n,m is set to 0. The
expected response time of the system is then given by the

average response time of M base stations, that is,

W avg
delay =

1

M

XM

m=1
W tot,m

delay . (4)

III. PROBLEM DEFINITION AND SOLUTION OVERVIEW

In this section, we first define the studied optimization
problem and then present an overview of our solution.

A. Problem Definition

As aforementioned, from a system point of view, mobile
edge-cloud computing systems aim to optimize the average
response time of base stations. Nevertheless, from an indi-
vidual point of view, each base station wishes to reduce its
own response time as much as possible, which necessitates the
fairness in response time of multiple base stations. Formally,
the studied problem in this paper is defined as follows. Given
an undirected graph G = (V,E), determine the placement
locations of edge servers and mapping strategy of base stations
to edge/cloud servers in order to minimize the system expected
response time and maximize the fairness in expected response
time of base stations. Three constraints should be satisfied.
First, each edge server is exactly co-located with one base
station. Second, each base station can only be mapped to one
edge/cloud server for task execution. Third, the task arrival
rate at any edge/cloud server cannot exceed the maximal rate
at which tasks can be processed by the edge/cloud server.

ILP Based Offline Stage
(Section IV,  Algorithm 1)

l Main idea:  find 1) placement locations of edge servers 
and 2) mapping of base stations to edge/cloud servers

l Technique:  integer linear programming (ILP)
l Output: offline placement and mapping Monitor 

detect fluctuation 
in task arrival rates 

at base stations Game Theory Based Online Stage
(Section V,  Algorithm 2)

Detect no fluctuation：
l Main idea: directly adopt offline mapping solution
l Output: online mapping solution same as the offline 

mapping solution

Detect fluctuation：
l Main idea: tune the mapping of base stations to 

edge/cloud servers
l Technique: cooperative game 
l Output: online game theorical remapping solution

 undirected graph 
G = (V, E)

Input

Detect fluctuation 
at runtime? 

No

Yes

Objective: jointly optimize the system expected response time and 
the fairness in expected response time of base stations 

Fig. 2: Overview of our proposed two-stage solution.

B. Solution Overview

We propose an approach composed of offline and online
stages to solve the above problem, as shown in Fig. 2. At
offline stage, the ILP technique is utilized to derive an optimal
scheme of deploying edge servers and mapping base stations.
Due to the mobility of mobile users, the task arriving rates
at base stations may fluctuate at runtime. Therefore, it is
necessary to adjust the offline mapping of base stations to
edge/cloud servers at runtime. Given this, we develop a low-
cost yet high-performance online scheme. To be specific, when
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there is no fluctuation in task arriving rates at all base stations
at runtime, the offline mapping solution is directly utilized;
otherwise, a game theoretic remapping heuristic is triggered.
The basic idea of the heuristic is to tune the mapping of base
stations with changed task arriving rates to edge/cloud servers.
Through the efforts made in two stages, our approach is able to
optimize both the expected response time of the entire system
and the fairness in expected response time of base stations.

IV. ILP BASED OFFLINE STAGE

In this section, we present an ILP based scheme to de-
termine the optimal placement locations of edge servers and
computation offloading mapping of base stations to edge/cloud
servers at design time.

A. Formulate ILP

The target of this paper is to minimize the system ex-
pected response time and maximize the response time fair-
ness of base stations. The system expected response time
is given by (4). Since the metric of mean deviation [21]
can characterize performance fairness between individuals,
we adopt the mean deviation of expected response time
{W tot,1

delay,W
tot,2
delay, · · · ,W

tot,M
delay } to evaluate the response time

fairness of multiple base stations. Specifically, the mean devi-
ation is calculated as the average value of absolute response
time difference between each base station and the whole
system, that is,

W fair
delay =

1

M

XM

m=1
(Sm

max − Sm
min), (5)

where Sm
max indicates the maximum of W tot,m

delay and W avg
delay,

and Sm
min suggests the minimum of W tot,m

delay and W avg
delay. It

is clear the smaller the W fair
delay, the more fair the expected

response time achieved by these base stations. In summary,
we define the ILP objective function as minimizing the sum
of W avg

delay and W fair
delay, that is,

min
�
W avg

delay(Pj,n,m) +W fair
delay(Sm

min)
�
. (6)

Note that we select the variable Sm
min rather than both Sm

min

and Sm
max as optimization variable in fairness function W avg

delay.
This is because the variable Sm

max can be represented by Sm
min,

as shown in (12). The linear constraints of variable Sm
min are

summarized and listed as follows.

Sm
min ≤W

tot,m
delay (Pj,n,m) (7)

Sm
min ≤W

avg
delay(Pj,n,m) (8)

Sm
min ≥W

tot,m
delay (Pj,n,m)−Z × (1−Υm

avg) (9)

Sm
min ≥W

avg
delay(Pj,n,m)−Z ×Υm

avg (10)

Υm
avg = 0, 1 (11)

Sm
max = W tot,m

delay (Pj,n,m) +W avg
delay(Pj,n,m)− Sm

min (12)

Here, Υm
avg is an auxiliary binary decision variable and it is

introduced to imply the relationship of Sm
min, W tot,m

delay , and
W avg

delay. If condition W tot,m
delay < W avg

delay holds, then Υm
avg = 1,

else Υm
avg = 0. Z is a large constant number and is set to

10000 in our experiments. To ensure the schedule feasibility

of every task in the concerned system, the following linear
constraints of variable Pj,n,m must be satisfied.
• No matter where edge servers are placed, every base

station can only be mapped to one edge/cloud server for
task execution. That is,XM

j=1

XN

n=0
Pj,n,m = 1, ∀Bm ∈ B. (13)

• No matter how base stations are mapped, every edge
server is exactly co-located with one base station. Let
BSn∈SE be the set of base stations mapped to edge server
Sn ∈ SE , we then haveXM

j=1
Pj,n,m = 1, ∀Sn ∈ SE ,∀Bm ∈ BSn∈SE . (14)

• The task arrival rate at every edge/cloud server cannot
exceed the rate at which tasks can be processed by the
edge/cloud server. Let λoffm be the offline task arrival rate
at base station Bm, we then haveXM

j=1

XM

m=1
Pj,n,mλ

off
m ≤ pn, ∀Sn ∈ S. (15)

B. ILP Based Offline Algorithm

Algorithm 1: PEMB: Place Edge Servers and Map Base
Stations to Edge/Cloud Servers

Input: undirected graph G = (V,E)
1 utilize the ILP solver in [22] to tackle the formulated ILP:

objective (6), subject to (7)-(15);
2 return offline solution P∗.

Algorithm 1 shows our proposed ILP based offline solution.
The algorithm takes the undirected graph G = (V,E) as input.
An existing ILP solver in [22] is leveraged to deal with the
formulated ILP in Section IV-A. By addressing the ILP, the
optimal solution P∗ to edge server placement and base station
mapping is hence derived.

V. GAME THEORY BASED ONLINE STAGE

Due to the fluctuating task arriving rates at base stations,
it is desirable to tune the offline mapping of base stations to
edge/cloud servers at runtime. In this section, we propose a
game theory based online scheme to remap base stations with
changed task arriving rates to edge/cloud servers.

A. Formulate Remapping Game

We formulate the remapping of base stations with changed
task arriving rates to multiple edge/cloud servers as a coop-
erative game. In the game, the players are these base stations
with changed task arrival rates at runtime. For convenience,
let B′ = {B1, B2, · · · , BQ} ⊆ B be the set of total Q
base stations to be remapped. The qth element in set B′ is
represented as Bq . The Q players cooperate and compete
with each other for edge/cloud servers in order to minimize
not only their respective expected response time but also
the system expected response time. After a few rounds of
games, they will reach a double-win agreement that is referred
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to as Nash bargaining solution [23]. At that moment, the
system expected response time is minimized and the fairness
in expected response time of base stations is also maximized.

Mathematically, the objective function of a cooperative
game is expressed as maximizing the product of utility func-
tions associated with individual players. Let Aq,n be a binary
decision variable. If base station Bq is remapped to edge/cloud
server Sn, Aq,n = 1 holds; otherwise, Aq,n = 0 holds. In the
context of our remapping game, the utility function of base
station Bq is defined as

f(Aq,n) = 1−
XN

n=0
Aq,n(W

(1),q,n
delay +W

(2),q,n
delay ), (16)

where the expected response time
PN

n=0Aq,n(W
(1),q,n
delay +

W
(2),q,n
delay ) is normalized to the range of [0, 1]. Equation (16)

indicates that the longer the expected response time of a
base station, the smaller the utility function value of the base
station. Formally, the remapping game is readily formulated
as follows.

max H(Aq,n) =

QY
q=1

�
1−

NX
n=0

Aq,n(W
(1),q,n
delay +W

(2),q,n
delay )

�
(17)

s. t. Aq,n = 0, 1, (18)XN

n=0
Aq,n = 1, (19)XQ

q=1
Aq,nλ

on
q ≤ ∆pn. (20)

The objective function (17) aims to maximize the product
of utility functions of Q base stations. Constraints (18)-
(19) ensure that every base station Bq is exactly remapped
to one edge/cloud server. Constraint (20) indicates that the
task arriving rate at edge/cloud server Sn cannot exceed the
computation capacity of edge/cloud server Sn. In (20), λonq is
the task arrival rate at base station Bq at runtime. ∆pn suggests
the remaining computation capacity of edge/cloud server Sn

for remapped based stations, and it is calculated as

∆pn = pn −
XM

m=Q+1
Am,nλ

on
m . (21)

For base stations from BQ+1 to BM , their online task arriving
rates are equal to the offline task arriving rates, which indicates
that λonm = λoffm holds for ∀m ∈ [Q+ 1, · · · ,M ].

B. Derive Nash Bargaining Solution

Oftentimes, a cooperative game can be converted into a
convex optimization problem that refers to minimizing a
convex function over convex constraints [24]. In order to
convert the problem in (17)-(20) into a convex optimiza-
tion problem, we perform three operations: 1) take the log-
arithm of objective function (17), 2) relax the constraint
that Aq,n only equals to 0 or 1, and 3) introduce another
variable Cq,n satisfying Cq,n + Aq,n = 0. Specifically, by
taking the logarithm of objective function (17), we have
max

PQ
q=1 ln

�
1 −

PN
n=0Aq,n(W

(1),q,n
delay + W

(2),q,n
delay )

�
. It is

easy to observe that this logarithmical objective function
is equivalent to min−

PQ
q=1 ln

�
1 −
PN

n=0Aq,n(W
(1),q,n
delay +

W
(2),q,n
delay )

�
. Furthermore, we relax the constraint that Aq,n

only equals to 0 or 1, that is, Aq,n can take any real value
in the range of [0, 1]. In summary, the problem in (17)-(20) is
rewritten as

min H(Cq,n) = −
QX

q=1

ln
�
1 +

NX
n=0

Cq,n(W
(1),q,n
delay +W

(2),q,n
delay )

�
(22)

s. t. Cq,n ≤ 0, (23)XN

n=0
Cq,n = −1, (24)XQ

q=1
(−Cq,n)λq ≤ ∆pn. (25)

Since Aq,n falls into the interval of [0, 1] and Cq,n +Aq,n = 0
holds, we have constraint (23). The new objective func-
tion (22) and constraints (24)-(25) are obtained by substituting
Cq,n = −Aq,n into the old objective function (17) and
constraints (19)-(20), respectively.

From (22), the first and second derivatives of objective
function H(Cq,n) with respect to variable Cq,n are derived as

dH
dCq,n

= −
XQ

q=1

PN
n=0(W

(1),q,n
delay +W

(2),q,n
delay )

1 +
PN

n=0 Cq,n(W
(1),q,n
delay +W

(2),q,n
delay )

,

(26)

d2H
dC2q,n

=
XQ

q=1

(
PN

n=0(W
(1),q,n
delay +W

(2),q,n
delay ))2�

1 +
PN

n=0 Cq,n(W
(1),q,n
delay +W

(2),q,n
delay )

�2 .
(27)

Since d2H
dC2q,n

≥ 0 holds, the objective function (22) is convex.
Besides, it is obvious that the domain of objective func-
tion (22) is convex. According to the definition of convex
optimization as mentioned before, the problem in (22)-(25)
is convex, which motives us to adopt the Lagrange multipli-
er technique to derive an optimal solution. The Lagrangian
function L(Cq,n, χ, ψq,n, ωq,n) is depicted as

L( · ) = −
XQ

q=1
ln
�
1 +
XN

n=0
Cq,n(W

(1),q,n
delay +W

(2),q,n
delay )

�
+ χ(

XN

n=0
Cq,n + 1) + ψq,nCq,n − ωq,n(

XQ

q=1
Cq,nλq,

+ ∆pn)χ ∈ R, ψq,n ≥ 0, ωq,n ≥ 0, (28)

where χ, ψq,n, and ωq,n are Lagrange multipliers.

From (28), the first order partial derivative of Lagrangian
function L( · ) with respect to variable Cq,n is given by

∂L( · )
∂Cq,n

=
dH
dCq,n

+ χ(N + 1) + ψq,n − ωq,n

QX
q=1

λonq . (29)

Since optimal C∗q,n occurs when (29) equals to zero, we have

dH
dCq,n

= ω∗q,n
XQ

q=1
λonq − χ∗(N + 1)− ψ∗q,n, (30)

where χ∗, ψ∗q,n, and ω∗q,n denote optimal Lagrange multipliers.
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By substituting (26) into (30), we observe that C∗q,n satisfies

C∗q,n =
lnQ+ ln(1 +W ∗Q)

χ∗(N + 1) + ψ∗q,n − ω∗q,n
PQ

q=1 λ
on
q

. (31)

W ∗Q is the minimal expected response time on average of the
Q base stations, and it is given by

W ∗Q =
1

Q

XQ

k=1,k 6=q

XN

n=0
(−C∗k,n)(W

(1),k,n
delay +W

(2),k,n
delay )

+
1

Q

XN

n=0
(−C∗q,n)(W

(1),q,n
delay +W

(2),q,n
delay ). (32)

Since the two sides of (31) are coupled with C∗q,n, directly
obtaining C∗q,n from this equation is extremely difficult. For
simplicity, we use dW ∗Q to estimate W ∗Q, that is,

W ∗Q ≈dW ∗Q =
W ∗avgdelay

PM
m=1 λ

on
mPM

m=1 λ
off
m

−
PM

k=Q+1W
∗,tot,k
delay

M −Q
.

(33)

W ∗,tot,kdelay and W ∗avgdelay are the static minimal expected response
time of base station Bk and the whole system, respectively,
both of which are derived by the offline stage.

As indicated in (31), the key in obtaining the best remapping
strategy is to derive three optimum Lagrange multipliers χ∗,
ψ∗q,n, and ω∗q,n, which is generally performed by solving the
dual problem of the original problem in (22)-(25). According
to [24], the dual problem D(χ, ψq,n, ωq,n) with no duality gap
is expressed as

min D( · ) =
ψq,n(lnQ+ ln(1 + dW ∗Q))

χ(N + 1) + ψq,n − ωq,n

PQ
q=1 λ

on
q

−
QX

q=1

ln
�
1 +

NX
n=0

(lnQ+ ln(1 + dW ∗Q))(W
(1),q,n
delay +W

(2),q,n
delay )

χ(N + 1) + ψq,n − ωq,n

PQ
q=1 λ

on
q

�

− ωq,n

� QX
q=1

λonq (lnQ+ ln(1 + dW ∗Q))

χ(N + 1) + ψq,n − ωq,n

PQ
q=1 λ

on
q

+ ∆pn
�

(34)
s. t. 0 ≤ ψq,n, 0 ≤ ωq,n, (35)

lnQ+ ln(1 + dW ∗Q)

ω∗q,n
PQ

q=1 λ
on
q − χ∗(N + 1)− ψ∗q,n

≤ 1. (36)

It is easy to validate that the above dual problem is convex
because both the objective function and the constraint set
are convex. A significant property of convex optimization
problem is the uniqueness of its optimum solution. This
property inspires us to readily adopt any kind of greedy
search algorithms (e.g., gradient projection method) to solve
our dual problem since the derived local optimum solution
is in fact the global optimum solution. Recall that during
solving the convex problem in (22)-(25), the variable Cq,n
falls into the range of [−1, 0]. However, this indicates that
base station Bq can be remapped to more than one edge/cloud
servers, which will result in the violation of constraint (13).
Given this, we iteratively select the minimal value C∗q,n from
array (C∗q,0, C∗q,1, · · · , C∗q,N ) and try to set it to the value

Algorithm 2: RBEC: Remap Base Stations with Changed
Task Arrival Rates to Edge/Cloud Servers

Input: P∗, λoff = {λoff
1 , λoff

2 , · · · , λoff
M },

λon = {λon
1 , λon

2 , · · · , λon
M }.

1 flag ← 0;
2 if λon 6= λoff then
3 flag ← 1;

4 if flag == 0 then
5 return static mapping strategy A∗.
6 else
7 let B′ = {B1, B2, · · · , BQ} be the set of Q base stations

with changed task arrival rates;
8 for n = 0 to N do
9 calculate ∆pn using (21);

10 for q = 1 to Q do
11 for n = 0 to N do
12 derive A∗q,n for base station Bq using (37) and

accordingly update A∗;

13 return updated mapping strategy A∗.

−1 until the first feasible solution under constraint (25) is
found. At that time, except C∗q,n, all the elements in array
(C∗q,0, C∗q,1, · · · , C∗q,N ) are set to 0. Considering Cq,n +Aq,n =
0, we finally have the optimal remapping solution as follows.

A∗q,n =

¨
1 n = argn min(C∗q,n|Sn ∈ S),

0 otherwise.
(37)

C. Game Theory Based Online Algorithm

Algorithm 2 describes our game theory based online
scheme. Inputs to the algorithm are the offline solution P∗,
the set λoff = {λoff1 , λoff2 , · · · , λoffM } of offline task arriving
rates, and the set λon = {λon1 , λon2 , · · · , λonM } of online task
arriving rates. Line 1 of the algorithm initializes the flag of
task arriving rates to 0. Lines 2-3 check whether or not the task
arriving rates at base stations are changed at runtime. If the
answer is no, the algorithm directly returns the static mapping
strategy A∗ generated by the offline stage (lines 4-5). If the
answer is yes, the algorithm first sets the flag of task arriving
rates to 1 and then triggers the game theoretic remapping
heuristic (lines 6-13). Line 7 constructs a set B′ of total Q base
stations with changed task arrival rates. Lines 8-9 calculate
the remaining computation capacity of each edge/cloud server.
Lines 10-12 redetermine the optimal edge/cloud servers for
each base station Bq ∈ B′ and accordingly update the mapping
strategy A∗. Line 13 returns the updated mapping strategy A∗.

TABLE I: Parameters of heterogenous edge servers [26]–[29].

server type HPE ProLiant Dell R230 Lenovo TS250 Inspur NP3020
# of servers 50 50 50 50

frequency per 3.4GHz 3.0GHz 3.9GHz 3.0GHzcore of a server
# of cores per server 4 6 2 4

computation 13.6GHz 18.0GHz 7.8GHz 12.0GHzcapacity per server
normal distribution N (20, 5) N (14, 8) N (35, 15) N (17, 10)of execution time (ms)
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Fig. 3: The location distribution of 3233 base stations from Shanghai Telecom [17], [25]. The number in every red-marked
circle indicates how many base stations have already been placed in this region.

VI. EVALUATION

A. Experimental Settings

We conduct extensive simulation experiments to validate
the effectiveness of our proposed solution. A set consisting
of 3233 base stations from Shanghai Telecom [17], [25] is
adopted in simulations, and the geographical distribution of
these base stations is demonstrated in Fig. 3. The average task
arriving rate and data volume of each base station are in the
ranges of [4×106, 6×108] and [1, 100]Mb, respectively [30]–
[33]. The communication capacity of each link is randomly
selected in the range of [100, 1000]KB/s [34]. The propagation
rate of electromagnetic waves is set to 2×105km/s [19]. Based
on the Microsoft Azure China (Shanghai) [35], we select a
server equipped with 10 cores and 3.6GHz operating frequency
per core as the cloud server S0. The computation capacity
p0 of cloud server S0 is then calculated as 10 × 3.6GHz =
36.0GHz. The location of cloud server S0 is 31.0202 latitude
north and 121.4503 longitude east. The task execution time
of cloud server S0 is assumed to follow a normal distribution
with mean 10ms and variance 4 [36]. Besides, we construct
an edge server set based on the HPE ProLiant MicroServer
Gen10 servers [26], Dell R230 servers [27], Lenovo TS250
servers [28], and Inspur NP3020 servers [29]. The parameters
of these edge servers are listed in TABLE I.

As introduced in Section III-B, our solution consists of of-
fline and online algorithms. Consequently, two sets of compar-
ative experiments are carried out: one is for offline algorithm
PEMB and the other is for online algorithm RBEC. In the first
set of simulations, we compare the offline algorithm PEMB
with state-of-the-art benchmarking algorithms WRES [17] and
DAPP [37]. In the second set of simulations, we compare
the online algorithm RBEC with representative benchmarking
algorithms RALL and DGEN [38]. The benchmarking algo-
rithms for comparison are summarized as follows.

• DAPP [37] formulates edge server placement as the
classical capacitated K-median problem in a graph such
that the system expected response time can be minimized.
However, both the edge-cloud computing framework and
the response time fairness are not considered.

• WRES [17] formulates edge server placement as bi-
objective optimization of making balance the workloads
of edge servers and minimizing the access delay between
mobile users and edge servers. It aims to jointly optimize
workloads and response time of edge servers without
the help of cloud servers, where the MILP technique is
adopted to conduct the deployment of edge servers.

• RALL aims to optimize both the system expected re-
sponse time and the fairness in expected response time
of base stations at runtime. Its main idea is to remap all
base stations by using ILP technique.

• DGEN, similar to scheme RALL, also aims to optimize
both the system expected response time and response
time fairness of base stations at runtime. It utilizes the
technique of genetic algorithm in [38] to only remap base
stations with changed task arrival rates.

• NAVE is a naive online approach that directly adopts
the outputs of our offline scheme PEMB, and it takes no
action to deal with the situations where task arrival rates
at some base stations have already changed at runtime.

The above algorithms are all implemented in C++, and both
sets of simulation experiments are conducted on a desktop
computer equipped with 16GB memory and Intel i5 dual-Core
3.5GHz processor. We perform 3000 experiments with varying
workload settings of base stations to compare the proposed
solution with benchmarking schemes. Note the workload rep-
resents different settings of base stations. The parameters in
each setting include the task arrival rate, task data volume, and
link capacity of the base station. We perform 3000 experiments
of different workload settings, and each data point in the result
figures is averaged over 100 experiments.

B. Comparison Results

1) Comparison for Offline Scheme: Fig. 4a compares the
system expected response time achieved by our offline algo-
rithm PEMB and benchmarking algorithms WRES [17], and
DAPP [37]. As observed, PEMB dramatically reduces the sys-
tem expected response time. Specifically, the system expected
response time of PEMB is averagely 34.17% and 15.97%
smaller than that of WRES [17] and DAPP [37], respectively.
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Fig. 4: The system expected response time and response time fairness achieved by different offline algorithms.
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Fig. 5: The system expected response time and response time fairness achieved by different online algorithms.

Moreover, the highest improvement achieved by PEMB is up
to 47.37%. For example, in the 24th data point, the system
expected response time of PEMB and WRES [17] are 0.10
and 0.19, respectively. This is because our scheme utilizes
the edge-cloud computing framework and the heterogeneity
of edge servers to improve server utilization, and thus reduces
the system expected response time.

Fig. 4b plots the mean deviation of expected response time
achieved by our offline algorithm PEMB and benchmarking al-
gorithms WRES [17] and DAPP [37]. It has been demonstrated
in the figure that PEMB greatly refines performance fairness
among base stations. To be specific, the mean deviation of
expected response time achieved by PEMB is 42.26% and
54.60% smaller on average than that of WRES [17] and
DAPP [37], respectively. In addition, the highest improvement
achieved by PEMB is up to 79.17%. For instance, in the 5th
data point, the mean deviation of expected response time of
PEMB and DAPP [37] are 0.05 and 0.24, respectively. This
is because PEMB aims to improve both the system expected
response time and the response time fairness of base stations.

2) Comparison for Online Scheme: In this set of simulation
experiments, we arbitrarily select 1000 base stations and in-
crease the task arrival rates at these base stations by 5%−20%.
Fig. 5a displays the system expected response time achieved
by our online algorithm RBEC and three benchmarking online
algorithms NAVE, DGEN [38], and RALL. The notation “NF”
indicates that the tasks of mobile users cannot be feasibly
scheduled due to the violation of constraint (15). As shown
in the figure, the system expected response time of RBEC is
averagely 43.09% and 23.25% smaller than that of methods
NAVE and DGEN [38], respectively. Besides, this figure also
reveals that the system expected response time achieved by
RBEC is averagely 12.56% higher than that of method RALL.
Fig. 5b exhibits the mean deviation of expected response time
achieved by different online algorithms. This figure shows that

RBEC achieves striking fairness improvement (up to 71.60%)
compared with benchmarking methods. Meanwhile, one can
also see that our algorithm RBEC is inferior to method RALL,
with 16.61% performance difference on average. We draw
similar observations when other parameters are changed.
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Fig. 6: The runtime of different online algorithms.

Fig. 6 demonstrates the runtime of our algorithm RBEC
and benchmarking algorithms RALL and DGEN [38]. Note
that the online time overhead of method NAVE is equal to zero
since it takes no action at runtime. The results clearly show that
our algorithm RBEC averagely achieves 24.08 and 2.26 times
of speedup compared with methods RALL and DGEN [38],
respectively. Moreover, the speedup of our method RBEC can
be up to 25.85 times. The speedup is calculated as the ratio
of the runtime consumed by the benchmarking method under
test to the runtime consumed by our algorithm RBEC.

From the results shown in Fig. 5 and Fig. 6, we find the
online scheme NAVE directly adopting offline solutions at
runtime cannot always guarantee task schedulability when task
arrival rates at base stations have increased. This is because
the task arriving rate at an edge/cloud server at runtime is
extremely likely to exceed the maximal computation capacity
of the edge/cloud server. Meanwhile, we also find the method
RALL outperforms our online scheme RBEC in terms of
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system expected response time and response time fairness of
base stations. However, it incurs significant time overhead
to derive an optimal remapping solution at runtime. On the
contrary, our scheme RBEC has the ability to achieve a better
tradeoff between the quality of the produced online solution
and the time overhead of generating the online solution.

VII. CONCLUSION

In this paper, we develop a two-stage approach to place
and allocate heterogeneous edge servers for response time
optimization in mobile edge-cloud computing systems. The
offline stage determines the optimal deployment strategy of
edge servers and the online stage deals with the dynamic
characteristic of user movements at runtime. More impor-
tantly, the developed approach jointly considers the edge-
cloud computing framework and the performance fairness of
base stations. Simulation results show that our algorithms
can greatly improve the expected response time of the entire
system and individual base stations.
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