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Abstract—Mobile Edge Computing (MEC) offers a way to
shorten the cloud servicing delay by building the small-scale
cloud infrastructures such as cloudlets at the network edge, which
are in close proximity to end users. On one hand, it is energy
consuming and costly to place each cloudlet on each Access
Point (AP) to process the requested tasks. On the other hand,
the service provider should provide delay-guaranteed service to
end users, otherwise they may get revenue loss. In this paper,
we first model how to calculate the task completion delay in
MEC and mathematically analyze the energy consumption of
different equipments in MEC. Subsequently, we study how to
place cloudlets on the network and allocate each requested task
to cloudlets and public cloud with the minimum total energy
consumption without violating each task’s delay requirement.
We prove that this problem is NP-hard and propose a Benders
Decomposition-based algorithm to solve it. We also present a
Software-Defined Network (SDN)-based framework to deploy the
proposed algorithm. Extensive simulations reveal that the proposed algorithm can achieve an (close-to-)optimal performance
in terms of energy consumption and acceptance ratio compared
with two benchmark heuristics.

Fog Computing1 ) has been proposed to bring the computing
resources closer to end users by installing small resourcelimited cloud infrastructures such as cloudlets at the network
edge. In this context, the end users’ task workloads can be
offloaded on cloudlets (which can be called edge layer) by
achieving short service delay. Considering that the capacity
of the cloudlet is limited, the cloudlets are usually connected
via e.g., cellular core network [5] in order to expose services
to more nearby end users by efficiently utilizing the capacity
and load of cloudlets. Moreover, when the edge layer’s task
processing capacity is full, the edge layer also needs to be
connected with remote public cloud (which can be called cloud
layer) to further offload the task workloads. The whole MEC
architecture can be see in Fig. 1. MEC therefore embraces
characteristics like location awareness, real-time task processing, agile network management and control.
Public cloud

Index Terms—Mobile edge computing, cloudlet placement, task
allocation, delay, energy consumption.
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ITH the development of mobile computing technology, more and more newly mobile applications (e.g.,
argument reality and online gaming) have been emerging.
However, the mobile devices usually suffer from battery and
memory limitations and need to offload the tasks on remote
located datacenter, which is known as cloud computing [1].
Although cloud computing can provide a virtually unlimited
capability service to end users, the requested task from end
users may experience long-distance and congested transmission to the remote public cloud and incur higher servicing
delay. Cloud computing hence cannot always satisfy the everincreasing stringent delay task demands [2], which remains a
crucial drawback to tackle.
The concept of Mobile Edge Computing (MEC) [3] (or
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Fig. 1: A Mobile Edge Cloud framework.
On one hand, considering that there are numerous Access
Points (AP) spots, it is impossible and not necessary to place
the cloudlet on each AP spot due to the economic cost and
energy concerns such as electricity bills and environmental
pollution. On the other hand, it is also important and desirable
to guarantee each task’s delay requirement. Especially with the
maturation of mobile technology and advancement of Internet
of Things (IoT) technology, more and more end users usually
ask for delay-stringent tasks [6] or applications [7] such as
online gaming and data processing. In this sense, the service
vendor may get revenue loss or even lose clients [8] if the
1 According to [4], “the key difference between the edge computing and
fog computing is exactly where that intelligence and computing power is
placed. Fog computing pushes intelligence down to the local area network
level of network architecture, processing data in a fog node or IoT gateway.
Edge computing pushes the intelligence, processing power and communication
capabilities of an edge gateway or appliance directly into devices like
programmable automation controllers (PACs).”
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task delay requirement is not satisfied. With the exponentially
increasing trend of IoT applications and tasks requested from
end users, more equipments and devices in edge layer and
cloud layer are needed to be switched on to process these
requests, which accordingly leads to considerable energy consumption. As a result, it is important for us to explore the
trade-off between energy consumption and service delay in
MEC by strategically placing cloudlets and scheduling tasks
among cloudlets and public cloud. In this paper, we study
how to place cloudlets on APs and schedule users’ tasks with
the minimum energy consumption such that each task’ delay
requirement is satisfied. Our key contributions are as follows:
• We mathematically analyze the task completion time and
the energy consumption of different equipments in MEC.
• We define the cloudlet placement and task allocation
problem that takes energy and delay into account and
show it is NP-hard.
• We propose an exact Mixed Integer Linear Programming
(MILP) formulation and a Benders Decomposition-based
solution to solve the proposed problem. We accordingly propose a Software-Defined Network (SDN)-based
framework to deploy the proposed algorithm.
• We conduct simulations to validate the performances of
the proposed algorithm with two benchmark heuristics.
The remainder of this paper is organized as follows. Section II presents the related work. Section III mathematically
models the task completion time in MEC and analyzes energy
consumption of different equipments in MEC. Section IV
defines the Cloudlet Placement and Task Allocation (CPTA)
problem, mathematically formulates the CPTA problem as an
Mixed Integer Linear Programming (MILP) and shows that
it is NP-hard. In Section V, we propose a Benders decomposition method to solve the CPTA problem and A SDNbased algorithm deployment framework. Section VI provides
the simulation results and we conclude in Section VII.
II. R ELATED W ORK
A comprehensive and detailed survey about MEC can be
found in [9], [10], [11]. Moreover, [12], [13] and the compared
survey papers therein provide overviews about fog computing.
Jia et al. [14] study how to place K cloudlets and allocate
user to cloudlets in Wireless Metropolitan Area Networks
(WMAN) such that the average system response time is
minimized. In [14], the cloudlets are modeled as a M/M/c
queue and the requested tasks of users arrive according to
the Poisson process. They [14] further propose a DensityBased Clustering (DBC) algorithm to solve this problem.
Under the same delay model with [14] and assuming that the
cloudlets are already deployed on networks, Jia et al. [15]
propose a fast heuristic and a distributed genetic algorithm
to schedule workload such that the maximum task response
time is minimized. Ma et al. [16] model the whole MEC as
a queuing network, and formulate the workload scheduling
problem in MEC as a convex problem. They further present
an efficient algorithm by exploiting the linear property of
constraints in the convex formulation. In [17], it is defined
that the average cloudlet access delay as the whole average

service time (a M/M/1 queue for each AP is assumed), and
the cloudlet processing time as well as flow traversing time are
not considered, which is not very practical. Zhao et al. [17]
propose a ranking-based heuristic to deploy K cloudlets to
minimize the average cloudlet access delay. The above papers
adopt a queueing-based model to reflect and calculate the
whole system delay instead of caring about each individual
task request’s delay requirement. Moreover, according to the
queueing theory, it is required in the above papers that the
cloudlet processing delay follows an exponential distribution
and the arrival of task requests follow a Poisson distribution.
Ma et al. [18] study how to minimize the number of
placed cloudlets in order that all the task requests can be
allocated and provisioned. However, only the fixed cloud
access delay is considered in [18]. Meng et al. [19] tackle
the cloudlet placement and request scheduling problem, which
is formulated as a problem variant of K-facility location
problem. They first propose an approximation algorithm to
solve this problem, and then devise an online algorithm to
deal with how to schedule requests when the cloudlets are
placed. However, Meng et al. [19] only consider the task
transmitting delay as the whole task completion delay. Wang
et al. [20] study how to place K edge servers by proposing
an exact Integer Linear Programming (ILP) solution in order
to minimize the total access delay, which is proportional to
the distance between the base station and edge server. Xu et
al. [21] propose an approximation algorithm to solve the K
cloudlet placement problem in WMAN such that the average
access delay from AP to cloudlet is minimized. In [22], it is
assumed that when a cloudlet is deployed at a BS, a certain
cost will be consumed. Fan and Ansari [22] study the cloudlet
placement and cloudlet servers installation problem to jointly
minimize the costs and the total end-to-end transmitting delay
by proposing an ILP. The above papers do not model task
completion delay thoroughly. For example, the task processing
delay in cloudlet and in the public cloud (when the tasks are
offloaded to the public cloud) is not considered. In this paper,
we propose a general model to calculate the task completion
delay by considering both task transmitting delay and task
processing delay under a further mild assumption that each
task is divisible.
The most relevant work with us are [5], [23], [24]. Sun
and Ansari [5] address the problem of Avatar placement
in cloudlets such that the energy consumption is minimized
and the end-to-end delay for each user’s request is satisfied.
The avatar means a private virtual machine executing in the
cloudlet for offloading user’s tasks. They devise an efficient
Green-aware Avatar Placement heuristic to solve the problem. Xiao and Krunz [23] propose a distributed Alternating
Direction Method of Multipliers (ADMM)-based algorithm
to solve the workload/task allocation problem such that the
delay (which is modelled according to the queueing theory)
is satisfied under the given power efficiency. However, both
[5] and [23] do not consider the scenario of offloading tasks
from cloudlet to public cloud. Deng et al. [24] first formulate
the delay-aware workload allocation problem in fog-cloud
networks with the minimum total power consumption as a nonconvex problem. They further decompose this problem into 3
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subproblems that can be efficiently solved in 3 subdomains,
namely (1) edge layer, (2) cloud layer and (3) communication
path domain between edge layer and cloud layer. They respectively apply Interior-Point methods, Bender decomposition and
Hungarian method to solve these 3 subproblems. However,
[24] does not consider the cloudlet placement problem. Moreover, due to the fact that they [24] apply queueing theory to
model the task completion delay, the overall system delay is
to be less than a specified value instead of satisfying each task
request’s delay requirement, as we do in this paper.

path3 . A task request r is represented by r(φ, ∆, f ), where φ
denotes its connected accessing AP, ∆ indicates the required
task completion delay and f means the task size4 . A request
task r is assumed to be roughly “infinitesimally divisible”5
[27], [28], [29], [30], which means that different fractions
of r can be performed at multiple cloudlets. For example,
in data partitionable tasks [31], a simple-to-describe operation
(e.g., read or write) can independently process/access different
blocks of data.
As a result, the delay [26] for transmitting (a portion of)
task with size of f on link (i, j) is calculated as follows:

III. S YSTEM M ODEL

di,j (f ) =

A. Task Completion Delay Calculation
Assume that there is a set of N inter-connected Access
Points (AP) N , and for each AP pair i, j ∈ N , the wired
link (i, j) connecting them2 provides a fixed transmission rate
of η(i, j) for each task flow. For each AP n ∈ N , a set of
users sends his/her task to n via the wireless access network.
For simplicity, we assume that the task sent from one user
can only be received by one associated AP. Moreover, we
assume that each end user can transmit the task to the AP
via an unique available channel. We therefore do not take
the wireless delay from users to AP into account for brevity
in this paper, since this part of value only depends on the
channel bandwidth and task size [25] in this context and hence
cannot be further optimized/minimized. In order to provision
the requested tasks, we need to place a certain number of
cloudlets on AP spots and allocate the tasks on the APs located
with cloudlets. We denote by C the set of public cloud and
we assume there is only one public cloud without lossSof
generality. For ease of expression, we denote V = N C
by the set of total V = N + 1 network nodes. Table I gives
all the notations used in this paper.
TABLE I: Notations.
Notation
V, N , C
(i, j)
η(i, j)
α(n)
R
Po , P t
Ts
Xnr
Ynr
Zn
Wij

Description
The set of total network nodes, AP nodes, public cloud
The link connecting node i and j
The transmission rate over link (i, j)
Computation capability of AP n with cloudlet placed on it
The set of task requests. For each r(φ, ∆, f ) ∈ R,
φ indicates the AP that request r directly accesses,
∆ represents the delay requirement, f denotes the task size
Idle power consumption, workload-dependent power factor
Device switched-on duration time
A float variable indicating the amount of allocated tasks
for r on the AP node n
A float variable meaning the amount of allocated tasks for
r relaying from AP node n to the public cloud C
A boolean variable indicating whether a cloudlet is placed
on AP n
A boolean variable indicating whether link (i, j) is in use

If a cloudlet is placed on AP n, then we assume that n has a
computation capability (a.k.a., available computing slots [26])
of α(n). If the task workload on n exceeds α(n), n can (i) offload the remaining tasks to the other AP nodes with cloudlets
located on them, and/or (ii) offload the remaining tasks to
the public cloud via a unique Wide Area Network (WAN)
2 In

practice, (i, j) may represent a path traversing several links.

f
η(i, j)

(1)

where η(i, j) denotes the transmission rate over link (i, j).
Formally, if r(φ, ∆, f ) is processed by m cloudlets u1 , u2 ,
. . . , um deployed on nodes n1 , n2 , . . . , nm to execute tasks
f1 , f2 , . . . , fm on these APs and P
relay remaining tasks f10 ,
m
0
f20 , . . . , fm
to the cloud such that x=1 (fx + fx0 ) = f , then
the delay for provisioning the requested task r(φ, ∆, f ) can
be calculated as follows:
m

D = max Dx
x=1

(2)

where

Dx =

if fx0 = 0
dφ,nx (fx ) + g(fx )
dφ,nx (fx + fx0 ) + g(fx ) + dnx ,C (fx0 ) + h(fx0 ) otherwise
(3)

where g(fx ) and h(fx0 ) denote the processing time on cloudlet
for workload fx and on public cloud C for workload fx0 ,
respectively. For a request r, we let fx represent the amount of
task executed on cloudlet node x, and fx0 indicate the amount
of task relaying from cloudlet node nx to the public cloud
C. In this sense, fx0 > 0 implies that cloudlet node x has
reached its maximum computation capability limit and has to
relay fx0 amount of task to the public cloud C. We assume
that g(f ) and h(f ) have a linear relationship with f . For
simplicity, we set g(f ) = θu · f and h(f ) = θv · f , where
θu and θv denote the coefficients6 that reflect the equipment’s
computation capability (e.g., CPU cycles per second) [32].
To better illustrate it, we take Fig. 2 for an example, where
we set θu = 0.1 for all the cloudlets and θv = 0.05. Assuming
that AP1 receives a task with the size of 50. Since there is
no cloudlet on AP1 , it has to relay this request to the AP
nodes with cloudlet located on them. In this example, either
AP2 or AP3 cannot process the whole task because of their
limited computation capability, therefore we split r into two
parts and send tasks with size of f1 = 40 and f2 = 10
3 Due to cost concerns, we assume that only the AP node with cloudlet is
connected to the public cloud with a WAN path.
4 For simplicity, here the task can represent the input data that needs to be
processed by cloudlet or public cloud and hence f is in the unit of Gb.
5 For a task that is divisible, we assume that each individual divisible basic
unit of this task is sufficiently small in this paper. In this context, although we
apply two float variables Xnr and Ynr in the following proposed ILP and the
Benders decomposition approach, we can roughly round the returned solutions
to a certain decimal places by losing a little bit precision/accuracy.
6 In this paper, we assume that the cloudlet and public cloud allocate the
same computing resource to each task and therefore g(f ) and h(f ) do not
change.
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where Ts and Td symbolize the device switching-on and
task processing time in the units of hours7 (Ts >= Td ),
respectively. As a result, the energy consumption can be
calculated as:
E = Po · Ts + Pt · ω · Td = Po · Ts + Pt · f

(7)

Often, e.g., in [5], [33], [34], it is assumed that power
consumption P calculation for a network equipment consists
of two parts and has the following linear relationship with the
traffic/task workload:

where f indicates the task size in the unit of Gb and E is in
the unit of Wh. Accordingly, Po · Ts indicates the idle energy
consumption of a device for switching on Ts hours, and Pt ·
ω · Td represents the energy consumption for processing the
task with size of ω · Td = f Gb. In particular, Pt is in the unit
of Watt/Gbps and f is in the unit of Gb. In this sense, Pt · f
means the task processing-dependent energy consumption with
the unit of Wh (we transfer the unit of seconds to the unit
of hours), and Po · Ts indicates the idle energy consumption.
Po · Ts + Pt · f yields the total energy consumption. From
Eq. (7) we see that the larger the task size, the more energy
consumption for cloudlet/cloud to process it.
In this paper, we consider 3 main energy-consuming equipments, namely (1) links (ij), (2) public cloud and (3) cloudlets
(clt). More specifically, the energy consumption of the link
(i, j) which connects two APs (or AP with located cloudlet
and public cloud) is traffic independent. That is, as long as
link (i, j) is switched on for transmitting data it consumes
constant energy [37], i.e., Ptij = 0 for the link. The public
cloud consists of a cluster of servers which are organized
in a tree-like topology. The servers are always turned on in
case of dealing with traffic fluctuation which means that the
idle energy consumption of servers is constant and cannot be
minimized/saved. In this sense, we discard the contribution of
Pocloud and regard Pocloud = 0 in this paper. On the other hand,
we have Poclt > 0 and Ptclt > 0 for the cloudlet.

P = Po + Pt · ω
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Fig. 2: An example of calculating task completion delay.
to AP2 and AP3 , respectively. Furthermore, considering that
α(AP2 ) < 40 it has to relay the remaining task to the
public cloud for further processing. The task completion
10
40
+
+ 30 ∗ 0.1 + +10 ∗ 0.05 = 43.5 for f1 .
time is
|
{z
}
2
0.5
| {z }
Processing delay

transmitting delay

Similarly, the task completion time for f2 is 10
1 +10∗0.1 = 11.
Consequently, the task completion delay is max(11, 43.5) =
43.5.
B. Energy Consumption

(4)

where Po is the overhead which represents idle power consumption of a switched-on device in the unit of Watt, Pt
represents the traffic/task workload-dependent power factor in
the unit of Watt/Gbps, and ω denotes the amount of traffic/task
workload in the unit of Gbps. For example, a server’s power
consumption is calculated as [35]:
sr
Pm
− Posr
·ω
(5)
Csr
sr
where Posr and Pm
represent the power consumption of the
server when it is idle and fully loaded, respectively, Csr
denotes its maximum processing capacity andsrω stands
for
P −P sr
its current load (ω ≤ Csr ). Denote Ptsr = mCsr o as the
traffic/task workload dependent power factor, according to
sr
[36], Csr = 1.8 Gbps, Posr = 325 W and Pm
= 380 W .
Therefore, the power consumption of a server is:

Psr (b) = Posr +

Psr = 325 + 30.6 · ω

(6)

where 0 ≤ ω ≤ 1.8.
In this paper, we use E to represent the energy consumption
in the unit of Wh (or kWh), and P to indicate the power
consumption in the unit of W (or kW). Consequently, the
energy consumption can be expressed as E = Po ·Ts +Pt ·ω·Td ,

A. Problem Definition and Formulation
Formally, the Cloudlet Placement and Task Allocation
(CPTA) problem can be defined as follows:
Definition 1: Given are a set of APs N , a public cloud
C, and a set of requests R. The Cloudlet Placement and
Task Allocation (CPTA) problem is to place cloudlets on
N and allocate each user’s task to corresponding cloudlets
and public cloud such that the total energy consumption is
minimized and each task’s delay requirement is satisfied.
The considered CPTA problem in this paper actually happens
in the network planning stage. In this paper, we assume that
all the task requests R are statistically collected from a whole
service period (e.g., 1 day or 1 month) and processed for
instance by taking the average at a reasonable service time
slot over a whole service period. As a result, R can reflect
the average task request pattern in the network and our aim in
this paper is to place cloudlets on the network with minimum
total energy consumption such that all these task requests are
7 When the device switching-on time or task processing time is less than
one hour, for example, 30 minutes, we can convert it to 0.5 hour for the ease
of calculating the energy consumption in the unit of Wh (or kWh).
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satisfied regarding their QoS requirement8 (task completion
delay). When the cloudlets are placed in network, the task
allocation problem happens in short-term continuously. But
since the cloudlet placement design was based on average
historical task requests, it can efficiently serve the task requests
which arrive dynamically by guaranteeing the required task
completion delay requirement.
We first formulate the CPTA problem as an exact Mixed
Integer Linear Programming (MILP). We begin with some
necessary notations and variables.
R: A set of task requests.
Xnr : The amount of allocated tasks for r on the AP node n.
Ynr : The amount of allocated tasks for r relaying from AP
node n to the public cloud C.
Zn : A boolean variable and it is 1 (true) if a cloudlet is
placed on AP n, and 0 otherwise.
Wij : A boolean variable and it is 1 (true) if link (i, j) is in
use, and 0 otherwise.
Objective:
min

X

Zn · Poclt · Ts +

n∈N

X

Xnr · Ptclt +

r∈R,n∈N

X

Poij

Wij ·

X

· Ts +

i,j∈N :i<j

Ynr · PtCloud

(8)

r∈R,n∈N

P
of all the active links, and r∈R Ynr · PtCloud represents the
energy consumption of cloud servers. Eq. (9) ensures that each
task’s delay requirement is not violated. In order to make this
constraint linear, instead of using max function, we let the
delay of task which is executed on each node be less than
the specified value, which is equivalent to Eq. (2). Moreover,
we set η(n, n) be an infinite large number. Therefore, for a
request r, if a cloudlet is placed on r.φ, then the transmitting
delay can be neglected. Eq. (10) ensures that the total allocated
tasks on cloudlets and public cloud for each request is equal to
its required task size. Eq. (11) ensures that the total allocated
tasks on one cloudlet do not exceed its maximum computation
capacity. Eq. (12) identifies whether an AP is placed by a
cloudlet by applying big-M method. By setting M to be
a large enough number, Zn is equal to be 1 if there is
positive amount of task on n or relayed from n to the cloud,
and
More specifically, the maximum value of
P 0 otherwise.
r
r
(X
+
Y
)
is 2|R|. Since M is a sufficiently large
n
n
r∈R
number, it holds that M > 2|R|. In this sense, when Xnr = 1
and/or Ynr = 1, we impose Zn = 1 in order to make Eq. (12)
to hold. Otherwise, when Xnr = 0 and Ynr = 0, either Zn = 0
or Zn = 1 will make Eq. P
(12) to be true. But Zn = 0 in this
context, since one term ( n∈N Zn · Poclt · Ts ) of objective
function needs to be minimized. Similarly, Eq. (13) identifies
whether link (i, j) is switched on by applying big-M method.

Delay Constraint:
B. Complexity Analysis
Ynr
Xnr + Ynr
+ θu · Xnr +
+ θv · Ynr ≤ r.∆
η(r.φ, n)
η(n, C)
∀r ∈ R, n ∈ N : n 6= r.φ

(9)

Task Constraint:
X

(Xnr + Ynr ) == r.f

∀r ∈ R

(10)

n∈N

Cloudlet Capacity Constraint:
X

Xnr ≤ α(n)

n∈N

(11)

r∈R

Task Allocation Constraints:
M · Zn ≥

X

(Xnr + Ynr )

∀n ∈ N

(12)

r∈R

M · Wij ≥

X

(Xjr + Yjr ) +

r∈R:r.φ=i

∀i, j ∈ N : i 6= j

X

(Xir + Yir )

r∈R:r.φ=j

(13)

Eq. (8) minimizes
the overall energy
More
P
Pconsumption.
clt
r
specifically,
Z
·
P
·
T
+
X
·
Ptclt
n
s
o
n
n∈N
r∈R,n∈N
means
the energy consumption of all the placed cloudlets,
P
ij
i,j∈N :i<j Wij · Po · Ts denotes the energy consumption
8 In this paper, all the task requests are treated/accommodated equivalently
(with the same allocated computing resource from cloudlet/cloud) and are not
further differentiated.

Theorem 1: The CPTA problem is NP-hard.
Proof 1: Let us first introduce the Capacitated Facility
Location (CFL) problem: Given are a set of potential facility
sites N where a facility can be opened with a limited capacity,
and a set of requests that must be serviced. The request can be
provisioned by multiple facilities, with each facility serving a
portion of the request. The CFL problem is to pick a subset
of facilities to open in order to minimize the sum of distances
from each request to its facility and the sum of opening costs
of the facilities. The CFL problem is proved to be NP-hard
[38].
We assume that the task delay requirement is satisfied as
long as the task is executed on cloudlets, and it will be
violated if the task is executed on the public cloud. Now if
we correspond the energy consumption of the cloudlets (where
Ptclt is set to be a negligible tiny value) and links in the CPTA
problem to the facility opening costs and distances from the
request to its serving facility in the CFL problem, then CPTA
can be reduced to the CFL problem, which is also NP-hard.
The proof is therefore complete.
We mention that the considered CPTA problem is different from and more difficult than the CFL problem. More
specifically, in the CPTA problem it is required that the
task completion delay consisting of transmission delay and
processing delay for each request should be satisfied. But this
constraint is not imposed in the CFL problem. As a result,
the existing approximation algorithms cannot be used to solve
the considered CPTA problem with proved bounded approximation ratio. According to [38], if a problem is strongly NPhard, then it indicates that this problem does not admit the
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Fully Polynomial Time Approximation Algorithm (FPTAS)9 .
Since the CFL problem does not admit FPTAS [38], and
CPTA problem is more difficult than the CFL problem, the
CPTA problem is therefore strongly NP-hard. Furthermore,
the MILP formulation in Eqs. (8)-(13) for the CPTA problem
includes four variables (2 integer variables and 2 continuous
variables) and associated constraints. The scale and complexity
of the MILP formulation reveal that the CPTA problem is very
difficult to solve and the approximation algorithm can hardly
exist to solve it.
V. S OLUTION
In this section, we first present a Benders decomposition approach to solve the CPTA problem. Subsequently, we propose
a SDN-based framework to deploy the proposed algorithm.
A. A Benders Decomposition Approach

in Eq. (15). For clearness, we use U (Z, W, ~λ) to denote the
objective value of the dual.
min

X

Xnr · Ptclt +

r∈R,n∈N

Ynr · PtCloud

r∈R

 X r +Y r
Ynr
n
n
+ θu · Xnr + η(n,C)
+ θv · Ynr ≤ r.∆

η(r.φ,n)




∀r

P∈ R,rn ∈ N



(Xn + Ynr ) == r.f ∀r ∈ R



n∈N

 P X r ≤ α(n) ∀n ∈ N
n
s.t.
r∈R
P



M · Ẑn ≥
(Xnr + Ynr )
∀n ∈ N



r∈R

P
P


M · Ŵij ≥
(Xjr + Yjr ) +
(Xir + Yir )



r∈R:r.φ=i
r∈R:r.φ=j


∀i, j ∈ N : i 6= j
(14)
max U (Z, W, ~λ) =

The mathematical formulation in Eqs.(8)-(13) is a MILP,
since it consists of both continuous variables (X, Y ) and
integer variables (Z, W ). When the problem size increases, its
running time is exponential which is not efficient. Therefore
we apply Benders decomposition approach [39] to Eqs.(8)(13) to derive a more efficient solution. The Benders decomposition approach partitions the variables of the original
problem into two subsets. The first stage master integer linear
problem is solved over the first set of variables, and the
second stage linear programming subproblem is solved based
on the second set of variables and output of the first stage
problem. Accordingly, the subproblem provides feasible cut
constraint (if the linear programming is bounded) or infeasible
cut constraint (if the linear programming is unbounded) to
the master problem. Obviously, the master problem yields a
Lower Bound (LB), while the subproblem produces an Upper
Bound (UB). These two problems are solved iteratively until
U B − LB approaches zero (or a given gap ). An illustration
of Benders decomposition principle [40] is shown in Fig. 3.

X

X

r.∆ · λ1r,n −

r∈R,n∈N

X

α(n) ·

λ3n

n∈N

+

X

M · Ẑn ·

X

r.f · λ2r +

r∈R

λ4n

+

n∈N

X

M · Ŵij · λ5ij

i,j∈N

P 2
P

1
( η(r.φ,n)
+ θu ) · λ1r,n −
λr +



r∈R,n∈N
r∈R

P 3
P 4
P 5



λn +
λn +
λij ≥ Ptclt


 n∈NP
n∈N
i,j∈N
P 2
1
1
( η(r.φ,n)
+ η(n,C)
+ θv ) · λ1r,n −
λr +
s.t.

r∈R,n∈N
r∈R

P
P



λ4n +
λ5ij ≥ PtCloud



n∈N
i,j∈N ,r∈R:r.φ=i||r.φ=j

 1
λr,n , λ2r , λ3n , λ4n , λ5ij ≥ 0, ∀i, j, n ∈ N , r ∈ R
(15)
After that, Eq. (16) denotes the master problem in the
Benders decomposition. More specifically, we let π represent
the maximum value of the subproblem, and H be the objective
value of the master problem to be minimized. In particular,
U (Z, W, ~λp ) ≤ π represents the cut of constraint when
Eq. (14) returns a feasible solution, and U (Z, W, ~λy ) ≤ 0
adds the cut of constraint when Eq. (14) yields an unbounded
solution.

Master Problem
min H =

X
n∈N

Cuts
(Constraints)

Benders
Decomposition

Solutions
(Input)

SubProblem
Fig. 3: A Benders decomposition principle illustration.
In our scenario, we first derive the subproblem as Eq. (14)
shows. After, we take the dual of Eq. (14) and it is seen
9 An FPTAS has a time complexity that is polynomial in both the problem
size and 1 and produces a solution that is within a factor (1 + ) of the
optimal solution (or (1 − ) for maximization problems).

Zn · Poclt +

X

Wij · Poij + π

i,j∈N :i<j


 U (Z, W, ~λp ) ≤ π ∀~λp ∈ Cp
s.t.
U (Z, W, ~λy ) ≤ 0 ∀~λy ∈ Cy

Zn , Wij ∈ {0, 1} ∀n, i, j ∈ N

(16)

As a result, we propose a Benders Decomposition-based
cloudlet Placement and task Allocation (BDPA) algorithm to
solve the CPTA problem. More specifically in Algorithm 1,
we initialize U B and LB which represent the upper bound
and lower bound of the original problem. Cp and Cy denote
extreme point and extreme ray cut set and will be added as
the constraints to the master problem. As long as U B − LB is
bigger than , Step 2-11 is going to find a solution based on
Benders decomposition iteratively. In each iteration k, BDPA
solves the master problem to obtain Z (k) , W (k) and π (k) in
Step 3 and assigns the objective value H k to LB in Step 4.
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Algorithm 1: BDPA (G(N , L), R, F)
1
2
3

4
5

6
7
8
9
10
11
12

13

U B ← +∞, LB ← −∞, Cp ← ∅, Cy ← ∅
while U B − LB >  do
Solve the master problem in Eq. (16) to obtain
Z (k) , W (k) and π (k)
Let LB ← H (k)
Solve the duality of subproblem in Eq. (15) to
obtain U k (Z (k) , W (k) , ~λ(k) )
U B k ← min(U B (k−1) , U k (Z (k) , W (k) , ~λ(k) ))
if U k (Z (k) , W (k) , ~λ(k) ) is bounded then
Cp .Add(~λ) \\ Add extreme point
else
Cy .Add(~λ) \\ Add extreme ray
k ←k+1
Set the cloudlet placement according to Z (k) and
W (k) .
Calculate the task allocation in Eq. (14) to obtain X
and Y .

After that, BDPA solves the subproblem based on Z (k) and
W (k) returned from solution for solving the master problem in
Step 5. The upper bound U B is accordingly updated in Step
6. If U k (Z, W, ~λ) is bounded, it indicates that the solution
is an extreme point and we will add a proper cut to Cp in
Step 8. Otherwise in Step 10, it implies that the solution is
an extreme ray and a respective cut will be added to Cy . The
above procedures continue until U B − LB reaches , which
means that a final (optimal) solution is obtained. Consequently,
we achieve the cloudlet placement solution according to Z (k)
and W (k) in Step 12. In Step 13, we obtain the task allocation
solution by solving the LP in Eq. (14) based on the cloudlet
placement solution.
Theorem 2: BDPA converges to the optimal solution if we
set  = 0.
Proof 2: The proof follows from the correctness and the
principle of Bender decomposition algorithm [39]. In general,
the optimality gap U B − LB can be calculated at each
iteration. Eq. (16) solves the master problem of the original
problem and provides the lower bound, while Eq. (15) yields
the upper bound of the original problem. In each iteration,
Eq. (15) provides a feasible cut constraint for the master
problem. Therefore, when U B − LB = 0, it indicates that
we obtain an optimal solution of the original problem. The
proof is therefore complete.
In practice,  is not necessarily set to 0, and during simulations
we found that we can still get an optimal or close-to-optimal
solution when it is set to a small positive value. This will be
reflected in Section VI.
Theorem 3: BDPA terminates in a finite number of iterations
for a given .
Proof 3: Following the proof [41] and according to [42],
BDPA will terminate as long as the following conditions are
satisfied:
1) The domains of X and Y are non-empty and convex.

2) The objective function of Eq. (8) and constraints in
Eqs. (9)-(13) are convex for each fixed Z and W .
3) X and Y are bounded and closed, and the constraint
functions are continuous on the domain of X and Y for
each fixed Z and W .
4) The original problem with linear relaxation has a finite
solution.
5) The original problem with linear relaxation has optimal
multipliers λ for the constraints in Eqs. (9)-(13).
It can be seen that Conditions 1, 2 and 3 hold since X and
Y are continuous linear variables in a closed range and all
the constraints in Eqs. (9)-(13) are linear (and hence convex).
Since all the variables are bounded and finite, condition 4
is true. We assume there exists at least one feasible solution
to solve the original problem, so the subproblem is feasible.
Therefore there exists optimal multipliers λ for the constraints
in Eqs. (9)-(13). In all, the proof is complete.
It is worthy to mention that much research have been
devoted to exploring ways to shorten the convergence time
of the algorithm by reducing the number of iterations and
the time required for each iteration. In general, there are
four main approaches to deal with this issue [40], namely
(1) decomposition strategy, which specifies how the problem is partitioned to obtain the initial master problem and
subproblem, (2) The solution procedure, which concerns the
algorithms used for the master problem and subproblem, (3)
The solution generation, which concerns the method used to
set trial values for the complicating variables, and (4) The
cut generation, which concerns the strategy used to generate
optimality and feasibility cuts. More details can be found in
[40] and papers therein.
B. A SDN-based Algorithm Deployment Framework
Public cloud

Cloud Layer
Core networks
SDN
Controller
Flow table update

Network status update

SDN Switch

SDN Switch

Cloudlet

Cloudlet

Cloudlet

Edge Layer

IoT Layer

Fig. 4: A SDN-based Algorithm Deployment Framework.
We propose a SDN-based framework to implement and
deploy our proposed algorithms. SDN [43] defines a network connection and management methodology that decouples control plane from data plane. In SDN, the network
intelligence stays in a logical centralized software-controller
(control plane), and network equipments (data plane) can

8

be programmed via an open interface (like OpenFlow [44]).
According to [45], SDN can benefit MEC and IoT from many
areas, e.g., high resolution and effective control, flexibility
and low barrier on innovation, service centric implementation,
virtual machine mobility, adaptability, low cost solutions,
interoperability and Multiplicity of Scope. More specifically,
in Fig. 4 each cloudlet is connected with a SDN switch, and all
the switches are connected with a central SDN controller. Each
SDN switch periodically updates the network status in terms
of e.g. node available processing capability to the controller.
When a request arrives, the switch first checks its flow table
to find any matching rule. If found, it applies the action
according to the matched flow rule. If there is an unmatched
packet, the switch will forward it to the SDN controller. The
SDN controller calculates the solution based on the collected
network information for this request according to the proposed
solution in Section V. Consequently, the computed solution
will be notified and distributed into the SDN switches by
updating their flow tables.
VI. S IMULATION

procedure continues until all the K cloudlets are placed
on the network or all the requests have been issued.
• Randomized Allocation (RA): RA first randomly selects
one AP n and places one cloudlet on it. After that, RA
allocates the request task directly accessing to n one
by one without violating the cloudlet capacity. If all its
direct accessing tasks are accommodated by the cloudlet
on n and there is still remaining capacity, then n issues
the task requests from the other APs without violating
its capacity. This procedure continues until all the K
cloudlets are placed on the network or all the requests
have been issued.
The simulations are run on a high-performance desktop PC
with 3.4 GHz and 16 GB memory. We use IBM ILOG CPLEX
to implement BDPA and C# to implement the heuristics. We
set  = 0.05 in BDPA. Under this setting, we found that the
performance of BDPA is the same with the MILP proposed in
Section IV-A through simulations in most of the cases, which
indicates that BDPA can output the (close-to-)optimal solution.
To not clutter the figures, we omit the performances of the
exact MILP solution.

A. Simulation Setup
We conduct simulations on a network with V = 30, 40, 50
nodes, respectively. Each AP node pair is a connected with a
link with available bandwidth [5], [17] randomly generated
in [1, 2] Gbps10 , and each public cloud and AP node pair
is connected with a link with available bandwidth randomly
selected in [0.5, 1] Gbps. The cloudlet capacity is set to 300.
For each AP node, the number of its direct accessing tasks
varies in [0, 20]. The aim is to unevenly distribute the tasks to
the APs throughout the network. For each request r(φ, ∆, f ),
∆ is chosen in [20, 40] as the delay-sensitive task or in
[70, 120] as the delay-tolerant task, f is between [20, 50]. The
ratio of the number of delay-sensitive tasks and the number of
delay-tolerant tasks is 3 : 1. We vary the total number of task
requests from 100 to 300. By doing this, we want to generate
heterogeneous task requests. Moreover, for each cloudlet clt,
we set Poclt = 80 Watt and Ptclt = 20 Watt according to [46];
for each link (i, j), we set Poij = 25 Watt [47]; for the public
cloud, we have Ptcloud = 30.6 Watt [34]. For simplicity, we
let θu = θv = 0.1. We compare our proposed BDPA with two
benchmark heuristics as follows:
• Density-Based Clustering (DBC) [14] : DBC first selects
one AP n that can issue the biggest number of task
requests among all the APs if a cloudlet is placed on
it without considering processing capacity. Subsequently,
DBC places one cloudlet on n and allocate n to its
direct accessing requests one by one without violating
the cloudlet capacity. If all its direct accessing tasks
are accommodated by the cloudlet on n, and there is
still remaining capacity, then n issues the task requests
from the other APs one by one ordered by the so-called
“relative-distance” without violating its capacity. This
10 The APs can be connected with either wired or wireless links, which
depends on the specific scenario. Following [5], [17], we assume that all APs
are connected by wired links in the context of SDN-based cellular core/IoT
networks.

B. Simulation Results
We first compare the energy consumption returned by all
these 3 algorithms. Since all the tasks will be processed by the
cloudlet and/or the cloud servers and θu = θv , the equipment
(cloudlet and cloud server) processing energy consumption for
all the tasks returned by all these 3 algorithms are the same.
We therefore omit the processing energy consumption value
and only compare the idle energy consumption of cloudlets
and links. We set K = V − 1 for DBC and RA. As such,
Fig. (5) plots the energy consumption returned by all these
algorithms for different number of network nodes. We see
that for all the algorithms, their returned energy consumption
value increases when the number of task requests raises. This
is because more cloudlets and links need to be placed and
switched on in order to process the required tasks, which
in turns consume more energy. Nevertheless, the proposed
BDPA can always return the lowest energy consumption
value, followed by the DBC and RA performs the worst.
We also notice that for the same number of task requests,
the energy consumption value returned by RA increases with
N increasing, but the energy consumption values returned by
BDPA and DBC keep similar. This is due to the fact that RA
always randomly selects one node to place the cloudlet, but
the AP node may be in charge of small number of or no task
requests, which means that the cloudlet cannot be always well
utilized if the other requests cannot be processed on it because
of the delay violation. Moreover, since we set K = V − 1, as
long as there are still remaining task requests to accommodate,
RA will place a new cloudlet on the node (and switch on new
links if necessary) to accommodate these task requests, which
consumes more energy consumption as N increases. Tables IIIV give the number of placed cloudlets and switched-on links
for all the algorithms.
After that, we compare the algorithms in terms of Acceptance Ratio (AR), which is defined as the number of accepted
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(a) V = 30

(b) V = 40

(c) V = 50

Fig. 5: Energy Consumption for different number of total nodes (V ): (a) V = 30 (b) V = 40 (c) V = 50.

(a) V = 30

(b) V = 40

(c) V = 50

Fig. 6: Acceptance Ratio for different number of total nodes (V ): (a) V = 30 (b) V = 40 (c) V = 50.

task requests over the total number of task requests. In order
to have a fair comparison, we set K = 6, 12, 18 for DBC
and RA when V = 30, 40, 50, respectively, which are the
number of needed cloudlets in the optimal solutions. By doing
this, we constrain the maximum allowable number of placed
cloudlets for DBC and RA as the same of the optimal solution.
Under this circumstance, Fig. (6) illustrates the AR value of
all the algorithms. We see that BDPA can always accept all
the task requests, which also verifies its correctness. DBC
obtains the second highest AR value and RA achieves the
lowest AR value. It implies that DBC and RA as heuristics
still fail to accommodate a certain amount of task requests and
hence cannot be efficiently used for multiple task requests in
a resource-constrained scenario.
Finally, Fig. 7 provides the iterations needed for BDPA to
converge. We see that with V and |R| increasing, the number
of iterations also increases. Nevertheless, BDPA can always
converge in a finite number of iterations, which proves the
correctness of Theorem 3.
TABLE II: Number of cloudlets and links used by different
algorithms for V = 30.
Task
100
200
300

BDPA
Cloudlets
Links
6
33
12
43
18
45

DBA
Cloudlets
Links
8
38
15
46
23
40

RA
Cloudlets
Links
28
31
29
40
29
46

TABLE III: Number of cloudlets and links used by different
algorithms for V = 40.
Task
100
200
300

BDPA
Cloudlets
Links
6
44
12
53
18
65

DBA
Cloudlets
Links
8
43
14
55
21
67

RA
Cloudlets
Links
39
37
39
45
39
66

TABLE IV: Number of cloudlets and links used by different
algorithms for V = 50.
Task
100
200
300

BDPA
Cloudlets
Links
6
51
12
65
18
68

DBA
Cloudlets
Links
8
53
14
67
22
63

RA
Cloudlets
Links
45
38
48
56
49
67

VII. C ONCLUSION
In this paper, we have first investigated how to calculate the
task completion delay and presented the energy consumption
models of different equipments in MEC. After that, we have
studied the Cloudlet Placement and Task Allocation (CPTA)
problem, which is to place cloudlets on AP nodes and allocate
each user’s tasks to corresponding cloudlets and public cloud,
such that the total energy consumption is minimized and each
task’s delay requirement is satisfied. We have shown this problem is NP-hard and proposed a Benders Decomposition-based
algorithm to solve it. We have also presented a SDN-based
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framework to deploy our proposed algorithm. The simulations
reveal that the proposed algorithm can achieve an optimal or
close-to-optimal performance in terms of energy consumption
and acceptance ratio compared with two benchmark heuristics.
In this paper, we do not consider queueing tasks in the
cloudlet, i.e., we assume no buffer is available for queueing
the tasks, similar to [25]. The reason is that queueing tasks is
related to the buffer size [48], [49] of cloudlet. If the buffer
size is large enough, all the tasks can be queued but this case is
not very practical since it is too costly. If the buffer size is less
than the size of to be queued tasks, this deals with which tasks
need to be queued and which tasks need to be relayed. In this
sense, taking the buffer size for queueing tasks into account
will make the problem more difficult to solve. We will further
explore the scenario of queueing tasks in the cloudlet in the
CPTA problem in our future work.
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