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Abstract—Mobile Cloud Computing (MCC) is emerging as a
main ubiquitous computing platform which enables to leverage
the resource limitations of mobile devices and wireless networks
by offloading data-intensive computation tasks from resource-
poor mobile devices to resource-rich clouds. In this paper, we
consider an online location-aware offloading problem in a two-
tiered mobile cloud computing environment consisting of a local
cloudlet and remote clouds, with an objective to fair share
the use of the cloudlet by consuming the same proportional
of their mobile device energy, while keeping their individual
SLA, for which we devise an efficient online algorithm. We also
conduct experiments by simulations to evaluate the performance
of the proposed algorithm. Experimental results demonstrate
that the proposed algorithm is promising and outperforms other
heuristics.

I. INTRODUCTION

With technological advance of wireless portable mobile
devices, more and more people nowadays depend heavily on
mobile devices including smartphones and tablets for various
applications such as Facebook, Twitter, playing games, etc. A
report by Juniper Research [10] predicts that the number of
applications downloaded globally onto consumers’ handsets
and tablets will achieve 160 billion in 2017 from 80 billion
in 2013. The rapid explosion in demand for rich mobile
applications has created the need for new platforms and
architectures that can cope with the scalability and QoS needs
of ever-growing mobile user populations.

Mobile Cloud Computing (MCC) platforms that aim to
overcome resource limitations of mobile devices and wireless
networks by offloading computation and data intensive tasks
from resource-poor mobile devices to resource-rich clouds,
have been demonstrated to meet such demands [2], [4], [11],
[20]. In cloud markets, service providers offer reliable and
customized services by enabling Service Level Agreements
(SLAs) to customers that dictate SLA bounds in terms of
speed, bandwidth, and delay. One main concern in ensuring
mobile SLA is the level of wireless connectivity offered by
last hop access networks such as 3G/4G and Wi-Fi, which
usually exhibits varying characteristics. On one hand, 3G/4G
connections usually suffer from long delay and slow data
transfers [1], [2], which result in more power consumptions of
mobile devices and higher service costs of mobile users. On
the other hand, Wi-Fi deployments such as 802.11 hotspots
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enable mobile devices connecting to local cloudlets with low
communication latencies. However, the use of local only solu-
tions with Wi-Fi networks will lead to poor system scalability
with the growth of number of mobile users. Consequently,
latencies and packet losses will increase too. Furthermore,
the rich mobile applications often require significant compute
and storage resources that most mobile devices cannot meet,
due to various constraints imposed on mobile devices such
as portable sizes, CPU speeds, storage and batteries. One
potential solution for this is to offload compute- and storage-
intensive tasks from mobile devices to clouds while keeping
the specified SLAs of mobile users met. In addition, mobile
users usually move around several places rather than staying
at a single location for a whole day. For example, a university
student may travel several venues daily in campus such as
classrooms, libraries, gyms, and so on. The student needs
to leave and join the campus network when he/she is at
different locations. The mobility of mobile users will bring
new challenges to offload their tasks to clouds. Thus, task
offloading must be performed opportunistically; otherwise,
offloading a time-stringent task via a heavily-loaded Wi-Fi
access point may incur a much longer delay and a heavy
energy consumption of its mobile device.

To improve the performance and scalability of mobile appli-
cations by dealing with location-aware online task offloading,
in this paper we propose a two-tiered MCC architecture that
combines the capabilities of the local cloudlet and remote
public clouds, where the local cloudlet can be accessed
through multiple Wi-Fi wireless access points, and the remote
clouds such as Amazon EC2, Microsoft Azure and Google
AppEngine can be accessed through cellular networks (3G/4G)
by paying the services. Notice that the similar architecture
such this one has also been proposed in [16], the main
difference between ours and theirs lies in that they did not
consider the user access limitation on wireless access points,
which cannot be ignored in real settings. Under the proposed
architecture, we focus on devising efficient online algorithms
for offloading location-aware tasks of mobile users to a local
cloudlet or remote clouds such that their energy consumption
is fair shared, thereby prolonging the lifetimes of their mobile
devices. Our objective is to ensure that each mobile device
consumes the same proportion of its energy to its energy
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capacity while meeting its user SLA requirement.

The main contributions of this paper are as follows. We first
propose an energy cost model to model the cost of executing a
task in different computing facilities including mobile devices,
the local cloudlet, and the remote cloud. We then devise an
efficient online algorithm for fairly offloading location-aware
tasks among mobile users. We finally conduct experiments
by simulations to evaluate the performance of the proposed
algorithm. Experimental results demonstrate that the proposed
algorithm is very promising. To the best of our knowledge, this
is the first time that online location-aware task offloading is
considered, and an efficient online algorithm for this problem
is proposed.

The remainder of this paper is organized as follows. Sec-
tion II introduces related work, followed by an introduction
of the system model and problem definition in Section IIIL.
The proposed algorithm is proposed in Section IV, and the
performance evaluation of the proposed algorithm is conducted
in Section V, and the conclusion is given in Section VI.

II. RELATED WORK

Offloading computing-intensive applications from energy-
constrained mobile devices to powerful clouds is one fun-
damental problem in mobile cloud computing. Considerable
efforts have been taken in recent years [1], [2], [5], [7], [11],
[15], [16], [17], [18], [21]. For example, Chun et al. [5]
proposed a system CloneCloud that aims to partition appli-
cations between mobile devices and a local cloudlet in an
offline manner by finding an execution point. Specifically,
the partitioning mechanism of the CloneCloud runs multiple
times under different execution conditions such as network
characteristics, CPU speeds and various objectives such as the
execution time and energy consumption, and keeps this historic
data into a database. At runtime, a partition from the database
is picked and offloaded to the cloud for execution. However,
it is very difficult to find such an execution point for an online
application subject to the SLA requirement. Gelenbe et al. [7]
dealt with offloading jobs between a local cloud and a remote
cloud by incorporating energy consumption and quality of ser-
vice (QoS) criteria. They considered load balancing between
the local cloud and the remote cloud. However, executing
tasks on mobile devices sometimes is more energy-saving,
since the energy overhead on the wireless communication with
the cloud and the energy consumed by network interfaces
on mobile devices cannot be neglected [1], [11]. Rahimi et
al. [15], [16] exploited a tiered framework consisting of a
local cloud and a remote public cloud, and modeled mobile
applications of a mobile user as a location-time workflow.
By assuming that all task locations and time are given, they
formulated an optimization problem to determine when and
where the tasks should be executed in mobile devices, the local
cloudlet or the remote cloud while meeting multidimensional
QoS (application delay, device power consumption and user
cost/price) constraints, using simulated annealing. Notice that
the applications and tasks they considered are offline and they
did not consider the capacity limitation of wireless access
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points in their work. Soyata et al. [18] proposed a mobile-
cloudlet-cloud architecture for a face recognition application,
where the cloudlet receives tasks of users and partitions the
tasks between itself and remote clouds aiming to minimize the
response time of the application. Cuervo et al. [2] considered
an application partitioning problem to minimize the energy
consumption of mobile devices, by formulating a linear pro-
gram solution.

These mentioned studies mainly focused on minimizing ei-
ther the energy consumption of mobile devices [1], [2], [5], [7],
[11], or the response time of applications [18]. Most of them
assumed that task offloading can be performed immediately
without considering the availability and capacity limitation
of wireless access points, while others dealt with offline
application partitioning without incorporating the mobility of
mobile users. In contrast, in this paper we consider online task
offloading in more realistic settings. That is, mobile users do
not have the knowledge about when and where they have tasks
to be offloaded in the future. Tasks from different mobile users
may arrive to the system at any time, the system will determine
whether each arrived task to be executed on its mobile device
itself, or offload the task to a local cloudlet or to a remote
cloud, while the SLA requirement of each task is met. We
also incorporate the user mobility and admission capacity of
each access point into the problem formulation.

To the best of our knowledge, none of existing studies
has ever considered the fair use of the cloud or cloudlet
resources among mobile users. As some of mobile devices
such as laptops are powerful in terms of both energy supply
and processing ability, while others such as smart phones are
very restricted, they all compete to offload their tasks to the
clouds in order to minimize their own energy consumptions.
Careless task offloading will result in a biased allocation that
favors only few powerful mobile devices while punishing those
restricted mobile users. Consequently, the mobile cloud users
may switch to other cloud providers. Unlike most existing
studies that assumed all tasks from each user must be given
prior to task offloading [16], we do not adopt this assumption,
instead, each mobile user may not know when and where
he/she will have a task in future. In this paper we aim to
provide ‘equal opportunities’ for all mobile users to offload
their tasks to the clouds, no matter whether they are powerful
or weak. In other words, we aim to maximize the minimum
ratio of the energy consumption to the battery capacity of each
task-offloading mobile device, and we refer to this criteria as
the offloading fairness among mobile users.

II1.

In this section, we first introduce the system model, notions
and cost metrics. We then elaborate the service level agreement
and define the problem precisely.

PRELIMINARIES

A. System model

We consider a two-tiered mobile cloud computing (MCC)
environment consisting of a local cloudlet with limited re-
sources, and remote rich-resource public clouds. There is a



set of mobile users that can access both clouds wirelessly,
where each mobile user either executes a task on his/her
mobile device or offload the task to the local cloud through
a Wi-Fi access point (AP) or the remote clouds through
3G/4G communication, as illustrated by Fig. 1. Usually, Wi-Fi
communication takes much less energy consumption than that
of 3G/4G communication. However, if there is only limited
bandwidth available at an access point, the energy consump-
tion on Wi-Fi may outweigh the energy consumption on
3G/4G communication. Specifically, let C, and C; represent
the remote cloud and local cloudlet with service rates j, and
w1, respectively. Clearly, i, > p;. The remote cloud C,. owned
by cloud service providers has abundant cloud resources for
mobile users, and the users have to pay for their services,
whereas the local cloudlet C'; managed by a local organization
usually has limited resources and its use usually is free of
charge.

amazon Remote Cloud

webservices

Local
Cloudlet

The architecture of a multi-tiered cloud

Fig. 1.

Let AP = {APy,..., APy} be the set of H mobile access
points to the local cloudlet. A mobile user can access an
AP only if the AP is within the transmission range of the
mobile device of the user. Denote by Bj, the communication
bandwidth capacity of access point AP, with 1 < h < H.
As the bandwidth of each AP is fixed, the number of mobile
users that can access the local cloudlet simultaneously through
the AP must be bounded. In other words, when the number
of users using an AP reaches its capacity, the AP will no
longer accept any new requests until some of its existing users
leave. Assume that the bandwidth allocated to each mobile
user for accessing AP}, is equal, which is %, where n,, is the
maximum number of mobile users that can access an AP at
the same time. In case a mobile user is at a location where the
user can access multiple APs, the system will determine which
AP the user can access, depending on the signal strengths
from these APs. As mentioned, each user can also access
the remote cloud through local 3G/4G base stations. In this
case, we assume that the 3G/4G base stations have sufficient
bandwidths to accommodate user access requirements. Let R,
and R; be the data transmission rates of 3G/4G cellular and
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Wi-Fi connections, respectively. For the sake of simplicity,
we assume that the data transmission/reception rates of all
devices to 3G/4G (or Wi-Fi) are identical. If not, the proposed
algorithm can be easily modified for this general setting.

B. Location-aware tasks

Let U = { u; |1 < i < n} be the set of mobile users. A
user can access the local cloudlet from different AP locations,
and the user may have different tasks at different locations to
offload. When the user has a task to be executed, whether the
task is executed in the user’s mobile device, or offloaded to the
local cloudlet or remote cloud is determined by the system. For
example, if a task has a stringent QoS requirement, offloading
the task to remote clouds or the local cloudlet may violate
its SLA requirement, due to the high workload of its access
point at that moment. Instead, the user may execute the task
on his/her mobile device. Otherwise, the user should offload
the task to the remote cloud or local cloudlet to save energy
of the mobile device. We refer to this offloading affected by
the locations of mobile users as a location-aware application
offloading.

We consider a relatively long monitoring period, and time
is slotted into equal time slots. The task offloading scheduling
proceeds at the beginning of each time slot. Let s;; be a
task of user u; generated between time slots ¢ — 1 and ¢
with workload A;,, where the workload of a task can be
represented by the number of instructions. Each task s; ; can
be represented by a tuple consisting of its workload A; .,
arrival time slot ¢, location [;;, and its SLA requirement,
ie., siy = (Ais,t, 14, D(s;)). We further assume that at
any time slot, a user may or may not have a task request,
and the system does not have any knowledge of future task
arrivals and arrival rates. The SLA of a task s; ; refers to its
delay requirement, i.e., the duration from offloading s; ; to the
clouds until receiving its result is no more than a pre-defined
time threshold D(s; ). Denoted by D,(s; ) and D,(s; ) the
average delays occurred by offloading task s, ; to the remote
cloud and local cloudlet. Here, we assume that the data size
related to s; ; is represented by function f(s; ;). For simplicity,
we further assume that the duration of receiving the result of
si+ equals the one of uploading s;;. Given workload A, .,
the size of data f(s;;) of s;,, transmission rates R, and R,
assigned to s;, service rates ji, and p; of the remote cloud
and local cloudlet, D, (s;+) and D;(s; ) are calculated by

Y —9. f(szt) A(Si,t)
Di(si) =2 R + s (1)
and
f(sie) | Alsin)
Di(si) =2 s L 2
1(Sit) R + m 2)

The SLA requirement of task s; ; thus is D,.(s;+) < D(si 1)
if it is executed on the remote cloud; D;(s; ;) < D(s; ) if it
is executed on the local cloudlet.



C. Energy consumption

Let P, and P;4. be the energy consumptions of a mobile
device per unit time in transmission and idle modes, respec-
tively, and further let P; and 4 represent the power con-
sumption and service rate of a mobile device when executing
tasks by itself. If task s;; is executed on the remote cloud,
the energy consumption AFE,.(t) is represented by Eq. (3).

f(sie) A(sie)
R, ot Hor
where for simplicity we assume that the amount of energy
consumed for uploading task s;; equals that for receiving
results of s; ;. If task s;; is executed in the local cloudlet,
the energy consumption AF;(t) can be defined as follows.

f(sit) A(sit)
R 1

AE.(t)=2- - Pidie, ©)

'Ptr+

AE((t)=2- * Pydie- “
If task s; ; is executed on the mobile device, the amount of
energy consumed of the mobile device AFy(t) is
Als;
ABy(t) = % Py, 5)

where 14 is the service rate of the mobile device and Py is
computing power consumption of the mobile device.

D. Problem definition

Given the two-tiered mobile cloud computing architecture,
a set of mobile users U = {u; | 1 <i < n}, and a monitoring
period consisting of 7' time slots, the location-aware mobile
application offloading problem is to find a task scheduling at
each time slot for mobile users such that mobile devices of
offloading tasks can fairly share the use of the cloud resources
by consuming the same proportional energy, i.e., the objective
is to maximize the minimum ratio of the residual energy to
its battery capacity of each mobile device for task offloading,
subject to the SLA constraint on each task.

Specifically, given any time slot ¢ within the monitoring
period T, let T (¢) be the set of arriving tasks between time
slots ¢ — 1 and ¢. Assume that each mobile user has at most
one task arrival at each time slot. Let r;(¢) be the residual
energy ratio of user u; at time slot ¢, then

Eresidual (uz ; t)
E(u,) ’

where Eresidual (i, t) is the amount of residual energy of
mobile device wu; after time slot ¢ and F(u;) is the battery
capacity of u;. The problem thus is to maximize the minimum
residual energy ratio among mobile users, i.e., to maximize the
value 7, = {ri(¢) | 1 <i < n}.

ri(t) = (6)

IV. ALGORITHM

In this section, we first introduce an energy cost model of
processing a task in different computing facilities. We then
devise an efficient algorithm for the location-aware mobile
application offloading problem.
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A. Energy cost model

We model the energy cost of executing a task in different
computing facilities as follows.

The energy cost (1 (s;,;) of executing task s; , on the mobile
device u; is determined by not only its battery capacity but also
the amount of residual energy it has, i.e., it will be determined
by the residual energy ratio r;(t). This energy cost typically
marginally increases with the decrease of the residual energy
ratio. The rationale behind is that the less residual energy
a mobile device has, the higher probability the device will
exhaust its energy, and the high probability the violation of
its SLA requirement. That is, a lower residual energy ratio
implies a higher energy cost of s; ;. We therefore model the
energy cost of processing task s;; in a computing facility as
an exponential function of its residual energy ratio as follows.
E (ui,t=1)=AE4(t)

residual

1—

a Blug) if (Eresidual(uia t—
C(sit) = —AE4(t)) >0,
o) otherwise
@)

Similarly, the energy costs (2(s;,.) and (3(s;,;) of executing
task s;; in the local cloudlet and remote cloud are defined as
follows.

1_ Bresidual (v t—1) = ABE (1)

a i) if (Eresidual(ui7 t—
G(sit) = —AE(t)) >0,
o) otherwise
3
and
a17 Eresidual("i::;l)*AE'r‘(t) " (Eresidual (uht B
G(sit) = —~AE,(t)) >0,
%) otherwise
)

where a > 1 is a constant which reflects the penalty strength
on the use of energy, i.e., the larger the value of a, the
energy cost of executing a task is much higher. Recall that
E,esiduai(ui, t—1) is the amount of residual energy of mobile
device u; after time slot ¢t — 1, E(u;) is the battery capacity
of u;, and %(u”_l) is the residual energy ratio of user
u; at time slot ¢ — 1. From Egs. (7), (8), and (9), it can be
seen that the value of (i(s;,) is in the range of [1,a] with
1<k<3.

B. Construction of an auxiliary graph

We assume that task processing proceeds at the beginning
of each time slot. Let ¢ be the time slot considered. For each
task arrived between time slots £ — 1 and ¢, the algorithm
needs to determine whether the task should be executed on
its own mobile device, or offloaded to the local cloudlet or
the remote cloud at time slot ¢ with an aim to maximize the
minimum residual energy ratio after 7" time slots. We approach
this problem by reducing it to a weighted maximum matching
problem in a bipartite graph G(t) = (Vi(t), Va(t), E(t))
whose construction is as follows.

We assume that there are n’ tasks in set 7(¢) = { s;, | 1 <
i < n'}, and we further assume that n’ < n. There is a

1)

1)

)



corresponding node in V4 (¢) for each task in 7 (¢), i.e., Vi (t) =
{z; | six € T(t)} and |V1(¢)| = |T(t)] = n’. Each node in
V5 (t) corresponds a possible computing facility allocation: the
local cloudlet C), the remote cloud C,., or a mobile device
for each task in Vj(t). Va(t) is constructed as follows. (i)
The remote cloud C, can be accessed by the mobile devices
through the base station BS. Thus, V2 (¢) contains n’ virtual
base station nodes with each corresponding to a task in 7 (t),
ie., VR(t) = {bs; | six € T(t)}; (ii) The local cloudlet
C) can be accessed through each local access point AP, €
AP for all h with 1 < h < H. Consider an AP), and let
rb(h,t) be the number of occupied channels of AP}, at time
slot ¢, then AP, has n, —rb(h,t) channels available to users,
i.e., there are at most n, — rb(h,t) users can access AP
at time slot . Here n, is the maximum number of mobile
users that can access an AP at the same time. Denote by
VL(t) = {apn,1,apn2, - - -, aPpny—rb(nt) | APn € AP} the
virtual Wi-Fi access points. If AP;, is within the transmission
range of a user u;, then any of nodes apy ; € VL(t) derived
from AP}, can be the access point of u; for all 1 < ¢ < n and
1 < j <ng—rb(h,t). (iii) There are n’ device nodes in Va(¢)
with each corresponding to one task in 7 (t), i.e., VM(t) =
{md; | s;s € T(t)}. Thus, Vo(t) = VR(t) UVL(t)UVM(t).
It is obvious that |Va(t)| = |[VR(t)| + |[VL(t)| + |[VM(t)| <
n4ng H+n <2n+ng - H

There is an edge in E(t) between each node in Vi(t)
corresponding to task s; ; and a node in V5 (¢) if s; ; is executed
on the node in V5 () without violating its SLA. In other words,
there is an edge between a node in V;(¢) for s;; and a virtual
node in V5(t) if the delay calculated by Eq. (1) or Eq. (2) is
no greater than its pre-defined threshold D(s; ;). The weight
associated with each edge is the energy cost defined by Eq. (7),
(8), or (9).

We here use an example to illustrate the construction of
the auxiliary graph G(t). Assume that there are two access
points AP; and AP, where AP; and AP, have one and
two channels available. We further assume that there are 5
mobile users in the system, and there are 4 task arrivals from
user 1, user 3, user 4 and user 5 at time slot ¢, respectively.
Assume that AP; and AP, are within the transmission range
of user 1 and user 4, while both AP; and AP, are within
the transmission ranges of both user 3 and user 5. We further
assume that user 5 cannot connect to AP;; otherwise, its SLA
requirement will be violated. The auxiliary bipartite graph
G(t) derived from the requests at time slot ¢ is shown by
Fig. 2.

C. Algorithm

Having the weighted bipartite graph G(t), we now detail
the algorithm for the problem. We need to find a weighted
maximum matching in G(¢) such that the weighted sum of all
matched edges is minimized. Clearly, each node in V;(¢) is
incident to a matched edge. For each matched edge (z;,y;)
with ; € Vi(t) and y; € Va(t), if y; € VR(t), this implies
task s; ¢ is to be offloaded to the remote cloud; otherwise, if
y; € VL(t), this implies that task s; ; will be offloaded to the
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Fig. 2. An example of the construction of graph G(t).

local cloudlet through the AP represented by ;. Otherwise,
the task will be executed by itself. The detailed algorithm is
described in Algorithm 1, which is referred to as A1g—MBM
for short.

Algorithm 1 Algorithm for the location-aware mobile appli-
cation offloading problem

Input: A set of mobile users {u; | 1 < i < n}, base station BS, a set of
Wi-Fi access points AP, a remote cloud C, and a local cloudlet Cj.

Output: maximize the minimum residual energy ratio among mobile devices
at each time slot ¢.

each time slot ¢ do

Let 7(¢) = {si+ | 1 <i < n'} be the set of tasks arriving between
time slot ¢ — 1 and time slot ¢ and each task is represented by a 3-tuple
consisting of its workload, location and arrival time;

3:  Construct the weighted bipartite graph G = (V4 (¢), Va(t), E(t)) for
the tasks in 7 (t);

1: for
2:

4: Finding a weighted maximum matching in G such that the weighted
sum of all matched edges is minimized;

5: Offload tasks to different computing facilities: local cloudlet, remote
cloud or mobile devise itself, using the matched edges in the maximum
matching;

6: return the minimum residual energy ratio among the mobile devices.

7: end for

Theorem 1: Given a two-tiered MCC environment, and a
given time period, a set of mobile users to offload their tasks
to the clouds, assume that users have no prior knowledge
when and where they have tasks to be executed. There is
an efficient algorithm for the mobile application offloading
problem, which takes O((n+n,H)?) = O((n+n,)?) time if
H << n, where n is the maximum number of users at each
time slot, n, is the maximum number of channels of an access
point, while H is the number of APs for accessing the local
cloudlet.

Proof: We first show that the proposed algorithm delivers
a feasible solution for all mobile users to fairly share the use of
cloud resources by contradiction. Consider two mobile users
A and B with residual energy ratios being r4(¢ — 1) and
rp(t—1) after time slot t — 1 respectively. Assume that r 4 (t —
1) < rp(t — 1) and user A has the lowest residual energy

ratio among the mobile usersAafter time slot ¢t — 1A We have
Eresidua t-D—AEF () AE;

ra(t) = 4 ’(%“(;A)) =W — o (t-1)— E(ujt)) where

x=",or,x = ‘r’,orz = ‘d’ depending on which computing

facility the task will be executed, and AEZ(t) is the amount




of energy consumed of mobile device of A at time slot ¢ when
the task is executed at computing facility z. r5(t) = rp(t —
1)— AEE(;]:};;) can be defined similarly. We assume that r4(¢) <
rp(t) when z =" and both A and B compete for the local
cloudlet while the cloudlet can only accommodate one of them
at this moment. If A succeeds, then A consumes less energy
than that of its execution in its mobile device or in the remote
cloud, and user B must offload his/her task to the remote cloud
or execute in his/her mobile device. In other words, in terms of
the matched pair of A and B in the solution, the edge weight of
A is less than that of B. Otherwise (assume that B succeeds),
this implies that there is another maximum matching in G(t)
that leads to a less weighted sum by exchanging the matched
pairs of A and B in the current maximum matching, which
contradicts that the current maximum matching is a minimum
weighted maximum matching.

We then analyze the time complexity of the proposed
algorithm. The construction of the auxiliary graph G(t) takes
O(|[VR(@)| + [VM@)| + [Vi(t)| - [VL(E)]) = O(n+n+n-
ng - H) = O(n - n, - H) time as the number of edges in
G is bounded by O(n - n, - H), and the number of nodes is
bounded by O(n + n,H), where n is the maximum number
of mobile users at any time slot, and n, is the maximum
number of channels at each access point, while H is the
number of APs in the two-tiered mobile cloud computing
environment. Finding a weighted maximum matching in G
thus takes O((3n + n, - H)?) = O((n + n,)*®) time, using
efficient weighted matching algorithms [6] as we assume that
H << n. ]

V. SIMULATION

In this section, we evaluate the performance of the proposed
algorithm through empirical simulation. We also investigate
the impact of important parameters on the algorithm perfor-
mance.

A. Simulation environment

We consider a two-tiered mobile cloud environment con-
sisting of a remote cloud, a local cloudlet, and a set of
mobile users as depicted in Fig. 1. The local cloudlet con-
sists of 8 servers, the service rate (CPU capacity) of each
server is 2.99 GHz. The service rate of the remote cloud is
5.5 GH z [8].The service rates of mobile devices are randomly
drawn in the range of [0.8,2.2] GH z, their battery capacities
are in the range of [500, 1,000] joule.

Following previous studies [3], [16], we consider a 3G
wireless network covering a 1,000 x 1,000 m? region. The
bandwidth provided by 3G is 75 Mbps [12]. There are 16
wireless access points randomly distributed in the region with
transmission radius of 250 m [14]. We adopt IEEE 802.11¢ [9]
as the protocol and standard for Wi-Fi, and thus set channel
capacity of each Wi-Fi in the range of [6Mbps, 54Mbps].
The minimum 3G bandwidth reserved to each admitted task
is 0.1Mbps for maintenance message exchange [19], while
the minimum Wi-Fi bandwidth assigned to each admitted task
is 1Mbps [9] to sustain data transmission. We vary the size
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of data related to a task in the range of [1,5] Mb as adopted
in [16]. If a mobile user offloads tasks to the local/remote
cloud, the assigned bandwidth and power consumptions in
different status are generated randomly within ranges listed
in Table. I [13].

TABLE I
BANDWIDTH AND POWER SETTINGS OF MOBILE DEVICES
Type/Status Wi-Fi 3G/4G
Bandwidth capacity [6,54] Mbps 75 Mbps
Minimum bandwidth assigned 1 Mbps 0.1 Mbps
Power consumed on idle [0.5,1] W [0.6,1.2] W
Power consumed on transmitting data [1,1.8] W [1.5,2.2] W

In our simulation environment, we adopt a mobility model,
in which mobile users travel anywhere without any specific
trajectory. We assume that each time slot lasts 5 seconds [17]
and the system monitoring period is 7' = 2,000 time slots.
For each mobile user, we assume that only a single task is
generated at each time slot, while the number of tasks of each
mobile user is randomly generated within the range of [5, 15]
for the entire monitoring period. Each value in the following
figures is the average of the results by applying the nominated
algorithm for 20 instances. Unless otherwise specified, we will
adopt these default settings in our simulations.

In our experiments the distribution of task arrival mainly
follows a Poisson process over the whole monitoring period.
In addition, we also consider the other three task patterns:
(1) uniform task arrival; (2) tasks arriving mainly during the
first half of T'; (3) tasks arriving mainly during the last half
of T'. For the sake of simplicity, we refer to these four task
patterns as Pattern I, Pattern 11, Pattern 111 and Pattern IV,
respectively. We compare the proposed algorithm Alg-MBM
against two benchmark heuristics. The first heuristic is similar
to algorithm A1g-MBM, the only difference between them is
that this heuristic uses the actual energy consumption of a user
as edge weights of the constructed bipartite graph. The second
one randomly chooses a computing facility to execute the task
while satisfying the SLA requirements of users. For simplicity,
we refer to these two benchmark algorithms as A1g—EW and
Alg—-Random.

B. Algorithm performance evaluation

We first evaluate the proposed algorithm A1g—MBM against
algorithms A1g—-EW and Alg—Random by varying the mon-
itoring period 7. Fig. 3 plots the performance curves of
the mentioned algorithms. From Fig. 3(b), we can see that
the minimum residual energy ratio of Pattern II decreases
gradually, due to the uniform arrivals of tasks. It can be seen
from Fig. 3(a), Fig. 3(c) and Fig. 3(d) that the minimum
residual energy ratio significantly decreases, because of too
many task arrivals within these time slots. In addition, it shows
from Fig. 3 that algorithm A1g—MBM outperforms its counter-
parts Alg—-EW and A1g—Random. For example, the minimum
residual energy ratio of A1g-MBM is around 10% higher than
that of A1g—-EW with Pattern I, and 35% higher than that
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of Alg—Random after 600 time slots. The minimum residual
energy ratio of A1g—MBM is around 6% higher than that of
Alg-EW under Pattern II, III, IV and 25% higher than
that of Alg-Random. The rationale behind is that algorithm
Alg-MBM takes the residual energy of each mobile device
seriously into consideration. In contrast, algorithm A1lg-MBM
just focuses on finding a maximum matching with minimum
weight (energy consumption) without considering the residual
energy of mobile devices, while algorithm Alg-Random
considers neither the total energy consumption nor the residual
energy of devices.

C. Impact of important parameters on algorithm performance

We then study the impact of different parameters on algo-
rithm performance.
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Fig. 4. The minimum residual energy ratios of algorithm Alg-MBM with
different task patterns over different monitoring periods.

Impact of task patterns: We first investigate the impact
of different task patterns on the performance of algorithm
Alg-MBM under the four different task arrival patterns. Fig. 4
depicts that the minimum residual energy ratios under Pattern
I and Pattern I11 decrease dramatically in the first half of the
monitoring period 7" and decrease slightly in the last half of 7.
In contrast, the minimum residual energy ratio under Pattern
1V decreases slightly in the first half of 7" but has a significant
decrease in the last half of 7', while the minimum residual
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Performance evaluations of different algorithms with various task patterns over different monitoring periods.

energy ratios under Pattern II reduces gradually during 7'
The arguments are similar as we did in Fig. 3.

Impact of the number of mobile users: We then evaluate
the impact of the number of mobile users on the minimum
residual energy ratio by varying the number of users from
50 to 200. Fig. 5 plots the performance curves of algorithm
Alg-MBM under different user numbers and task patterns,
from which we can see that the minimum residual energy ratio
decreases significantly with the increase of user numbers. The
reason is that the admission capacities of Wi-Fi access points
are limited, as the number of users increases, tasks of these
users tend to be processed by the remote cloud through 3G or
the mobile devices themselves rather than by the local cloudlet
though Wi-Fi APs, since the remote cloud usually has a long
delay and a low data transfer rate, and mobile devices have
limited processing abilities, more energy is thus consumed.

Impact of parameter a: We finally evaluate the impact
of the value of a on the minimum residual energy ratio by
varying a from 2 to 2°. Fig. 6 plots the performance curves
of algorithm Alg-MBM with various values of a and task
patterns over different monitoring periods, from which we can
see that the impact of different values of a on the algorithm
performance is insignificant under various task patterns in the
early stage of monitoring period 7. However, it does impact
the algorithm performance in the last half of 7". The rationale
behind is that the residual energy of each mobile device is
high in the early stage of T, in this case, the executing cost of
executing a task is approximate to 1 no matter what the value
of a is. As time goes, the residual energy of devices drops a
lot, the value of a now greatly affects the energy cost which is
approximate to a when there is no residual energy left. From
Fig. 6, we can see that there is the highest minimum residual
energy ratio when a = 27. We thus set a = 27 in our default
setting.

VI. CONCLUSION

In this paper, we considered the location-aware mobile
application offloading problem in a multi-tiered mobile cloud
computing environment. We formulated a novel online of-
floading optimization problem and developed an efficient on
line algorithms for the problem. We also conducted extensive
experiments by simulations to evaluate the performance of
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Fig. 6. The impact of values of a on the minimum residual energy ratio of algorithm A1g-MBM with various task patterns over different monitoring periods.

the proposed algorithm. Experimental results demonstrate that
the proposed algorithm is promising and outperforms other
heuristics.
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