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Abstract—As the advance of mobile devices, crowdsourcing
has been successfully applied in many scenarios by employing
distributed mobile devices to collectively monitor a diverse range
of human activities and surrounding environment. Unfortunately,
treating mobile devices as simple sensors that generate raw

sensing data may lead to low efficiency because of exces-
sive bandwidth occupation and additional computation resource
consumption. In this paper, we integrate crowdsourcing into
existing mobile cloud framework such that data acquisition and
processing can be conducted in a uniform platform. We consider
a dynamic network where mobile devices may join and leave the
network at any time. To deal with the challenges of sensing and
computation task assignment in such a dynamic environment,
we propose an online algorithm with the objective of minimizing
the total cost including sensing, processing, communication and
delay cost. Extensive simulations are conducted to demonstrate
that the proposed algorithm can significantly reduce the total
cost of crowdsourcing.

I. INTRODUCTION

Modern mobile devices, e.g., smartphones and tablets, are

equipped with a set of powerful embedded sensors, such as

accelerometer, GPS, microphone, and camera. The existence

of a huge number of such mobile devices motivates the idea

of crowdsourcing [1]–[5] that employs distributed mobile de-

vices to collectively monitor human activities and surrounding

environment, without the need of deploying thousands of

dedicated sensors. A typical process of crowdsourcing includes

three stages. First, a control center assigns sensing tasks to

mobile devices. Then, mobile devices conduct sensing tasks

individually. Finally, sensing data are sent back to the control

center for further processing.

Although crowdsourcing has succeeded in many appli-

cations, such as Nericell [6], iStockphoto [7] and VTrack

[8], it suffers from two weaknesses that would lead to low

efficiency. First, collection of raw sensing data would occupy

excessive network bandwidth. Even though cellular network

bandwidth has been significantly improved by modern cel-

lular technologies, such as 4G, it is still a kind of scarce

resource because a large number of mobile devices may submit

their sensing data simultaneously. Furthermore, crowdsourcing

applications may share the network bandwidth with other

bandwidth-hungry applications, such as video streaming [9].

Second, additional computation resources, e.g., workstations

or cloud, are needed to process the collected sensing data.

The separation of data acquisition and processing would incur

high system complexity and large latency for end users.

Mobile cloud computing is a promising paradigm by en-

abling mobile devices to work collaboratively as cloud re-

source providers [10]–[14]. In contrast to traditional mobile

cloud in which mobile devices provide only computation

resources, we integrate crowdsourcing into existing mobile

cloud such that data acquisition and processing can be con-

ducted in a uniform platform. Since the sensing data can be

processed by local mobile devices, the centralized computa-

tion resources in traditional crowdsourcing platform can be

minimized, or even completely eliminated. Furthermore, the

data size after processing may be significantly reduced to save

network bandwidth. To achieve efficient crowdsourcing on

mobile cloud, we need to deal with the following challenges.

First, mobile devices are diverse in sensing functions, storage,

and computation capability. Therefore, we need to optimize

mobile resource utilization via appropriate assigning sensing

and computation tasks among mobile devices. Second, the

mobile cloud is a dynamic system, where mobile devices may

join and leave the cloud at any time. By conquering all these

challenges, we summarize our main contributions as follows.

• First, we propose a novel platform by integrating crowd-

sourcing and mobile cloud computing, which can save

network bandwidth and reduce hardware investment.

• Second, we consider a dynamic mobile cloud environ-

ment, and propose an online algorithm to assign crowd-

sourcing jobs to mobile devices with the objective of

minimizing the total cost including sensing, computation,

communication and delay cost.

• Finally, extensive simulations are conducted to show the

advantages of our proposals.

The rest of the paper are organized as follows. Related

work is reviewed in Section II. Section III presents the system

model. An online algorithm is proposed in Section IV. Section

V presents simulation results. We conclude the paper in

Section VI.

II. RELATED WORK

Recently, mobile cloud computing has emerged as an ex-

tension of cloud computing. Luo et al. [15] have introduced

the idea of using cloud computing to enhance the capabilities
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of mobile devices. Marinelli et al. [16] have proposed Hyrax,

a mobile cloud computing that allows mobile devices to use

cloud computing platforms for data processing. Specifically,

Oberheide et al. [17] have presented a system that outsources

antivirus services from mobile devices to the cloud. Mobile

cloud has become a service model that allows mobile devices

to use the computing and storage resources provided by cloud

without complex hardware and software implementations at

mobile devices. However, offloading the mobile applications

onto the cloud would occupy excessive network bandwidth,

leading to high communication cost. Thus, a partition scheme

has emerged to offload parts of an application to cloud for

a better performance. CloneCloud [18] is a flexible applica-

tion partitioner and execution runtime in an application-level

virtual machine to seamlessly offload parts of their execution

from devices to cloud. Lei et al. [19] aim at optimizing the

partition of a data stream application between the mobile

devices and the cloud such that the application has maximum

throughout in processing the stream data. Nkosi et.al [20]

have proposed multimedia and security operations that can

be performed in the cloud, allowing mobile health service

providers to subscribe and extend the capabilities of their

mobile health applications beyond the existing mobile device

limitations.

Above work depends on resources provided by third-

party cloud computing platforms [21]–[24]. However, these

resources are not always available because of poor network

connection. To overcome this issue, a novel mobile cloud com-

puting platform using mobile devices as computing resources

has been proposed. GonzaIo et al. [10] have established a mo-

bile cloud by exploiting a collection of nearby mobile devices.

The framework takes advantages of pervasiveness of mobile

devices by allowing them to execute jobs on mobile devices.

In order to form such a mobile cloud, each mobile device

needs to contribute its own resources for data processing. Due

to a large amount of resources provided by multiple mobile

devices, resource management has emerged as a vital issue

for mobile cloud computing. Previous work [25]–[28] has

explored the resource management in traditional mobile cloud

computing. They take not only the radio resources for wireless

access but also the computing resource for data processing into

consideration. However, the resource management schemes in

the literature do not consider to integrate data acquisition and

processing as we do in this paper.

III. SYSTEM MODEL

We consider a discrete-time model for a dynamic mobile

cloud consisting of a set N(t) of mobile devices in time slot

t, as shown in Fig. 1. Each device ni ∈ N(t) can conduct at

most Si sensing tasks in each time slot due to the constraints

of sensing hardware. The computation capability of device

ni ∈ N(t) is denoted by Pi.

The crowdsourcing jobs arrive in an online manner, and

the set of jobs in time slot t is denoted by J(t) =
{j1, j2, · · · , j|J(t)|}. Each job ji arriving at time τi consists of

two sub-tasks, sensing and processing, that can be conducted

Fig. 1. The mobile cloud.

sequentially by one device or two different ones. Each job

ji ∈ J needs to consume pi computational resource units. We

assume that both sensing and processing tasks of a job can be

finished within a time slot.

To model the sensing task assignment, we define a binary

variable xk
i as follows:

xk
i =

{

1, if sensing task of job jk is assigned to ni,

0, otherwise.
(1)

At each time slot t, at most Si sensing tasks can be assigned

to device ni, i.e.,
∑

jk∈J(t)

xk
i ≤ Si, ∀ni ∈ N(t). (2)

Note that sensing and processing tasks of each job may

be conducted by different mobile devices. We define a binary

variable yki to denote whether the processing task of job jk is

assigned to device ni, i.e.,

yki =

{

1, if processing task of job jk is assigned to ni,

0, otherwise.

(3)

The set of processing tasks assigned to device ni is con-

strained by its computation capability, i.e.,

∑

jk∈J(t)

yki pk ≤ Pi, ∀ni ∈ N(t). (4)

We consider four kinds of cost in the mobile cloud: stor-

age, computation, communication and job delay, which are

elaborated as follows.

Sensing cost: We let ak denote the sensing cost of job jk,

thus the total sensing cost Csen(t) can be calculated by:

Csen(t) =
∑

jk∈J(t)

∑

ni∈N(t)

akx
k
i . (5)
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Fig. 2. The tuples of all possible assignments.

Computation cost: We let bi denote the cost of unit compu-

tation resource at ni, and the total computation cost Ccomp(t)
is:

Ccomp(t) =
∑

jk∈J(t)

∑

ni∈N(t)

bipky
k
i . (6)

Communication cost: If the sensing and processing tasks

of a job are conducted by different devices, a communication

cost is incurred because of data delivery between two devices.

Otherwise, no communication cost is incurred. We define β

to denote the communication cost of unit data, and the total

communication cost can be expressed by:

Ccomm(t) = β
∑

jk∈J(t)

i6=i′
∑

ni,ni′
∈N(t)

xk
i y

k
i′ek, (7)

where ek is the size of the sensing data.

Delay cost: The delay cost of each job ni can be calculated

by a function Fi(di−τi), where di is the finish time of job ni.

Note that the function Fi(x) is determined by the characteristic

of the job. For example, it can be defined as an exponential

function for real-time jobs. The total delay cost of jobs finished

in time t is calculated by:

Cdelay(t) =
∑

jk∈J(t)

(

Fi(t− τi)
∑

ni∈N(t)

xk
i

∑

ni∈N(t)

yki

)

. (8)

The total cost within a long time period [1, T ] can be

calculated by:

Ctotal =

T
∑

t=1

(Csen(t) + Ccomp(t) + Ccomm(t) + Cdelay(t)).

(9)

Our objective is to minimize the total cost Ctotal, which is

determined by the assignment of both sensing and processing

tasks. In the next section, we develop an efficient online

algorithm that jointly considers both data acquisition and

processing.

IV. ALGORITHM DESIGN

In this section, we design an online algorithm called JDAP

(Joint Data Acquisition and Processing) to minimize the

total cost of crowdsourcing jobs on mobile cloud by jointly

considering data acquisition and processing. Our basic idea

is to iteratively assign crowdsourcing jobs to mobile devices

to minimize the total cost in a greedy manner. The pseudo

codes of our proposed algorithm are shown in the following

Algorithm 1.

Algorithm 1 The JDAP Algorithm

Input: J(t), N(t);
Output: Job assignment in the form of xk

i and yki ;

1: Si = Si, ∀ni ∈ N(t);
2: Pi = Pi, ∀ni ∈ N(t);
3: create a set of tuples M(t) = J(t)×N(t)×N(t);
4: partition the jobs in J(t) into several subsets

{J0(t), J1(t), ...Jz(t)} according to their arriving

time;

5: for l = 0 to z do

6: for r = 1 to |Jl(t)| do

7: find a tuple 〈jk, ni, ni′〉, jk ∈ Jl(t) leading to the

minimum total cost in current step;

8: if Si − 1 ≥ 0 and Pi − pk ≥ 0 then

9: assign sensing task of job jk to node ni by letting

xk
i = 1;

10: assign processing task of job jk to node ni′ by

letting yki′ = 1;

11: Si = Si − 1;

12: Pi′ = Pi′ − pk;

13: end if

14: end for

15: end for

Our proposed online algorithm will be executed in the

beginning of each time slot. With input of current job set J(t)
and device set N(t), it generates task assignment decisions of

xk
i and yki . We maintain two variables Si and Pi to indicate

the residual sensing and processing capability of each device

ni ∈ N(t), which are initialized to be Si and Pi, respectively.

Then, we create a set of tuples M(t) = J(t)×N(t)×N(t),
each of which denotes a possible job assignment as illustrated

in Fig. 2. We partition the jobs in J(t) into several subsets

according to their lateness. For example, the jobs in J(t)
with the earliest arriving time are stored in J0(t), while the

ones coming in current time slot are maintained in Jz(t).
After that, we iteratively assign jobs to mobile cloud by

starting from set J0(t). In each iteration, we find a tuple

〈jk, ni, ni′〉, jk ∈ Jl(t) leading to the minimum total cost in

current step. If the residual sensing and processing capability is

enough to accommodate this job, we assign jk to sensing node

ni and processing node ni′ . We finish the current iteration

by updating the values of both Si and Pi. In our proposed

algorithm, the jobs arriving earlier always have higher priority

in job assignment, which could avoid large delay cost.
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Fig. 3. The number of nodes in each time slot.

V. PERFORMANCE EVALUATION

In this section, we conduct extensive simulations to evaluate

the performance of our proposed algorithm. For comparison,

we also consider other three algorithms:

• RDA (Random Data Acquisition): an algorithm that con-

siders only processing cost during job assignment.

• RDP (Random Data Processing): an algorithm that con-

siders only data acquisition cost during job assignment.

• RAND (Random algorithm): a random job assignment

algorithm.

We first consider a dynamic mobile cloud that initially

contains 50 nodes. In each time slot, there are some nodes

leaving or joining the mobile cloud, and the number of

nodes in each time slot is shown in Fig. 3. The number of

sensing tasks that can be accommodated by each node is

randomly specified as a uniform distribution between 4 and 8,

and computational resources are randomly distributed within

[5, 10]. We consider a total number of 50 jobs that arrive

in an online manner, and the results of all algorithms are

shown in Fig. 4. Although the overall cost of all algorithms

increases as time progresses, our proposed JDAP algorithm

always outperforms other algorithms, and their performance

gap becomes larger. For example, the RAND algorithm incurs

1.66 times more cost than JDAP at the 15-th time slot.

We then study the influence of sensing capability of mobile

devices on the total cost. We consider a similar dynamic

mobile cloud and a set of online jobs with the previous sim-

ulation. The sensing capability of mobile devices is randomly

specified according to a uniform distribution. We show the

results under three sensing capability ranges, [2,6], [6,10] and

[10,14], in Fig. 5. All results are averaged over 50 random

network instances. As sensing capability increases, the overall

cost of all algorithms decreases because more jobs can be

conducted by the mobile cloud in each time slot, leading to a

reduced delay cost. Moreover, the advantages of our proposed
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algorithm are more obvious under larger sensing capability

due to its joint consideration of both data acquisition and

processing.

Finally, we investigate the performance of our proposed al-

gorithm under different processing capability that is uniformly

distributed within three ranges: [3,7], [7-11], and [11-15]. As

shown in Fig. 6, the performance of all algorithms improves as

the growth of processing capability because of a similar reason

in last set of simulations. Furthermore, our proposed algorithm

JDAP outperforms other algorithms under all settings.

VI. CONCLUSION

In this paper we propose to integrate crowdsourcing into

mobile cloud. Without offloading the applications to the cloud,

the mobile cloud can use the resources provided by multiple

mobile devices to complete the applications. We design an
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online algorithm to determine the assignment of data acquisi-

tion and processing tasks with the objective of minimizing the

overall cost including sensing, computation, communication

and delay. Finally, we conduct extensive simulations to show

that our proposals outperform other algorithms based on

random assignment.
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