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Abstract—Multimedia crowdsourcing possesses a huge poten-
tial to actualize many new applications that are expected to yield
tremendous benefits in diverse fields including environment mon-
itoring, emergency rescues during natural catastrophes, online
education, sports and entertainment. Nonetheless, multimedia
crowdsourcing unfolds new challenges such as big data acquisi-
tion and processing, more stringent QoS requirements, and het-
erogeneity of crowdsensors. Consequently, incentive mechanisms
specifically tailored to multimedia crowdsourcing applications
need to be developed to fully utilitze the potential of multimedia
crowdsourcing. In this paper, we design an optimal incentive
mechanism for the smartphone contributors to participate in a
cloud-enabled multimedia crowdsourcing scheme. We establish a
condition that determines whether the smartphones are eligible to
participate, and provide a close form expression for the optimal
duration of service from the contributors, for a given reward
from the crowdsourcer. Consequently, we derive the conditions
for existence of an optimal reward for the contributors from the
crowdsourcer, and prove its uniqueness. We numerically illustrate
the performance of our model considering logarithmic and linear
cost functions for the cloud resources. The similarity of the results
for different cost models corroborate the validity of our model
and the results, whereas the difference in the magnitudes suggest
that the strategy of the crowdsourcer as well as the strategies of
the smartphone participants considerably depend on the cloud
cost model.

I. INTRODUCTION

Crowdsourcing [1], a practice of obtaining the needed data
or other services by soliciting contributions form the crowd,
has emerged as a method for distributed problem solving
through participatory contributions from individuals. The po-
tential of crowdsourcing has been extensively studied, e.g., for
intelligent public transportation [2], vehicular communication
[3], sensing the community health state [4], shop profiling [5],
big data and homeland security[6] and recommender systems
for social networking [7].

With the rapid proliferation of advanced mobile devices
such as smartphones and tablets, they have become a pervasive
platform for participatory sensing. Today, an average smart-
phone is typically equipped with a rich set of sensors, such
as a microphone, a camera, an accelerometer and a GPS. As
smartphones have seen advanced technology, design and func-
tionalities, they can reveal the full potential of crowdsourcing
through users’ contribution to complex and novel problem
solving for diverse applications including multimedia. Several
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existing works have investigated applications focussing specif-
ically on smartphones based crowdsensing, e.g., [8], [9], [10],
[11].

A crowdsourcer is the entity that needs data or service(s),
and that recruits the participants to provide it the data or
the service(s). Individuals that sense, collect, and/or analyze,
and share the data, or provide the service, are called the
crowdsensors. Crowdsensing is the process whereby individu-
als and communities make use of their devices such as smart
phones and tablets for getting the required data or the tasks
completed. Participatory sensing is closely related to mobile
crowdsensing. In participatory sensing, individuals are actively
involved in sharing their sensor data. Mobile crowdsensing is
an evolution of participatory sensing but mobile crowdsensing
may involve both implicit and explicit participation, thereby
mobile crowdsourcing can involve collecting data from both
mobile sensing and mobile social networks [12], [13], [14]. For
the smartphone crowd that generates and sends the multimedia
data to the crowdsourcer, various terms such as crowdsensors
and contributors are commonly used. In this paper, we use
the term contributor, to represent the sources that generate
multimedia for the crowdsourcer.

Multimedia such as image, audio and video, is an increas-
ingly significant source of sensory observations and infor-
mation about activities, incidents and the environment. The
immense growth in the popularity of video streaming appli-
cations such as Youtube[15] over the Internet [16] indicates
the possible increased use of multimedia traffic in future net-
works. Multimedia crowdsourcing possesses a huge potential
to actualize many new applications that are expected to yield
tremendous benefits in diverse fields including environment
monitoring, online education, social networking, sports and
entertainment and emergency rescues during and after natural
disasters. For instance, multimedia crowdsourcing for forest
monitoring can reveal details that usual sensor measurements
can not, e.g., in the case of fire in the forest, the number of
people trapped in a particular side or area, and other details.
RapidShare, a file hosting system where anyone could upload
and distribute files including those with multimedia, was once
amongst the top 20 most visited websites [17]. In addition to
entertainment, YouTube is a great platform for teaching diverse
skills and techniques online. Similarly, facebook [18], has
become an extremely popular medium for sharing information
including multimedia for the purpose of educating people
(informal) and also during emergencies.

More recently, entertainment and sports oriented multimedia
streaming applications such as Netflix [19] and online gaming
applications e.g., [20], have earned immense popularity, and
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created terrific business opportunities. Such video stream-
ing platforms have opened interfaces for crowdsourced live
streaming, and have been extremely successful, especially for
entertainment and sports online broadcasting, e.g., [20], [21].
This kind of trend has sparked great interest in multimedia
crowdsourcing. For instance, Twitch TV [22], the world’s
leading video platform and community for gamers, is an
example of crowdsourcing based live streaming.

Multimedia applications are resource hungry in terms of
storage, processing as well as bandwidth resources. Even
though mobile devices get lighter and thinner, their computa-
tional and storage capabilities can hardly keep up with users’
growing demands for a media-rich experience. The emerging
cloud-computing technology [23] offers new opportunities
for multimedia applications and services, as it can reduce
the cost of deploying and operating multimedia networks.
Under the cloud-computing paradigm, system resources can be
dynamically allocated to meet demands in real-time, and the
users of cloud resources/services are charged according to the
pay-as-you-go principle. Motivated by such considerations and
developments, we propose a new cloud enabled mobile multi-
media crowdsourcing framework. In such a framework, we are
particularly interested in media contents generated by mobile
devices (e.g., smartphones or tablets). In the context of a
mobile multimedia cloud, computing resources in data centers
can be instantiated into virtual machines, whose capacity can
be dynamically configured for specific computation-intensive
media processing tasks such as encoding, decoding, transcod-
ing and rendering. Thereby, such tasks can be offloaded from
the resource-limited mobile devices to virtual machines in the
cloud [24], [25] thus making algorithms previously considered
infeasible on mobile devices, feasible and practical.

Even so, multimedia crowdsourcing presents overwhelm-
ing technical challenges. For collective content production,
massive server capacity is necessary to deal with online
video synchronization, processing, and transcoding for highly
heterogeneous video contributors and consumers. For instance,
the Twitch TV [22] platform attracts over 44 million visitors
per month, and every second its servers are loaded with
thousands of live channels [26]. The distributed and highly
dynamic sources of multimedia, as well as more stringent
multimedia-QoS constraints, make the problem more chal-
lenging. In addition, heterogeneity of the multimedia sources
may influence various aspects. For instance, the features
and specifications of the multimedia sources, such as energy
consumption rate and camera resolution are responsible for
both the cost of multimedia generation and the quality of the
multimedia content. What is more, the heterogeneity may also
have an impact on the resources required for data acquisition,
storage, processing and transmission, and consequently the
quality of information that the crowdsourcer obtains. As a
result, the resource requirements for the same image or for the
same duration of video taken by different devices may vary.
Thereby, crowdsourcing based multimedia applications indeed
introduce some new and unique challenges, and essentially
demand new solutions that jointly consider incentive design
for the multimedia contributors, gain of the crowdsourcer and
resource management for the multimedia cloud.

We model the dynamic strategies of the crowdsourcer and
the contributors as a utility maximization problem by jointly
considering the advantages offered by cloud based resource
management, and the challenges arising from multimedia
constraints and cloud capacity constraints. Such a study is
of paramount importance for several reasons. First: our work
is one of the first to jointly consider the multimedia con-
straints and the cloud resource management constraints in
a crowdsourcing framework. Consequently, we attempt to
reasonably model the cost incurred to the crowdsourcer for
streaming the multimedia contents from the contributors, and
integrate it in the crowdsourcing framework, which makes our
analysis more comprehensive, and practical. Second: We also
integrate heterogeneity of the contributors in terms of their cost
and quality factors for the multimedia they generate. More-
over, our model is quite different from the traditional cloud
based multimedia streaming frameworks, where smartphones
or other devices stream the multimedia from the cloud. While
our model might be slightly unconventional in this regard,
we stress that our cloud enabled crowdsourcing framework
demands this modified perception in the system structure of
multimedia streaming.

To this end, we keep multimedia and cloud resource con-
straints, our cloud cost model, and the utilities of the crowd-
sourcer and the contributors, in quite generic forms without
limiting them to specific tasks and applications. Subsequently,
our model and analysis can be applicable to capture the
essence of several big data based applications. For instance,
apart from live streaming and sports news and updates, multi-
media crowdsourcing for tasks such as forest monitoring, safer
navigation of vehicles/ships, post natural catastrophe rescues
etc., are some of the possible applications, which can deliver
tremendous benefits to people and the society.

Our main contributions in this paper are as follows.

• We introduce a new concept of cloud-enabled multimedia
crowdsourcing, and model the interactions between the
crowdsourcer and the contributors as a utility maximiza-
tion problem.

• We jointly consider multimedia constraints and cloud
resource constraints. Moreover, we incorporate hetero-
geneity of the multimedia contributors to reflect the
characteristic features of a real crowdsourcing scenario.

• We derive conditions (i) for the eligibility of the smart-
phones to participate and (ii) for the existence and unique-
ness of the optimal solutions.

The remainder of the paper is organized as follows. We
review the state of the art literature and place our work in
the context in Section II. In Section III, we first provide a
brief background on multimedia cloud, and then introduce
our multimedia crowdsourcing system model. We define the
utility functions for the contributors and the crowdsourcer in
Section IV-A, introduce cloud resource and multimedia QoS
contraints in Section IV-B, and consequently develop a cost
model for the crowdsourcer, for using the cloud resources in
Section IV-C. In Section IV-D, we formulate the multimedia
crowdsourcing utility maximization problem, and present an
algorithm to implement our scheme. To illustrate our model,
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we provide numerical results and discussion in Section V.
Section VI concludes the paper.

II. LITERATURE REVIEW

Conventional crowdsourcing applications have been exten-
sively studied, e.g., [2], [3], [4], [5], [6]. With the rapid
development and proliferation of advanced mobile devices
such as smartphones and tablets, they have become a pervasive
platform for participatory sensing and thus crowdsourcing.
Consequently, several existing works have investigated appli-
cations focussing specifically on smartphones based crowd-
sensing, e.g., [8], [9], [10], [11].

Some studies have investigated the economic interactions
among the contributors in a mobile crowdsourcing market e.g.,
[27], [28]. In [27] the contributors compete for a fixed reward
from the crowdsourcer, by selecting the optimal number of
time units to serve. In [28], the authors modeled the compet-
itive selection process of contributors as a congestion game,
maximizing the number of satisfied mobile devices, while also
addressing the data redundancy issues of the crowdsourcer. In
[10], the authors advocated the adoption of smartphones as a
computing and networking platform for mobile crowdsourc-
ing applications, highlighting those positive aspects that are
specific to network monitoring scenarios.

An overview of various mobile crowdsensing applications
is presented in [29]. The authors also discuss the unique
characteristics of such applications that differentiate them from
conventional sensor networks, and elaborate on the possible
opportunities that such applications may provide, and illustrate
the associated research challenges. The authors in [30] intro-
duced a mobile crowdsourced sensing scenario where the con-
tributors arrive randomly in an online manner, and proposed
two online auction mechanisms that satisfy truthfulness and
computational efficiency among others. In [31], the authors
addressed the problem of ensuring truthfulness of the auction
between the crowdsourcer(s) and the smartphones, while also
integrating the dynamic nature of the smartphones.

The authors in [32] introduce a new perspective to mo-
bile crowdsourced sensing applications, by incorporating the
human mobility factor. The authors envision that human
mobility offers unprecedented opportunities for both sensing,
coverage and data transmission, and argue that identifying the
users’ contexts, mobility and social properties is important
for optimizing the performance of such applications. Another
work that incorporates the social aspect of the participants for
mobile crowdsourcing applications is [33]. The authors in [33]
exploit the social attributes of the participants, and propose a
social aware and reputation management based scheme for the
optimal selection of the participants. Our work in this paper
differs from literature such as [28] - [33] as we introduce
the concept of mobile multimedia crowdsourcing, which is a
new problem that represents both great opportunities from the
cloud infrastructure, and overwhelming challenges for cloud
resource management and for guaranteeing multimedia QoS
requirements.

One of the first studies to investigate the potentials of big
data for crowdsensing and crowdsourcing is [34]. The paper

also presents constraints and challenges of creating, collecting
and analyzing big data, and acting based on the analysis.
In [35], the authors have presented various techniques and
architectures to best utilize the cloud resources in the context
of multimedia cloud computing from media-cloud and cloud-
media perspectives. A thorough survey of the cloud computing
based applications, related challenges and the future potentials
can be found in [36]. We note that the focus in most of the
related (mobile) cloud computing studies is the techniques or
algorithms for cloud resource optimization. On the contrary,
our main focus is to model the dynamics of the crowdsourcer
and the smartphones through their economic interactions,
where the cloud is an enabler.

We observe that there are few recent articles on crowd-
sourced live streaming e.g., [37], [26]. In [37], the authors
propose a scalable hybrid cloud architecture called Gigasight
that makes use of the decentralized cloud computing infras-
tructure (cloudlets). In [26], the authors identify the potential
benefits as well as the key challenges when crowdsourced
videos meet the cloud, based on real-world measurements.
The authors developed a generic framework to facilitate a
cost-effective cloud services for crowdsourced live stream-
ing to accomodate geo-distributed video crowdsourcers. Our
work differs in the sense that we focus on the economic
interactions when multimedia crowdsourcing meets the cloud.
Nevertheless, we integrate both multimedia constraints and
cloud resource allocation constraints in the form of the cost of
the cloud resources. In addition, as our cloud and multimedia
constraints are more generic and not limited to a particular
application, thus our framework and problem formulation can
be useful for a wide range of applications.

III. PRELIMINARIES AND SYSTEM MODEL

A. The Multimedia Cloud: Background

The cloud is an integral component of our multimedia
crowdsourcing framework. In a general purpose cloud, a
utility-like mechanism is deployed to allocate the comput-
ing/processing and storage resources, which is effective for
general data services. However, for multimedia applications,
simultaneous bursts of multimedia data access, processing, and
transmissions in the cloud may create a bottleneck in a general-
purpose cloud. Therefore, using a general-purpose cloud to
deal with multimedia services may suffer from unacceptable
media quality of service (QoS). The main constraints come
from the stringent requirements on the multimedia streaming,
such as end-to-end latency and jitter requirements, packet
loss requirements, and buffering and streaming speed, which
may be greatly affected by network heterogeneity and device
heterogeneity.

Multimedia cloud service providers pull together a pool
of shared ICT resources, including processing, storage, and
bandwidth resources, and allocate them elastically to various
media-related tasks according to their real-time application
demands. Computing capacity could come from a diverse
set of resources, for instance, data centers that house a fleet
of general-purpose blade servers and CPU/GPU arrays that
are dedicated for multimedia processing tasks like image
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segmentation, feature extraction and video coding [38], [39].
These computation facilities can utilize super-sized storage
distributed across different locations that can be requested on
demand [35].

In our framework, the multimedia cloud is an enabler of
the multimedia crowdsourcing paradigm. We consider that
the cloud implements efficient techniques and algorithms for
allocating and reconfiguring the cloud resources in an elastic
manner to complete tasks in multimedia networks such as
multimedia processing, distribution, rendering and analytics,
among others, and is not directly involved as a player in the
incentive design process. Instead, our major focus in this paper
is on the economic interactions among the contributors, and
between them and the crowdsourcer.

B. Multimedia Crowdsourcing: System Model

Fig. 1 depicts the big picture of our framework. The multi-
media cloud houses resources such as huge amount of storage
and powerful processing units like CPU and GPU. The crowd-
sourcer streams the multimedia information through the cloud.
Fig. 2 illustrates the interactions between the crowdsourcer
and the contributors. The crowdsourcer broadcasts the task
description and its requirements e.g., the minimum required
resolution of the camera. Based on the eligible contributors,
the crowdsourcer computes and announces a total reward for
them. Correspondingly, the contributors compute their optimal
duration of participation i.e., the time duration for multimedia
generation. When, the contributors upload the multimedia
contents to the cloud, the crowdsourcer pays them for their
service, and streams the contents.

The overall objective of this framework is to maximize
the utility of both the crowdsourcer and the contributors.
Therefore, both crowdsourcers and contributors need to adapt
their behaviors in order to approach their respective goals. The
crowdsourcer chooses an optimal reward to maximize its own
utility, taking into consideration the outcome of the competi-
tion among the contributors. The contributors also choose their
optimal strategies according to the reward announced by the
crowdsourcer.

Smart	  phone	  contributors

Crowdsourcer

…..

Multimedia	  
(Image,	  audio,	  video)

Multimedia

Multimedia
cloud

Storage

CPU GPU

Fig. 1. A typical representation of a cloud-enabled multimedia crowdsourcing
framework

There are several characteristic features of our framework
and model that we would like to emphasize.

Contributors	  

…..	  

Crowdsourcer	  

Reward	  announcement	  

Mul4media	  content	  

Task	  descrip4on/requirements	  

Registra4on	  of	  eligible	  par4cipants	  

Payment	  

Fig. 2. Communication between the mobile devices and the crowdsourcer

First, in our model, the smartphones are the creators of the
multimedia content, and the crowdsourcer is the end-user. In
this regard, our model is quite different from the traditional
cloud based multimedia streaming frameworks such as in
[26] and [40], where smartphones or other devices stream the
multimedia from dedicated servers that have huge storage and
powerful processing resources. While our model might look
rather unconventional, we stress that our cloud enabled crowd-
sourcing framework demands this modified perception in the
system structure of multimedia streaming. Thus our system
model is practical, and is expected to be useful in a wide range
of multimedia crowdsourcing applications. Second, apart from
the constraints dictated by multimedia storage, processing and
transmission requirements, we incorporate heterogeneity of the
contributors, specifically tailored to multimedia crowdsourcing
oriented applications, which plays an important role in the
strategies of both the crowdsourcer and the contributors.

IV. OPTIMAL INCENTIVE MECHANISM: PROBLEM
FORMULATION

We consider the set of smartphones N :=
{1, 2, . . . , j, . . . , N} interested in creating multimedia
content for the crowdsourcer. The interactions between the
crowdsourcer and the mobile devices essentially consists of
two stages: In the first stage, the crowdsourcer announces its
strategy, i.e., the total reward R > 0 for the contributors; in
the second stage, each contributor chooses the duration of its
service, i.e., tj for smart phone j, in order to maximize its
own payoff.

Let qj represent the value of the video taken by contributor
j to the crowdsourcer. Clearly, qj depends on the camera
resolution and other features or settings, which we assume,
is given, for a particular smartphone. For instance, qj may
represent a combination of the resolution, frame rate and/or
shutter speed. The cost for contributor j is kjtj , where kj
is the unit cost factor, that may reflect among others, the
energy consumption rate or the battery depletion rate of
the smarphone. Note that the total time of service from a
contributor can be just for one task, or it can be for multiple
tasks at different times.

A. Utility Functions

As qj is given, it is reasonable to consider that the reward
received by contributor j is proportional to tj . Then the utility
of user j is the difference between the reward it gets and the
cost for creating the multimedia content, i.e.,

uj :=
qjtj∑
i∈N qiti

R− tjkj . (1)
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The utility function (1) can be related to the definition of a
contributor’s utility in [27], thus ensuring that our definition
of the terms are inline with a widely accepted practice.
Nonetheless, in [27], the authors design incentive mechanism
for smartphone crowdsensing, while our scenario as well as
our formulation are driven by the multimedia contents, the
cloud constraints and the joint modelling.

As each user seeks to maximize its own utility, it should
satisfy the Individual Rationality (IR) property, i.e., the mul-
timedia crowdsourcing scheme should ensure that each con-
tributor can obtain a non-negative utility, which will be the
case when R ≥ kj

qj

∑
i∈N\j qiti,∀j ∈ N . Thus the user-side

optimization problem can be formulated for user j as

max
tj

uj(tj) (2)

s.t. , R ≥ kj
qj

∑
i∈N\j

qiti.

We deploy the following utility function for the crowdsourcer

UCS = α ln

1 +
∑
j∈N

ln(1 + qjtj)

−R, (3)

where α > 1 is a parameter specific to the crowdsourcer.
The ln(1 + qjtj) term reflects the crowdsourcer’s diminishing
return on the service of contributor j, and the outer log term
reflects the crowdsourcer’s diminishing return on the number
of participants. This kind of utility function has been widely
accepted to represent the payoff of a crowdsourcer, e.g., [27].

B. Media and Cloud constraints

While the mobile devices are the sources of the multimedia,
the multimedia is stored, processed and is transmitted through
the cloud infrastructure. Let r, σ represent the link bandwidth
and the total storage and processing resources, respectively,
required by the cloud for storage, processing and transmission
of the multimedia from the smartphones to the crowdsourcer.
Let rCS,max, σCS,max be the maximum bandwidth and storage
resources the cloud can leverage. Then, the capacity con-
straints for the cloud resources can be expressed in a relatively
generic form as {

r ≤ rCS,max,
σ ≤ σCS,max.

(4)

To formulate the QoS, it is important to figure out a suitable
QoS metric for multimedia crowdsourcing based applications,
which certainly depends on the particular application and its
requirements.

Usually, for multimedia, the metrics include end-to-end
latency and/or jitter constraints, and reliability requirements
such as packet drop/loss rate, so that the quality of presentation
is acceptable under diverse network conditions and resource
constraints. Specifically, for video, the QoS metrics such as
end-to-end latency and jitter are important. For real time and
online streaming applications, the requirement on the end-to-
end latency might be strict. When humans interact with video
in a live video conference or when playing a game, latency

lower than 100 ms is considered acceptable [41]. For mul-
timedia crowdsourcing based (almost) real-time surveillance
and monitoring applications, the end-to-end latency within a
few seconds is expected to be tolerable. Jitter is an important
measure of video content, as it mainly affects the quality of
presentation [42]. Even for images, jitter can be an important
quality of experience measure especially for big data oriented
monitoring and control applications such as forest monitoring.

We therefore consider that the most stringent QoS contraint
for multimedia crowdsourcing is related to jitter, which can
be expressed as

∆j ≤ ∆max. ∀j ∈ N , (5)

where ∆j ,∆max are the jitter in the multimedia from contrib-
utor j, and the maximum allowed jitter threshold as required
by the crowdsourcer for a particular application, respectively.
The objective of the crowdsourcer can therefore be expressed
as

max
R

;UCS = α ln

1 +
∑
j∈N

ln(1 + qjtj)

−R : (6)

s.t. (4), (5).

C. Cost of the Cloud Resources

Complex optimization methods and algorithms are deployed
to optimal provisioning of the cloud resources. Nonetheless,
for the end-users the cloud is simply a service provider,
providing its infrastructure as a service for dynamic and elastic
resource allocation to meet their demands on a pay-as-you-go
principle. The resource optimization techniques and algorithms
used for cloud resource management are not transparent to the
end-users. As a result, from the end-user’s perspective, which
is the crowdsourcer in our framework, what is important,
is the cost function that governs the cost that it has to
pay for using the cloud infrastructure/resources as a service.
Defining a function for the cloud cost Ccl(.) is a complex task.
Interestingly, however, the cost function can be characterised
with some generic features that hold the essential elements of
charging the end-users, which will be useful in modelling our
cloud-enabled multimedia crowdsourcing framework.

From the cloud perspective, the usage of the cloud resources
should be within the maximum capacity that the cloud infras-
tructure can provide to ensure the capacity constraints such as
(4), while still meeting the QoS requirements e.g., (5). Math-
ematically, the cloud can deploy two alternative formulations
for resource management to meet these constraints [36]:

1) bounded capacity constraint, in which the resource usage
is strictly less than a predetermined threshold, and

2) penalized capacity constraint, in which the resource
usage can be larger than a predetermined threshold, but a
penalty function is associated with the over-provisioned
capacity.
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We therefore, consider that the cloud resources can ensure that
the constraints (4) and (5) can be met, at a certain cost. The
utility of the crowdsourcer (3) can thus be modified as

UCS = α ln

1 +
∑
j∈N

ln(1 + qjtj)

− (R+ βCcl) , (7)

where β is a scaling factor.
Let us take a look at some characteristic details from the

perspective of cloud resource management for multimedia.
The cloud deployment cost consists of two major components:

1) server cost due to the total storage and processing
capability of a server; and

2) link cost due to the bandwidth reserved and data trans-
mitted between pairs of servers.

For efficient cloud resource management, if the storage cost
is relatively low, for instance, then increasing the storage
capacity may lead to lower overall cost. Similarly, if the
link bandwidth cost is relatively low, server collaboration and
hence purchasing more link capacity may lead to cheaper
deployment cost.

Let Em, Pm, Bm denote the total storage capacity and the
processing capacity of server m, and the total bit rate that
server m can serve other servers, respectively. Let us represent
the link bandwidth reserved for the directed traffic from server
m to server n by rmn , and the actual data transferred through
the link by Dmn. For any remote server m ∈ S, the cost of a
server cS,m, and the link cost due to the directed traffic from
server m to server n, i.e., cL,mn can be represented as{

cS,m = fcS,m(Bm, Pm),∀m ∈ S,
cL,mn = fcL,mn(Dmn, rmn),∀m,n ∈ S.. (8)

where fcS,m is a monotonically non-decreasing function in Em,
Pm and Bm, and fcL,mn is a monotonically non-decreasing
function in rmn and/or Dmn. Let dS,m, dL,mn be the delay
due to the upload streaming of server m to support video
requests from other servers, and the delay due to the directed
traffic from server m to server n, respectively. Then, dS,m,
dL,mn can be written as{

dS,m = fdS,m(Bm, Pm),∀m ∈ S,
dL,mn = fdL,mn(Dmn, rmn),∀m,n ∈ S.. (9)

where fdS,m is is a monotonically non-decreasing function in
Bm and monotonically non-increasing function in Pm, and
fdL,mn is a monotonically non-decreasing function in Pmn and
monotonically non-increasing function in rmn. Let D be the
upper bound of the total delay to retrieve the multimedia from
other servers. Then, to meet the QoS requirement (5), it is
required that

dS,m + dL,mn ≤ D,∀m,n ∈ S. (10)

The total cloud deployment cost Ccl can be expressed as

Ccl(.) =
∑
m∈S

cS,m +
∑

m,n∈S
cL,mn. (11)

For a given topology, delay upper bound, video streaming
demand, the cost functions fcS,m, f

c
L,mn and the delay functions

fDS,m, f
D
L,mn, resources are dynamically and elastically assigned

in the cloud to minimize the total deployment cost. From
the crowdsourcer’s perspective, given the cost functions, delay
functions, jitter requirements, and the cloud resource allocation
techniques and algorithms, the cloud cost depends on the
amount of multimedia the end-user streams i.e.,

∑
i∈Ns

qiti.
To this end, Ccl (.) can be more specifically represented
as a continuous non-decreasing function of

∑
i∈Ns

qiti in
our model. Now, the utility of the crowdsourcer (7) can be
expressed as

UCS = α ln

(
1 +

∑
i∈Ns

ln(1 + qiti)

)
−R−βCcl

(∑
i∈Ns

qiti

)
.

(12)

D. Crowdsourcing Utility Maximization: Problem Formula-
tion

For given qj for contributor j, differentiating (1) w.r.t. tj ,
we get

∂uj
∂tj

=
qjR∑
i∈N qiti

(
− qjtj∑

i∈N qiti
+ 1

)
− kj (13)

Differentiating (13) further w.r.t. tj , we obtain

∂2uj
∂t2j

= −
2q2jR

∑
i∈N\j qiti(∑

i∈N qiti
)3 . (14)

(14) implies that ∂
2uj

∂t2j
< 0, i.e., the utilities of the contributors

are strictly concave in tj , i.e., for any reward R > 0 and
for given strategies of other users t−j , the optimal response
strategy of user j is unique if it exists. Clearly, we are
interested only in the cases when

∑
i∈N\j ti > 0. Now, using

∂uj

∂tj
= 0, and after simplification we can obtain the only

possible solution for tj as

tj = −
∑
i∈N\j qiti

qj
+

√
R
∑
i∈N\j qiti

kjqj
. (15)

From (15), it is clear that tj > 0 if

R >
kj
qj

∑
i∈N\j

qiti,∀j ∈ N , (16)

which is the IR constraint defined in (2). Thus the optimal
solution for smartphone j, i.e., t∗j for given R can be obtained
as

t∗j =


−

∑
i∈N\j qiti

qj
+

√
R

∑
i∈N\j qiti

kjqj
,

if R >
kj
qj

∑
i∈N\j qiti,∀j ∈ N ,

0 Otherwise.

(17)

Clearly, only those smartphones that satisfy (16) can partitic-
ipate in the crowdsourcing incentive design process. Now, let
us represent the set of the eligible smartphones, as Ns, such
that Ns ⊆ N , and Ns = |Ns|. For the contributors, we can
write tj as

tj = −
∑
i∈Ns\j qiti

qj
+

√
R
∑
i∈Ns\j qiti

kjqj
.
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Moving the first term from the RHS to the LHS gives

tj +

∑
i∈Ns\j qiti

qj
=

√
R
∑
i∈Ns\j qiti

kjqj
.

After simplifying the above equation, we get∑
i∈Ns

qiti

qj
=

√
R
∑
i∈Ns\j qiti

kjqj
.

Squaring both sides and after simplification we can obtain(∑
i∈Ns

qiti

)2

= R
qj
kj

∑
i∈Ns\j

qiti,∀i, j ∈ Ns. (18)

Now equating the RHSs of (17) for j = 1, 2, . . . Ns,
i.e., using q1

k1

∑
i∈Ns\1 qiti = q2

k2

∑
i∈Ns\2 qiti = . . . =

qNs

kNs

∑
i∈Ns\Ns

qiti, ti,∀i ∈ Ns \ j can be expressed in terms
of tj . Then, substituting ti,∀i ∈ Ns = f(tj) in (17), we can
obtain tj in the closed form for given R, as

tj = (Ns−1)R
(
∑

i∈Ns
ki

∏
m∈Ns\i qm)

2( ∑
i∈Ns

ki
∏

m∈Ns\i
qm − (Ns − 1)kj

∏
m∈Ns\j

qm

)
. (19)

∀j ∈ Ns. From (19), it can be seen that (16), can be
equivalently expressed in a closed form as

kj <

∑
i∈Ns\j ki

∏
m∈Ns\i qm

(Ns − 2)
∏
m∈Ns\j qm

,∀j ∈ N , (20)

which implies that a smartphone can participate in the multi-
media crowdsourcing process if its cost factor kj is less than
a certain threshold, advised by the RHS of (20).

Remark 1. As the contributors are interested in higher utili-
ties, a concern about their truthfulness is natural. In our model
however, the contributors do not actively bid. Instead, they
register or report their parameters such as qj and kj to the
crowdsourcer. Interestingly, in our model, the crowdsourcer
pays to the contributors only after streaming the multimedia
content from them, which eliminates the possibility of the
contributors registering false values of qj . Regarding kj , it may
appear that the contributors can cheat by registering a higher
value. This however, will not be the case. If, kj increases,
there is a risk of violating (20), which will simply render the
user ineligible to participate. As each interested user has the
information only about its own parameters and does not know
ki, kj , qm, Ns to compute the RHS of (20), it is not possible
for a user to report a higher value of kj while still satisfying
(20). Similarly, if the contributor registers its kj smaller than
the actual value, it will end up serving longer while getting
paid less, which is certainly not desirable to the contributors.
Thus, the best in the interest of the contributors is to register
the true values of their parameters.

We defined a cost function for the use of the cloud resources
in Section IV-C. As our assumptions on deriving the cost
function Ccl

(∑
i∈Ns

qiti
)

are quite generic, it can be highly
relevant for general multimedia crowdsourcing based frame-
works. Consequently, we believe that such a generic model can

be employed for many cloud enabled applications and services.
This establishment can be well related to the results in the
literature. For instance, the simulation results in [35], obtained
by running parallel photosynthing code in an HPC cluster with
nine servers, demonstrate that the time taken for tasks such
as image conversion, feature extraction and image matching,
all decrease proportionally with increased number of servers,
for the cases of both 200 and 400 images. The gain in the
required time to execute the image processing tasks certainly
come from the additional server cost, which can be associated
with the server cost cS,m in (8). On a similar note, the link
costs offered by the Google Cloud [43], remarkably suggest
that the costs charged to the users increase as the amount of
data used per month increases. Such data further supports the
relevance of employing a continuous non-decreasing function
w.r.t. the total amount of data to represent the cost for
the use of the cloud resources. Some relevant examples of
the function Ccl(.) can be logarithmic: ln(1 +

∑
i∈Ns

qiti),

sigmoidal:
∑

i∈Ns
qiti√

1+(
∑

i∈Ns
qiti)

2
for

∑
i∈Ns

qiti ≥ 0, and even

linear: γ0 + γ
(∑

i∈Ns
qiti
)
, where γ, γ0 are the slope and

the intercepts, respectively, for the linear cost function. For
the bounded capacity constraint based formulations, Ccl(.)
can be considered at most linear in

∑
i∈Ns

qiti. For the
penalized capacity constraint based formulations, Ccl(.) can
be of higher order in

∑
i∈Ns

qiti, such as quadratic or cubic
for the overprovisioned capacity.

Theorem 1. Unique optimal solutions exist for both the
duration of service from the contributors, and the reward to
the contributors from the crowdsourcer, provided

α

(∑
i∈Ns

(
qiSi

1+qiSiR

)2
T +

(∑
i∈Ns

qiSi

1+qiSiR

)2)
> βT 2C

′′

cl

(
R
∑
i∈Ns

qiSi
)

. (21)

Proof. Substituting tj from (19) in (12), we get.

UCS = α ln
(
1 +

∑
i∈Ns

ln(1 + qiSiR)
)

−R− βCcl

(
R
∑
i∈Ns

qiSi
)
. (22)

where
Si = Ns−1

(
∑

i∈Ns
ki

∏
m∈Ns\i qm)

2(∑
i∈Ns

ki
∏
m∈Ns\i qm − (Ns − 1)kj

∏
m∈Ns\j qm

)
.

(23)
Taking the first first derivative of (12), we get

∂UCS

∂R
=
α

T

(∑
i∈Ns

qiSi
1 + qiSiR

)
− 1− βC

′

cl

(
R
∑
i∈Ns

qiSi

)
.

(24)
where T = 1 +

∑
i∈Ns

ln(1 + qiSiR). Differentiating (24)
further w.r.t. R gives

∂2UCS

∂R2 = −βC ′′

cl

(
R
∑
i∈Ns

qiSi
)

− α
T 2

(∑
i∈Ns

(
qiSi

1+qiSiR

)2
T +

(∑
i∈Ns

qiSi

1+qiSiR

)2)
.(25)

Since Ccl

(
R
∑
i∈Ns

qiSi
)

is continuous and non-
decreasing, C

′

cl

(
R
∑
i∈Ns

qiSi
)
≥ 0 for R > 0, and
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C
′′

cl

(
R
∑
i∈Ns

qiSi
)
≤ 0 for R > 0. Interestingly, from (25),

we can see that the utility of the crowdsourcer defined in (7)
is a strictly concave function of R if (21) is true.

Hence a unique optimal solution exists for R when (21) is
true, which can be obtained by numerically solving ∂UCS

∂R = 0.
Earlier, we have established that for R > 0, a unique optimal
solution exists for the competition among the contributors
given by (19). The optimal solutions for our crowdsourcing
scheme are therefore

[R∗, {t∗j ∀j ∈ Ns}] :=
[
[R] ∂UCS

∂R =0
, (19) ∀j ∈ Ns

]
. (26)

In order to gain further insight into the cloud cost let us
consider a linear and a logarithmic cost function, which are
strictly increasing, and non-decreasing, respectively.

1) Case 1: Ccl(.) = γ
(
R
∑
i∈Ns

qiSi
)

+ γ0.: In this case,
(24) and (25) take the forms,

∂UCS

∂R
=
α

T

(∑
i∈Ns

qiSi
1 + qiSiR

)
− 1− βγ

∑
i∈Ns

qiSi, (27)

and
∂2UCS

∂R2 =

− α
T 2

(∑
i∈Ns

(
qiSi

1+qiSiR

)2
T +

(∑
i∈Ns

qiSi

1+qiSiR

)2)
,(28)

respectively. From (28) it is clear that a unique optimal
solution for R exists when the cloud cost Ccl(.) is linear
in
∑
i∈Ns

qiti. A closer look at (12), (27) and (28) reveals
that a unique optimal solution always exists for Ccl(.) of
order ≥ 1, a special case for which (21) is always true since
C

′′

cl

(
R
∑
i∈Ns

qiSi
)

= 0.
2) Case 2: Ccl(.) = ln

(
1 +R

∑
i∈Ns

qiSi
)
: In this case,

taking the first and the second order partial derivatives of (12)
w.r.t. R, we can obtain

∂UCS

∂R
=
α

T

(∑
i∈Ns

qiSi
1 + qiSiR

)
− 1− β

∑
i∈Ns

qiSi

1 +R
∑
i∈Ns

qiSi
,

(29)
and

∂2UCS

∂R2 = −α
T

∑
i∈Ns

(
qiSi

1+qiSiR

)2
− α
T 2

(∑
i∈Ns

qiSi

1+qiSiR

)2
+ β

( ∑
i∈Ns

qiSi

1+R
∑

i∈Ns
qiSi

)2
,

(30)

respectively. From (30), we can see that, ∂
2UCS

∂R2 < 0 only if

α

(∑
i∈Ns

(qiSi)
2

(1+qiSiR)2T +
(∑

i∈Ns

qiSi

1+qiSiR

)2)
> βT 2

( ∑
i∈Ns

qiSi

1+R
∑

i∈Ns
qiSi

)2
, (31)

which is (21). Other functions such as sigmoid:∑
i∈Ns

qiti√
1+(

∑
i∈Ns

qiti)
2

for
∑
i∈Ns

qiti ≥ 0 need similar condition

as (31) to be true for the existence of the unique optimal
solution for the crowdsourcer’s optimization problem (7).
This example makes us argue that such a statement is true
for any cloud cost function Ccl(.) of order less than linear.

3) Implementation: The crowdourcer and the smartphone
participants interact with each other through an interface
such as an app or a website. The crowdsourcer will publicly
announce the need for the service, task description and its
requirements for the participants through the interface. When
the interested participants try to register, only those eligible
according to the qi requirement are selected in the first
filtering round, forming the set N . Next, from the interested
participants in the set N , only those that satisfy (20), make it
through as contributors, and form the subset Ns. Then, for the
set {S1, S2, . . . , SNs

} computed from (23), and for the given
cloud cost function Ccl(.), the crowdsourcer computes its
optimal reward for the contributors R∗, and correspondingly,
the contributors create the multimedia content for the duration
t∗j = SjR

∗. The skeleton of the implementation is shown in
Algorithm 1.

Algorithm 1 : Algorithm for implementing our cloud multi-
media crowdsourcing scheme
1: From the interested participants, choose a subset N with the
participants that satisfy the qi requirement from the crowdsourcer.
2: For j = 1, 2, 3, . . . N : For given q1, q2, . . . , qN and

k1, k2, . . . , kN
3: If (20) is true,
4: participant j is eligible, i.e., j ∈ Ns

5: end
6: end
7: For j = 1, 2, 3, . . . Ns: For given q1, q2, . . . , qNs and

k1, k2, . . . , kNs

8: Compute Sj using (23)
9: end
10: Find R∗ using (24)= 0 and announce it to the participants.
11: For j = 1, 2, 3, . . . Ns

12: Compute t∗j using t∗j = SjR
∗.

13: end
14: Create the multimedia content for the crowdsourcer for the

duration t∗j , and upload it through the interface.
15: Crowdsourcer: Pay to the contributors and stream the multimedia

contents.

Now, to illustrate the overhead of Algorithm 1, let us
anlayze its runtime complexity. Without loss of generality, we
consider that the time required for performing a mathematical
operation is one unit for addition, multiplication or comparison
or assignment. As the task descriptions and the qi require-
ments are publicly announced by the crowdsourer through the
interface, the interested candidates that do not satisfy the qi
requirement, will be filtered out in Step 1. The If loop in lines
3 − 5 need a runtime of order O(1), and with the For loop
in lines 2− 6, the time complexity is of order 0(N). The For
loop in lines 7−9, incur a complexity of order O(Ns), where
Ns ≤ N . For simplicity, we consider that solving (24)= 0
to find R∗ also takes one unit of time, which is not precise
but still a safe assumption as Step 10 is a one-time operation
for the whole crowdsourcing process. The For loop in lines
11 − 13 needs O(Ns) time. Since N ≥ Ns, the overhead of
Algorithm 1 in terms of runtime can be expressed as O(N),
which makes Algorithm 1 of reasonably low overhead and
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thus practical.

Remark 2. Note that in our illustration of the runtime over-
head of Algorithm 1 above, we have considered the runtime
for the operations like comparison in (20), the assignment in
(23) and for numerically solving (24)= 0 as one unit each. The
actual number of operations each of them involves depends on
N,Ns, the specific numerical method used for solving (24)= 0
and the number of iterations incurred. In this regard, our
definition of the runtime is relatively coarse. It is a however
a common practice to adopt such definitions according to the
number of tasks or the program execution time.

V. ILLUSTRATIVE NUMERICAL RESULTS

In this section, we present the numerical results portraying
the performance of our multimedia crowdsourcing framework
and discuss them. The parameters used for the purpose of illus-
tration are as follows, unless otherwise mentioned. kj , qj are
assigned random values from the interval (0 2), and (0.8 1.2),
respectively. α, γ, γ0 are set to 35, 0.5, 0, respectively. Ns is
varied from 10 to 500. β is 0.5 and 10, for the linear and the
logarithmic cloud cost functions, respectively.

In Figs. 3-5, we illustrate the performance of our crowd-
sourcing multimedia framework with respect to (w.r.t.) the
number of contributors.

Fig. 3 shows that as the number of eligible contributors to
perform the task(s) assigned by the crowdsourcer increases
from 10 to about 200, the crowdsourcer is encouraged to
invest more in them. When the number of the interested and
eligible smartphones rises further, however, the crowdsourcer
turns relatively conservative in raising the reward. There are
two main factors behind such a strategy of the crowdsourcer.
First, the increment in the value of the information decreases
if the number of the smartphones willing to participate is too
high. Second, the cloud cost Ccl(.) and the reward for the
smartphones R may supress the small gain obtained from the
additional contributors. The reward strategies considering both
the linear and the logarithmic cost of the cloud resources,
follows similar trends, but the reward is considerably less
compared to the case when the cloud resource costs are not
directly included in the formulation.

We illustrate the average duration of participation from a
contributor in Fig. 4. We observe that an individual smartphone
contributes less as the number of participants increases. Such
a behavior stems from the fact that the contribution share of
each smartphone is likely to be valued less as the number
of participants willing to provide the same/similar service
increases.

Fig. 5 suggests that the utility of the crowdsourcer improves
decently up to a certain number of participants, and then the
increase in the utility becomes less visible beyond that. The
payoff from the increased number of participants is dominant
for the crowdsourcer until about Ns = 200. After this point,
the crowdsourcer does not respond to the increase in Ns with a
proportionally higher reward (Fig. 3 ). The schemes that incor-
porate the cost of the cloud resources, naturally demonstrate
diminished returns compared to the model without considering
the cloud costs.
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Fig. 3. Optimal reward w.r.t. the number of contributors
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Fig. 5. Utility of the crowdsourcer w.r.t. the number of contributors Ns

Figs. 6-8, present the performances w.r.t. the average cost
of participating for the contributors.

Fig. 6 implies that the crowdsourcer must increase the
reward R if the average cost of participating increases as
it is necessary to incentivize the smartphone participants to
contribute even when their costs are higher. Even so, the
crowdsourcer leverages at least about a one-third less reward
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for a logarithmic cloud cost function, and further less for
a linear cloud cost function, in our scheme compared to
the case without considering the cloud cost. Fig. 7 shows
that the contributors respond by reduced duration towards the
increased cost.

Fig. 8 suggests that the utility of the crowdsourcer degrades
as the cost of the contributors increases. The increase in the
cost of participating leads to smaller duration of contribution
from the smartphones (Fig. 7). Moreover, the crowdsourcer
increases the total reward to the smartphones responding to
the increase in their costs (Fig. 6). Both of these factors
contribute in shrinking the utility of the crowdsourcer. The
schemes that incorporate the cost of the cloud resources,
naturally demonstrate diminished returns compared to the
model without considering the cloud costs.
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Fig. 6. Optimal reward R from the crowdsourcer w.r.t. average cost coefficient
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VI. CONCLUSION

In this paper, we have designed an optimal incentive mech-
anism in a cloud-enabled multimedia crowdsourcing frame-
work, where the crowdsourcer optimizes its utility over the
reward to the contributors, and the contributors optimize
their utilities over their duration of service for multimedia
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Fig. 8. Utility of the crowdsourcer w.r.t. average cost coefficient kj

generation. We have incorporated the cost of using the cloud
resources for multimedia crowdsourcing applications, into our
model. We have derived a close form expression for the
optimal solution of the competition among the smartphones,
for a given reward from the crowdsourcer. Consequently, we
have derived the conditions for the existence of the optimal
reward, and have proven its uniqueness.

We believe that this work opens the door to some interesting
extensions. The analysis incorporating multiple crowdsourcers
is a potential direction. As the problem includes crowd-
sourcers’ heterogeneity in addition to the contributors’, the
problem would be interesting and timely. In our work we
have focused on cloud enabled multimedia crowdsourcing
applications in general. Characterizing the specific features
of a particular application is another possible extention of
this work. Specific application tailored analysis may yield
particular and interesting insights.
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