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Abstract—Local administrations and governments aim at
leveraging wireless communications and Internet of Things (IoT)
technologies to manage the city infrastructures and enhance
the public services in an efficient and sustainable manner.
Furthermore, they strive to adopt smart and cost-effective mobile
applications to deal with major urbanization problems, such
as natural disasters, pollution, and traffic congestion. Mobile
crowdsourcing (MCS) is known as a key emerging paradigm for
enabling smart cities, which integrates the wisdom of dynamic
crowds with mobile devices to provide decentralized ubiquitous
services and applications. Using MCS solutions, residents (i.e.,
mobile carriers) play the role of active workers who generate a
wealth of crowdsourced data to significantly promote the devel-
opment of smart cities. In this paper, we present an overview of
state-of-the-art technologies and applications of MCS in smart
cities. First, we provide an overview of MCS in smart cities and
highlight its major characteristics. Second, we introduce the gen-
eral architecture of MCS and its enabling technologies. Third,
we study novel applications of MCS in smart cities. Finally, we
discuss several open problems and future research challenges in
the context of MCS in smart cities.

Index Terms—Cooperative computing, incentive mechanisms,
Internet of Things (IoT), mobile crowdsourcing (MCS), mobility,
resource sharing, smart cities, task scheduling.

I. INTRODUCTION

URBANIZATION has been growing rapidly mainly due
to the significant development of social productivity and

the advances in science and technology [1]. The emergence
of smart cities paves the way to improve the quality-of-life of
people and public services in urban environments. In addition,
it deals with the potential damages of over-rapid urbanization,
such as environmental pollution [2], traffic congestion [3], and
management chaos [4], [5]. The notion of smart city is orig-
inated from the concept of “smart planet” proposed by IBM
in 2008 [6]. As defined by Batty, a smart city is “a city in
which Information and Communication Technology (ICT) are
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merged with traditional infrastructures, coordinated and inte-
grated using new digital technologies” [7]. The formation of
smart cities is inseparable from two factors. First, represen-
tative ICT techniques, such as big data mining [8], Internet
of Things (IoT) [9], mobile Internet [10], and cloud tech-
nologies [11] widely embedded in urban development that
makes significant contributions to the construction of smart
cities [12]. Second, the popularization of ICTs has promoted
the tendency of innovation to be service-oriented and people-
oriented, which leads to the adoption of increasing user-centric
applications.

Crowdsourcing is an effective technique that incorporate
human intelligence to collect disparate sensing data in perva-
sive environments. In 2006, Howe [13] proposed the concept
of crowdsourcing, which turns the role of individuals in smart
cities from passive consumers into working consumers who
act as service providers. Traditional crowdsourcing mech-
anisms mainly relied on the fixed Internet and infrastruc-
ture sensors (e.g., Wikipedia [14] and Amazon Mechanical
Turk [15]), which are either centralized or static. In contrast,
mobile crowdsourcing (MCS) combines the advantages of tra-
ditional ICT and novel mobile communications to provide
cost efficient and high-quality services to different fields in
pervasive environments. In particular, the mobility of individ-
uals and cooperative communication and processing among
portable devices (e.g., smartphones) in service delivery, as
well as the recent advancements in wireless and mobile
technologies (e.g., low latency and high-data-rate Internet
access, mobile multimedia transmission, and mobile file shar-
ing) [16]. The main characteristics of MCS can be featured as
follows.

1) Mobility: Smart devices mirror the mobility patterns and
social interactions of their carriers. Thus, the mobility
information of devices can be utilized to improve the
performance of MCS.

2) Collaboration: MCS enables decomposing and distribut-
ing tasks to eligible workers in a work crowd [17]. In this
way, the crowd workers can collaboratively perform a set
of partitioned tasks to achieve a global objective [18].

3) Human Capacity: Mobile individuals or workers play
the role of data consumer and producer in MCS where
their sensing, communication, and processing capaci-
ties are utilized to enhance the performance of MCS
systems [19].

Taking the above characteristics into account, MCS can be
defined as follows. MCS leverages device mobility and sensing
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capabilities, as well as human collaboration and intelligence
to distributively perform tasks and provide cost-efficient appli-
cations and services.

The user mobility plays a key role on different aspects of
MCS, especially in data sensing and collection. In particu-
lar, MCS utilizes the human-associated capabilities of mobile
devices (e.g., human perception, knowledge, and experience)
to streamline the performance of service delivery while reduc-
ing the resource consumption [19], [20]. The capabilities of
MCS have been realized since mobile devices are equipped
with various types of sensors, such as cameras, microphones,
global positioning system (GPS), accelerometers, tempera-
ture, light, and health-monitoring sensors. In some scenarios,
wireless access technologies and connectivity adapters (e.g.,
4G cellular and WiFi) are considered as sensors to achieve
positioning [21]. In addition to data sensing, MCS signifi-
cantly expands the scope of data collection. In comparison to
static crowdsourcing and centralized coordination, MCS can
dynamically determine which individual workers participate in
data collection processing tasks. Such flexibility provides an
unprecedented opportunity to extend MCS to extensive appli-
cation domains, such as image recognition, traffic monitoring,
and environmental monitoring [22]–[24].

MCS can significantly strengthen the relations between res-
idents and the government, as well as promote the evolution of
smart cities. First, the residents can enhance their quality-of-
life through various applications of MCS, such as in-building
navigation [25], real-time public transportation [26], and com-
modity price comparison [27]. Second, residents can indirectly
participate in urban management and planning activities. For
instance, they can cooperate with local administrators and
policy makers in public activities, such as reporting dam-
ages to public facilities [28], [29] and evaluating municipal
services [30]. Third, the government departments can use MCS
as a useful tool to monitor, manage, and upgrade the city
infrastructures efficiently [31]. For example, a transportation
department could manage and maintain the transportation
system of a city by utilizing GPS data captured from smart
cars [32].

A. Relevant Survey/Tutorial Articles

In the past few years, a number of existing works have
discussed some aspects of MCS. Some studies explored
the architectures, techniques, and applications of MCS.
Chatzimilioudis et al. [16] provided a classification for
major techniques in MCS and introduced some real-world
application of MCS in location-based systems. Similarly,
Ganti et al. [33] and Chittilappilly et al. [34] reviewed
MCS technologies and highlighted their main characteristics.
Phuttharak and Loke [35] studied the architectures of MCS
and explored their implementation and development require-
ments. A general architecture for MCS networks is proposed
with respect to data sensing and computing features [19].
Ma et al. [36] divided MCS into participatory and oppor-
tunistic methods and explored the opportunistic characteristics
of human mobility from the perspectives of both sensing
and transmission. In addition, Pan and Blevis [37] classified

TABLE I
SUMMARY OF PRIOR TUTORIAL/SURVEY ARTICLES

MCS by its drivers and oriented things. Faggiani et al. [38]
investigated the role of network dynamics, data validity, and
energy limitation in crowdsourcing. MCS in smart cities meets
new challenges and opportunities, such as in terms of data
management and security [39]. Kanhere [27] introduced par-
ticipating crowdsourcing in which mobile carriers (e.g., taxi
drivers) in urban scenarios collect different types of data
streams from their environment and share them with each other
through existing communication infrastructures (e.g., cellular
networks or Wi-Fi access points). Yang et al. [40] designed
incentive mechanisms to stimulate mobile users to partici-
pate in crowdsourcing activities. Guo et al. [41] extended the
vision of participatory sensing to the integration of machine
and human intelligence. Furthermore, Yang et al. [19] and
Feng et al. [42] explored the security, trust, and privacy chal-
lenges in MCS. Table I summarizes the contributions of prior
survey articles.
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Fig. 1. Organization of the remaining parts of this paper.

B. Motivation and Contributions

Although the survey articles we introduced in Section I-A
have studied some aspects of MCS (e.g., architectures, appli-
cation, and incentive mechanisms), the role of MCS in smart
cities is overlooked. Thus, the main objective of this paper is
to fill the gap and address the characteristics of MCS in smart
cities. To the best of our knowledge, this is the first survey
article that provides an in-depth overview of MCS technolo-
gies and applications in smart cities. The main contributions
of this paper can be summarized as follows.

1) We characterize the key components of MCS and intro-
duce its capabilities in the context of smart cities.

2) We categorize enabling technologies of MCS in smart
cities and identify their functions.

3) We survey the diverse applications of MCS in smart
cities.

4) We discuss the key challenges of MCS in smart cities
and highlight possible future research directions.

C. Research Methodology

The goal of this survey article is to study the major chal-
lenges of MCS in smart cities. The main target audience of this
paper are researchers and practitioners from urban manage-
ment, telecommunication, network science, computer science,
and data science. The topics we study in Sections II–V are
closely relevant to each other. In Section II, we first provide
an overview of MCS in smart cities and characterize its main
components. Next, we compare MCS with traditional crowd-
sourcing. Finally, we introduce the main features, advantages,
and challenges of MCS in smart cities. In Section III, we
explore enabling technologies of MCS in smart cities. First,
we discuss the characteristics of MCS tasks and propose a
categorization. Next, we introduce task assignment and allo-
cation strategies. In particular, we explore data collecting and

processing methods, including data quality improvement, pre-
processing, and data evaluate. Furthermore, we study incentive
mechanisms in four classes (i.e., monetary, entertainment-
based, service-based, and social responsibility-based). In addi-
tion, we introduce several novel MCS technologies, such as
identification, supervision, and expenditure reduction tech-
nologies. In Section IV, we introduce various applications of
MCS and discuss its important role in smart cities. We cat-
egorize MCS applications into three classes (location, public
and living, and traffic management and planning applications).
We summarize the major contributions and specialties of the
works we studied in Sections III and IV in Tables I–V. In
Section V, we discuss representative visions and challenges
of MCS in smart cities from both theoretical and application
perspectives. The organization of the remaining parts of this
paper is shown in Fig. 1.

II. OVERVIEW OF MCS IN SMART CITIES

In this section, we first introduce a general framework for
MCS systems. Next, we summarize the typical classifications
of MCS. Finally, we outline the main features, advantages,
and challenges of MCS in smart cities.

A. Framework of Mobile Crowdsourcing

In this part, we present the general framework of MCS
systems including its architecture and main components.

1) Architecture of MCS Systems: Various MCS architecture
models have been proposed in [45] and [46]. In this section,
we introduce the most common architectures.

Fig. 2 illustrates the general architectures of MCS, as
well as its participating entities. The architecture consists of
several entities, including service providers, end-users, and
working crowds [24]. A service provider is generally a plat-
form that handles tasks and provides crowdsourcing services
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Fig. 2. Main entities and functions of a general MCS system in smart cities.

to end-users. In the context of smart cities, end-users are
generally pedestrians with their carried mobile devices or con-
nected vehicles that publish one or multiple tasks. The service
provider allocates the received tasks to appropriate working
crowds. A task can be completed by a worker using its smart
vehicles, mobile devices (such as camera, smartphone, or
smart watch), laptops, etc. Some studies regard an end-user
and a working individual as an entity, which is called “par-
ticipant.” Yang et al. [19] divided the working crowds into
sensing crowds and computing crowds. Korthaus and Dai [47]
proposed an architecture, which includes a highly integrated
server provider called task management component. The main
functions in their proposed architecture are managing tasks,
system environment, and user profiles. The highly integrated
architecture enhances the connection between the components
and improve their efficiency.

2) Main Functions: Fig. 2 shows the main functions of
the service providers, end-users, and working crowds in an
MCS system. Once a request from an end-user is received,
the service provider classifies the tasks and divides them into
small pieces. Then, it distributes the small tasks to interested
workers and waits to receive the tasks’ outcomes. After receiv-
ing all results, the platform processes the data and returns
the final results to end-users, so that crowdsourcing tasks are
completed. After finishing several tasks, service provider will
evaluate the participants to judge whether their behavior is
honest or not. End-users can also evaluate results and submit
their suggestions to the platform.

B. Classification of MCS Systems

Different types of MCS systems have been proposed in the
literature. We identify the common types of MCS systems in
Fig. 3 and explain their properties as follows.

1) Participatory Forms: In general, mobile workers get
involved in MCS activities in two forms [36].

1) Opportunistic: A worker in this approach receives the
data directly from sensors on its mobile device seam-
lessly. Workers are unconscious about the process of
data collecting. The sensors automatically capture the
position, moving image, or other data [48].

Fig. 3. Classification of MCS systems.

2) Participatory: A worker deliberately submits data to the
system by using the applications on its mobile devices.
The time, location, and the method of data collection is
identified by the worker consciously. The participatory
method is carried out the same as the traditional Web-
based systems.

2) Drivers: Generally, MCS systems are divided into
audience-driven, location-driven, and event-driven systems.
We explain the properties of each type as follows.

1) Audience-Driven: Participators in audience-driven
systems are at the center of the crowdsourcing
system. For example, Twitter can be used as a digital
back-channel at the technology-oriented conferences.

2) Location-Driven: Location-driven MCS focuses on a
particular place. For example, Kettemann et al. [49]
designed a location-driven application for public facility
management that provides public facilities in a particular
place.

3) Event-Driven: In contrast to the audience-driven, this
class of MCS systems take an event as the core, where
a crowd is recruited for a particular event with a start
and end tags. A representative example in this cate-
gory is the IBM’s Innovation Jam offering platform,1

which is an online system involving thousands of people
brainstorming a set of problems.

3) Task Complexity: We classify MCS tasks into sensing
and analytical tasks, which can be described as follows.

1) Sensing: Sensing tasks refer to automatic sensing that
can be performed by workers through the sensors
embedded on their mobile devices. For example, a noise
in an environment can be detected by the microphones
on mobile devices [50].

2) Analytical: Analytical tasks need the participation of
human intelligence. The tasks in this category (e.g.,
reviewing books or translating articles) require the
recognition ability of workers to be analyzed.

4) Contribution Structure: The contribution of crowd indi-
viduals in MCS tasks can be evaluated in different ways. In
some applications (e.g., collecting environment data or taking
photographs from a certain place), the quality of contributions

1https://www.collaborationjam.com/
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of workers is trivial and does not affect the MCS outcome
significantly. By contrast, in other tasks (e.g., translating or
marking photographs), the quality of tasks carried out by
different workers is important and affects the final results con-
siderably. From the quality perspective, MCS tasks can be
divided into two types.

1) Homogeneous: Contributions submitted by different
individuals have the same weight, and they are not
evaluated separately.

2) Heterogeneous: Contributions submitted by different
individuals have different weights and are evaluated
individually. The weight of contributions makes it pos-
sible to compare them with each other and evaluate the
performance of workers.

C. Features and Challenges of MCS Systems

In comparison with traditional crowdsourcing, MCS brings
several unique features for efficient data sensing and col-
lection. In the following, we characterizes key features and
challenges in MCS.

1) High Efficiency: With the emergence of powerful mobile
devices, the efficiency of MCS becomes much higher
than the traditional crowdsourcing. In addition, most of
the mobile devices are equipped with high-performance
processors and multimodality sensing capabilities, which
help gathering and processing data efficiently [33]. On
the other hand, with the advent of advanced ICT, trans-
mitting data in high rate enables real-time data collection
and processing. Besides, people usually carry their
devices wherever they go and whatever they do, which
allows the tasks to be done pervasively. Moreover, suffi-
cient works speed up the process of MCS and improve
its efficiency.

2) Accessibility and Portability: Taking advantage of the
popularity of mobile devices, a large number of users
can participate in MCS applications. This is because a
user (as a worker) only needs an ordinary mobile device
to participate in crowdsourcing tasks. Besides, more
and more applications support cloud storage, which
makes the migration of user data easy. Users can trans-
fer their information by logging in their accounts. The
information can be transformed between different plat-
forms or operating systems, which reflects the portability
of MCS.

3) Universal: The development of MCS applications is
relatively simple. Today, most of the mobile applica-
tions can be cross platform and have high compatibility.
Moreover, they are always interface-friendly and easy to
use [51]. Therefore, users who have no crowdsourcing
experience can also benefit from the system. The uni-
versal characteristics of MCS applications make them
attractive for new users.

4) Widely Distributed: Crowdsourcing users are generally
distributed in large geographical areas. The type of data
collected by MCS is diverse; and the data of workers
from different countries and regions can be acquired
easily. MCS platforms can push crowdsourcing tasks

to interested users seamlessly [52]. In addition, human
mobility in different regions has unique characteristics,
such as spatio-temporal correlation, hotspots’ effects,
and sociality. These advantages are helpful for construct-
ing accurate mobility models, which can significantly
improve the sensing quality and the efficient of sensing
strategies [36].

5) Low Cost: Compared with traditional sensor networks,
MCS can help develop large-scale and low-cost sensing
applications. For instance, traditional traffic information
acquisition systems require installing sensors on roads,
which is too costly. By contrast, traffic information in
modern transpiration systems can be sensed by smart
devices installed in smart cars [53].

6) Dynamic User Groups: The location and contextual situ-
ation of users in MCS applications can be changed con-
stantly. Taking advantage of mobility, dynamic workers
offer real-time data, which can helpful for on-demand
tasks and applications. Nevertheless, the variation of user
features can open major problems, especially in han-
dling data. For instance, sensing data might be lost or
not stored accurately.

Summary: An MCS system consists of service providers,
end-users, and working crowds. The three entities collaborate
with each other to complete the MCS tasks. MCS has different
classification in different domains regarding the participatory
method, drivers, task complexity, and contribution structure.
MCS can be efficient and accessible in dynamic user groups
but brings several management and coordination challenges.

III. TECHNOLOGIES OF TASK SCHEDULING, DATA

PROCESSING, AND INCENTIVE MECHANISM

In this section, we describe enabling technologies of MCS
in smart cities. Fig. 4 illustrates a general process of MCS.
When a service requester submits a task, the platform charac-
terizes, classifies, and assigns the task to appropriate workers.
In this step, different forms of incentive can be provided to
the interested workers. Receiving the results, the platform
evaluates the workers’ performance to judge the data quality.
Then, the platform processes the data and returns the results
to service requesters. The service requesters may provide their
comments, which can be transformed to the workers. The plat-
form is also responsible for the resource control and quality
supervision.

In general, the main components in a mature MCS system
are: task management and assignment, data collection and
processing, incentive mechanisms, evaluation of participants,
and cost-reduction strategies. In the following, we explain the
properties of each component.

A. Task Management and Assignment

Task management and assignment are the main components
that affect the efficiency of MCS significantly [54], [55]. In
this part, we summarize the characteristics of tasks, the process
of task management and assignment, as well as their enabling
technologies. Table II summarizes the main contributions and
features of the work we study in this section.
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Fig. 4. General process of performing an MCS task.

1) Task Characteristics: Extracting the characteristics of
tasks can help categorize them and speed up their assign-
ment [56]. For the assignment and scheduling tasks, following
factors should be considered.

1) Task Feasibility: Receiving a task, the crowdsourc-
ing platform primarily needs to judge the feasibility
of the task. To this aim, the platform evaluates whether
the available resources can guarantee the completion
of the task with the requested quality of service. A
particular task may need different types of storage, com-
puting, and power resources. Thus, the platform needs
to evaluate whether the resources are sufficient under
the premise of ensuring the quality. Once the feasibil-
ity of the task is validated, the platform aims to find an
optimal solution for the task. Third, the platform con-
siders whether the fund provided by the task publishers
is sufficient. The crowdsourcing platform can accept or
reject a task based on its revenues and costs.

2) Completion Time: The completion time of a task can
be discussed from two perspectives. First, the platform
checks whether the completion time of the task is in con-
flict with the sequence of current tasks in the system.
Second, the platform considers the participating time
of interested workers. The publishing time of a task
has a significant impact on its completion time and
efficiency [57]. Besides, the platform can select the
appropriate equipment and crowd resources according
to the duration of the task [24]. For example, it is
reasonable to assign tasks with short completion time
to users who normally use their mobile devices for
a short time [58]. Vaish et al. [59] used the time of
unlocking a smartphone to complete a simple task which
effectively uses the spare time of users to complete
tasks. Moreover, the number of workers, the amount of
remaining resources, and the quality of data can vary
over time [36]. Thus, the platform should measure the
system changes. For example, allowing partial data to
be submitted can prevent the data lose due to the device
shutdown.

3) Spacial Factors: Spatial factors can greatly influence
the accuracy of MCS and participants’ privacy [75].
Therefore, the platform needs suitable management
method that takes privacy into account while having high
efficiency [61]. Spatial factors include two aspects.

a) Scope: The scope refers to the area requested
by tasks. According to the task requirements, the
crowdsourcing platform determines the scope of
MCS. The platform is able to select a range of
areas, such as a country or even a business district
for MCS.

b) Location: Some MCS tasks only focus on events
in a particular location. Workers can get accu-
rate information when they arrive at the designated
place.

4) Task Complexity: Tasks can be divided into sensing and
analytical tasks. Tasks with different complexity can
be solved by workers with different knowledge levels.
The platform should assign appropriate workers to a
task with respect to its complexity, which is helpful for
effective resource usage.

5) Task Pricing: Task pricing determines the operating
cost of a task based on the experience of workers and
the rules designed by the platform. However, a pricing
scheme may lack a dynamic mechanism and leans to
an uneven pricing. To deal with unreasonable pricing,
many scholars recommend to employ a bidding mech-
anism [62]–[64], [76]. An applicable biding algorithm
should satisfy the economical properties, such as indi-
vidual rationality and truthfulness. The bidding method
effectively coordinates the profits of the platform and
participants to promote their cooperation.

6) Workers: The platform generally describes a worker
from several aspects, such as working time, loca-
tion, age, gender, work, preference, and device
type [58], [65], [77]. The basic factors a worker con-
siders in performing MCS tasks are time, position, and
preference, which are explained as follows.

a) Time: The working time of participants in MCS
activities can be coincide with their free time
(e.g., their time after work) [57]. In this way,
the performance of tasks performed by them can
be significantly enhanced. For instance, assign-
ing tasks to worker in their expected times can
maximize the system profit.

b) Location: Workers generally have to attend particu-
lar locations to perform their assigned tasks, which
is often costly. Therefore, the location of work-
ers affects the assignment and the cost of tasks.
Thebault-Spieker et al. [78] find that the distance
between workers and tasks has a significant impact
on the willingness of workers the tasks completion
cost. For instance, a long distance between a task
and assigned workers decreases the workers’ will-
ingness to participate in the task and increases the
task cost.

c) Preferences: An MCS should consider the interests
and preferences of workers in tasks allocation. For
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TABLE II
SUMMARY OF THE TASK MANAGEMENT AND ASSIGNMENT TECHNOLOGIES

example, the interest of workers in collecting pho-
tographs are very different [57], [65]. Thus, the
platform should recommend tasks to workers based
on their interests.

2) Task Recommendation and Assignment: Once the plat-
form evaluates the participants, it recommends tasks to
interested participants. We summarize task assignments and
recommendation methods as follows.

1) Assigning Subtasks: Dividing decomposable tasks into
multiple subtasks is a common method to achieve task
synchronization and parallelization [79]. Thus, each sub-
task can be assigned to different workers. In this way,

different subtasks from different tasks can be assigned
to a particular worker [19], [64], [76]. This method
reduces the budget and improves the crowdsourcing
efficiency [70]. However, it requires a reasonable par-
titioning of tasks and trusted algorithms to aggregate
data from multiple parties.

2) Participation Information: This method considers the
characteristics of workers (such as acceptable time, loca-
tions, preferences, and skills) to assign tasks [71], [72].
The participation information method enables a task
to be completed by an appropriate staff in a high
quality [77], [80].
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Fig. 5. Process of completing a data-driven task.

3) Auction: Auction is a common approach to allocate
MCS tasks to interested workers efficiently while satis-
fying the economic properties. In particular, an auction
mechanism is computationally efficient, as well as it
can achieve rationality and truthfulness properties [40].
Using the auction approach, the platform plays the role
of the auctioneer in the process [18]. Interested par-
ticipants submit their bids to the platform. Next, the
platform selects the winning participants by analyzing
their bids [17]. However, due to the dynamic nature of
MCS, common auction mechanisms may not be suitable
for a dynamic MCS environment [73]. Feng et al. [74]
brought the dynamics of devices and the randomness of
tasks into consideration to relief the system dynamics.

B. Data Collecting and Processing

Data plays an important role in MCS in smart cities. Fig. 5
shows the process of completing a data-driven task. The plat-
form develops a data plan after receiving a task. First, the data
is preprocessed, evaluated, and its main features are extracted.
Next, the platform allocates the task to appropriate workers.
Finally, the results are delivered to the service requester. In the
rest of this section, first, we analyze the source and type of
data. Second, we address the common data processing tech-
nologies. Table III shows the main contributions and features
of existing studies for data collection and processing.

MCS in smart cities relies on the support of big data tech-
nologies. The data is mainly captured through the sensors
of mobile devices carried by participations [92]. On the one
hand, the diversity of sensors promote the advance of smart
cities and provide a wider range of data types for MCS.
Modern mobile devices are equipped with rich sensors that
have abundant functionalities. For example, the camera sensor
can be used to capture images or record videos. The sound
can be recorded using the audio sensor. The accelerometer
and gyroscope can reflect individuals’ state of motion. GPS
data can capture the location information of users, as well as
their moving tracks. Furthermore, future mobile devices may
include pollution monitoring sensors [30]. At the same time,
smart watches and smart bracelets contain healthy sensors that
have the ability to measure the heart rate and body temperature

of individuals. With the advance of smart cars, in addition
to GPS and radar, cars will be equipped with light sensors,
road condition sensors, and passenger physiological state sen-
sors. Furthermore, smart cars will have powerful computing
capacity and provide MCS data in the future [81], [93].

1) Data Quality: The quality of data significantly affect
the performance of MCS. However, data captured by partic-
ipants can be inevitably low quality and inaccurate. On the
one hand, failures of networks or devices can lead to incom-
plete data. On the other hand, the quality of data provided
by participants can be low due to different reasons. Detecting
low-quality data is a challenging task. Besides, the data in
MCS is gathered, which means it has characteristics of the
group. The characteristics need to be considered in studies.
For instance, Zhang et al. [94] proposed a novel algorithm to
maximize the total coverage quality in a set of mobile users.
Recently, some approaches have been proposed to improve the
data quality submitted by participants. Hoh et al. [82] designed
a trust-based parking information incentive system which pun-
ishes unreliable mobile user groups. Similarly, Jin et al. [83]
considered the quality of data submitted by participants in the
incentive mechanism. Gong et al. [84] designed a data protocol
to calculate the real and required data via a semi-honest third
party in the presence of malicious participants. In addition,
Chen et al. [85] evaluated workers according to their histor-
ical contributions. In particular, they regulate the behavior of
participants. Besides, simple baseline mechanism is used as
first level filtering to monitor whether the participants’ behav-
ior meets the requirements. Incentive mechanism also be used
in improving data quality. Song et al. [95] introduced the
quality of sensing into incentive mechanisms and provide a
higher valuation to the platform. Since the energy and sens-
ing capabilities of mobile devices are limited, the data sensing
framework should consider energy and budget constraints [96].
Therefore, effective incentive mechanisms should be designed
to stimulate the cooperation of mobile participants.

2) Data Management and Processing: One of the main
objectives in MCS is acquiring a large amount of data cap-
tured by mobile participants. A mass of mobile devices in
smart cities can create a large volume of data. Thus, the effi-
cient management and utilization of big data techniques in
MCS services is a promising solution. However, there are sev-
eral data privacy and security challenges, which restricts the
development of smart cities [39]. Once data are collected,
the platform aggregates and analyzes the data to complete
the tasks and deliver services. In this part, we discuss data
processing problems and techniques in an MCS system.

Designing a data middleware is a common strategy in
MCS [97]. Following this strategy, passive sensing data sub-
mitted and participants’ contributions are transmitted to a data
middleware. After processing the data, the middleware pro-
vides personalized services to consumers. Bajaj et al. [86]
developed middlewares that ensure the connectivity of crowd-
sourcing application. Pu et al. [87] proposed a framework that
uses the Web for mobile computing. Users can use nearby
devices to facilitate their calculation. Ning et al. [46] proposed
a social-aware communication framework, which is helpful for
the allocation of nearby devices.
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TABLE III
SUMMARY OF DATA COLLECTING AND PROCESSING TECHNOLOGIES

With the development of cloud computing technology, many
scholars study the applications of cloud storage and computing
in MCS [33], [88]. Using cloud computing can not only deal
with large-scale MCS data but also reduce user’s storage and
computational pressure effectively. Assigning system compo-
nents over the cloud can also analyze data of MCS and drive
applications. Using cloud technology to manage and compute
data makes it possible to integrate and process real-time data
as well as social network data to support real-time queries [88].
Another advantage of cloud computing is the ability to filter
data in the cloud. The cloud filtering mechanism improves the
quality of the data involved in the MCS [89].

We divided the data processing into three phases: 1) data
preprocessing; 2) data evaluation; and 3) data extraction, where
the description of each phase is given as follows.

1) Data Preprocessing: The first step in data processing is
to clean the data by eliminating outliers. The data col-
lected by mobile devices can be invalid mainly because
of the following reasons. First, data captured by sen-
sors might be inaccurate because of the sensors’ low
sensing capability. Second, the network or equipment
can fail which lead to incomplete data sensing. Third,
the sensing data can be noisy and interfere with each
other. Fourth, data duplication and redundancy problems
can occur. Thus, data preprocessing can help remove

redundant and incomplete data, improve the data quality,
and ensure the subsequent computational efficiency.

2) Data Evaluation: Although data preprocessing aims at
cleaning the data, it can barely discover false data sub-
mitted by malicious users. Data evaluation phase process
the data deeply to detect and delete deceptive data.
For instance, platforms design algorithms [90] can be
applied to evaluate and delete unqualified data.

3) Data Extraction: Data extraction is performed after the
data evaluation. Data aggregation is the basic tech-
nology in the process of data extraction. The plat-
form extracts valuable information based on the users’
requirement. Machine learning and data mining are
common technologies to enhance the ability to extract
information [91]. After data analysis and visualization,
the system will return results to task requesters.

3) Cloud Computing: In this part, we give a brief intro-
duction to data computing methods in MCS. The computing
of large scale data collected by MCS sensors consumes great
computing resources. Cloud Computing is an Internet-based
computing approach in which shared hardware and software
resources and information can be provided to computers and
other devices on demand [98]. Cloud computing is a powerful
technology to perform massive-scale and complex comput-
ing [99], which enables MCS to compute big data and return
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TABLE IV
SUMMARY OF INCENTIVE MECHANISMS

results. With the increase of equipment type and quantity,
MCS data quantity increases. Upload data to the cloud con-
sumes a lot of network and energy resources. The results do
not guarantee the real-time performance. Many scholars study
mobile cloud computing to relieve the above problems. Mobile
cloud computing is the infrastructure where data storage and
data processing take place outside of mobile devices [100].
MCS uses mobile cloud computing to deliver real-time ser-
vice with mobile devices that have computing and storage
capabilities [101].

C. Incentive Mechanisms

To ensure the normal operation and performance of MCS,
the platform should attract sufficient high-quality work-
ers [112]. However, participants might be reluctant to par-
ticipate in crowdsourcing tasks unless appropriate incentives
are provided. In particular, participating in MCS activities
consume different resources, such as transportation costs,
equipment resources, and communication costs. Moreover,
MCS tasks may require the participants’ personal information,
such as location, preference, and device type, which brings pri-
vacy and security challenges [113]. In addition, the quality of
data collected by a participant can be relatively low if effec-
tive incentives are not provided, which can affect the quality
of service of the platform negatively.

Different types of incentive mechanisms have been proposed
in the literature. The incentives can be provided in forms of
money, entertainment, mutual benefit principle, social con-
tact, reputation, service, reputation, altruism, social respon-
sibility, social psychology, and the joy of sharing knowl-
edge [16], [102]–[104], [114]. MCS platforms can use one

or more of these incentives. Here, we present a detailed
description of commonly used incentive mechanisms in MCS
systems. Table IV shows the main contributions and features
of the works we study in this section.

1) Monetary Incentives: Monetary incentives are the most
effective methods to motivate users to participate in MCS
tasks. It compensates the workers’ contributions and is easy
to form MCS market [80], [105]. A straightforward monetary
incentive approach is task pricing. In the process of pricing
tasks, an auction mechanism can be applied to identify the
participants of each task. The auction mechanism can not only
set reasonable task prices and choose winners but also it can
achieve individual rationality and truthfulness [40], [74].

Some existing works have studied the role of auction-
based incentive mechanism in MCS. Feng et al. [106] used
a near-optimal approximate algorithm for determining the
winning bids with polynomial-time computation complexity.
Wei et al. [63] designed a two-sided online auction mechanism
to satisfy the balanced-budget property. Zhang et al. [107]
proposed a flexible online incentive mechanism that has the
potential to develop practical and large-scale MCS applica-
tions.

The main challenge in monetary incentives is the exis-
tence of dishonest users. A simple method to deal with this
problem is using deposit. In this method, a certain amount
of money is submitted by each participant as the secu-
rity deposit, which can motivate participants to take part
in activities based on the preferences of the platform. This
approach requires the support of an evaluating technology to
validate the contribution of the participants. If a participant
acts honestly, the security deposit will be refunded; other-
wise, the security deposit will be deducted [62]. In addition,
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incentive mechanisms can regulate the behavior of workers.
Wang et al. [69] proposed a reputation-based auction mech-
anism which selects winners and identifies their payment by
estimating their reliability. Some existing works have designed
countermeasures to address the privacy of participants. For
instance, Wang et al. [73] proposed the auction mechanism
with protection of privacy.

2) Entertainment-Based Incentives: Adding entertainment
incentives to MCS tasks can attract a lot of participants. A
sample technique is to apply game models, based on which
players can get pleasure in the game while submitting high-
quality data. The incentive mechanism based on entertainment
is mainly used in the following three scenarios.

1) Image Analysis: This scenario includes language recog-
nition, image classification, image marking, and so
on [108]. Some applications push pictures through
games to stimulate participants. The worker’s answer
is acceptable when it is correct with most of the
player’s answers. Using game-based incentive methods,
the information of images can be collected swiftly.

2) Capturing Geographic Information: Games that run on
locatable devices can efficiently collect players’ loca-
tions information. The collected information can help
build detailed geography map. In addition, photographs
collected by games can help to create panoramic maps.

3) Network Facilities Detection: It is possible to detect the
coverage and signal strength of wireless networks in a
region by using games to realize the state of network
facilities. This information provides a certain reference
for service providers to deliver their services.

The incentive mechanism based on entertainments has high
requirements for superior applications. First of all, the play-
ers’ novelty of the game decreases with time. Developers need
to update frequently to attract users. Second, users may pro-
hibit certain privacy rights of the game, which bring certain
obstacles to data acquisition.

3) Service-Based Incentives: In some applications, workers
receive services from the platform. Such applications can use
the principle of mutual benefit to motivate their workers to get
free services from the same platform [109]. Chen et al. [85]
designed a smart parking system based on mutual benefit.
The authors find that a modest contribution among the par-
ticipants could attract more participants and promote MCS.
Yan et al. [121] proposed a novel parking reservation system
in which users can reserve free parking lot. If a buyer suc-
cessfully stops at a predetermined location truthfully, he can
resell the site through the system and get benefits.

4) Social Responsibility-Based Incentives: Socially respon-
sible citizens are willing to consciously contribute to the
society. Social responsibility-based incentives effectively pro-
mote the development of public service in smart cities by
using citizen’s sense of responsibility. Thus, service applica-
tions can collect data from people with altruism and dedication
free of charge. Goncalves et al. [104] demonstrated the fea-
sibility of altruism, for example, by providing information to
help others discover people or objects [110]. Based on the
responsibility-based incentives, public sectors and government
applications can collect urban information from the public.

In return, citizens can give feedback on urban infrastructure,
transportation, and environment, which helps the construc-
tion of smart cities and the improvement of people’s living
standards [111].

D. Evaluation of Participants

Evaluating participants in MCS activities can improve the
quality of MCS services. If the platform labels the participants
based on their performance, it can estimate their reliability
in tasks assignment. As a result, the platform can provide
individual tasks for workers based on their reliability [122].

1) Evaluating Methods: There are several methods to eval-
uate the performance of participants. The common approach
is to estimate the credibility of participants by evaluating the
quality of their historical contributions [66]. Some scholars
establish a reputation system to assess the performance of par-
ticipants [67], [68]. Wang et al. [69] proposed a method that
distributes tasks to participants by evaluating their reliability.
In addition, machine learning technique can be designed to
identify and quantify the set of skills needed for construct-
ing a over-time model. This method facilitates the interactions
between the platform and employees, which can signifi-
cantly improve the workers’ skills and speed up the task
allocation.

2) Reputation Mechanism: Some scholars have developed
reputation management program to evaluate the credibility
and cost performance of mobile users to select participants.
The analysis and simulations demonstrate the mechanism’s
improvement [123]. At the same time, some platforms suf-
fer from low-quality work while the participants have high
reputation scores. A reputation system should have feedback
algorithm to rebound the consequences [124], [125].

E. Identification, Supervision, and Cost-Reduction Strategies

In this part, we discuss several identification, supervision,
and cost-Reduction strategies. Table V summarizes the main
features of the works we study in this section.

1) Identification of Participants: MCS is usually influenced
by malicious participants. Malicious participants may pro-
vide erroneous data to gain benefits and affect the quality
of MCS. They even may attack the MCS platform, such as
causing the denial of service [126]. One major technique that
relieves malicious influence is identification technology, based
on whether workers can pass identification when taking part
in MCS. This method is good for facing the availability and
reliability problems of MCS. Yang et al. [19] proposed a
distributed authentication mechanism which reduces the num-
ber of malicious users by authenticating new users through
existing crowdsourcing participants.

2) Quality Supervision: The attraction, speed, and quality
are the main factors to assess an MCS system [115]. The qual-
ity of MCS can be considered from two perspectives: 1) the
quality of data provided by participants and 2) the quality
of services provided by the platform. We discuss the quality
assurance of data in Section III-B1. The quality of services
provided by the platform is generally identified based on the
satisfaction of its customers. Pu et al. [87] introduced the
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TABLE V
SUMMARY OF IDENTIFICATION, SUPERVISION, AND EXPENDITURE REDUCTION TECHNOLOGIES

concept of service quality to represent the expected service
benefit of crowdsourcing customers. At the same time, feed-
back mechanisms can be applied to effectively improve the
quality of MCS. MCS platforms can change strategies after
receiving users’ review.

3) Resource Control: Generally, the resources of mobile
devices (e.g., memory and battery) are limited. Thus, the
resource surplus of workers’ devices should be considered
in an MCS system. It is indispensable to implement effec-
tive resource control mechanisms to reduce data loss while
improving MCS quality. Optimizing the data collection pro-
cess can reduce the energy consumption. The purpose of such
optimization is to balance the resource consumption and data
quality tradeoff. It is shown that the accuracy of data collected
by mobile devices significantly depends on their energy con-
sumption level [33]. Thus, application developers should use
appropriate algorithms to reduce the energy consumption while
satisfying the data quality. The common approach is to con-
trol the process of sensing, uploading, and communication,
which reducing the energy consumption of workers. In addi-
tion, applying new technologies, such as cloud computing, can
reduce the storage, and computing burden of devices [116].
In [117], a compressive sensing technology has been applied
to reduce the burden of workers devices and the amount of data
collected by workers manually while ensuring the accuracy of
data.

4) Cost Reduction: The crowdsourcing platform aims to
reduce the cost of hiring workers and system maintenance,
whereas workers need to reduce the amount of resources
they consume and the traffic costs [118]. In the process
of task assignment, the number of workers who participate
in particular tasks should be moderated [119]. Some task
assigning methods identify the optimal number of workers
participate in each task. For example, methods based on
environmental perception distribute crowdsourcing tasks to
appropriate participants rather than sending them to all avail-
able users [72], [84], [120]. In addition, some works choose
the closest workers to a particular task as participants to reduce
the traffic costs of workers [139]. In addition, some works
apply auction mechanisms to balance the budget, which can
also reduce the cost [76].

Summary: After tagging and evaluating the tasks, the MCS
platform assign them to appropriate workers. MCS processes a
large amount of data (e.g., through cloud services). There are
three phases in data processing: 1) preprocessing; 2) evalua-
tion; and 3) extraction. Some technologies are used to improve
the quality of MCS, such as evaluating participants and incen-
tive mechanism. Effective incentive mechanisms are designed
to stimulate the cooperation of mobile participants. The incen-
tives can be provided in forms of money, entertainment, mutual
benefit principle etc.

IV. APPLICATIONS OF MCS IN SMART CITIES

MCS plays an important role in the management of smart
cities and the improvement of citizens’ living standards.
Technically, the MCS applications aim at bridging the MCS
platform, customers, and workers. In this section, we intro-
duce existing works on the MCS applications in smart cities
and highlight their main features in Table VI.

A. Smart Navigation

Location services are the basic services of MCS in smart
cities [140], [141]. In the following, we explain popular
applications for navigation enabled by MCS in smart cities.

1) Localization: The location-based services use users’
location and movement information to provide customized
services. For instance, the mobility information of users
collected by MCS can provide navigation-based services
or enable creating elaborative maps to bicycle riders.
Zhang et al. [142] applied MCS to build a navigation dataset.
Sun et al. [110] proposed a secure and privacy-preserving find-
ing system to detect different types of objects, such as children
or old people.

2) Building Discovery: Location-based services enabled by
MCS can help find particular places, such as hotels and
restaurants. Furthermore, MCS can display in-building scenes.
The indoor model of a building can be established based on
the movement trajectory of participants, which can provide
indoor navigation services [129], [143]. Combined with the
images and videos taken by mobile users, Gao et al. [60]
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TABLE VI
APPLICATIONS OF MCS IN DIFFERENT CATEGORIES

used the crowdsourcing data to generate the complete floor
plan, including corridor connection, room size, and shape.

B. Civic Life

Applications based on MCS greatly facilitate the lives of
citizens. We describe some general applications in the lives of
citizens.

1) Healthcare: MCS has great promise in mobile health
applications [144]. The majority of mobile devices are
expected to be equipped with health sensors which will enable
them to test a user’s health status, e.g., body temperature,
heartbeat, breathing, diet, sleep, and exercise. Kanhere [27]
developed a health management system for mobile users that
collect data from mobile users and perceive their health sta-
tus real time. Pryss et al. [145] proposed an MCS application
for tinnitus assessment, therapy and research. The application
can give suggestions based on users’ living habits, such as
do more exercise and regular diet. Brabham et al. [146] took
advantage of MCS to contribute to public health, wherein a
large number of mobile users’ health conditions are collected
to detect large-scale infectious diseases as early as possible.

2) Commodity Price: Sharing the price of commodities by
mobile users is another application of MCS in smart cities.
Using MCS, citizens can be timely informed about commodity
prices. Some applications encourage people to upload the price
tag of goods they shop [27].

C. Public Services

The data and information collected by MCS techniques can
enhance the service level of smart cities and help governments
to improve city management facilities. We introduce servel
representative applications about public services as follows.

1) Environment Monitoring: Today, noise pollution, air pol-
lution, and water pollution significantly affect human life.
People are environmentally conscious, and they are concerned
about the health status of cities and public places. Hence, how
to monitor the quality of environments is of paramount impor-
tance. Recently, some existing works have employed MCS
technologies to monitor the environment quality in terms of
different factors. A noise map system using MCS has low

resource consumption and high accuracy [132]. By attach-
ing sensors to GPS-enabled cell phones, Honicky et al. [134]
explored MCS data and achieve real-time atmospheric detec-
tion. Ganti et al. [33] monitored the environmental quality
of a city in real time by MCS. Pan et al. [51] designed an
application, called AirTick, to produce accurate estimates of
air quality, where users can use the application to check the
situation of a particular location to make an appropriate travel
plan. Some applications have been also developed to help users
monitor pollution and urban noise pollution [27], [50].

2) Public Safety: Public safety involves different emer-
gency scenarios, such as criminal activities, disasters, and
diseases. Although many cameras and monitors have been
developed in smart city, it may not still be easy to realize
abnormal activities. In addition, it is difficult for monitoring
systems to identify some crimes, such as abduction of children.
The application of MCS can mobilize the power of masses to
promote public safety. By analyzing human movements, the
security services can detect anomalies and infer criminal activ-
ities, such as terrorist attacks [5]. Meanwhile, individuals can
report traffic safety problems or traffic violations [22]. In addi-
tion, system of system (SOS) systems can be associated with
wearable devices to provide security for individuals [37]. For
example, Huang et al. [147] designed an MCS application for
campus safety in which a user can call the police when it
is in danger. MCS can also contribute to disaster responses.
People can report disaster situations online to help with the
disaster prevention and rescue activities. In addition, the gov-
ernment can track, report, or coordinate relief efforts based on
information generated by MCS [135].

3) Social Media and News Report: MCS enriches social
media content and provides opportunities for news reporting
methods. Participants can easily submit photographs, videos,
and comments via their mobile devices, which helps the media
learn about real-time events. At the same time, location-
based news can be reports [122]. In addition, MCS play a
role in emotional problems, such as judging the emotion of
blogs or news [148]. MCS can also be applied to image
translation, annotation, and classification. Foreign tourists, for
example, can ask questions about an image and locals can
assist them [149]. Moreover, MCS can help collect information
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about rumors about rumorers [136]. To filter spam messages
in social networks, Yadav et al. [150] used crowdfunding to
design a filtering mechanism for text messages.

4) Communal Facilities: The management and mainte-
nance of public facilities in a city often lack of pertinence
and waste a lot of financial resources. MCS can help councils
understand the state of public facilities. For example, citizens
can report damages they observe to public facilities and street
lamps [111]. The coverage and signal strength of a public
network in a region can also be discovered using MCS [114].

5) Public Administration: MCS provides citizens with the
opportunity to directly participate in public administration
to reduce the barriers between citizens and public adminis-
trations [80]. Citizens can report traffic conditions and help
improve urban traffic. Motta et al. [30] established a four-stage
model to assess the maturity of municipal services that can
help governments and local sectors to improve their services.

D. Smart Transportation

The increasing number of road accidents, traffic conges-
tion, parking chaos, and other similar problems have become
the major obstacles for the realization of smart cities [151]. To
deal with this, in 2015, the U.S. Department of Transportation
launched “smart city challenge.” The competition encourages
cities integrate data from multiple sources to create accurate
models in transportation, environment, and energy. Many novel
traffic applications were proposed, such as shared trunk traf-
fic data, on-demand delivery trucks, and programmable city
streets. Those applications aim at employing MCS applica-
tions to enable residents to take part in the process of making
cities smarter. In the following, we highlight the applications
of MCS in traffic management and planing.

1) Public Transportation: Although public transportations
(e.g., buses and trains) has strong regularity, complex routes
can bring inconvenience to citizens. Nandan et al. [26]
designed an application for bus route searching, which cov-
ers bus routes and arrival information. Location-based services
can provide information about each site [86]. Similarly,
Steinfeld et al. [152] used MCS to collect location information
about buses and the number of passengers to predict the arrival
time of buses.

2) Individual Planning: Finding an optimal route for indi-
viduals in a complex network of smart cities is nontrivial. For
example, over 100 million drivers use Waze2 to share real-time
traffic road information and save fee of fuel. Bajaj et al. [86]
focused on providing users with the most convenient personal-
ized routes. In [128], individuals with disabilities and disabled
are also taken into account. Another frequently used plan-
ning application is smart parking. Yan et al. [121] designed a
mobile crowdsourcing platform for parking reservation which
can obtain booking information of parking lots and use them
to help other users in car parking. In [85], parking guidance is
integrated into the road navigation system in which drivers are
both consumers and workers. The use of MCS can improve
the efficiency of parking and alleviates congestion in urban
traffic [153].

2https://www.waze.com/

3) Traffic Flow: Inlining with big data technologies, MCS
can analyze urban traffic flows to deal with traffic conges-
tions [154]–[156]. For example, Kong et al. [137] analyzed
the long-term traffic anomaly in traffic, which is helpful in
the transportation management of smart cities. Another func-
tion of traffic flow is improving traffic efficiency. For example,
a traffic flow monitoring application can guide taxis to place
their passengers in less crowded places [28], [138], [151].

Summary: MCS applications bridges the platform, users,
and workers to improve the city management level and citi-
zens’ living standards. MCS has been widely used in different
fields, such as public services, environmental monitoring,
health monitoring, public safety, and transportation to make
the city smarter.

V. VISIONS AND FUTURE CHALLENGES

In the previous sections, we have surveyed some key issues
and applications of MCS in smart cities. While a wide range
of MCS technologies and applications in smart cities are dis-
cussed, a large number of potential problems and challenges
both at the theoretical and applied levels should be further
explored. In addition, the social or psychological challenges
also hinder MCS [26]. In the rest of this section, we introduce
several important and unexplored challenges for MCS in smart
cities as the future research directions.

A. Scarce Resources

The power and storage resources in mobile devices are
often scarce that affects the operation and performance of
MCS in different ways. For battery-operated devices, designers
must consider the influence of topology selection and decision
implementation in MCS. One of the evading methods is paral-
lelizing the application functions by efficient tasks allocation
mechanisms [38]. Another limitation is energy consumption of
mobile devices because of their energy-expensive characteris-
tics. Universally, smartphones have communication mediums
which consume an enormous amount of energy in terms of
unsymmetrical upload/download links [16]. To deal with this
challenge, administrators should use information, such as user
preferences, skills, and reliability to intelligently distribute
MCS tasks. Moreover, tasks should be scheduled efficiently
to minimize the network load [52].

B. Privacy Control

The MCS platforms are usually inclined to use the context
information of workers (such as, the location and environment
information) to provide appropriate MCS task recommen-
dations. However, optimal allocation of tasks can improve
the quality of service, but it may cause privacy disclo-
sure if the platform is attacked [84]. Presently, researchers
aim at developing solutions for privacy preservation. The
anonymity [126], the subscription trapdoor [19], and punish-
ment mechanisms [89] are relatively effective solutions in this
context. The possible research ideas are further surveying the
specific privacy and security concerns of users, which can be
linked with their different characteristics [48]. In this con-
text, Lin et al. [157] proposed a privacy assessment technique
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that uses MCS to obtain the users’ expectations from mobile
applications using sensitive resources.

C. Trustworthy Assessment of Information

To provide mobility services to users through MCS, the
trustworthiness of MCS data should be highly evaluated. To
this aim, a trustable MCS Platform should be capable of
assessing the reliability of devices and filtering the negative
and untrusted devices [27]. There are still many dishonest
mobile detectors, which prevent assessing the trustworthi-
ness of information [110]. How to build a strong assessing
mechanism is very challenging and unexplored. The assess-
ing mechanisms designed by administrators should balance
between the user security and operating efficiency.

D. Heterogeneity of Hardware and Platforms

MCS systems may employ different types of communi-
cation and networking technologies, such as cellular, Wi-Fi,
and Bluetooth. In addition, mobile devices used in MCS are
generally multifarious as well [19]. The capture results in
different values across heterogeneous hardware, which leads
to measurement variance [158]. These phenomena cause the
generation of heterogeneous data. Besides, mobile devices
are highly dynamics in terms of functionality, which make
it more difficult to provide a general power and bandwidth
resources to model and predict specific tasks [33]. Apart from
the sensing hardware devices, different mobile platforms (such
as Android, iOS, and Windows) and even different versions of
each platform have highly heterogeneity. The heterogeneities
of hardware and platforms are positively correlated with the
complexity of the crowdsensing application space.

E. Nonparticipatory Observation

To date, nonparticipatory observation methods have been
widely used to capture animal behavior. As the same, it is pos-
sible to apply these principles and methodologies to capturing
and assessing human behavior [159]. Compared to partici-
patory data capture, nonparticipatory observation is easy to
accept and is definitely the future for MCS. Recently, some
scholars have addressed nonparticipatory MCS. For exam-
ple, Kulshrestha et al. [160] proposed a smartphone-based
nonparticipatory crowd system to monitor the movement pat-
terns of people. The nonparticipatory observation also raises
new challenges. On the one hand, the determination of sam-
pling time affects the validity and scale of data. On the other
hand, location-tagging the data automatically is extremely
challenging.

F. Conflict Avoidance

MCS has a strong diversity and complexity, which can
cause major conflicts in actual applications. In MCS systems,
there are various device platforms and network topologies.
Moreover, different types of MCS data and storage mecha-
nisms are applied. These factors can make conflicts in MCS.
Besides, the sensing regions may overlap, which leads to the
conflict [59]. Conflict avoidance is still an open issue in MCS,

especially in more and more complex environment. This is a
critical demand to make a balance between the conflict and
efficiency, especially in a resource-constrained environment.

G. Internet of People

Recently, system developers and researchers pay a signifi-
cant attention to the relation between people and the Internet
access models [161]. The advance of mobile devices and wire-
less networks enhance human interaction, which promotes the
appearance of Internet of People (IoP). IoP refers to digi-
tal connectivity of people through the Internet infrastructure
forming a network of collective intelligence and stimulating
interactive communication among people. Unlike the tradi-
tional Internet, mobile devices and their carriers become active
elements of the Internet. People are not only the end-users but
also can produce and deliver services to each other [162].
MCS is one of the preliminary building blocks for IoP frame-
work [163]. How to build an IoP framework by investigating
and refining MCS has becomes a promising solution.

Summary: MCS faces potential problems and challenges
both at the theoretical and applied perspectives. The lim-
ited energy resources of mobile devices is a major concern.
The MCS platforms have to deal with privacy protection and
security challenges. The MCS platforms should efficiently
manage dynamic participants in heterogeneous environments.
Constructing MCS systems based on IoT and IoP frameworks
is a promising solution.

VI. CONCLUSION

This paper presented a comprehensive review of mobile
crowdsourcing (MCS) in smart cities. In particular, we study
enabling technologies for MCS in smart cities, including task
management, data collection, incentive mechanisms, as well as
supervision and cost reduction technologies. Next, we intro-
duce a wide and diverse range of applications of MCS in smart
cities, such as location-based, public, and traffic managements
and monitoring applications. Finally, we highlighted the sev-
eral open challenges and future research directions. We hope
that our contributions in this paper will open the new horizons
for future research in this challenging area and encouraging
application and system designers to develop appealing MCS
solutions in smart cities.

REFERENCES

[1] F. Miranda et al., “Urban pulse: Capturing the rhythm of cities,” IEEE
Trans. Vis. Comput. Graphics, vol. 23, no. 1, pp. 791–800, Jan. 2017.

[2] N. B. Grimm et al., “The changing landscape: Ecosystem responses
to urbanization and pollution across climatic and societal gradients,”
Front. Ecol. Environ., vol. 6, no. 5, pp. 264–272, 2008.

[3] O. G. Ajayi, A. T. Oluwunmi, J. O. Odumosu, and T. J. Adewale,
“Mapping and assessment of traffic congestion on major roads in
MINNA (case study of Chanchaga L. G. A),” Geoplanning J. Geomat.
Plan., vol. 4, no. 2, pp. 171–186, 2017.

[4] C. Perera, A. Zaslavsky, P. Christen, and D. Georgakopoulos, “Sensing
as a service model for smart cities supported by Internet of Things,”
Trans. Emerg. Telecommun. Technol., vol. 25, no. 1, pp. 81–93, 2014.

[5] E. F. Santos and F. Lima, “LBSociam: Lightbase social machine on
criminal data,” in Proc. 9th Int. Conf. Manag. Digit. EcoSyst., 2017,
pp. 162–167.

[6] S. J. Palmisano, A Smarter Planet: The Next Leadership Agenda, vol. 6,
IBM, Armonk, NY, USA, Nov. 2008, pp. 1–8.



8110 IEEE INTERNET OF THINGS JOURNAL, VOL. 6, NO. 5, OCTOBER 2019

[7] M. Batty et al., “Smart cities of the future,” Eur. Phys. J. Spec. Topics,
vol. 214, no. 1, pp. 481–518, 2012.

[8] M. V. Moreno et al., “Applicability of big data techniques to smart
cities deployments,” IEEE Trans. Ind. Informat., vol. 13, no. 2,
pp. 800–809, Apr. 2017.

[9] J. P. G. Sterbenz, “Smart city and IoT resilience, survivability, and
disruption tolerance: Challenges, modelling, and a survey of research
opportunities,” in Proc. 9th Int. Workshop Resilient Netw. Design
Model. (RNDM), 2017, pp. 1–6.

[10] D. Grimaldi and V. Fernandez, “The alignment of university curric-
ula with the building of a smart city: A case study from Barcelona,”
Technol. Forecast. Soc. Change, vol. 123, pp. 298–306, Oct. 2017.

[11] J. Yang, B. Jiang, and H. Song, “A distributed image-retrieval method in
multi-camera system of smart city based on cloud computing,” Future
Gener. Comput. Syst., vol. 81, pp. 244–251, Apr. 2018.

[12] H. Chourabi et al., “Understanding smart cities: An integrative frame-
work,” in Proc. 45th IEEE Hawaii Int. Conf. Syst. Sci. (HICSS), 2012,
pp. 2289–2297.

[13] J. Howe, “The rise of crowdsourcing,” Wired Mag., vol. 14, no. 6,
pp. 1–4, 2006.

[14] A. C. Rouse, “A preliminary taxonomy of crowdsourcing,” in Proc.
ACIS, vol. 76, 2010, pp. 1–10.

[15] A. Kittur, E. H. Chi, and B. Suh, “Crowdsourcing user studies
with mechanical turk,” in Proc. ACM SIGCHI Conf. Human Factors
Comput. Syst., 2008, pp. 453–456.

[16] G. Chatzimilioudis, A. Konstantinidis, C. Laoudias, and
D. Zeinalipour-Yazti, “Crowdsourcing with smartphones,” IEEE
Internet Comput., vol. 16, no. 5, pp. 36–44, Sep./Oct. 2012.

[17] Z. Duan, M. Yan, Z. Cai, X. Wang, M. Han, and Y. Li, “Truthful incen-
tive mechanisms for social cost minimization in mobile crowdsourcing
systems,” Sensors, vol. 16, no. 4, p. 481, 2016.

[18] H. Shah-Mansouri and V. W. Wong, “Profit maximization in mobile
crowdsourcing: A truthful auction mechanism,” in Proc. IEEE Int.
Conf. Commun. (ICC), 2015, pp. 3216–3221.

[19] K. Yang, K. Zhang, J. Ren, and X. Shen, “Security and privacy in
mobile crowdsourcing networks: Challenges and opportunities,” IEEE
Commun. Mag., vol. 53, no. 8, pp. 75–81, Aug. 2015.

[20] M. Talasila, R. Curtmola, and C. Borcea, Mobile Crowd Sensing.
London, U.K.: CRC Press, 2015.

[21] G. Chen, X. Meng, Y. Wang, Y. Zhang, P. Tian, and H. Yang,
“Integrated WiFi/PDR/smartphone using an unscented Kalman fil-
ter algorithm for 3D indoor localization,” Sensors, vol. 15, no. 9,
pp. 24595–24614, 2015.

[22] E. Aubry, T. Silverston, A. Lahmadi, and O. Festor, “CrowdOut: A
mobile crowdsourcing service for road safety in digital cities,” in Proc.
IEEE Int. Conf. Pervasive Comput. Commun. Workshops (PERCOM
Workshops), 2014, pp. 86–91.

[23] T. Yan, M. Marzilli, R. Holmes, D. Ganesan, and M. Corner, “mCrowd:
A platform for mobile crowdsourcing,” in Proc. 7th ACM Conf.
Embedded Netw. Sensor Syst., 2009, pp. 347–348.

[24] F. Fuchs-Kittowski and D. Faust, “Architecture of mobile crowdsourc-
ing systems,” in Proc. CYTED-RITOS Int. Workshop Groupware, 2014,
pp. 121–136.

[25] D. Zeinalipour-Yazti, C. Laoudias, K. Georgiou, and
G. Chatzimilioudis, “Internet-based indoor navigation services,” IEEE
Internet Comput., to be published. doi: 10.1109/MIC.2017.265101954.

[26] N. Nandan, A. Pursche, and X. Zhe, “Challenges in crowdsourcing
real-time information for public transportation,” in Proc. IEEE 15th
Int. Conf. Mobile Data Manag. (MDM), vol. 2, 2014, pp. 67–72.

[27] S. S. Kanhere, “Participatory sensing: Crowdsourcing data from mobile
smartphones in urban spaces,” in Proc. 12th IEEE Int. Conf. Mobile
Data Manag. (MDM), vol. 2, 2011, pp. 3–6.

[28] M. Vukovic, S. Kumara, and O. Greenshpan, “Ubiquitous crowd-
sourcing,” in Proc. 12th ACM Int. Conf. Adjunct Ubiquitous Comput.
Adjunct, 2010, pp. 523–526.

[29] A. Zanella, N. Bui, A. Castellani, L. Vangelista, and M. Zorzi, “Internet
of Things for smart cities,” IEEE Internet Things J., vol. 1, no. 1,
pp. 22–32, Feb. 2014.

[30] G. Motta, L. You, D. Sacco, and T. Ma, “CITY FEED: A crowdsourc-
ing system for city governance,” in Proc. IEEE 8th Int. Symp. Service
Orient. Syst. Eng. (SOSE), Oxford, U.K., 2014, pp. 439–445.

[31] H. Schaffers, C. Ratti, and N. Komninos, “Special issue on smart appli-
cations for smart cities-new approaches to innovation: Guest editors’
introduction,” J. Theor. Appl. Electron. Commerce Res., vol. 7, no. 3,
pp. 2–5, 2012.

[32] G. P. Hancke, C. B. Silva, and G. P. Hancke, Jr., “The role of advanced
sensing in smart cities,” Sensors, vol. 13, no. 1, pp. 393–425, 2012.

[33] R. K. Ganti, F. Ye, and H. Lei, “Mobile crowdsensing: Current state and
future challenges,” IEEE Commun. Mag., vol. 49, no. 11, pp. 32–39,
Nov. 2011.

[34] A. I. Chittilappilly, L. Chen, and S. Amer-Yahia, “A survey of general-
purpose crowdsourcing techniques,” IEEE Trans. Knowl. Data Eng.,
vol. 28, no. 9, pp. 2246–2266, Sep. 2016.

[35] J. Phuttharak and S. W. Loke, “A review of mobile crowdsourcing
architectures and challenges: Toward crowd-empowered Internet-of-
Things,” IEEE Access, vol. 7, pp. 304–324, 2019.

[36] H. Ma, D. Zhao, and P. Yuan, “Opportunities in mobile crowd sensing,”
IEEE Commun. Mag., vol. 52, no. 8, pp. 29–35, Aug. 2014.

[37] Y. Pan and E. Blevis, “A survey of crowdsourcing as a means of collab-
oration and the implications of crowdsourcing for interaction design,”
in Proc. IEEE Int. Conf. Collaboration Technol. Syst. (CTS), 2011,
pp. 397–403.

[38] A. Faggiani, E. Gregori, L. Lenzini, V. Luconi, and A. Vecchio,
“Smartphone-based crowdsourcing for network monitoring:
Opportunities, challenges, and a case study,” IEEE Commun.
Mag., vol. 52, no. 1, pp. 106–113, Jan. 2014.

[39] A. Gharaibeh et al., “Smart cities: A survey on data management, secu-
rity, and enabling technologies,” IEEE Commun. Surveys Tuts., vol. 19,
no. 4, pp. 2456–2501, 4th Quart., 2017.

[40] D. Yang, G. Xue, X. Fang, and J. Tang, “Incentive mechanisms for
crowdsensing: Crowdsourcing with smartphones,” IEEE/ACM Trans.
Netw., vol. 24, no. 3, pp. 1732–1744, Jun. 2016.

[41] B. Guo et al., “Mobile crowd sensing and computing: The review of an
emerging human-powered sensing paradigm,” ACM Comput. Surveys,
vol. 48, no. 1, p. 7, 2015.

[42] W. Feng, Z. Yan, H. Zhang, K. Zeng, Y. Xiao, and Y. T. Hou, “A
survey on security, privacy, and trust in mobile crowdsourcing,” IEEE
Internet Things J., vol. 5, no. 4, pp. 2971–2992, Aug. 2018.

[43] T. Erickson, “Geocentric crowdsourcing and smarter cities: Enabling
urban intelligence in cities and regions,” in Proc. 1st Ubiquitous
Crowdsourcing Workshop UbiComp, 2010, pp. 1–4.

[44] F. Zambonelli, “Pervasive urban crowdsourcing: Visions and chal-
lenges,” in Proc. IEEE Int. Conf. Pervasive Comput. Commun.
Workshops (PERCOM Workshops), 2011, pp. 578–583.

[45] Y. Wang, X. Jia, Q. Jin, and J. Ma, “Mobile crowdsourcing: Framework,
challenges, and solutions,” Concurrency Comput. Pract. Exp., vol. 29,
no. 3, 2017, Art. no. e3789. doi: 10.1002/cpe.3789.

[46] Z. Ning, X. Wang, X. Kong, and W. Hou, “A social-aware group for-
mation framework for information diffusion in narrowband Internet
of Things,” IEEE Internet Things J., vol. 5, no. 3, pp. 1527–1538,
Jun. 2018. doi: 10.1109/JIOT.2017.2777480.

[47] A. Korthaus and W. Dai, “Crowdsourcing in heterogeneous networked
environments-opportunities and challenges,” in Proc. 15th Int. Conf.
Netw. Based Inf. Syst. (NBiS), 2012, pp. 483–488.

[48] Y. Wang, Y. Huang, and C. Louis, “Towards a framework for privacy-
aware mobile crowdsourcing,” in Proc. Int. Conf. Soc. Comput.
(SocialCom), Alexandria, VA, USA, 2013, pp. 454–459.

[49] R. Kettemann, A. Fridrihsone, and V. Coors, “ecoGIS—A solution
for interactive facility management to support the European Eco-
management and audit scheme (EMAS),” in Handbook of Theory
and Practice of Sustainable Development in Higher Education. Cham,
Switzerland: Springer, 2017, pp. 59–72.

[50] J. Dutta, P. Pramanick, and S. Roy, “NoiseSense: Crowdsourced context
aware sensing for real time noise pollution monitoring of the city,” in
Proc. IEEE Int. Conf. Adv. Netw. Telecommun. Syst. (ANTS), 2017,
pp. 1–6.

[51] Z. Pan, H. Yu, C. Miao, and C. Leung, “Crowdsensing air quality with
camera-enabled mobile devices,” in Proc. AAAI, 2017, pp. 4728–4733.

[52] D. Govindaraj, K. V. M. Naidu, A. Nandi, G. Narlikar, and V. Poosala,
“MoneyBee: Towards enabling a ubiquitous, efficient, and easy-to-use
mobile crowdsourcing service in the emerging market,” Bell Labs Tech.
J., vol. 15, no. 4, pp. 79–92, 2011.

[53] C. G. García, D. Meana-Llorián, C. P. G-Bustelo, and
J. M. Cueva-Lovelle, “A review about smart objects, sensors,
and actuators,” Int. J. Interact. Multimedia Artif. Intell., vol. 4, no. 3,
pp. 7–10, 2017. doi: 10.9781/ijimai.2017.431.

[54] L. Cui, X. Zhao, L. Liu, H. Yu, and Y. Miao, “Learning complex
crowdsourcing task allocation strategies from humans,” in Proc. ACM
2nd Int. Conf. Crowd Sci. Eng., 2017, pp. 33–37.

[55] X. Wu, D. Huang, Y.-E. Sun, X. Bu, Y. Xin, and H. Huang, “An
efficient allocation mechanism for crowdsourcing tasks with minimum
execution time,” in Proc. Int. Conf. Intell. Comput., 2017, pp. 156–167.

[56] S. Wu, X. Gao, F. Wu, and G. Chen, “A constant-factor approximation
for bounded task allocation problem in crowdsourcing,” in Proc. IEEE
Glob. Commun. Conf., Singapore, 2017, pp. 1–6.

http://dx.doi.org/10.1109/MIC.2017.265101954
http://dx.doi.org/10.1002/cpe.3789
http://dx.doi.org/10.1109/JIOT.2017.2777480
http://dx.doi.org/10.9781/ijimai.2017.431


KONG et al.: MCS IN SMART CITIES: TECHNOLOGIES, APPLICATIONS, AND FUTURE CHALLENGES 8111

[57] F. Alt, A. S. Shirazi, A. Schmidt, U. Kramer, and Z. Nawaz, “Location-
based crowdsourcing: Extending crowdsourcing to the real world,”
in Proc. 6th Nordic Conf. Human–Comput. Interact. Extend. Bound.,
2010, pp. 13–22.

[58] V. D. Mea, E. Maddalena, and S. Mizzaro, “Crowdsourcing to mobile
users: A study of the role of platforms and tasks,” in Proc. DBCrowd,
2013, pp. 14–19.

[59] R. Vaish, K. Wyngarden, J. Chen, B. Cheung, and M. S. Bernstein,
“Twitch crowdsourcing: Crowd contributions in short bursts of
time,” in Proc. SIGCHI Conf. Human Factors Comput. Syst., 2014,
pp. 3645–3654.

[60] R. Gao et al., “Jigsaw: Indoor floor plan reconstruction via mobile
crowdsensing,” in Proc. 20th Annu. Int. Conf. Mobile Comput. Netw.,
2014, pp. 249–260.

[61] Y. Li, G. Yi, and B.-S. Shin, “Spatial task management method for loca-
tion privacy aware crowdsourcing,” Clust. Comput., to be published.
doi: 10.1007/s10586-017-1598-5.

[62] X. Zhang, G. Xue, R. Yu, D. Yang, and J. Tang, “You better be
honest: Discouraging free-riding and false-reporting in mobile crowd-
sourcing,” in Proc. IEEE Glob. Commun. Conf. (GLOBECOM), 2014,
pp. 4971–4976.

[63] Y. Wei, Y. Zhu, H. Zhu, Q. Zhang, and G. Xue, “Truthful online
double auctions for dynamic mobile crowdsourcing,” in Proc. IEEE
INFOCOM, 2015, pp. 2074–2082.

[64] J. Wang, J. Tang, D. Yang, E. Wang, and G. Xue, “Quality-aware
and fine-grained incentive mechanisms for mobile crowdsensing,” in
Proc. IEEE 36th Int. Conf. Distrib. Comput. Syst. (ICDCS), 2016,
pp. 354–363.

[65] H. Väätäjä, E. Sirkkunen, and M. Ahvenainen, “A field trial on mobile
crowdsourcing of news content factors influencing participation,” in
Proc. IFIP Conf. Human–Comput. Interact., 2013, pp. 54–73.

[66] A. J. Mashhadi and L. Capra, “Quality control for real-time ubiq-
uitous crowdsourcing,” in Proc. 2nd ACM Int. Workshop Ubiquitous
Crowdsouring, 2011, pp. 5–8.

[67] K. L. Huang, S. S. Kanhere, and W. Hu, “Are you contributing trust-
worthy data? The case for a reputation system in participatory sensing,”
in Proc. 13th ACM Int. Conf. Model. Anal. Simulat. Wireless Mobile
Syst., 2010, pp. 14–22.

[68] S. Bhattacharjee, N. Ghosh, V. K. Shah, and S. K. Das, “QnQ: A
reputation model to secure mobile crowdsourcing applications from
incentive losses,” in Proc. IEEE Conf. Commun. Netw. Security (CNS),
2017, pp. 1–9.

[69] K. Wang, X. Qi, L. Shu, D.-J. Deng, and J. J. P. C. Rodrigues, “Toward
trustworthy crowdsourcing in the social Internet of Things,” IEEE
Wireless Commun., vol. 23, no. 5, pp. 30–36, Oct. 2016.

[70] Y. Tong, J. She, B. Ding, L. Wang, and L. Chen, “Online mobile micro-
task allocation in spatial crowdsourcing,” in Proc. IEEE 32nd Int. Conf.
Data Eng. (ICDE), 2016, pp. 49–60.

[71] K. Han, C. Zhang, J. Luo, M. Hu, and B. Veeravalli, “Truthful schedul-
ing mechanisms for powering mobile crowdsensing,” IEEE Trans.
Comput., vol. 65, no. 1, pp. 294–307, Jan. 2016.

[72] A. Hassani, P. D. Haghighi, and P. P. Jayaraman, “Context-aware
recruitment scheme for opportunistic mobile crowdsensing,” in Proc.
IEEE 21st Int. Conf. Parallel Distrib. Syst. (ICPADS), Melbourne, VIC,
Australia, 2015, pp. 266–273.

[73] Y. Wang, Z. Cai, G. Yin, Y. Gao, X. Tong, and G. Wu, “An incentive
mechanism with privacy protection in mobile crowdsourcing systems,”
Comput. Netw., vol. 102, pp. 157–171, Jun. 2016.

[74] Z. Feng et al., “Towards truthful mechanisms for mobile crowdsourcing
with dynamic smartphones,” in Proc. IEEE 34th Int. Conf. Distrib.
Comput. Syst. (ICDCS), Madrid, Spain, 2014, pp. 11–20.

[75] H. To, G. Ghinita, L. Fan, and C. Shahabi, “Differentially private loca-
tion protection for worker datasets in spatial crowdsourcing,” IEEE
Trans. Mobile Comput., vol. 16, no. 4, pp. 934–949, Apr. 2017.

[76] Z. Duan, W. Li, and Z. Cai, “Distributed auctions for task assignment
and scheduling in mobile crowdsensing systems,” in Proc. IEEE 37th
Int. Conf. Distrib. Comput. Syst. (ICDCS), 2017, pp. 635–644.

[77] G. Cardone et al., “Fostering participaction in smart cities: A geo-
social crowdsensing platform,” IEEE Commun. Mag., vol. 51, no. 6,
pp. 112–119, Jun. 2013.

[78] J. Thebault-Spieker, L. G. Terveen, and B. Hecht, “Avoiding the south
side and the suburbs: The geography of mobile crowdsourcing mar-
kets,” in Proc. 18th ACM Conf. Comput. Supported Cooper. Work Soc.
Comput., 2015, pp. 265–275.

[79] A. Amato, A. D. Sappa, A. Fornés, F. Lumbreras, and J. Lladós,
“Divide and conquer: Atomizing and parallelizing a task in a
mobile crowdsourcing platform,” in Proc. 2nd ACM Int. Workshop
Crowdsourcing Multimedia, 2013, pp. 21–22.

[80] A. Tamilin, I. Carreras, E. Ssebaggala, A. Opira, and N. Conci,
“Context-aware mobile crowdsourcing,” in Proc. UbiComp, 2012,
pp. 717–720.

[81] X. Kong et al., “Mobility dataset generation for vehicu-
lar social networks based on floating car data,” IEEE Trans.
Veh. Technol., vol. 67, no. 5, pp. 3874–3886, May 2018.
doi: 10.1109/TVT.2017.2788441.

[82] B. Hoh, T. Yan, D. Ganesan, K. Tracton, T. Iwuchukwu, and J.-S. Lee,
“TruCentive: A game-theoretic incentive platform for trustworthy
mobile crowdsourcing parking services,” in Proc. 15th Int. IEEE Conf.
Intell. Transp. Syst. (ITSC), 2012, pp. 160–166.

[83] H. Jin, L. Su, D. Chen, K. Nahrstedt, and J. Xu, “Quality of information
aware incentive mechanisms for mobile crowd sensing systems,” in
Proc. 16th ACM Int. Symp. Mobile Ad Hoc Netw. Comput., 2015,
pp. 167–176.

[84] Y. Gong, L. Wei, Y. Guo, C. Zhang, and Y. Fang, “Optimal task rec-
ommendation for mobile crowdsourcing with privacy control,” IEEE
Internet Things J., vol. 3, no. 5, pp. 745–756, Oct. 2016.

[85] X. Chen, E. Santos-Neto, and M. Ripeanu, “Crowdsourcing for on-
street smart parking,” in Proc. 2nd ACM Int. Symp. Design Anal. Intell.
Veh. Netw. Appl., 2012, pp. 1–8.

[86] G. Bajaj, G. Bouloukakis, A. Pathak, P. Singh, N. Georgantas, and
V. Issarny, “Toward enabling convenient urban transit through mobile
crowdsensing,” in Proc. 18th Int. Conf. Intell. Transp. Syst. (ITSC),
2015, pp. 290–295.

[87] L. Pu, X. Chen, J. Xu, and X. Fu, “Crowdlet: Optimal worker
recruitment for self-organized mobile crowdsourcing,” in Proc. IEEE
INFOCOM, San Francisco, CA, USA, 2016, pp. 1–9.

[88] W. Sherchan, P. P. Jayaraman, S. Krishnaswamy, A. Zaslavsky, S. Loke,
and A. Sinha, “Using on-the-move mining for mobile crowdsensing,”
in Proc. 13th IEEE Int. Conf. Mobile Data Manag. (MDM), 2012,
pp. 115–124.

[89] B. Zhang et al., “Privacy-preserving QoI-aware participant coordina-
tion for mobile crowdsourcing,” Comput. Netw., vol. 101, pp. 29–41,
Jun. 2016.

[90] S. Bosse, A. Lechleiter, and D. Lehmhus, “Data evaluation in smart
sensor networks using inverse methods and artificial intelligence
(AI): Towards real-time capability and enhanced flexibility,” Adv. Sci.
Technol., vol. 101, pp. 55–61, Jan. 2017.

[91] M. Karaliopoulos, I. Koutsopoulos, and M. Titsias, “First learn then
earn: Optimizing mobile crowdsensing campaigns through data-driven
user profiling,” in Proc. 17th ACM Int. Symp. Mobile Ad Hoc Netw.
Comput., 2016, pp. 271–280.

[92] B. Guo, Z. Yu, X. Zhou, and D. Zhang, “From participatory sensing
to mobile crowd sensing,” in Proc. IEEE Int. Conf. Pervasive Comput.
Commun. Workshops (PERCOM Workshops), 2014, pp. 593–598.

[93] A. Rahim et al., “Vehicular social networks: A survey,” Pervasive
Mobile Comput., vol. 43, pp. 96–113, Jan. 2018.

[94] M. Zhang et al., “Quality-aware sensing coverage in budget-constrained
mobile crowdsensing networks,” IEEE Trans. Veh. Technol., vol. 65,
no. 9, pp. 7698–7707, Sep. 2016.

[95] B. Song, H. Shah-Mansouri, and V. W. Wong, “Quality of sensing
aware budget feasible mechanism for mobile crowdsensing,” IEEE
Trans. Wireless Commun., vol. 16, no. 6, pp. 3619–3631, Jun. 2017.

[96] B. Zhang, Z. Song, C. H. Liu, J. Ma, and W. Wang, “An event-driven
QoI-aware participatory sensing framework with energy and budget
constraints,” ACM Trans. Intell. Syst. Technol., vol. 6, no. 3, p. 42,
2015.

[97] J. Phuttharak and S. W. Loke, “LogicCrowd: A declarative program-
ming platform for mobile crowdsourcing,” in Proc. 12th IEEE Int.
Conf. Trust Security Privacy Comput. Commun. (TrustCom), 2013,
pp. 1323–1330.

[98] Z.-H. Zhan, X.-F. Liu, Y.-J. Gong, J. Zhang, H. S.-H. Chung, and Y. Li,
“Cloud computing resource scheduling and a survey of its evolutionary
approaches,” ACM Comput. Surveys, vol. 47, no. 4, p. 63, 2015.

[99] I. A. T. Hashem, I. Yaqoob, N. B. Anuar, S. Mokhtar, A. Gani, and
S. U. Khan, “The rise of ‘big data’ on cloud computing: Review and
open research issues,” Inf. Syst., vol. 47, pp. 98–115, Jan. 2015.

[100] N. Fernando, S. W. Loke, and W. Rahayu, “Computing with nearby
mobile devices: A work sharing algorithm for mobile edge-clouds,”
IEEE Trans. Cloud Comput., vol. 7, no. 2, pp. 329–343, Apr./Jun. 2019.

[101] X. Fu, S. Secci, D. Huang, and R. Jana, “Mobile cloud computing
[guest editorial],” IEEE Commun. Mag., vol. 53, no. 3, pp. 61–62,
Mar. 2015.

[102] M. Yan, H. Sun, and X. Liu, “iTest: Testing software with mobile
crowdsourcing,” in Proc. 1st ACM Int. Workshop Crowd based Softw.
Develop. Methods Technol., 2014, pp. 19–24.

http://dx.doi.org/10.1007/s10586-017-1598-5
http://dx.doi.org/10.1109/TVT.2017.2788441


8112 IEEE INTERNET OF THINGS JOURNAL, VOL. 6, NO. 5, OCTOBER 2019

[103] G. Yang, S. He, Z. Shi, and J. Chen, “Promoting cooperation by the
social incentive mechanism in mobile crowdsensing,” IEEE Commun.
Mag., vol. 55, no. 3, pp. 86–92, Mar. 2017.

[104] J. Goncalves et al., “Crowdsourcing on the spot: Altruistic use of public
displays, feasibility, performance, and behaviours,” in Proc. ACM Int.
Joint Conf. Pervasive Ubiquitous Comput., 2013, pp. 753–762.

[105] A. Kulkarni, P. Gutheim, P. Narula, D. Rolnitzky, T. Parikh, and
B. Hartmann, “MobileWorks: Designing for quality in a managed
crowdsourcing architecture,” IEEE Internet Comput., vol. 16, no. 5,
pp. 28–35, Sep./Oct. 2012.

[106] Z. Feng, Y. Zhu, Q. Zhang, L. M. Ni, and A. V. Vasilakos, “TRAC:
Truthful auction for location-aware collaborative sensing in mobile
crowdsourcing,” in Proc. IEEE INFOCOM, Toronto, ON, Canada,
2014, pp. 1231–1239.

[107] X. Zhang, Z. Yang, Z. Zhou, H. Cai, L. Chen, and X. Li, “Free market
of crowdsourcing: Incentive mechanism design for mobile sensing,”
IEEE Trans. Parallel Distrib. Syst., vol. 25, no. 12, pp. 3190–3200,
Dec. 2014.

[108] Y. Liu, T. Alexandrova, and T. Nakajima, “Gamifying intelligent
environments,” in Proc. Int. ACM Workshop Ubiquitous Meta User
Interfaces, 2011, pp. 7–12.

[109] A. H. Afridi, “Crowdsourcing in mobile: A three stage context based
process,” in Proc. IEEE 9th Int. Conf. Depend. Auton. Secure Comput.
(DASC), 2011, pp. 242–245.

[110] J. Sun, R. Zhang, X. Jin, and Y. Zhang, “SecureFind: Secure and
privacy-preserving object finding via mobile crowdsourcing,” IEEE
Trans. Wireless Commun., vol. 15, no. 3, pp. 1716–1728, Mar. 2016.

[111] K. Farkas, G. Feher, A. Benczur, and C. Sidlo, “Crowdsending based
public transport information service in smart cities,” IEEE Commun.
Mag., vol. 53, no. 8, pp. 158–165, Aug. 2015.

[112] D. Yang, G. Xue, X. Fang, and J. Tang, “Crowdsourcing to smart-
phones: Incentive mechanism design for mobile phone sensing,” in
Proc. 18th ACM Int. Conf. Mobile Comput. Netw., Istanbul, Turkey,
2012, pp. 173–184.

[113] Z. Chi, Y. Wang, Y. Huang, and X. Tong, “The novel location privacy-
preserving CKD for mobile crowdsourcing systems,” IEEE Access,
vol. 6, pp. 5678–5687, 2018.

[114] X. Zhang et al., “Incentives for mobile crowd sensing: A survey,” IEEE
Commun. Surveys Tuts., vol. 18, no. 1, pp. 54–67, 1st Quart., 2016.

[115] S. Hosio, J. Goncalves, V. Lehdonvirta, D. Ferreira, and V. Kostakos,
“Situated crowdsourcing using a market model,” in Proc. 27th Annu.
ACM Symp. User Interface Softw. Technol., Honolulu, HI, USA, 2014,
pp. 55–64.

[116] G. Zhuo, Q. Jia, L. Guo, M. Li, and P. Li, “Privacy-preserving verifiable
data aggregation and analysis for cloud-assisted mobile crowdsourc-
ing,” in Proc. IEEE INFOCOM, San Francisco, CA, USA, 2016,
pp. 1–9.

[117] L. Xu, X. Hao, N. D. Lane, X. Liu, and T. Moscibroda, “More with less:
Lowering user burden in mobile crowdsourcing through compressive
sensing,” in Proc. ACM Int. Joint Conf. Pervasive Ubiquitous Comput.,
Osaka, Japan, 2015, pp. 659–670.

[118] M. H. Cheung, R. Southwell, F. Hou, and J. Huang, “Distributed time-
sensitive task selection in mobile crowdsensing,” in Proc. 16th ACM
Int. Symp. Mobile Ad Hoc Netw. Comput., Hangzhou, China, 2015,
pp. 157–166.

[119] L. Wang, D. Zhang, Y. Wang, C. Chen, X. Han, and A. M’hamed,
“Sparse mobile crowdsensing: Challenges and opportunities,” IEEE
Commun. Mag., vol. 54, no. 7, pp. 161–167, Jul. 2016.

[120] J. Wang, Y. Wang, L. Wang, and Y. He, “GP-selector: A generic partic-
ipant selection framework for mobile crowdsourcing systems,” World
Wide Web, vol. 21, no. 3, pp. 759–782, 2018.

[121] T. Yan, B. Hoh, D. Ganesan, K. Tracton, T. Iwuchukwu, and J.-S. Lee,
“CrowdPark: A crowdsourcing-based parking reservation system for
mobile phones,” Dept. Comput. Sci., Univ. Massachusetts at Amherst,
Amherst, MA, USA, Rep. UM-CS-2011-001, 2011.

[122] H. Väätäjä, T. Vainio, E. Sirkkunen, and K. Salo, “Crowdsourced
news reporting: Supporting news content creation with mobile
phones,” in Proc. 13th ACM Int. Conf. Human–Comput. Interact.
With Mobile Devices Services, Stockholm, Sweden, 2011,
pp. 435–444.

[123] J. Ren, Y. Zhang, K. Zhang, and X. S. Shen, “SACRM: Social
aware crowdsourcing with reputation management in mobile sensing,”
Comput. Commun., vol. 65, pp. 55–65, Jul. 2015.

[124] S. N. S. Gaikwad et al., “Boomerang: Rebounding the consequences
of reputation feedback on crowdsourcing platforms,” in Proc. ACM
29th Annu. Symp. User Interface Softw. Technol., Tokyo, Japan, 2016,
pp. 625–637.

[125] M. E. Whiting et al., “Crowd guilds: Worker-led reputation and
feedback on crowdsourcing platforms,” in Proc. ACM Conf.
Comput. Supported Cooperat. Work Soc. Comput. (CSCW),
Portland, OR, USA, 2017, pp. 1902–1913. [Online]. Available:
http://doi.acm.org/10.1145/2998181.2998234

[126] J. Ren, Y. Zhang, K. Zhang, and X. Shen, “Exploiting mobile crowd-
sourcing for pervasive cloud services: Challenges and solutions,” IEEE
Commun. Mag., vol. 53, no. 3, pp. 98–105, Mar. 2015.

[127] V. Raychoudhury, S. Shrivastav, S. S. Sandha, and J. Cao, “CROWD-
PAN-360: Crowdsourcing based context-aware panoramic map genera-
tion for smartphone users,” IEEE Trans. Parallel Distrib. Syst., vol. 26,
no. 8, pp. 2208–2219, Aug. 2015.

[128] S. Mirri, C. Prandi, P. Salomoni, F. Callegati, and A. Campi, “On com-
bining crowdsourcing, sensing and open data for an accessible smart
city,” in Proc. 8th IEEE Int. Conf. Next Gener. Mobile Apps Services
Technol. (NGMAST), Oxford, U.K., 2014, pp. 294–299.

[129] X. Zhang, Z. Yang, C. Wu, W. Sun, Y. Liu, and K. Xing, “Robust tra-
jectory estimation for crowdsourcing-based mobile applications,” IEEE
Trans. Parallel Distrib. Syst., vol. 25, no. 7, pp. 1876–1885, Jul. 2014.

[130] J. S. Hausmann, N. Gujral, S. Al Ayubi, J. Hawkins, J. Brownstein,
and F. Dedeoglu, “Feverprints: A crowdsourcing study of temperature
in health and disease,” in Arthritis & Rheumatology, vol. 69. Hoboken,
NJ USA: Wiley, 2017, pp. 125–127.

[131] S. I. Hay, D. B. George, C. L. Moyes, and J. S. Brownstein, “Big data
opportunities for global infectious disease surveillance,” PLoS Med.,
vol. 10, no. 4, 2013, Art. no. e1001413.

[132] R. K. Rana, C. T. Chou, S. S. Kanhere, N. Bulusu, and W. Hu, “Ear-
phone: An end-to-end participatory urban noise mapping system,” in
Proc. 9th ACM/IEEE Int. Conf. Inf. Process. Sensor Netw., Stockholm,
Sweden, 2010, pp. 105–116.

[133] Y. Sun and A. Mobasheri, “Utilizing crowdsourced data for studies of
cycling and air pollution exposure: A case study using Strava data,”
Int. J. Environ. Res. Public Health, vol. 14, no. 3, p. 274, 2017.

[134] R. Honicky, E. A. Brewer, E. Paulos, and R. White, “N-smarts:
Networked suite of mobile atmospheric real-time sensors,” in Proc. 2nd
ACM SIGCOMM Workshop Netw. Syst. Developing Regions, Seattle,
WA, USA, 2008, pp. 25–30.

[135] M. Bott and G. Young, “The role of crowdsourcing for better gov-
ernance in international development,” Praxis Fletcher J. Human
Security, vol. 27, no. 1, pp. 47–70, 2012.

[136] S. Vijaykumar, G. Nowak, I. Himelboim, and Y. Jin, “Managing social
media rumors and misinformation during outbreaks,” Amer. J. Infect.
Control, vol. 46, no. 7, p. 850, 2018. doi: 10.1016/j.ajic.2018.03.014.

[137] X. Kong, X. Song, F. Xia, H. Guo, J. Wang, and A. Tolba, “LoTAD:
Long-term traffic anomaly detection based on crowdsourced bus tra-
jectory data,” World Wide Web, vol. 21, no. 3 pp. 825–847, 2018.

[138] Q. Yang, Z. Gao, X. Kong, A. Rahim, J. Wang, and F. Xia, “Taxi oper-
ation optimization based on big traffic data,” in Proc. IEEE 12th Int.
Conf. Ubiquitous Intell. Comput. IEEE 12th Int. Conf. Auton. Trusted
Comput. IEEE 15th Int. Conf. Scalable Comput. Commun. Assoc.
Workshops (UIC-ATC-ScalCom), Beijing, China, 2015, pp. 127–134.

[139] D. Zhang, H. Xiong, L. Wang, and G. Chen, “CrowdRecruiter:
Selecting participants for piggyback crowdsensing under probabilis-
tic coverage constraint,” in Proc. ACM Int. Joint Conf. Pervasive
Ubiquitous Comput., Seattle, WA, USA, 2014, pp. 703–714.

[140] O. AlSonosy, S. Rady, N. Badr, and M. Hashem, “Business behav-
ior predictions using location based social networks in smart cities,”
in Information Innovation Technology in Smart Cities. Singapore:
Springer, 2018, pp. 105–122.

[141] C. Laoudias, A. Moreira, S. Kim, S. Lee, L. Wirola, and C. Fischione,
“A survey of enabling technologies for network localization, track-
ing, and navigation,” IEEE Commun. Surveys Tuts., vol. 20, no. 4,
pp. 3607–3644, 4th Quart., 2018.

[142] Y. Zhang, S. Zhang, R. Li, D. Guo, Y. Wei, and Y. Sun, “WiFi finger-
print positioning based on clustering in mobile crowdsourcing system,”
in Proc. IEEE 12th Int. Conf. Comput. Sci. Educ. (ICCSE), Houston,
TX, USA, 2017, pp. 252–256.

[143] S. Chen, M. Li, K. Ren, X. Fu, and C. Qiao, “Rise of the indoor
crowd: Reconstruction of building interior view via mobile crowdsourc-
ing,” in Proc. 13th ACM Conf. Embedded Netw. Sensor Syst., Seoul,
South Korea, 2015, pp. 59–71.

[144] K. Wazny, “Applications of crowdsourcing in health: An overview,” J.
Glob. Health, vol. 8, no. 1, 2018, Art. no. 010502.

[145] R. Pryss, M. Reichert, B. Langguth, and W. Schlee, “Mobile crowd
sensing services for tinnitus assessment, therapy, and research,” in Proc.
IEEE Int. Conf. Mobile Services (MS), New York, NY, USA, 2015,
pp. 352–359.

http://dx.doi.org/10.1016/j.ajic.2018.03.014


KONG et al.: MCS IN SMART CITIES: TECHNOLOGIES, APPLICATIONS, AND FUTURE CHALLENGES 8113

[146] D. C. Brabham, K. M. Ribisl, T. R. Kirchner, and J. M. Bernhardt,
“Crowdsourcing applications for public health,” Amer. J. Preventive
Med., vol. 46, no. 2, pp. 179–187, 2014.

[147] Y. Huang, C. White, H. Xia, and Y. Wang, “A computational cognitive
modeling approach to understand and design mobile crowdsourcing
for campus safety reporting,” Int. J. Human–Comput. Stud., vol. 102,
pp. 27–40, Jun. 2017.

[148] N. Eagle, “txteagle: Mobile crowdsourcing,” in Proc. Int. Conf.
Internationalization Design Glob. Develop., 2009, pp. 447–456.

[149] Y. Liu, V. Lehdonvirta, T. Alexandrova, and T. Nakajima, “Drawing
on mobile crowds via social media,” Multimedia Syst., vol. 18, no. 1,
pp. 53–67, 2012.

[150] K. Yadav, P. Kumaraguru, A. Goyal, A. Gupta, and V. Naik,
“SMSAssassin: Crowdsourcing driven mobile-based system for SMS
spam filtering,” in Proc. 12th Workshop Mobile Comput. Syst. Appl.,
Phoenix, AZ, USA, 2011, pp. 1–6.

[151] Z. Ning, F. Xia, N. Ullah, X. Kong, and X. Hu, “Vehicular social
networks: Enabling smart mobility,” IEEE Commun. Mag., vol. 55,
no. 5, pp. 16–55, May 2017.

[152] A. Steinfeld, J. Zimmerman, A. Tomasic, D. Yoo, and R. Aziz, “Mobile
transit information from universal design and crowdsourcing,” Transp.
Res. Rec. J. Transport. Res. Board, vol. 2217, no. 1, pp. 95–102, 2011.

[153] X. Chen, E. Santos-Neto, and M. Ripeanu, “Crowd-based smart park-
ing: A case study for mobile crowdsourcing,” in Proc. Int. Conf. Mobile
Wireless Middleware Oper. Syst. Appl., 2012, pp. 16–30.

[154] X. Kong, Z. Xu, G. Shen, J. Wang, Q. Yang, and B. Zhang, “Urban traf-
fic congestion estimation and prediction based on floating car trajectory
data,” Future Gener. Comput. Syst., vol. 61, pp. 97–107, Aug. 2016.

[155] Q. Yang, J. Wang, X. Song, X. Kong, Z. Xu, and B. Zhang, “Urban
traffic congestion prediction using floating car trajectory data,” in Proc.
Int. Conf. Algorithms Archit. Parallel Process., 2015, pp. 18–30.

[156] F. Xia, A. Rahim, X. Kong, M. Wang, Y. Cai, and J. Wang, “Modeling
and analysis of large-scale urban mobility for green transportation,”
IEEE Trans. Ind. Informat., vol. 14, no. 4, pp. 1469–1481, Apr. 2018.

[157] J. Lin, S. Amini, J. I. Hong, N. Sadeh, J. Lindqvist, and J. Zhang,
“Expectation and purpose: Understanding users’ mental models of
mobile app privacy through crowdsourcing,” in Proc. ACM Conf.
Ubiquitous Comput., Pittsburgh, PA, USA, 2012, pp. 501–510.

[158] W. Kim, S. Yang, M. Gerla, and E.-K. Lee, “Crowdsource based indoor
localization by uncalibrated heterogeneous Wi-Fi devices,” Mobile Inf.
Syst., vol. 2016, p. 18, May 2016. doi: 10.1155/2016/4916563.

[159] L. Lavia et al., “Non-participant observation methods for soundscape
design and urban panning,” Handbook of Research on Perception-
Driven Approaches to Urban Assessment and Design. Hershey, PA,
USA: IGI Glob., 2018, pp. 73–99.

[160] T. Kulshrestha, D. Saxena, R. Niyogi, M. Misra, and D. Patel,
“An improved smartphone-based non-participatory crowd monitoring
system in smart environments,” in Proc. IEEE Int. Conf. Comput. Sci.
Eng. (CSE) Embedded Ubiquitous Comput. (EUC), vol. 2. Guangzhou,
China, 2017, pp. 132–139.

[161] S. Feng, P. Setoodeh, and S. Haykin, “Smart home: Cognitive
interactive people-centric Internet of Things,” IEEE Commun. Mag.,
vol. 55, no. 2, pp. 34–39, Feb. 2017.

[162] M. Allen, “Web 2.0: An argument against convergence,” in
Media Convergence and Deconvergence. Cham, Switzerland: Palgrave
Macmillan 2017, pp. 177–196.

[163] M. Conti, A. Passarella, and S. K. Das, “The Internet of People (IoP): A
new wave in pervasive mobile computing,” Pervasive Mobile Comput.,
vol. 41, pp. 1–27, Oct. 2017.

Xiangjie Kong (M’13–SM’17) received the B.Sc.
and Ph.D. degrees from Zhejiang University,
Hangzhou, China.

He is currently an Associate Professor with
the School of Software, Dalian University of
Technology, Dalian, China. He has published over
70 scientific articles in international journals and
conferences (with 50 indexed by ISI SCIE). His cur-
rent research interests include intelligent transporta-
tion systems, mobile computing, and cyber-physical
systems.

Dr. Kong has served as a (Guest)Editor of several international journals,
and the Workshop Chair or the PC Member of a number of conferences. He
is a Senior Member of CCF and a member of ACM.

Xiaoteng Liu is currently pursuing the bachelor’s
degree in software engineering with the Dalian
University of Technology, Dalian, China.

He is a Research Assistant with the Alpha
Lab, School of Software, Dalian University of
Technology. His current research interests include
big traffic data mining and analysis, human mobility
behavior analysis, and smart city.

Behrouz Jedari (M’16) received the B.Sc. and
M.Sc. degrees in software engineering from Islamic
Azad University, Tehran, Iran, and the Ph.D. degree
in computer science from the Dalian University of
Technology, Dalian, China, in 2017.

He is currently a Post-Doctoral Researcher
with the Department of Computer Science,
Aalto University, Espoo, Finland. His current
research interests include network optimization,
resource allocation, social computing, and network
economics.

Menglin Li received the bachelor’s degree in soft-
ware engineering from the Dalian University of
Technology, Dalian, China, in 2016, where she is
currently pursuing the master’s degree with the
Alpha Lab, School of Software.

Her current research interests include big traffic
data mining and analysis, human mobility behavior
analysis, and smart city development.

Liangtian Wan (M’15) received the B.S. and
Ph.D. degrees from the College of Information and
Communication Engineering, Harbin Engineering
University, Harbin, China, in 2011 and 2015,
respectively.

From 2015 to 2017, he was a Research Fellow
with the School of Electrical and Electrical
Engineering, Nanyang Technological University,
Singapore. He is currently an Associate Professor
with the School of Software, Dalian University of
Technology, Dalian, China. He has authored over 30

articles published in related international conference proceedings and journals.
His current research interests include social network analysis and mining,
big data, array signal processing, wireless sensor networks, and compressive
sensing.

Dr. Wan has been serving as an Associate Editor for IEEE ACCESS and
Journal of Information Processing Systems.

Feng Xia (M’07–SM’12) received the B.Sc. and
Ph.D. degrees from Zhejiang University, Hangzhou,
China.

He was a Research Fellow with the Queensland
University of Technology, Brisbane, QLD, Australia.
He is currently a Full Professor with the School of
Software, Dalian University of Technology, Dalian,
China. He has published 2 books and over 200
scientific articles in international journals and con-
ferences. His current research interests include data
science, big data, knowledge management, network

science, and systems engineering.
Dr. Xia is a (Guest) Editor of several international journals. He serves as

the general chair, the PC chair, the workshop chair, or the publicity chair of
a number of conferences. He is a Senior Member of ACM.

http://dx.doi.org/10.1155/2016/4916563


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


