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Abstract 

Today, the distribution of people with smart mobile devices has provided the opportunity for mobile crowd sensing. 

Several mobile crowd sensing systems have led to the collection of valuable information with a low infrastructural 

investment. These types of information have been used in context-aware systems to provide high-level services. In 

this paper, a comprehensive reference framework is proposed to investigate context-aware mobile crowd sensing 

systems from three viewpoints of concepts, context-awareness, and functionalities. Each of these aspects has one or 

more parameters, which investigate and classify the existing works. To this end, the paper characterizes domain and 

cooperation type, context-awareness, incentive mechanisms, data sharing, local analysis and global aggregation of 

mobile crowd sensing systems. The aim is to thoroughly review the existing works, foster the dissemination of state-

of-the-art research, and present future research directions. 

Keywords—Mobile crowd sensing, Context-awareness, Functionalities, Survey 

Introduction 

With the spread of mobile devices (like smartphones and tablets) that are equipped to a collection of sensors 

(like camera, GPS, and accelerometer), and their ability to connect to the internet, an opportunity for crowd 

sensing has been created. People can use these devices and their built-in sensors to collect and share the 

sensed data of a population [1]. In fact, Mobile Crowd Sensing (MCS) is a form of people’s volunteered 

cooperation in collecting and sharing various information [2]. The information produced from a crowd 

sensing system can be used in applications of different fields such as urban monitoring [3], road surface 

assessment [4] [5] [6], environmental monitoring [7] [8], intelligent transportation systems [9] [10] [11] 

[12], task allocation systems [13], and healthcare [14] [15] [16]. 

A significant part of crowd sensing information is used in context-aware systems. “Context is any 

information that can be used to characterizes the situation of an entity. An entity can be a person, a place, 
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or an object” [17]. “A context-aware system is one that uses this information in providing services to users” 

[17]. A context-aware application can change its behavior to adapt it with the user’s context [18] [19]. 

Context-awareness is one of the most important features of pervasive computing systems, which increases 

our control and awareness of the surrounding environment [20] [21].  

Context-aware applications may use the contextual information produced by crowd sensing systems. 

Previously, several review studies in different fields of MCS have been conducted including, privacy and 

security [22] [23] [24], Internet of Things [25], concepts [26], data mining [27], providing incentive 

mechanisms to users [28] [29], and practical fields [30] [31] like music [32], disaster management [33], 

water management [34], and healthcare [35]. According to our best knowledge, not any study that 

investigates crowd sensing from the context-awareness perspective has been conducted yet. Context-

awareness is an important characteristic that can help crowd sensing systems reach a better understanding 

of the situation of an entity. This understanding will help to identify any changes in the situation of that 

entity. Hence, a better response to this dynamic nature of the environment will take place. Therefore, 

investigating these systems from a context-awareness perspective is much important.  

As several MCS systems have been proposed in previous years and the lack of a comprehensive survey for 

investigating them, this paper aims to study context-aware MCS systems according to various aspects that 

are necessary for a typical MCS system. To this end, we have used the keywords of “Crowd sensing” or 

“Crowd sourcing” plus “Context-aware” in the Google Scholar as the most comprehensive research paper 

indexing database. Afterwards, we have filtered out retrieved papers in two steps. In the first step, papers 

that have been published by unknown or unpopular publishers have been eliminated. Since Google scholar 

mostly performs the search in a keyword matching manner, in the second step the papers have been 

semantically investigated and unrelated papers to the subject of the survey have been ruled out.  

To systematically perform the review, a conceptual framework is proposed (figure1), which aims to 

investigate MCS systems from three viewpoints including concepts, context-awareness, and functionalities. 

These aspects correspond to the main steps for specifying a computer system in software engineering, which 

involve general specification as well as determining functional and non-functional requirements. In this 

regard, concepts (including domain type and type of user cooperation) are related to the general purpose 

and main usage of the system. After this overall specification, context-awareness is regarded as the main 

characteristic or non-functional requirement of MCS systems. To fulfill the investigation, the functional 

requirements (including incentive mechanism, data sharing, local analysis, and aggregation) of these 

systems are also explored. It should be noted that these parameters are rather independent. There is not any 

straightforward mutual influence between any pairs of them. Finally, the results obtained and the lessons 

learnt are discussed and the new directions of research are elaborated.  

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

3 

Declarations of interest: none 

The rest of the paper is organized in the following way. Section 2 reviews related research studies and 

investigates them from the concept perspective. In section 3, the existing studies are investigated from the 

context-awareness viewpoint. Section 4 aims to investigate MCS systems from the functionalities 

perspective. After reviewing previous research, section 5 provides an overall discussion and proposes a 

reference architecture. Finally, section 6 concludes the paper and provides future research directions. 

 

 

 

 

 

                            Concepts                                     Context-awareness                                                                                 Functionalities    

  

 

 

                          Figure 1. The proposed framework for reviewing context-aware crowd sensing systems 
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In this section, context-aware crowd sensing systems are reviewed from the concept perspective including 

domain type and method of user cooperation. Figure 2 shows the geographic distribution of these projects 

in different continents. In terms of numbers, most of these projects have been carried out in the continents 

of Europe, America, Asia, and Australia, respectively. 

 

 

 

                            

Figure 2. Continental distribution of related studies 

2-1: Domain type  

The domain type shows the target field of deploying crowd sensing systems. Generally, according to 

domain type, the existing context-aware crowd sensing systems can be classified into the categories of 

urban, transportation, tourism, and others. In the following, these categories are elaborated. 

   Urban facilities: The data produced from crowd sensing can be used for urban life automation. Most of 

the investigated studies belong to this category. For instance, the PAN360 project [36] produces a 

panoramic map of the user’s points of interest and presents it to him, so that user can acquire more 

comprehensive information of their surroundings. The CMC project [37] provides the means of obtaining 

communicative obstacles between people and government, and quickly informs statesmen of these 

problems. The Here-n-now project [38] provides a service to the user in order to inform them of the situation 

of different places. For example, if a user decides to go to a park, a restaurant or any desired place, they can 

gather information about the noisiness or security conditions of that place. 
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   Transportation: Data produced by crowd sensing on a network of vehicles can be used in various 

applications of transportation. In this respect, the CANS project [39] [40] collects the local traffic 

information of various vehicles through crowd sensing, aggregates the global traffic information and uses 

that information for dynamic navigation. Also in the FEV system [41], an optimal route between the point 

of departure and the destination is selected, and electronic vehicles share the traffic information with one 

another using vehicle-to-vehicle communications. 

Using this traffic information, in case of traffic jams in certain routes, another routes with less traffic 

congestion are replaced. This action leads to lower energy consumption in these vehicles. The VSN project 

[42] also proposes a model for crowd sensing in the social network of vehicles, which can be useful in 

improving safety and managing traffic. In the Beacon system [43], by installing a proprietary application 

on smartphones that receives position through GPS and with the help of crowd sensing, users can be notified 

of the location of different buses and their approximate time of arrival to the station.  

Studies show that playing music that fits the mood of the driver can considerably help in reducing crashes 

[44]. The NCC project [45] plays the music that best fits the current mood of the driver by detecting their 

condition. For this purpose, it uses crowd sensing to discover which music fits each mood. 

   Tourism: Today, the tourism industry has gained much significance and the number of tourists has 

increased. In this domain, the FCC project [46] [47] collects contextual information (like location) for those 

users who go to Saudi Arabia for the pilgrimage. According to their location, it provides a collection of 

healthcare, housing, and transportation services in order to better organize the travelers. 

    Others: A number of crowd sensing projects have been carried out in miscellaneous domains. For 

instance, the CSP system [48] collects the privacy preferences of users, which can be used for 

implementation of context-aware applications. Also in the C3P project [49], mechanisms for better 

protection of cloud-stored data are proposed after the sensitivity of users about their sensed information is 

determined through answering some questions about privacy.  

Some projects consider MCS generally, and propose mechanisms for generic environments.  trustworthy is 

one of concerns of most MCS systems. In order to prevent user’s abuses in general MCS environments, the 

WSC system [50] proposes a mechanism for identifying dishonest users, preventing their activities, and 

selecting reliable users. Through MCS, the AWI project [51] detects the requirements of the users’ devices 

to help designers develop more efficient and cost-effective browsers. In the projects of Matador [52], CATA 

[53], MCSP [54], CAPR [55], and CARROT [56], the crowd sensing system relegates its sensing task to 

those users who are more suitable for doing it. 

2.2: Cooperation type 
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In MCS, the process of data gathering is possible with the cooperation of users. In this subsection, the 

relevant research will be reviewed from the perspective of user cooperation type in crowd sensing. 

Generally, the type of cooperation in investigated MCS systems can be categorized to the participatory, 

opportunistic, and hybrid groups: 

   Participatory: This category of systems need the active cooperation of individuals. They are classified 

into the following subgroups: 

 Mobile photography: In this subcategory, the type of data being sensed is an image. By taking pictures 

using smartphones and sending them to the server, individuals take part in crowd sensing. For instance, 

in the PAN360 project [36], individuals cooperate in creating panoramic maps by taking pictures and 

sending them to the server. 

 Questionnaire: In MCS systems, the data is gathered from individuals through questionnaires. 

Individuals cooperate in crowd sensing by answering a series of questions and benefiting from its 

resulting facilities. For instance, in the C3P system [49], Amazon employees take part in crowd sensing 

by answering questions about privacy. In the Curios project [57] [58], some questions about a particular 

subject are asked from users. Then, according to the answers given by them, the system acquires 

knowledge, which it uses for producing information related to that subject. For example, when a user 

goes to a particular place, the system asks questions about that location from the user. Through the 

answers, it acquires knowledge about that place and can provide interesting and useful information to 

other users who later visit that place. 

   Opportunistic: This category relies less on active user cooperation in the process of sensing and sending 

information, and the data is automatically sensed and sent. The process of sensing without user intervention 

occurs by portable sensors accompanying the user. With respect to the type of these sensors, these systems 

are further categorized into the following subgroups. 

 Mobile Sensors: In these systems, the built-in sensors in the smartphone of users automatically gather 

and send data relevant to crowd sensing. For example, in the Here-n project [38], the information of 

the environment, which the users are located in, is automatically sensed through built-in smartphone 

sensors and sent. Also the FCC project [46] [47] automatically senses the information related to the 

location of pilgrims through built-in smartphone sensors. Finally, in the Beacon system [43], the 

information related to the location of individuals and buses is automatically sensed and sent through 

the sensors of users’ smartphones. 

 Body Sensors: Much of the information related to the individuals’ health is automatically sensed by 

sensors placed on their body. For example, in the FCC project [46] [47], the information related to the 

health of pilgrims is automatically sensed by wearable sensors and sent. 
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 Vehicular Sensors: In the domain of transportation, the sensors installed on the vehicles automatically 

sense the data relevant to crowd sensing. For example, in the CANS [39] [40] and FEV [41] projects, 

the traffic information is calculated and sent through vehicular sensors. 

 Hybrid: This category of systems provides both of the possibilities for participatory or opportunistic 

cooperation to users. For example, in the CSP project [48], the users can manually or automatically 

cooperate in crowd sensing through smartphone sensors and with respect to their privacy preference.  

Table 1 provides a general overview of research studies related to the context-aware crowd sensing.

Table1: General overview of research studies related to context-aware MCS 
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FCC [46] [47]           Implemented Conference 

MAC [59]           Deployed Magazine 

Matador [52]           Implemented Conference 

MCSP [54]           Designed Report 

TMS [60]           Designed Conference 

Curios [58] [57]           Implemented Journal 

CMC [37]           Prototyped Conference 

Here-n [38]           Designed Conference 

PAN360 [36]           Deployed Journal 

CARROT [56]           Designed patent 

FEV [41]           Simulated Magazine 

CADE [61]           Simulated Workshop 

CATA [53]           Simulated Conference 

D-cloc [62]           Simulated Conference 

CAPR [55]           Simulated Journal 

VSN [42]           Designed Conference 

AWI [51]           Designed Conference 

PCAM [63]           Deployed Workshop 

WSC [50]           Prototyped Conference 

LBSC [64]           Designed Conference 

NCC [45]           Implemented Conference 

CSP [48]           Implemented Journal 

C3P [49]           Designed Symposium 

COM [65] [66]           Designed Conference 

CANS [40] [39]           Simulated Journal 

Beacon [43]           Designed Workshop 

 

3: Context-awareness: project review  

In this section, related research studies are investigated from the context-awareness perspective. Each of 

the existing systems makes use of one or several context elements. In the past, general classifications for 

context-awareness have been proposed [17], [67], but in the crowd sensing domain, these classifications 
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need to be reconsidered. In this domain, spatial-temporal, personal, specialized, device and environmental 

context types are of much interest. Therefore, the same classification is proposed, which is investigated in 

the following: 

 Spatial-Temporal: In crowd sensing applications, information related to time and location is especially 

significant. Location is mostly accessed through GPS, Wi-Fi, or cellular networks. Almost all of the systems 

reviewed use this category of information for two purposes, as follows:  

Providing location-based services: Many of the reviewed crowd sensing projects use the location of the 

user for providing intelligent services. For example, the CARROT [56], D-CLOC [62], MCSP [54], and 

CMC [37] projects, detect the user’s current, future, or commonly visited locations by tracing his/her 

location. Then, the system assigns its sensing needs (like going to a place and taking photos or videos) to 

those users who visit the intended areas. Also in the PAN360 project [36], when a user enters a new place, 

the information about his direction of travel is received through the compass and accelerometer and the 

map of the user’s surrounding is provided to him for guidance. In the Beacon project [43], the user is 

notified of the location of different buses and their approximate time of arrival to the station through the 

mobile application that senses their location through GPS. The Curious project [57] [58] uses the GPS 

coordinates of the user’s cell phone for extracting the location, direction, and the time interval the user 

stayed at his visited location. This application uses the obtained knowledge to provide interesting and useful 

information to the user about the places they visit. 

Map creation: Some of the crowd sensing systems use the sensed information of location for creating maps. 

For example, in the PAN360 project [36], the users take pictures of the places they are located at and help 

the server in creating panoramic maps. 

Since location is considered to be a sensitive context element, in some cases [68], individuals are not 

inclined to disclose it [48]. For this reason, in the PCAM project [63], the user’s location is obscured using 

location perturbation techniques, such that another location within a certain radius of the original point is 

replaced. 

 Personal context: This category of contextual information contains the user’s personal information [69]. 

Personal context has been widely used for general applications. Among crowd sensing systems, in the 

CATA project [53], the manager shares a few of the sensing tasks with a user and the user chooses one of 

these tasks. Then, similarity between user (according to personal context like profile and current state) and 

the selected task is calculated. If the calculated similarity is higher than the threshold, the user will perform 

that task. The CMC system [37] uses personal context like the user profile (age and gender) to recommend 

a particular task such as participation in voting or filling a questionnaire. The MAC project [59] obtains a 
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comprehensive understanding of the users’ interests and behaviors from their activities (like sleeping, 

walking, sitting, movement patterns, etc.). It helps in understanding their needs to be used in various 

applications. Finally, the NCC system [45] uses age and gender to recommend the music that is suitable to 

the driver’s current situation. 

 Specialized context: Some of the applications of crowd sensing are designed for a particular domain like 

healthcare, transportation, etc. As a result, they use the specialized context information of that domain. For 

example, in the FCC project [46] [47], the health situation of an individual can be determined from his 

pulse count, heartbeat and blood pressure, which are collected through the network of available active 

sensors. Similarly, in the domain of transportation, the CANS system [39] [40] approximates traffic density 

using the speed and the average absolute value of vehicles’ acceleration. FEV [41] proposes a solution for 

recharging electrical vehicles using traffic data and average speed. 

 Environmental context: This category of context describes the state of the user’s environment. For 

instance, in the Here-n project [38], environmental information like noise and population density are used 

in gaining an awareness of that environment’s commotion and security. For example, when a user wants to 

go to a restaurant, she can find out whether that place is busy or not. In the CADE project [61], the 

environment’s noise level is measured under various conditions. Then, the values attained are compared 

with one another to determine the factors that have affected the quality of them. 

 Device context: This category of information is related to the device that is used for crowd sensing. For 

instance, the CADE project [61] studies the quality of sensed data with the help of mobile device contextual 

information (like phone brand, sensor model, and calibration level). Furthermore, the CATA system [53] 

studies the effect of different devices contextual information (like device hardware) on energy consumption. 

This system seeks to improve the energy efficiency of crowd sensing applications.  

Table 2 summarizes the contextual information used in context-aware MCS systems. 
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Table 2: Contextual information used in context-aware MCS systems 

Project 

Name 

Spatial-Temporal 

context 

Personal context Specialized  

context 

Environmental 

context 

Device context 

FCC [46] 

[47] 

Location Historical 

activities, User’s  

points of interest 

Pulse rate, Heart 

beat 

Blood pressure, 

ECG 

- - 

MAC [59] Location 

 

User activity, 

Mobility- pattern, 

Social 

relationship 

Heartbeat, Blood, 

Pressure, ECG, 

Stress level 

 

Temperature, 

Humidity, pollution 

- 

Matador 

[52] 

Location, Time User activity, age, 

gender 

 

- - - 

MCSP 

[54] 

Location, Type of 

location, Time of day 

 

Workers current 

activity, User task 

 

- - Current-device 

status 

TMS [60] Geo-location - Mobile network 

topology 

 

- - 

Curious 

[57] [58] 

Place where the user 

stays, Time of visit, 

Duration of stay, Path 

- - - - 

CMC [37] Geographical 

coordinates (latitude, 

longitude), Temporal 

data 

 

User activity 

User task, age, 

gender 

- - Battery 

consumption 

 

Here-n-

now [38] 

- User activity 

 

- Noise level, Light 

intensity, Crowd 

intensity 

 

- 

PAN360 

[36] 

Location - - - Smart phone 

orientation, Smart 

phone GPS error 

CARROT 

[56] 

- User preference, 

User task,  User 

cost   

 

- - - 

FEV [41] Time of travel 

 

- Average speed, 

Cost of energy 

- - 

CADE 

[61] 

- Human behavior 

factors 

- Noise Level Hardware factors 

(e.g. phone brand) 

 

CATA 

[53] 

Location, Time Activity, Gender, 

Age 

 

- - Battery level 

Built-in sensors 

D-CLOCK 

[62] 

Future location User task, User 

cost 

- - - 

CAPR [55] Location User task, User 

cost 

- - - 

VSN [42] Location, Delay 

 

User task Identities of 

neighbors and 

objects,  Network 

overhead 

- Battery 

consumption 

 

AWI [51] - - Size and position of 

web site elements 

- - 

PCAM 

[63] 

Location - - - - 

WSC [50] - - Type of task - - 
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4: Functionalities  

Typical MCS systems have various functionalities including providing incentive mechanisms, local 

analysis, and data aggregation and sharing. In this section, existing MCS systems are reviewed according 

to each of these cases. 

4-1 Incentive mechanism 

Individuals often participate in crowd sensing using their smartphones. This participation has costs for 

them, since it consumes resources like battery, memory, bandwidth, and sometimes their time [28]. Besides, 

since the sensed data usually contains private information about location, the participation of individuals 

may lead to revealing their location; therefore, they may not be willing to participate in crowd sensing. As 

a result, mechanisms for encouraging users should be considered. Generally, incentive mechanisms used in 

previous studies can be classified into the following categories: 

 Monetary incentive mechanisms: In this category, participants receive financial rewards for their 

participation in crowd sensing tasks. Mason and Watts [70] demonstrate that the higher the amount of 

reward, the faster the tasks are accomplished. These rewards are divided into two categories including fixed 

and dynamic. In the dynamic incentive mechanisms, users set the price they have in mind for their own 

sensed data [71]. This approach to pricing leads to increase in prices and higher income for sellers. So in 

many projects, the reverse auction approach is used CARROT [56], D-CLOC [62], CAPR [55] [72] [73] 

[74] [75] [64] in such a way that each user offers a price to the system in exchange for the crowd sensing 

task that they perform. According to the prices offered by users, the system decides to accept or reject the 

offer. Then, the system chooses selected users from bidders for task assignment and removes others. In this 

auction, individuals who are removed from the system cancel their participation CAPR [55]. In order to 

Reward amount of 

task 

LBSC [64] Location, Time User task - - - 

NCC [45] - User mood Traffic - - 

CSP [48] Location - - - - 

C3p [49] - - Data features, 

Information 

extracted from data 

analysis 

- - 

COM [65] 

[66] 

Spatial temporal 

interaction  

 

User social 

Information 

 

- - Device type 

CANS 

[39] [40] 

- - Mean absolute 

acceleration, 

average speed 

- - 

Beacon 

[43] 

Location - - - - 
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encourage individuals removed from the system, mechanisms for long-term individual participation in 

crowd sensing are proposed CAPR [55] [76] [77] [78]. The procedure for these mechanisms is such that, 

those users who were removed in the previous round, have an increased chance of selection in the current 

round. 

In the fixed rewarding mechanism, there are prices already set for different sensing tasks, which are static 

and do not change until the task’s completion. For example, in the MCSP project [54], the system pays a 

fixed price for each task that a worker does. Also, in another system [79], the students of a university are 

asked to take pictures from the contents of trash cans and put tags on the photos pointing out the contents 

of the garbage. In exchange for sending each valid photo, each person receives a fixed amount. The 

collected data is used for improving the placing of trash cans. 

 Non-monetary incentive mechanisms: This category is not in the form of giving cash or non-cash 

rewards, but brings about a good feeling. These mechanisms can be further categorized into providing 

entertainment and public services, as follows: 

Entertainment: In this subcategory, crowd sensing tasks are turned into a game, meaning individuals can 

participate in sensing while playing a game [80]. These games need to be sufficiently engaging for 

individuals to enjoy doing them [28]. for example, In a research [81] a maps including various locations is 

provided to users. This game is played by going to the specified locations, taking pictures and sending them. 

These pictures are later used for making 3D models of objects. Whoever goes to more locations and takes 

more pictures, obtains a higher score. In the TMS project [60], the Open Mobile Network [82] which is a 

conceptual model for the mobile network topology uses smartphone applications for collecting information 

related to the network. For this purpose, a game called Jewel Chaser, which has a map with specified places 

is released. Players should go to these places and collect virtual jewels. The more jewels are obtained, the 

higher the ranking of the user is. After arriving at these places, the users collect mobile network’s data and 

this data is transferred to the server. 

Public service: This category of non-monetary mechanisms includes sensing activities whose benefit is for 

all individuals participating in crowd sensing. For example, participating in air pollution sensing programs 

will allow the authorities to adopt reasonable approaches for controlling air pollution. In this regard, in 

some  projects [83] [84] [85] [86], users collect data related to air quality using air pollution measurement 

sensors. This data, along with information of the user’s location, is sent to a database. This data is used for 

creating air pollution maps and these maps will be provided to those individuals who have participated. 

Some systems help customers in making informed decisions for shopping. For example in some projects 

[87] [88], users take pictures of products and their price tags using their smart cameras. Then, these pictures 

and their location information (using GPS) is sent to a central server and stored in a database. Whenever a 
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user, who has participated in the sensing process, requests the price of a product, that request, along with 

user’s location is sent to the server. Afterward, the server provides a list of products that are available in 

nearby shops with their prices to the user. After comparing prices, the user chooses her desired product. 

Some of the crowd sensing systems provide health related services to their users. Health is a subject that 

most people are very concerned about. Thus, they are after eliminating causes that may endanger their 

health. For example, obesity causes many illnesses and many people are willing to go on a diet and lose 

weight. In this regard, a participatory sensing program called W8Loss [89] is introduced, where participants 

register their activities and this program helps them at losing weight.  

Table 3 summarizes the incentive mechanisms used in previous studies. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4-2 Data sharing 

Table 3: Incentive mechanisms used in previous studies 
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Since crowd sensing deals with data collection and presentation, the way in which data is shared is 

important. Generally, sharing is done either vertically or horizontally, as follows: 

 Vertical: In vertical data sharing, which is supported by many systems, the aggregation component directly 

provides the information to consumers [90]. Since the aggregation component and users are positioned in 

different layers, this mechanism is regarded as top-down or vertical. To this end, two sharing approaches 

including the social media and queries are generally used. In this regard, in a study [91], the server infers 

the presence status of the individual (e.g. dancing at a specific party) using the information resulted from 

sensors such as noise and accelerometer. Then, it shares that information on social media such as   Facebook 

with their friends. After logging in to the social network, the user has control on filtering the list of friends 

that he is willing to share this status with. In the query-based approach, information is provided to users 

according to their requests. In this regard, people take pictures of advertisements on bulletin boards in 

different areas (like workplace or the street) and send them to the server of FlierMeet [92]. The server 

classifies and tags the photos based on the type of advertisement, such as a general concert ad, a professional 

academic ad, etc.  In the end, users are able to request their intended advertisements through the provided 

query mechanism. For this, the users can specify their required tags within the intended class of 

advertisements. The server processes the query and responds with the conforming advertisements. Finally, 

in the Micro-Blog system [93], a map is provided to users so that they can issue query for demanding 

information and status of each place on the map. The server processes the query and responds with the 

requested information that has been gathered via crowd sensing. 

 Horizontal: In horizontal sharing, the users share the sensed data directly with each other [90]. Horizontal 

sharing usually occurs through social networks or device-to-device communications. Social networks 

provide a suitable basis for sharing information between people at the same level. For this purpose, social 

networks like Facebook are used for individuals to share crowd sensing tasks by leaving a post for their 

friends [94]. People, who are willing, perform these tasks and send the result to that individual. Moreover, 

the social network is used for people to share parking related events together with the geographical 

information of the location. These events include leaving a parking lot, availability of parking spots, and 

searching for a parking spot [95]. The aim is to help drivers to find a nearby free parking space. 

If device-to-device communication is supported, it can be used for horizontally sharing data. In this regard, 

in the VANET domain, vehicles can communicate via vehicle-to-vehicle communication [96]. For example, 

vehicles can collect traffic information and share that information with nearby vehicles [97]. As a result, 

each vehicle will augment its dynamic traffic information and can use it for finding a suitable route to the 

destination. 

4-3: Local analysis 
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Various sensors, like GPS, accelerometer, microphone, and camera in smart devices are used for data 

collection in crowd sensing. Since the amount of data collected by mobile phones is enormous, continuously 

transferring all the data to the server causes network congestion as well as a massive workload for the 

server. As a result, in some crowd sensing systems, local analysis is performed on mobile phones [8]. 

Generally, local analysis consists of preprocessing and inference, which are discussed below. 

 Preprocessing: The data sensed by sensors is usually raw, and sometimes needs to be preprocessed [98]. 

In some crowd sensing systems, preprocessing is done for noise elimination [99] and data filtering [100]. 

For instance, in CenseMe [101] that aims to detect the presence of an individual, at first the sound of the 

environment is recorded. Then, for accurate voice detection, the background noise is eliminated using low 

pass filters [101]. 

 Inference: Inference is an approach for data analysis that leads to acquiring high level information [102]. 

[103] [104]. In this regard, CenseMe [101] infers high-level information of users (such as stationary or 

mobile, physical activities, including sitting, standing, using mobile phone, walking, running, or stair 

climbing) from a variety of continuously sensed data provided by user’s smartphone.  To this end, it exploits 

the J.48 decision tree classification algorithm. Inference is commonly carried out by heuristic or intelligent 

algorithms. In SoundSense [102], the mobile phone component classifies the sensed sound into either 

speech, music, or Ambient sound type. To this end, it uses a two-step classifier. The first step consists of a 

J.48 decision tree algorithm. To improve the accuracy, output of the first step is processed by a first-order 

Markov model via the second step. In the Here-n project [38], the activity of the user is inferred with the 

help of neural network and then is handed over to the server. In another research [101], the mobile phone 

analyzes and infers [105] user’s activity (sitting, walking, visiting friends), psychological state (happy or 

unhappy), interests (presence in a sports gym, coffee shop), and the environmental conditions (noisiness) 

by receiving the user’s contextual information (like location and the speed of movement) and making use 

of voice and conversation detection algorithms.  

In the VANET domain, a crowd sensing system for monitoring and managing transport fleet has been 

introduced [106]. This system conducts local processing using statistical algorithms in order to control the 

vehicle’s performance, fuel, and the driver’s behavior. Also, in the CANS project [39] [40], each vehicle 

infers its local traffic level using speed, absolute value of acceleration, and a fuzzy reasoning algorithm. 

4-4: Aggregation 

Performing crowd sensing with the help of many individuals leads to the collection of a large amount of 

data. This data should be aggregated and processed to be converted into high-level information before being 

utilized by users and systems. Sometimes, the volume of the generated data is so huge that big data 
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techniques should be leveraged for processing it in a scalable manner. In this regard, Hadoop [107] and 

Spark [108] are utilized for processing huge amount of data. Hadoop is a platform for storage and processing 

of a large volume of data. It is exploited for evaluating the quality of sensed data using the MapReduce 

parallel programming model [109]. Similarly, truth discovery from the huge volume of users’ provided data 

is a sophisticated and time-consuming process. To this end, MapReduce is utilized to efficiently evaluate 

the big data received on the server component [110].  

Spark is a parallel processing framework that extends Hadoop MapReduce. It has been used for prompt 

processing of the vast volume of data provided by people in festivals and city events [111]. The aim is to 

quickly detect any minor panic to be able to perform quick and targeted interventions. Similarly, Spark is 

used to perform deep learning on a huge amount of data generated by users [112]. The aim is to discover 

high-level information in a reasonable time. 

In MCS, the servers located at the top layer make use of various techniques for data aggregation. Among 

the previous research, the types of data processing done on servers for data aggregation can be classified 

into the following groups: 

 Clustering: One of the most important techniques for aggregation in MCS is to use clustering algorithms 

for categorizing the massive amount of data sent by users [113]. In this regard, the NCC project [45] 

performs clustering on various songs reported by users’ mobile devices. In another research [114], the GPS 

and accelerometer data are locally processed by users’ smartphones in order to discover roughness of road 

surface. Then, information related to roughness points are transferred to the server. Using the Linear 

Programming Chunking (LPC) algorithm [115], the server at first filters out faults like fake acceleration 

signals (caused by engine vibration). Then it aggregates the received points by clustering. For this purpose, 

all reported points that are close to each other and fall within a circle with a particular radius are identified 

and the average of these points is considered as a roughness. Finally, a map including all identified uneven 

points is produced. 

 Supervised learning: Classification of the data generated by users is another important processing 

technique of the aggregation server. It yields to useful information from a mass of raw data. In this regard, 

the central server of FlierMeet [92] uses supervised classification scheme to categorize user’s images of 

fliers into either of ad, academic, notice, or recruitment fliers.  Similarly, neural network is used [116] [117] 

for classifying the digit segments extracted from images of gas stations’ price list. Besides, random forest 

is used in SmartRoad [103] to identify the type of intersections (i.e. presence/absence) and the type of traffic 

regulators. To this end, driver’s smartphones send sensed data to the server. Afterwards, the server 

represents each intersection by a vector of statistical features and performs supervised classification. 
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 Image processing: Considering that in many crowd sensing applications images are taken and sent to the 

server, image processing is one of the common methods of aggregation. In this regard in the PAN360 

project [36], the cloud server uses a hash algorithm, which is based on the contents of the image, to find 

images related to the one sent by the user. Then, with the help of image processing, it places the related 

pictures next to each other and creates a panoramic map. Also, in another project [116] [117], a MCS system 

takes pictures of gas stations’ price list using cameras installed inside the users’ vehicles. These pictures, 

along with coordinates of location, fuel station brand, and time, are sent to the central server. The server 

scans the picture and extracts the fuel price using image processing and computer vision algorithms. Finally, 

the users can search for the cheapest refuel option in their proximity. The server will send them the location, 

fuel price, and brand name of the station that is close to them. 

 Fuzzy: Fuzzy systems also have applications in aggregation of information produced by sensors. For 

example, the fuzzy system is used for validating individual’s cooperation in crowd sensing [94]. For this 

purpose, the server uses a fuzzy inference system including both parameters of the quality of contribution 

and the trustworthiness level of participant to calculate the person’s contribution validation score. Then, 

this score is compared with a threshold value to be used as a measure for accepting or rejecting the 

contribution. In case of acceptance, the data sent will be used; otherwise, it will be dropped.  

In the Here-n project [38], the cloud component receives four parameters of light intensity, noise level, 

activity level, and crowd density. Then, using fuzzy logic, it discovers either of three states of lively (noisy 

and bright), noisy (crowded and having high user activity), and quiet (low noise and activity). 

 Heuristic: Heuristic algorithms have also been proposed for the data aggregation. In this regards, the 

vehicles of the CANS system [39] [40] send local traffic information to the urban server through vehicle-

to-infrastructure communications. The urban server uses a weighted heuristic formula to aggregate this 

information and to generate the global traffic map. Also, in a task allocation system, the workers send their 

sensed data to a cloud-based server [118]. Since this data is usually unreliable, a confidence-aware truth 

discovery method is proposed for discovering facts from data. For this objective, a weight is assigned to 

each worker using weight determination approaches. The weight of each worker is proportional to the 

degree of reliability of their data. The degree of reliability is proportional to the inverse difference between 

actual data and the data received from that worker. Then, the data from workers with higher weights are 

used for acquiring aggregated results.  

Table 4 summarizes the investigated research according to data sharing, local analysis, and aggregation. 
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             Table 4. Summary of MCS Systems according to data sharing, local analysis, and aggregation 
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Most of the considered research projects have not been developed; that confirms the challenge of deploying 

MCS systems. In MCS systems, the location information of people is usually used, so they are unwilling to 

participate as a matter of privacy violation. This issue is one reason that makes the deployment of these 

systems difficult. Moreover, the existing incentive mechanisms have not been able to solve this problem. 

Therefore, more realistic and appealing incentive mechanisms need to be invented to further encourage 

individuals to participate. Providing high-level information or a services based on that information can be 

used for creating such incentive mechanisms. 

Despite the fact that the objective of crowd sensing is data collection and sharing, many projects lack 

mechanisms for information distribution. This subject emphasizes that MCS has a long way to become 

operational and also interactions between users face some challenges. Therefore, mechanisms enabling 

more cooperation and sharing between individuals should be much more investigated.  

Data created using sensors has much redundancy and sometimes low accuracy that can reduce the 

performance of crowd sensing systems. Therefore, it is required to eliminate these redundancies and 

increase data quality. In previous systems, filtering and noise elimination are mostly performed on servers, 

whereas inventing techniques for controlling redundancies and eliminating poor quality data on mobile 

devices could reduce bandwidth consumption and server workload.  

To conclude the paper, figure 3 proposes a reference architecture for MCS systems 3. The proposed 

architecture illustrates and summarizes the position of discussed components in a comprehensive MCS 

system. 

 

Figure 3. Reference architecture of the MCS system. 

Local Analysis Horizontal data sharing Context-aware 

MCS Application 

Sensing Layer 

M
o

b
ile

 D
ev

ic
e 

Se
rv

er
 

Incentive Aggregation Vertical 

data sharing 

Sensed and contextual data 

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

20 

Declarations of interest: none 

In general, MCS systems consist of two tiers including mobile device and server. In the bottom of mobile 

device tier, there is sensing layer, which is responsible for gathering data from the environment. Afterwards, 

the sensors hand over the data to the local analysis component, which is responsible for processing data. 

The processed information can be shared horizontally among different smartphones. Besides, context-

aware applications resided on users’ devices can utilize this information. The main component of the server 

is aggregation, which is responsible for receiving information from users’ devices and processing and 

aggregating it. Afterwards, it provides vertical data sharing mechanism for MCS-based applications. The 

server tier should also provide incentive mechanisms to motivate users for participating in the sensing 

process. 

6. Future research directions 

In this paper, context-aware MCS systems have been investigated from various aspects including domain 

type, sensing cooperation type, context-awareness, incentive mechanism, data sharing, local analysis 

method, and aggregation approach. In crowd sensing, a huge amount of data is created continuously, which 

is difficult to be stored and processed by traditional servers. Cloud is commonly used as a massive storage 

and computational resource. The main problem lies in high communication delay of cloud, and as a result, 

the inability to execute interactive and real-time applications. To solve this problem, a comprehensive 

architecture for real-time crowd sensing systems can be introduced with the help of edge or fog computing.  

MCS has commonly entered general domains while it can have many applications in specialized branches 

like medicine, geography, archeology, engineering, linguistics, social sciences, and others. The use of MCS 

systems in various specialized domains for collecting and processing information is one of the main open 

directions for next research. In this regard, disasters like earthquakes are one of the important domain 

applications for MCS systems. One of the challenges for managing and responding to disasters is 

information gathering. More particularly, after a disaster old map of streets is not valid and a new map of 

open roads is required. Besides, rescue teams require real-time information regarding people needing urgent 

help in collapsed buildings, or even animals in need of help in countryside. In summary, various types of 

real-time information should be obtained, aggregated and sent to different parties and rescue groups. 

Traditional approaches cannot handle this situation well. Context-aware MCS systems are appropriate 

solutions for managing such situations.  

References 

 

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

21 

Declarations of interest: none 

[1]  C. Jiang, L. Gao, L. Duan and J. Huang, "Scalable Mobile Crowdsensing via Peer-to-Peer Data Sharing," IEEE Transactions 

on Mobile Computing, vol. 17, no. 4, pp. 898-912, 2018.  

[2]  K. Farkas and I. Lendák, "simulation environment for investigating crowd sensing based urban parking," in International 

Conference on Models and Technologies for Intelligent Transportation Systems , Budapest, Hungary, 2015.  

[3]  U. Lee, E. Magistretti, B. Zhou, M. Gerla, P. Bellavista and A. Corradi, "Mob eyes: smart mobs for urban monitoring with 

a vehicular sensor network," IEEE Wireless Communications, vol. 13, no. 5, 2006.  

[4]  J. Eriksson, L. Girod, B. Hull, R. Newton, S. Madden and H. Balakrishnan, "The pothole patrol: using a mobile sensor 

network for road surface," in 6th international conference on Mobile systems,applications, and services, Breckenridge, CO, 

USA, 2008.  

[5]  P. Mohan, V. N. Padmanabhan and R. Ramjee, "Nericell: rich monitoring of road and traffic conditions using mobile 

smartphones," in 6th ACM conference on Embedded network sensor systems, Raleigh, NC, USA, 2008.  

[6]  X. Li and D. W. Goldberg, "Toward a mobile crowdsensing system for road surface assessment," Computers, Environment 

and Urban Systems, vol. 67, no. 1, pp. 51-62, 2018.  

[7]  M. V. Kaenel, P. Sommer and R. Wattenhofer, "Ikarus: large-scale participatory sensing at high altitudes," in 12th Workshop 

on Mobile Computing Systems and Applications, Phoenix, AZ, USA, 2011.  

[8]  R. K. Ganti , F. Ye and H. Lei, "Mobile crowdsensing: current state and future challenges," IEEE Communications 

Magazine, vol. 49, no. 11, pp. 32-39, 2011.  

[9]  S. Gisdakis, M. Laganà, T. Giannetsos and P. Papadimitratos, "SEROSA: SERvice oriented security architecture for 

Vehicular Communications," in Vehicular Networking Conference, Boston, USA, 2013.  

[10]  A. Thiagarajan, L. Ravindranath, K. LaCurts, S. Toledo, J. Eriksson, S. Madden and H. Balakrishnan, "VTrack: accurate, 

energy-aware road traffic delay estimation using mobile phones," in 7th ACM Conference on Embedded Networked Sensor 

Systems, Berkeley, CA, USA, 2009.  

[11]  S. Gisdakis, V. Manolopoulos, S. Tao and A. Rusu, "Secure and privacy-preserving smartphone-based traffic information 

systems," IEEE Transactions on intelligenttransportation systems, vol. 16, no. 3, pp. 1428-1438, 2015.  

[12]  L. Xiao, T. Chen, C. Xie and J. Liu, "Mobile Crowdsensing Game in Vehicular Networks," in TENCON, IEEE Region 10 

International Conference, Macao, China, 2015.  

[13]  X. Chen and B. Deng, "Task Allocation Schemes for Crowdsourcing in Opportunistic Mobile Social Networks," 2018.  

[14]  T. Giannetsos, T. Dimitriou and N. R. Prasad, "People‐centric sensing in assistive healthcare: Privacy challenges and 

directions," Security and Communication Networks, vol. 4, no. 11, pp. 1295-1307, 2011.  

[15]  R. Pryss, M. Reichert, J. Herrmann, B. Langguth and W. Schlee, "Mobile crowd sensing in clinical and psychological trials-

-a case study," in 28th International Symposium on Computer-Based Medical Systems, Sao Paolo, Brazil, 2015.  

[16]  R. Pryss, W. Schlee, B. Langguth and M. Reichert, "Mobile crowdsensing services for tinnitus assessment and patient 

feedback," in 6th IEEE International Conference on AI and Mobile Services, Honolulu, Hawaii, USA, 2017.  

[17]  G. Abowd, A. Dey, P. Brown, N. Davies, M. Smith and P. Steggles, "Towards a better understanding of context and context-

awareness," in 1st international symposium on Handheld and Ubiquitous Computing, London, UK, 1999.  

[18]  G. Kortuem, Z. Segall and M. Bauer, "Context-aware, adaptive wearable computers as remote interfaces 

to'intelligent'environments," in 2nd International Symposium on Wearable Computers, Pittsburgh, Pennsylvania,USA, 

1998.  

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

22 

Declarations of interest: none 

[19]  P. J. BROWN, J. D. BOVEY and X. CHEN, "Context-Aware Applications: From the Laboratory to the Marketplace," IEEE 

personal communications, vol. 4, no. 5, pp. 58-64, 1997.  

[20]  H. Vahdat-Nejad, K. Zamanifar and N. Nematbakhsh, "Context-aware middleware architecture for smart home 

environment," International journal of smart home, vol. 7, no. 1, pp. 77-86, 2013.  

[21]  H. Vahdat-Nejad, S. Ostadi Eilaki and s. Izadpanah, "Towards a Better Understanding of Ubiquitous Cloud Computing," 

International Journal of Cloud Applications and Computing, vol. 8, no. 1, pp. 1-20, 2018.  

[22]  L. Pournajaf, L. Xiong, D. A. Garcia-Ulloa and V. Sunderam, "A survey on privacy in mobile crowd sensing task 

management," Atlanta, GA, USA, 2014. 

[23]  L. Pournajaf, D. A. Garcia-Ulloa, L. Xiong and V. Sunderam, "Participant privacy in mobile crowd sensing task 

management: A survey of methods and challenges," ACM SIGMOD Record, vol. 44, no. 4, pp. 23-34, 2016.  

[24]  I. J. Vergara-Laurens, L. G. Jaimes and M. A. Labrador, "Privacy-preserving mechanisms for crowdsensing: Survey and 

research challenges," IEEE Internet of Things Journal, vol. 4, no. 4, pp. 855-869, 2016.  

[25]  J. Liu, H. Shen and X. Zhang, "A survey of mobile crowdsensing techniques: A critical component for the internet of 

things," in 25th International Conference on Computer Communication and Networks , Waikoloa, Hawaii, USA, 2016.  

[26]  O. Zuchowski, O. Posegga , D. Schlagwein and K. Fischbach , "Internal crowdsourcing: conceptual framework, structured 

review, and research agenda," Information Technology, vol. 31, no. 2, pp. 166-184, 2016.  

[27]  G. Xintong, W. Hongzhi, Y. Song and G. Hong, "Brief survey of crowdsourcing for data mining," Expert Systems with 

Tools and Applications, vol. 41, no. 17, pp. 7987-7994, 2014.  

[28]  R. L. Ogie, "Adopting incentive mechanisms for largescale participation in mobile crowdsensing: from literature review to 

a conceptual framework," Human-centric Computing and Information Sciences, vol. 6, no. 1, pp. 1-31, 2016.  

[29]  M. Davari and H. Amintoosi, "A survey on participant recruitment in crowdsensing systems," in 6th International 

Conference on Computer and Knowledge Engineering, Mashhad, 2016.  

[30]  Y. Pan and E. Blevis , "A survey of crowdsourcing as a means of collaboration and the implications of crowdsourcing for 

interaction design," in International Conference on Collaboration Technologies and Systems, Philadelphia, 2011.  

[31]  B. Guo, Z. Wang, Z. Yu, Y. Wang, N. Y. Yen, R. Huang and X. Zhou, "Mobile Crowd Sensing and Computing: The Review 

of an Emerging Human-Powered Sensing Paradigm," ACM Computing Surveys , vol. 48, no. 1, pp. 1-33, 2015.  

[32]  c. Gomes, D. Schneider, K. Moraes and J. D. Souza, "Crowdsourcing for music: Survey and taxonomy," in International 

Conference on Systems, Man and Cybernetics - SMC, Seoul, 2012.  

[33]  M. Poblet , E. García-Cuesta and P. Casanovas , Crowdsourcing tools for disaster management: A review of platforms and 

methods, Berlin, Heidelberg: Springer, 2014, pp. 261-274. 

[34]  M. Rutten , E. Minkman and M. V. Sanden , "How to get and keep citizens involved in mobile crowd sensing for water 

management? A review of key success factors and motivational aspects," Interdisciplinary Reviews: Water, vol. 4, no. 2, 

pp. 1-10, 2017.  

[35]  B. L. Ranard, Y. P. Ha, Z. F. Meisel, D. A. Asch, S. S. Hill, L. B. Becker, A. K. Seymour and R. M. Merchant, 

"Crowdsourcing—harnessing the masses to advance health and medicine, a systematic review," Journal of general internal 

medicine, vol. 29, no. 1, pp. 187-203, 2014.  

[36]  V. Raychoudhury, S. Shrivastav, S. S. Sandha and J. Cao, "Crowd-pan-360: Crowdsourcing based context-aware panoramic 

map generation for smartphone users," IEEE Transactions on Parallel and Distributed Systems, vol. 26, no. 8, pp. 2208-

2219, 2015.  

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

23 

Declarations of interest: none 

[37]  A. Tamilin, I. Carreras, E. Ssebaggala, A. Opira and N. Conci, "Context-aware mobile crowdsourcing," in 14th 

International Conference on Ubiquitous Computing, Pittsburgh, 2012.  

[38]  P. P. Jayaraman, A. Sinha, W. Sherchan, S. Krishnaswamy, A. Zaslavsky, P. D. Haghighi, S. Loke and M. T. Do , "Here-

n-now: A framework for context-aware mobile crowdsensing," in Tenth International Conference on Pervasive Computing, 

united kingdom, 2012.  

[39]  A. Ramazani and H. VahdatNejad, "CANS: Context-Aware Traffic Estimation and Navigation System," IET Intelligent 

Transport Systems, vol. 11, no. 6, pp. 326-333, 2017.  

[40]  A. Ramazani and H. Vahdat-Nejad, "A New Context-Aware Approach to Traffic Congestion Estimation," in 4th 

International Conference on Computer and Knowledge Engineering, Mashhad ,Iran, 2014.  

[41]  Y. Wang and J. Jiang, "Context-Aware and Energy-Driven Route Optimization for Fully Electric Vehicles via 

Crowdsourcing," IEEE Transactions on Intelligent Transportation Systems, vol. 14, no. 3, pp. 1331-1345, 2013.  

[42]  X. Hu and V. C. Leung, "Towards Context-Aware Mobile Crowdsensing in Vehicular Social Networks," in 15th IEEE/ACM 

International Symposium on Cluster, Cloud and Grid Computing, Shenzhen, 2015.  

[43]  D. Cianciulli, G. Canfora and E. Zimeo, "Beacon-based context-aware architecture for crowd sensing public transportation 

scheduling and user habits," in International Workshop on Smart Cities Systems Engineering, Madeira, Portugal, 2017.  

[44]  M. D. van der Zwaag, C. Dijksterhuis, D. de Waard, B. L. Mulder, J. H. Westerink and K. A. Brookhuis, "The influence of 

music on mood and performance while driving," Ergonomics, vol. 55, no. 1, pp. 12-22, 2012.  

[45]  A. S. Krishnan, X. Hu, J. Deng, R. Wang, M. Liang, C. Zhu, V. C. Leung and Y. Kwok, "A Novel Cloud-Based Crowd 

Sensing Approach to Context-Aware Music Mood-Mapping for Drivers," in 7th International Conference on Cloud 

Computing Technology and Science, Vancouver, BC, Canada, 2015.  

[46]  A. Ahmad, M. A. Rahman, F. U. Rwhman, A. Lbath, I. Afyouni, A. Khelil, S. O. Hussain, B. Sadiq and M. R. Wahiddin, 

"A framework for crowd-sourced data collection and context-aware services in Hajj and Umrah," in 11th ACS/IEEE 

International Conference on Computer Systems and Applications, Doha, Qatar, 2014.  

[47]  A. Ahmad, M. A. Rahman, F. U. Rehman, I. Afyouni, B. Sadiq and M. R. Wahiddi, "Towards a Mobile and Context-Aware 

Framework from Crowdsourced Data," in 5th International Conference on Information and Communication Technology 

for The Muslim World , Kuching , Malaysia, 2014.  

[48]  E. TOCH, "Crowdsourcing privacy preferences in context-aware applications," Personal and ubiquitous computing, vol. 

18, no. 1, pp. 129-141, 2012.  

[49]  H. Harkous, R. Rahman and K. Aberer, "C3P: Context-Aware Crowdsourced Cloud Privacy," in 14th Privacy Enhancing 

Technologies Symposium, Amsterdam, Netherlands, 2014.  

[50]  B. Ye, Y. Wang and l. LIU, "Crowd trust: A context-aware trust model for worker selection in crowdsourcing 

environments," in International Conference Web Services, New York, 2015.  

[51]  M. Nebeling and M. C. Norrie, "Context-aware and adaptive web interfaces: A crowdsourcing approach," in International 

Conference on Web Engineering, Berlin, Heidelberg, 2011.  

[52]  I. Carreras, D. Miorandi, A. Tamilin, E. R. Ssebaggala and N. Conci, "Matador: Mobile Task Detector for Context-Aware 

Crowd-Sensing Campaigns," in International Conference on Pervasive Computing and Communications Workshops , San 

Diego, CA, USA, 2013.  

[53]  A. Hassani, P. D. Haghighi and P. P. Jayaraman, "Context-Aware Recruitment Scheme for Opportunistic Mobile 

Crowdsensing," in 21st IEEE International Conference on Parallel and Distributed Systems, Melbourne, Australia, 2015.  

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

24 

Declarations of interest: none 

[54]  S. Muller, C. Tekin, M. V. Schaar and A. Klein, "Context-Aware Hierarchical Online Learning for Performance 

Maximization in Mobile Crowdsourcing," 2017. 

[55]  H. Zhang, Z. Xu, X. Du, Z. Zhou and J. Shi, "CAPR: context‐aware participant recruitment mechanism in mobile 

crowdsourcing," Wireless Communications and Mobile Computing, vol. 16, no. 15, pp. 2179-2193, 2016.  

[56]  S. Nath, M. Goraczko, J. Liu and A. Mirhoseini, "Optimizing Task Recommendations in Context-Aware Mobile 

Crowdsourcing". Washington, DC, U.S Patent 20150317582A1, 1 May 2014. 

[57]  L. Bradeško, J. Starc, D. Mladenic, M. Grobelnik and M. Witbrock, "Curious cat conversational crowd based and context 

aware knowledge acquisition chat bot," in 8th International Conference on Intelligent Systems, Sofia, Bulgaria, 2016.  

[58]  L. Bradesko, M. Witbrock, J. Starc, Z. Herga, M. Grobelnik and D. Mladenic, "Curious Cat–Mobile, Context-Aware 

Conversational Crowdsourcing Knowledge Acquisition," ACM Transactions on Information Systems , vol. 35, no. 4, pp. 1-

49, 2017.  

[59]  X. Hu, X. Li, E. Ngai, V. Leung and P. Kruchten, "Multidimensional Context-Aware Social Network Architecture for 

Mobile Crowdsensing," IEEE Communications Magazine, vol. 52, no. 6, pp. 78-87, 2014.  

[60]  A. Uzun, L. Lehmann, T. Geismar and A. Küpper, "Turning the OpenMobileNetwork into a live crowdsourcing platform 

for semantic context-aware services," in 9th International Conference on Semantic Systems, Graz, Austria, 2013.  

[61]  S. Liuy, Z. Zhengy, F. Wuyz, S. Tangx and G. Chen, "Context-Aware Data Quality Estimation in Mobile Crowdsensing," 

in International Conference on Computer Communications, Atlanta, GA, USA, 2017.  

[62]  S. Al Noor and R. Hasan, "D-CLOC: A Delay Tolerant Cloud Formation Using Context-Aware Mobile Crowdsourcing," 

in 7th International Conference on Cloud Computing Technology and Science , Vancouver, BC, Canada, 2015.  

[63]  T. Kandappu, A. Misra, S. Cheng and H. C. Lau, "Privacy in Context-aware Mobile Crowdsourcing Systems," in 

International Conference on Pervasive Computing and Communications , Kailua-Kona, HI, USA, 2017.  

[64]  L. G. Jaimes, I. Vergara-Laurens and M. A. Labrador, "A location-based incentive mechanism for participatory sensing 

systems with budget constraints," in International Conference on Pervasive Computing and Communications, Lugano, 

Switzerland, 2012.  

[65]  P. NGUYEN and K. NAHRSTED, "Crowdsensing in Opportunistic Mobile Social Networks: A Context-aware and Human-

centric Approach," 2017. 

[66]  P. Nguyen and K. Nahrstedt, "Context-aware Crowd-sensing in Opportunistic Mobile Social Networks," in 12th IEEE 

International Conference on Mobile Ad hoc and Sensor Systems, will be held in Dallas, Dallas, USA, 2015.  

[67]  B. Schilit, N. Adams and R. Want, "Context-aware computing applications," in 1th international Workshop on Mobile 

Computing Systems and Applications, Washington, DC, USA, 1994.  

[68]  A. R. Beresford and F. Stajano, "Location privacy in pervasive computing," IEEE Pervasive computing, vol. 2, no. 1, pp. 

46-55, 2003.  

[69]  J. Y. Hong, E. H. Suh and S. J. Kim, "Context-aware systems: A literature review and classification," Expert Systems with 

Applications, vol. 36, no. 4, pp. 8509-8522, 2009.  

[70]  W. Mason and D. J. Watts, "Financial Incentives and the Performance of Crowds," ACM SigKDD Explorations Newsletter, 

vol. 11, no. 2, pp. 77-85, 2009.  

[71]  L. G. Jaimes, I. Vergara-Laurens, A. Chaker and A. Raij, "SPREAD, a crowd sensing incentive mechanism to acquire better 

representative samples," in International Conference on Pervasive Computing and Communication Workshops, Budapest, 

Hungary, 2014.  

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

25 

Declarations of interest: none 

[72]  D. Yang, G. Xue and X. Fang, "Crowdsourcing to smartphones: Incentive mechanism design for mobile phone sensing," in 

18th annual international conference on Mobile computing and networking, Istanbul, Turkey, 2012.  

[73]  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 IEEE Conference on Computer Communications Workshops , Toronto, ON, Canada, 2014.  

[74]  I. Koutsopoulos, "Optimal incentive-driven design of participatory sensing systems," in IEEE Conference on Computer 

Communications, Turin, Italy, 2013.  

[75]  T. Liu and Y. Zhu, "Social welfare maximization in participatory smartphone sensing," Computer Networks, vol. 73, pp. 

195-209, 2014.  

[76]  L. Gao, F. Hou and J. Huang, "Providing long-term participation incentive in participatory sensing," in IEEE Conference 

on Computer Communications, Kowloon, Hong Kong, 2015.  

[77]  J. S. Lee and B. Hoh, "Sell your experiences: a market mechanism based incentive for participatory sensing," in 8th IEEE 

International Conference on Pervasive Computing and Communications, Mannheim, Germany, 2010.  

[78]  J. S. Lee and B. Hoh, "Dynamic pricing incentive for participatory sensing," Pervasive and Mobile Computing, vol. 6, no. 

6, pp. 693-708, 2010.  

[79]  S. Reddy, D. Estrin, M. Hansen and M. Srivastava, "Examining micro-payments for participatory sensing data collections," 

in 12th ACM international conference on Ubiquitous computing, Copenhagen, Denmark, 2010.  

[80]  X. Zhang, Z. Yang, W. Sun, Y. Liu, S. Tang, K. Xing and X. Mao, "Incentives for mobile crowd sensing: A survey," IEEE 

Communications Surveys & Tutorials, vol. 18, no. 1, pp. 54-67, 2016.  

[81]  K. Tuite, N. Snavely, D. Y. Hsiao, N. Tabing and Z. Popovic, "PhotoCity: training experts at large-scale image acquisition 

through a competitive game," in SIGCHI Conference on Human Factors in Computing Systems, Vancouver, BC, Canada, 

2011.  

[82]  A. Uzun and A. Küpper, "OpenMobileNetwork: extending the web of data by a dataset for mobile networks and devices," 

in 8th International Conference on Semantic Systems, Graz, Austria, 2012.  

[83]  D. Mendez, A. J. Perez, M. A. Labrador and J. J. Marron, "P-sense: A participatory sensing system for air pollution 

monitoring and control," in International Conference on Pervasive Computing and Communications Workshops, Seattle, 

WA, USA, 2011.  

[84]  D. Mendez, J. Colorado, L. Rodriguez, A. Chacon and M. Hernandez, "Monitoring Air Pollution By Combining A Static 

Infrastructure With A Participatory Sensing Approach: Design And Performance Evaluation," International Journal of 

Sustainable Development and Planning, vol. 13, no. 4, pp. 638-652, 2018.  

[85]  F. Zeiger and M. Huber, "Demonstration abstract: participatory sensing enabled environmental monitoring in smart cities," 

in 13th international symposium on Information processing in sensor networks, Berlin, Germany, 2014.  

[86]  D. Hasenfratz, O. Saukh, S. Sturzenegger and L. Thiele, "Participatory air pollution monitoring using smartphones," in 2nd 

International Workshop on Mobile Sensing, Portland, OR, USA, 2012.  

[87]  L. Deng and L. Cox, "Livecompare: grocery bargain hunting through participatory sensing," in 10th workshop on Mobile 

Computing Systems and Applications, Santa Cruz, CA, USA, 2009.  

[88]  S. Sehgal, S. S. Kanhere and C. T. Chou, "Mobishop: Using mobile phones for sharing consumer pricing information," in 

International Conference on Distributed Computing in Sensor Systems, Santorini Island, Greece, 2008.  

[89]  S. Anawar and S. Yahya, "Empowering health behaviour intervention through computational approach for intrinsic 

incentives in participatory sensing application," in 3rd International Conference on Research and Innovation in Information 

Systems , Kuala Lumpur,Malaysia, 2013.  

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

26 

Declarations of interest: none 

[90]  Á. Petkovics, V. Simon, I. Gódor and B. Böröcz, "Crowdsensing Solutions in Smart Cities: Introducing a Horizontal 

Architecture," in 13th International Conference on Advances in Mobile Computing and Multimedia, Brussels, 2015.  

[91]  E. Miluzzo, N. D. Lane, K. Fodor, R. Peterson, H. Lu, M. Musolesi, S. B. Eisenman, X. Zheng and A. T. Campbell, "Sensing 

meets mobile social networks: the design, implementation and evaluation of the cenceme application," in 6th ACM 

conference on Embedded network sensor systems, Raleigh, NC, 2008.  

[92]  B. Guo, H. Chen, Z. Yu, X. Xie, S. Huangfu and D. Zhang, "FlierMeet: a mobile crowdsensing system for cross space 

public information reposting, tagging, and sharing," IEEE Transactions on Mobile Computing, vol. 14, no. 10, pp. 2020-

2033, 2015.  

[93]  S. Gaonkar, J. Li, R. R. Choudhury, L. Cox and A. Schmidt, "Micro-Blog: sharing and querying content through mobile 

phones and social participation," in 6th international conference on Mobile systems, applications, and services, USA, 2008.  

[94]  H. Amintoosi and S. S. Kanhere, "A reputation framework for social participatory sensing systems," Mobile Networks and 

Applications, vol. 19, no. 1, pp. 88-100, 2014.  

[95]  I. Lendák and K. Farkas, "Evaluation of simulation engines for crowdsensing activities," in 3rd International Conference 

& Workshop Mechatronics in Practice and Education , Subotica, Serbia, 2015.  

[96]  H. Vahdat-Nejad, A. Ramazani, T. Mohammadi and A. Mansoor, "A survey on context-aware vehicular network 

applications," Vehicular Communications, vol. 3, no. 1, pp. 43-57, 2016.  

[97]  I. Leontiadis, G. Marfia, D. Mack, G. Pau, C. Mascolo and M. Gerla, "On the effectiveness of an opportunistic traffic 

management system for vehicular networks," IEEE Transactions on Intelligent Transportation Systems, vol. 12, no. 4, pp. 

1537-1548, 2011.  

[98]  H. Vahdat-Nejad, "Context-aware middleware: a review," in Context in Computing, New York, NY, Springer, 2014, pp. 

83-96. 

[99]  G. Singh, D. Bansal and S. Sofat , "A smartphone based technique to monitor driving behavior using DTW and 

crowdsensing," Elsevier Science Publishers Pervasive and Mobile Computing, vol. 40, no. C, pp. 56-70, 2017.  

[100]  F. Li, C. Zhao , G. Ding , J. Gong , C. Liu and F. Zhao , "A reliable and accurate indoor localization method using phone 

inertial sensors," in ACM Conference on Ubiquitous Computing, Pittsburgh, 2012.  

[101]  E. Miluzzo, N. D. Lane, S. B. Eisenman and A. T. Campbell, "CenceMe–injecting sensing presence into social networking 

applications," in European Conference on Smart Sensing and Context, Berlin, Heidelberg., 2007.  

[102]  H. Lu, W. Pan, N. D. Lane, T. Choudhury and A. T. Campbell, "SoundSense: scalable sound sensing for people-centric 

applications on mobile phones," in 7th international conference on Mobile systems, applications, and services, Poland , 

2009.  

[103]  S. Hu , L. Su, H. Liu , H. Wang and T. F. Abdelzaher , "Smartroad: Smartphone-based crowd sensing for traffic regulator 

detection and identification," ACM Transactions on Sensor Networks , vol. 11, no. 4, p. 55, 2015.  

[104]  A. Beach, M. Gartrell, X. Xing, R. Han , Q. LV, S. Mishra and K. Seada , "Fusing mobile, sensor, and social data to fully 

enable context-aware computing," in Eleventh Workshop on Mobile Computing Systems & Applications, Annapolis, MD, 

USA, 2010.  

[105]  " Matlab Library for Speaker Identification using Cepstrul Coef," [Online]. Available: 

http://www.mathworks.com/matlabcentral/fileexchange/loadFile.do?objectId=8802. 

[106]  H. Kargupta , K. Sarkar and M. Gilligan, "MineFleet®: an overview of a widely adopted distributed vehicle performance 

data mining system," in 16th International conference on Knowledge discovery and data mining, Washington, 2010.  

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub


Preprint submitted for publication to Elsevier Future Generation Computer Systems 

You can find the published version here: https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub  

27 

Declarations of interest: none 

[107]  K. Shvachko, H. Kuang, S. Radia and R. Chansler, "The hadoop distributed file system," in IEEE 26th Symposium on Mass 

Storage Systems and Technologies, Nevada , 2010.  

[108]  M. Zaharia, M. Chowdhury, M. Franklin, S. Shenker and I. Stoica, "Spark: Cluster computing with working sets," in 2nd 

USENIX conference on Hot topics in cloud computing, 2010.  

[109]  D. Dang, Y. Liu, X. Zhang and S. Huang, "A crowdsourcing worker quality evaluation algorithm on MapReduce for big 

data applications," IEEE Transactions on Parallel and Distributed Systems, vol. 27, no. 7, pp. 1879-1888, 2016.  

[110]  R. W. Ouyang, L. M. Kaplan, A. Toniolo, M. Srivastava and T. J. Norman, "Parallel and streaming truth discovery in large-

scale quantitative crowdsourcing," EEE Transactions on Parallel and Distributed Systems, vol. 27, no. 10, pp. 2984-2997, 

2016.  

[111]  A. M. Nagy and V. Simon, "A crowdsensing platform for mass surveillance," in International Symposium ELMAR, Zadar, 

Croatia, 2016.  

[112]  M. A. Alsheikh, D. Niyato, S. Lin, H. P. Tan and Z. Han, "Mobile big data analytics using deep learning and apache spark," 

IEEE network, vol. 30, no. 3, pp. 22-29, 2016.  

[113]  W. Sherchan, P. P. Jayaraman, S. Krishnaswamy, A. Zaslavsk, S. Loke and A. Sinha, "Using on-the-move mining for 

mobile crowdsensing," in 13th International Conference on Mobile Data Management, Bengaluru, Karnataka, 2012.  

[114]  V. Freschi, S. Delpriori, L. C. Klopfenstein, E. Lattanzi, G. Luchetti and A. Bogliolo, "Geospatial data aggregation and 

reduction in vehicular sensing applications: The case of road surface monitoring," in International Conference on 

Connected Vehicles and Expo , Vienna, Austria, 2014.  

[115]  P. S. Bradley and O. L. Mangasarian, "Massive data discrimination via linear support vector machines," Optimization 

methods and software, vol. 13, no. 1, pp. 1-10, 2000.  

[116]  Y. F. Dong, S. Kanhere, C. T. Chou and N. Bulusu, "Automatic collection of fuel prices from a network of mobile cameras," 

in 4th IEEE International Conference on Distributed Computing in Sensor Systems , Santorini Island, Greece, 2008.  

[117]  Y. F. Dong, S. Kanhere, C. T. Chou and R. P. Liu, "Automatic image capturing and processing for petrolwatch," in 17th 

IEEE International Conference on Networks , Singapore, 2011.  

[118]  Q. Li, Y. Li, J. Gao, L. Su, B. Zhao, M. Demirbas, W. Fan and J. Han, "A confidence-aware approach for truth discovery 

on long-tail data," VLDB Endowment, vol. 8, no. 4, pp. 425-436, 2014.  

 

 

 

 

 

 

https://www.sciencedirect.com/science/article/pii/S0167739X18329583?via%3Dihub

