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Abstract

Mobile crowdsensing (MCS) is a new paradigm of data collection with large-scale

sensing. A group of users with mobile devices (e.g., smartphones, tablet computers,

and wearables) are recruited as workers to move around in a specific region and

carry out sensing tasks. There are two key problems in MCS, i.e., task allocation

problem and incentive mechanism design. In this thesis, we build a MCS framework

and provide solutions to its two key problems. Specifically, we focus on (1) the

task allocation problem in the static scenarios, in which the information of tasks

and workers are known at the beginning of sensing activities; (2) the task allocation

problem in the dynamic scenarios when the platform cannot obtain the information of

workers before their arrivals; and (3) the incentive mechanism design that motivates

workers to participate in the sensing activities.

Our proposed MCS framework is associated with two important components to deal

with the task allocation problem and incentive mechanism design, respectively. The

task allocation problem is considered and formulated as a path planning problem

since the tasks in the MCS framework are generally location-dependent. We first

plan paths for workers in the static scenarios. Meanwhile, we take two different

modes of path planning into account, i.e., the platform-centric mode and worker-

centric mode. To solve the path planning problem in these two modes, we propose

an evolutionary algorithm and a heuristic algorithm, respectively. Second, we in-

vestigate the dynamic task allocation problem. Although the platform has incom-
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plete information of workers, we explore several online algorithms to achieve the

satisfactory performance. Third, we design a location-protected and truthful incen-

tive mechanism to motivate workers to move around and accomplish sensing tasks.

Based on the results of path planning, we use the auction theory to ensure workers

to provide their true private information including costs and task sets. The overall

performance of our proposed framework is extensively evaluated through simulations

and the simulation results illustrate the effectiveness and efficiency of our solutions

in the proposed framework.
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Chapter 1

Introduction

In this chapter, we first introduce the structure of mobile crowdsesning (MCS). Then,

we demonstrate our motivations of building a MCS framework. Next, we discuss the

challenges of solving the key problems in the MCS framework. After that, we present

our research objectives and corresponding contributions. Last, we give the outline

of this thesis.

1.1 Mobile Crowdsensing

Mobile crowdsensing (MCS), a term coined by Ganti et al. [1], offers an emerg-

ing technique to data collection by leveraging the capacities of mobile devices (e.g.,

smartphones, tablet computers, and wearables) and the mobility of humans in large-

scale sensing and computing. Thanks to the explosive growth of mobile devices,

MCS has attracted more and more attention in recent years [2–4]. MCS enables a

different way of sensing based on the great quantity of mobile devices, which has

several advantages over the traditional sensing methods. First, MCS introduces hu-

man intelligence as a complement of machines’ sensing capabilities, which empowers

mobile device users to accomplish tasks and collect data efficiently and accurately.

Second, MCS is able to cover a large sensing area since a mass of workers can be
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Fig. 1.1: Structure of MCS.

recruited from a huge user pool to satisfy the sensing requirements. Third, MCS is

economical and practical with little infrastructure costs and can be easily deployed

in different sensing areas. These advantages make MCS suitable for a broad range of

sensing applications, e.g., environment monitoring [5], traffic management [6], and

healthcare [7]. For instance, Waze [8] is a typical representative of MCS applications,

which receives the traffic reports from smartphone users and provides navigation in-

formation back to users.

There are five components involved in MCS, i.e., the platform, requesters, tasks,

workers, and data. Fig. 1.1 shows the structure of MCS. First, the sensing tasks

are posted to the platform by their requesters. Then, the platform distributes these

tasks to the workers who satisfy the requirements of these tasks. Next, the selected

workers travel around in the sensing area to accomplish their assigned tasks. Last, the

platform receives data from the workers and sends data back to the requesters. Here,

the platform is the organizer, who is responsible for receiving the tasks from their

requesters and recruiting the workers to accomplish the posted tasks. In addition,

these sensing tasks in MCS are generally location-dependent, which are defined by

specific locations and certain requirements.
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1.2 Motivations

The evolving Internet of Things (IoT) allows objects to be controlled remotely across

the existing networks with the growth of mobile smart devices [9]. These sensor-

rich devices enable plenty of IoT applications in the real life, e.g., the smart city

and intelligence transportation. Data collection is extremely important in these

IoT applications, which is the foundation of their functionalities. Fortunately, MCS

provides a promising and efficient method of data collection to these IoT applications

at a small cost by leveraging the mobility and intelligence of humans. Therefore, we

will study MCS in depth to propose a MCS framework to solve the data collection

issue of these IoT applications.

Due to the involvement of humans, MCS is also termed people-centric sensing, which

is further classified into participatory sensing and opportunistic sensing according to

the degree of people’s involvement [10,11]. In the participatory sensing, workers

actively search for and carry out their qualified sensing tasks to acquire the incentive

rewards. In contrast, the workers in the opportunistic sensing are not aware of

their participation. The activities of sensing and uploading are autonomous if the

workers pass by the task locations and the requirements of these activities are met.

The distinct characteristics of the participatory sensing and opportunistic sensing

result in a significant difference with respect to the behavior of the workers and the

completion of tasks. Therefore, we will consider our proposed MCS framework under

different situations and scenarios.

In addition, sensing tasks in MCS can be classified into deadline-sensitive tasks and

delay-tolerant tasks according to the urgency of data uploading. For the deadline-

sensitive tasks, the collected data samples need to be uploaded immediately after

sensing due to an explicit deadline of data uploading, which makes it strict to re-

cruit a sufficient number of workers. For instance, drivers on the road need the

up-to-date traffic condition in a specific area. As a consequence, the participatory
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sensing is suitable for the deadline-sensitive tasks, because the workers in the partic-

ipatory sensing are able to intentionally move to the locations of tasks and finish the

sensing tasks on time. However, the participatory sensing is costly in budget since

the workers are willing to travel around and upload data samples only when a suffi-

cient incentive is provided [12]. On the other hand, the delay-tolerant tasks allow a

certain delay for the data uploading after sensing, which enables more cost-efficient

methods. Based on the historical trajectories, the workers in the opportunistic sens-

ing can finish the sensing and uploading activities without the intentional movement.

Although the collection of historical records entails certain preparatory work, the op-

portunistic sensing saves the energy of the workers and the budget of the requesters.

Nevertheless, it is hard to guarantee the performance of the opportunistic sensing as

it can be difficult to predict people’s mobility patterns with only limited historical

data. In this case, we will carefully take the requirements of tasks into account when

we develop the suitable solutions in our proposed MCS framework.

1.3 Challenges

In this thesis, we aim at building a MCS framework for data collection by recruiting a

large group of mobile users as workers to accomplish various sensing tasks and provide

data to the platform and requesters. The first challenging problem in our proposed

MCS framework is the task allocation problem, especially when the platform needs

to assign the tasks to the selected workers among a large user pool and consider

mixed spatial and temporal features. Then, another challenging problem in the MCS

framework is to design the incentive mechanism, which can attract and maintain

enough workers to participate in the sensing activities.

Before solving the task allocation problem, we need to figure out the characteristics

of the tasks. On the one hand, it is not possible to find a generic solution that

4



satisfies all different kinds of requirements and constraints of the tasks. Thus, it is

necessary to use the analytical methods (e.g., 4W1H [13]) to identify the specific

requirements and constraints of the task allocation problem in a certain scenario.

On the other hand, the requesters and workers are not always consistent in inter-

ests. The requesters are concerned with data quality, while the workers expect a

satisfactory profit. Obviously, the data quality can be improved by increasing the

budget and reward of the tasks to attract and recruit high-quality workers, who can

also obtain adequate profits by providing high-quality data. However, the targets of

the requesters and workers are conflicted in a budget-constrained situation. Unfor-

tunately, the budget is a precious and limited resource in most MCS applications.

We also need to investigate the task allocation problem from both spatial and tem-

poral perspectives. From the spatial perspective, the task allocation problem can

be treated as a path planning problem. From the temporal perspective, dynamic

arrivals of the tasks and workers need to be considered to enable practical MCS

applications. For example, each task must be accomplished within its time window.

In addition, each worker also has its own participating time frame. In this sense,

the task allocation problem can be regarded as an online bipartite matching prob-

lem [14,15]. A challenge with the online matching is the incomplete information of

the tasks and workers, because the platform cannot foresee their status before they

arrive. Therefore, the online decision based on the current information may lead

the solution along an undesirable direction, which ultimately results in much worse

performance than the optimal offline method.

Moreover, users’ mobility offers the benefit of allowing the workers to travel around

and carry out the tasks, but also raises an important question on who should be

the decision maker for the paths of the workers [16,17]. On the one hand, the plat-

form is considered as the path planner, because it has more computing power and

information to obtain a global optimal solution. The platform is able to coordinate
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all workers when it makes assignments. This is termed platform-centric mode. The

drawback of this mode is that the platform has to collect the information of the

workers, e.g., the locations and trajectories. The information collection costs sub-

stantial efforts and may also infringe on the privacy of the workers. On the other

hand, the workers can decide their own paths based on their individual strategies.

This is termed worker-centric mode. In this mode, the workers just provide the

data samples to the platform without revealing their location information, which is

a great benefit for the privacy of workers. The worker-centric mode also has some

weak points. For example, without the central coordination or awareness of each

other’s choice, potential competition may exist among the workers when they con-

tend for the same tasks. The challenge in our proposed MCS framework is to raise

strengths and avoid weaknesses of both modes to improve the performance under

different situations.

On the other hand, an appropriate incentive mechanism is responsible for attracting

mobile users as workers to participate in the sensing activities and maintaining a

sufficient number of workers in the MCS framework [18–20]. Basically, there are two

main functions of the incentive mechanism. The first function is to select workers

from the user pool taking some specific requirements into account. For example,

the incentive mechanism hires the workers who can provide high-quality data when

the data quality is the target of the MCS application. The second function of the

incentive mechanism is to determine the payments after recruiting the workers. It

is well known that the budget is a critical restriction on a project. Thus, the re-

questers generally set the budgets after posting their tasks on the MCS framework.

In this case, it is desirable to employ a method that spends the budget wisely to

recruit a group of workers. Therefore, it is challenging to design the incentive mech-

anism to meet the various requirements of different applications and some general

requirements, e.g., truthfulness.
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Fig. 1.2: The proposed MCS framework.

1.4 Objectives and Contributions

This thesis aims at building a MCS framework, which can solve two key problems

of MCS, i.e., the task allocation and incentive mechanism design. Since the tasks in

MCS are generally location-dependent, the task allocation problem is also regarded

as a path planning problem in this thesis. Fig. 1.2 shows the main structure of our

proposed MCS framework. First, the requesters post their tasks and the correspond-

ing budgets in the framework. Then, the platform solves the path planning problem

(the task allocation problem) based on the information of the tasks and workers.

Next, the incentive mechanism selects the winners from the workers according to

their travelling paths and costs. After that, the payments to the winners are deter-

mined by the incentive mechanism and the total payments of workers cannot exceed

the total budget of tasks. Last, the platform sends the data to the requesters and

pays the rewards to the workers at the same time.

Here, we give a walk-through example to illustrate how our proposed MCS framework

works in a real world application, i.e., the air quality monitoring. This application

aims to monitor the air quality in a specific region by leveraging our MCS frame-

work. First, the platform collects the information of the tasks and workers, e.g., the

locations of the sensing points and the maximum travelling distances of the workers.
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Then, the platform runs our proposed algorithms for the path planning and send the

information of the paths to the workers. Next, the workers move around following

their designed paths and collect the data of the air quality. After receiving the col-

lected data from the workers, the platform uses our proposed incentive mechanism

to determine the payments to the workers based on the budgets of the tasks. Last,

the platform generates the map of the air quality in this sensing area based on the

collected data and send the rewards or payments to the workers.

As seen, to support such a typical MCS application, the MCS framework needs to

solve some key problems, e.g., task allocation, path planning, and incentive mecha-

nism design. Specifically, we focus on the following objectives.

Objective I: We take an attempt to address a location-dependent task allocation

problem in the static scenarios, in which all the information of the tasks and workers

are informed to the platform before the beginning of task assignment. Meanwhile,

the geographic distribution of the tasks is also considered in the task allocation

problem.

Objective II: We aim at further solving the task allocation problem in the dynamic

environment. Here, we attempt to jointly address the path planning problem and

online matching problem for task allocation since the platform cannot know the

information of the workers before their arrivals.

Objective III: We aim at taking the incentive mechanism design into account af-

ter solving the path planning problem. We desire to design a truthful incentive

mechanism, which also can protect the location information of the workers, e.g., the

trajectories.

To achieve the above objectives, we propose a variety of solutions to the task allo-

cation problem and incentive mechanism design.

For Objective I, we consider the task allocation problem from two distinct perspec-

tives based on the role of the workers. That is, the workers can be decision followers
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or decision makers according to the targets of task allocation. We also consider

the clustering effect of sensing tasks since the tasks in practice can be concentrated

around popular locations of interest. Then, we formulate a platform-centric prob-

lem and a worker-centric problem for task allocation to address data redundancy

and worker competition separately. An evolutionary algorithm is proposed to the

platform-centric problem and a heuristic algorithm is provided to the worker-centric

problem.

For Objective II, we investigate the task allocation problem from both spatial and

temporal perspectives. In the spatial domain, we address the path planning for task

allocation, while in the temporal domain we took into account the acceptable time

windows of the tasks, and the participating time intervals of the dynamic workers.

Moreover, we study the online task allocation problem where the information of the

workers is unknown in advance and the platform needs to assign the tasks timeslot

by timeslot. To solve the online task allocation problem, we propose a heuristic

algorithm and a predictive algorithm with improved performance. In addition, the

corresponding offline task allocation problem can be formulated as an integer linear

programming (ILP) problem, which can be optimally solved with existing optimiza-

tion approaches for small-scale instances and approximately solved by an ant colony

optimization (ACO) algorithm for large-scale instances.

For Objective III, we design the incentive mechanism based on the result of the

path planning. First, we propose a heuristic bidirectional searching algorithm to

solve the path planning problem for workers. Then, the workers submit their bids to

the platform without revealing any location information, which is called the location-

protected method. Second, the platform conducts an auction after receiving the bids

from the workers to determine the winners and their payments. A truthful incentive

mechanism is proposed including the winner selection and payment determination.
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1.5 Outline of the Thesis

The remainder of this thesis is organized as follows. In Chapter 2, we introduce

the background and related work. We divide the related work into two categories,

i.e., the task allocation (including the static task allocation and dynamic task al-

location) and incentive mechanism design. In Chapter 3, we propose solutions to

the task allocation problem in the static scenarios considering the cluster effect of

the tasks and different modes of decision making. Specifically, we provide an evo-

lutionary algorithm in the platform-centric mode and a heuristic algorithm in the

worker-centric mode. In Chapter 4, we further propose solutions to the dynamic task

allocation problem taking the spatial and temporal features into account. We develop

a heuristic algorithm and a predictive algorithm to deal with the issue of incomplete

information of the tasks and workers in the dynamic environment. Meanwhile, the

optimal solution of the corresponding offline problem and its approximation are used

as the benchmarks. In Chapter 5, we focus on the incentive mechanism design. We

first solve the task allocation problem to achieve the travelling paths of the workers.

Then, we design a location-protected and truthful incentive mechanism to select the

winners and determine the payments based on the planned paths of the workers. In

Chapter 6, we conclude this thesis and give some potential future research topics.
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Chapter 2

Background and Related Work

In this chapter, we introduce the background and related work. First, we start with

the solutions of tasks allocation in both static and dynamic scenarios. Then, we

present the methods of designing incentive mechanisms under various situations.

2.1 Task Allocation

The task allocation problem of MCS is similar to the orienteering problem [21].

Orienteering is an outdoor sport that players plan their paths and visit a number of

control points. Each control point has a specific location and an associated score. The

players need to visit a subset of the control points to maximize their total scores. If a

control point has a time window, the players must arrive at the location of the control

point within its time window to get the score, known as the orienteering problem with

time windows [22]. Similarly, the workers in MCS need to visit the locations of the

tasks following the planned paths to obtain the rewards. However, there are several

differences between the orienteering problem and the task allocation problem. For

instance, the players in orienteering generally set off at the same start point and the

same time to guarantee game fairness, whereas the workers in MCS can be recruited

at any place and any time according to the task requirements. In addition, the players
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in orienteering aim to maximize their scores for best ranking in the game, while the

MCS platform is more concerned with the sufficient incentives [23,24], e.g., the profit

(difference between revenue and cost). Next, we will review the related work of task

allocation from two perspectives, i.e., the static and dynamic task allocations.

2.1.1 Static Task Allocation

In the static task allocation problem, if the mobility of workers is not considered,

each worker has a fixed location and a sensing range. Then, the workers can only

accomplish one or more tasks located within their sensing ranges. In this case,

the task allocation problem can be formulated as a budgeted maximum coverage

problem. Jaimes et al. [25] proposed a geometric coverage model to address this

coverage problem. In the proposed model, a disk with the certain radius is defined

for each worker and all tasks located in the disk are considered as covered by the

corresponding worker. A greedy algorithm is further proposed to select the workers

with a fixed budget.

However, task allocation usually takes the movement of the workers into account,

since the mobility of the workers is a key factor contributing to the power of MCS [26].

For example, He et al. [27,28] considered the location-dependent tasks and mobile

workers in the task allocation problem. Each mobile worker travels to the locations

of the tasks to collect data with a time budget. A mobile worker can receive a certain

amount of reward if it completes a task. The platform plans tours for the mobile

workers to maximize the total reward. In this problem, each task needs to receive

multiple data samples to guarantee its data quality, which certainly causes a data

redundancy problem. In order to suppress the data redundancy, a maximum number

of data samples are allowed for each task. Last, a local-ratio-based (LRB) algorithm

is proposed to efficiently solve the task allocation problem.

In [29], Cheung et al. investigated a similar problem on distributed time-sensitive
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and location-dependent task selection. This work considers heterogeneous users with

different initial locations, movement costs, movement speeds, and reputation levels.

Each user follows a mobility path (i.e., a route through space-time) and carries out

the selective tasks along that route. When the service provider seeks to maximize the

total social surplus (i.e., all users’ total rewards minus total movement costs), the

centralized task allocation problem is shown to be NP-hard, and a greedy algorithm

is proposed to compute an approximate solution. When each user focuses on its

own payoff, the authors also proposed an asynchronous and distributed algorithm

for each user to compute its individual task selection and mobility plan.

Moreover, task allocation needs to address another critical problem that the platform

often faces, i.e., the data redundancy, on evaluation of the task value (quality)

with multiple data samples. In [17], we considered a utility value with diminishing

marginal increase to calculate the overall value of a task when it receives duplicate

data samples. The first sample contributes the highest value, while the subsequent

samples for the same task provide decreasing values. Although the data redundancy

causes the burden on costs, these duplicate samples can be exploited to verify the

data accuracy and improve the data quality. Similarly, Hu et al. [30] studied the

quality-of-service (QoS) sensitive task assignment taking the multiple data samples

into account. In this problem, each task can be assigned to multiple workers to

guarantee the sensing QoS. The problem is solved by a greedy algorithm to minimize

the total reward paid to the workers.

In addition to the data quality, the coverage of the sensing areas is also a key perfor-

mance indicator in MCS. Different definitions have been proposed by combining the

data quality with the sensing coverage, e.g., the quality-aware coverage [31], coverage

quality [32], and k-depth coverage [33]. In [31], a mobile worker is associated with

a value for each task to measure the value of this assignment. An approximation

algorithm is presented to maximize the total value of task assignment with a budget
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of the total cost. In [32], both the coverage ratio of subareas and data quality are

considered in a coverage metric. The reliability of each worker is also involved to

find the high-quality workers. A genetic algorithm is provided for task allocation

to optimize the overall coverage quality. In [33], the k-depth coverage is defined

by combining the coverage ratio of subareas and number of data samples in each

subarea, which is close to [32]. Then, a task allocation framework called iCrowd is

proposed to select the workers in each sensing area and each cycle.

The ability of MCS to achieve a high task complete ratio or coverage is at the cost of

large rewards that are provided to the workers for sensing and uploading activities.

Therefore, the budget is another key issue in the task allocation problem. Wang et

al. [34] considered the multitask allocation problem under a shared budget. In each

sensing cycle, a subset of tasks is assigned to each worker to maximize the overall

data quality, which is defined as a weighted sum of the data quality indices. The

total cost of all workers cannot exceed a shared budget. Similarly, Zhou et al. [35]

also considered the budget constraint and aimed at maximizing the data quality with

a budget of total travelling distance.

Meanwhile, energy cost is another concern of MCS. Piggyback crowdsensing (PCS)

is an approach that collects data by exploiting application opportunities of smart-

phones to reduce the energy cost [36]. Based on the piggyback crowdsensing, a

task allocation framework called CrowdTasker is designed to maximize the coverage

quality under a budget constraint [37]. In CrowdTasker, a number of workers are

selected from the worker pool and then assigned certain tasks. The authors pro-

posed a two-phase solution that considers the mobility and historical records of the

workers. By analyzing the pattern of the workers’ mobility, CrowdTasker predicts

the opportunities of encounters between the workers and tasks, which enables the

workers to conduct the sensing activities and upload the data samples in the near

future.
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There are still some works focusing on the data cost of task allocation, e.g., ecoSense

[38] and effSense [39]. In these solutions, workers are divided into two groups accord-

ing to their different data plans - unlimited data plan and pay-as-you-go plan. The

target is to minimize the uploading cost of the delay-tolerant tasks by relaying the

data samples among the workers. Then, the workers in different groups choose their

own strategies and also collaborate to achieve a better overall system performance.

For example, the workers with unlimited data plan can act as relays for those who

are lack of data uploading capacity in some situations.

2.1.2 Dynamic Task Allocation

The dynamic task allocation is more complicated than the static task allocation

because the tasks and workers arrive stochastically in the MCS framework. The

platform has to make decisions based on the incomplete information of the tasks and

workers. As a result, a challenge arises on how to efficiently select the workers to

achieve satisfactory overall performance only depending on the current information.

Li et al. considered the dynamic participant recruitment problem in [40] to minimize

the total cost with a certain level of probabilistic coverage. Then, the piggyback MCS

system in [36] opportunistically exploits the smartphone apps to collect sensing data.

The probability that the users have phone calls at a certain location is evaluated from

the historical records of phone calls and location traces. An online greedy algorithm

is then proposed to leverage the prediction on phone calls in task allocation, which

is verified to be efficient by comparing with the offline algorithms.

Similarly, Xiong et al. [41,42] built a framework that piggybacks sensing data trans-

mission onto phone calls to reduce the energy cost in MCS. The framework first

uses historical call records to predict the future calls and mobility of the workers.

Then, it determines the covering probability of each sensing area according to the

predicted call model and workers’ mobility model. The platform assigns the tasks
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to minimize the number of recruited workers while meeting a requirement for the

coverage ratio of sensing areas. Since the assignment is determined with the incom-

plete information, the platform needs to adjust its decision when new information

is received. For example, new workers are desired to guarantee the coverage ratio

when the previously recruited workers lack call opportunities.

Moreover, the online task allocation problem has been addressed with Lyapunov

optimization in [43]. The authors proposed a location-aware dynamic MCS system,

in which the tasks arrive stochastically and the workers continuously move around

to carry out these tasks in the sensing area. Meanwhile, the platform considers fair

allocation among the workers. Lyapunov optimization is employed to handle the

random arrivals of the tasks. The corresponding offline problem is also solved by a

combinatorial algorithm.

As discussed previously, the task allocation problem can be regarded as a path

planning problem. However, the dynamic arrivals of the tasks and workers force the

platform to determine the routes of the workers in real time. In [44,45], Gong et al.

studied this problem, in which the arrivals of the tasks and workers are assumed to

follow two independent Poisson processes. To maximize the overall task completion

quality under the travelling distance constraint of the workers, four online algorithms

are proposed based on the greedy manner and bio-inspired search.

To address high dynamics of the tasks and workers, some similar online solutions

have also been studied. For example, a quality-aware self-organized framework,

Crowd Forging, is proposed in [46], in which a mobile task requester can recruit in

real time a crowd of opportunistic encountered mobile workers. Taking into account

various factors for the tasks and workers (e.g., the workers’ arrivals and abilities), the

authors formulated an online multiple stopping problem for the worker recruitment to

maximize the expected sum of service quality. An optimal policy is derived through

dynamic programming.
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In addition, there have been some attempts for a generic MCS framework, which

can handle all kinds of task allocation problems. ActiveCrowd is a worker selection

framework for both the time-sensitive and delay-tolerant tasks [47]. The targets

of task allocation vary with the different types of the tasks. For the assignment

of the time-sensitive tasks, the target is to minimize the travelling distance. For

the assignment of the delay-tolerant tasks, the target is to minimize the number of

recruited workers. In order to solve the two different task allocation problems, two

greedy-enhanced genetic algorithms are proposed with the participatory sensing for

the time-sensitive tasks and the opportunistic sensing for the delay-tolerant tasks.

2.2 Incentive Mechanism Design

The incentive mechanism design is an important and also challenging problem in

MCS. In some survey papers, a variety of techniques are reviewed for designing the

incentive mechanism [18–20,48,49]. The most widely used method is auction the-

ory. The auction theory is an effective tool to design the incentive mechanism, in

which bidders submit their bids to the auctioneer; then, the auctioneer selects the

winners and determines the payments [50]. Applying the auction theory to design

the incentive mechanism for MCS, researchers regard the platform as the auctioneer

and the workers as the bidders. The platform designs and announces the assignment

and payment rules to the workers, while the workers submit their bids to compete

for the tasks. In general, there are three desired properties when implementing

an incentive mechanism by the auction theory, i.e., the computational efficiency,

individual rationality, and truthfulness. The computational efficiency requires the

incentive mechanism to obtain the result within a polynomial time complexity. The

individual rationality means that the utilities of the bidders cannot be negative with

the auction outcome. The incentive mechanism is truthful if the bidders maximize
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their utilities by bidding their true costs or values. As a result, these three proper-

ties are essential to ensure implementability of the incentive mechanism in practice.

Meanwhile, these properties also pose challenges to the design.

Although auctions are easy to implement and operate, it can be hard to ensure

the truthfulness of the designed incentive mechanism, especially when the allocation

problem is computationally intractable. For example, though Vickrey-Clarke-Groves

(VCG) auction is a general method to design truthful mechanisms, the truthfulness

of VCG auction is lost if the optimal outcome is not available [51,52]. As a result,

mechanism designers need to find a different way to achieve the truthfulness when

the allocation problem is hard to solve. In addition, there is another problem when

using auctions. It is essential to maintain a large group of workers, which is the

foundation of MCS. Since auctions are strongly competitive, “weak” workers do not

even have a chance to win and they would opt out of the auctions in the future [53].

Therefore, some other methods are also proposed in the incentive mechanism design,

e.g., the lottery [48] and bargaining [54].

Yang et al. [55,56] considered the incentive mechanism design in both the platform-

centric and worker-centric modes. In the platform-centric mode, a Stackelberg game

is used as the incentive mechanism. The platform who is the leader in the game an-

nounces its total reward at the beginning. Then, the workers are motivated to partic-

ipate in the sensing activities based on their strategies and the announced reward. In

the worker-centric mode, an auction-based incentive mechanism is proposed, which is

proved to be computationally efficient, individually rational, profitable, and truthful.

The authors first designed a reverse auction based on the Local-Search-Based (LSB)

auction to achieve an approximation of the optimal solution. However, the LSB

auction cannot ensure the truthfulness. In order to achieve the truthfulness, a novel

auction mechanism called MSensing is proposed by leveraging the well-known Myer-

son’s theorem [57]. The simulation results show that the truthfulness is guaranteed
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in the proposed mechanism.

In [55], the bids are the sensing time of the workers. Differently, Wang et al. [58]

presented an incentive mechanism taking the quality of crowd (QoC) into account.

The QoC is the measurement of workers’ potential capacities to provide the high-

quality data or services. Four different models are defined to calculate the value of

QoC, i.e., the linear model, probabilistic coverage model, logarithmic model, and

hyperbolic tangent model. The proposed mechanism takes the QoC and costs of the

workers as bids and selects the winners to minimize the total cost while satisfying

a quality requirement. The truthfulness of proposed incentive mechanism is proved

by leveraging Myerson’s theorem. The simulation results show that the proposed

incentive mechanism produces the near-optimal solution.

In addition to the truthfulness, how to maintain a large user group is another key

problem in the long-term sensing. Lee et al. [59,60] designed a reverse auction based

dynamic price (RADP) mechanism to maintain an adequate number of workers. The

proposed mechanism prevents the workers from dropping out of sensing activities by

virtual participant credit (VPC), which is provided to the workers who lose in the

previous auctions. The VPC plays two roles during the long-term sensing. First,

it improves the winning probability of the weak workers if they keep losing all the

time. Second, it would compensate the workers for staying in the system by an extra

credit when the workers win the auction. As a result of winning, the VPC is paid

to the winners at once and then reset to zero. In addition, the mechanism reveals

the highest selling price to the dropped workers to attract them back to the auction.

Compared with a random selection fixed price (RSFP) incentive mechanism, the

simulation results show that the proposed mechanism not only decreases the cost

but also maintains the desired number of workers.

We have reviewed two key challenges in the incentive mechanism design, i.e., the

truthfulness and long-term sensing. Apparently, there are many other research di-
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rections. For instance, if the cost budget is changed to the payment budget, the

incentive mechanism design would target a budget feasible mechanism [61,62]. In-

stead of the truthfulness, some efforts are made to solve the intractable allocation

problem by using a randomized mechanism to achieve the truthfulness in expec-

tation [63,64]. In the long-term sensing, online mechanisms have started to attract

researchers’ attention. Several works have been published in the area of online mech-

anism design [65,66]. In addition, privacy is another focus in recent research on the

incentive mechanism design [67,68].

The research of the incentive mechanism design so far mainly focuses on the single-

parameter environment, which can leverage Myerson’s theorem to prove the truth-

fulness. In some studies, the workers just need to bid their costs to the platform

and their task sets are assumed to be truthfully submitted to the platform. How-

ever, in the worker-centric mode, which is considered in our thesis, workers may

manipulate their task sets because they are allowed to plan their own paths. As a

result, the workers should bid both their task sets and the corresponding costs to

the platform. Myerson’s theorem cannot be applied in this situation, since it is not

a single-parameter environment any more. In addition, the VCG mechanism is also

not viable due to the computational intractability of the winner selection problem.

To address these issues, we design an incentive mechanism [69] that is computation-

ally efficient and truthful with respect to both the task sets and costs of workers in

this thesis.
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Chapter 3

Static Task Allocation with

Cluster Effect of Tasks

In this chapter1, we take an attempt to address a location-dependent task allocation

problem in the static scenarios. First, the geographic distribution of the tasks is an

important issue, which should be considered in the task allocation problem. Nor-

mally, these sensing tasks can be located as a uniform distribution or a clustering

distribution. For example, if the requesters need a map of the air pollution level

in a specific area, it is better to place the tasks uniformly in this area to monitor

the pollution. On the contrary, it is common to find a clustering distribution of the

sensing tasks when the requesters desire to know the parking space near a shopping

mall during the busy hours. We focus on solving the task allocation problem with

the clustering tasks, but we also investigate the effect of different geographic distri-

butions. Second, when it comes to the data quality of returned data samples, we

distinguish the multiple data samples of the same task with respect to their values

considering the data redundancy effect. For a specific task, the first data sample

provides the largest value, while the values of the subsequent data samples decrease

continuously. Therefore, the total value of the data samples, i.e., the overall data

1The content of this chapter has been published in [17].
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quality of the task, presents a diminishing marginal increase. Meanwhile, the task

reward is lower corresponding to the decreasing value of the data samples, which

causes the competition and conflict among the workers.

In addition, we also consider the task allocation problem from two perspectives

according to the ways of selecting the decision makers, i.e., the platform-centric

and worker-centric modes. In the platform-centric mode, the travelling paths of the

workers are decided by the platform. Thus, the workers are just the decision followers

to accept the planned paths. In contrast, the worker-centric mode considers the

workers as the decision makers. Therefore, the workers can plan their own paths to

improve their profits. Then, they submit their paths to the platform and the platform

makes a selection of these submitted paths. Next, we propose efficient solutions to

the formulated task allocation problems in both modes. A GA-based solution is

proposed to maximize the data quality in the platform-centric mode and a fast DA-

based solution is proposed to improve the profits of the workers in the worker-centric

mode. To evaluate the performance of our proposed solutions, we also provide a

widely used algorithm as the baseline solution. Meanwhile, various simulations are

conducted with these solutions. For easy reference, we list the important notations

used in this chapter in Table 3.1.

3.1 System Model of Static Task Allocation

In this section, we give the system model of the static task allocation problem in

our proposed MCS framework. First, we introduce the locations of the tasks and

workers. Then, we present the travelling distance limit of the workers. Last, we

define the cost and reward for the workers.
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Table 3.1: Notation definitions for Chapter 3.
Notations Definitions

T Set of tasks
W Set of workers
Pi Path of worker wi
li Maximum travelling distance of worker wi
nj Number of data samples task tj receives
d(Pi) Distance function of path Pi
c(Pi) Cost function of path Pi
αi Weight of sensing cost of worker wi
βi Weight of travelling cost of worker wi

rj(nj) Reward function of task tj
γj Initial reward of task tj
λj Reward decreasing rate of task tj

vj(nj) Value function of task tj
δj Factor of importance of task tj
θj Value increasing rate of task tj

3.1.1 Locations of Tasks and Workers

In the static task allocation problem, there are a set of sensing tasks that are

posted by their requesters and a set of workers, denoted by T = {t1, t2, ..., tm} and

W = {w1, w2, ..., wn}, respectively. The geographic locations of the sensing tasks

are provided by their requesters and the locations of the workers can be obtained

via the positioning measurement (e.g., GPS). Here, we assume that the initial lo-

cations of the workers are uniformly distributed in a specific area. In contrast, the

location distribution of the tasks presents a clustering effect. These task clusters

can be simulated by applying a cluster method (e.g., k-means method) to the uni-

form distribution. To illustrate the MCS scenario under study, Fig. 3.1 shows an

example with the spatial distributions of the tasks and workers. Then, the workers

need to move along the planned paths to accomplish their assigned tasks. For each

worker wi ∈ W , let Pi denote its travelling path that includes a sequence of the

assigned tasks. Thus, the solution to task allocation problem can be represented by

{Pi|∀wi ∈ W}.
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Fig. 3.1: An example scenario of static task allocation.

3.1.2 Maximum Travelling Distance

Generally speaking, the resources (e.g., energy) of the workers are not infinite. The

most important resource of the workers in our proposed MCS framework is the ability

to travel around for sensing and uploading activities, i.e., the maximum travelling

distance. For each worker wi ∈ W , let li denote its maximum travelling distance.

Hence, a feasible task assignment to worker wi should be a travelling path Pi with a

distance less than the maximum travelling distance li. The travelling distance over

path Pi is denoted by d(Pi), so a feasible path Pi must meet the condition d(Pi) ≤ li.

3.1.3 Cost and Reward

Obviously, data sensing and uploading involve a certain cost to the workers. We

assume that the total cost is divided into two components, i.e., the sensing cost and

travelling cost. For each worker wi ∈ W and its corresponding tavelling path Pi, the
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total cost is evaluated by:

ci(Pi) = αi × |P−i|+ βi × d(Pi). (3.1)

In (3.1), the first term in the right-hand side is the sensing cost, which is proportional

to the number of tasks in path Pi. Here, |P−i| indicates the number of vertices in

path Pi excluding the first node, which is the initial location of worker wi. This

characterization of the sensing cost implies that every task along path Pi involves

the same sensing cost to the worker. Nonetheless, it would be easy to adapt this term

to consider heterogeneous sensing costs of the tasks. The second term in the right-

hand side refers to the travelling cost that depends on the travelling distance d(Pi)

of worker wi. Last, αi and βi define the weights for the sensing cost and travelling

cost, respectively.

Due to the cost of the sensing and uploading activities, it is indispensable to provide

the rewards to the workers to compensate for their costs and stimulate their partic-

ipation. The reward of a data sample decreases when more data samples have been

collected because of the diminishing marginal increase of the data quality. From the

perspective of the data quality, the data redundancy can enhance the data accuracy

to a certain degree. However, too many data samples of the same task inevitably

cause a waste of the budget. For each task tj ∈ T , let nj denote its current number

of returned data samples. The reward of one data sample associated with task tj is

characterized by:

rj(nj) = γj × e−λjnj (3.2)

where γj is the initial reward of task tj and λj is a factor to control the effect of

diminishing marginal increase. A large λj means that the reward of task tj reduces

very quickly. Before computing the new reward rj(nj), the current number of the
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data samples nj needs to be updated by:

nj(∪ni=1Pi) =
n∑
i=1

1(tj ∈ Pi). (3.3)

In (3.3), 1(·) is the indicator function, which equals 1 when the condition in the

function argument is satisfied. Hence, (3.3) gives the current number of the data

samples received for task tj based on the current travelling paths of the workers.

3.2 Problem Formulation of Platform-Centric Mode

and Worker-Centric Mode

Based on the system model, we formulate the static task allocation problem from

two perspectives according to the role of the workers including a platform-centric

mode and a worker-centric mode. In the platform-centric mode, the task assignment

is decided by the platform. Thus, workers are just the decision followers to accept

the result of task assignment and they are not allowed to plan their own paths.

In contrast, the worker-centric mode considers the workers as the decision makers.

First, the workers plan their own paths to improve their profits and submit their

paths to the platform. Then, the platform makes a selection of these submitted

paths. At the end of this section, we provide the computational hardness of our

formulated problems.

3.2.1 Platform-Centric Mode

Each data sample has a certain value, which contributes to the overall data quality of

a task, i.e., the value summation of all data samples collected for this task. Although

the data redundancy requires a large budget, the data quality is improved by mul-

tiple data samples from distinct workers, which ensures independence of these data
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samples and prevents the data quality from possible corruptions or errors. Thus, the

data quality of task tj increases with more returned data samples. However, the data

value present a diminishing marginal increase because of the unequal contributions

of the data samples. Based on the above considerations, we model the value function

of task tj as follows:

vj(nj) = δj × n
θj
j . (3.4)

In (3.4), δj is a measure for the importance of task tj and a large δj means that task

tj is very valuable. In addition, θj, 0 ≤ θj < 1, is an indicator of the increasing rate

of the value. A small θj means that the data redundancy helps little in improving

the data quality.

In order to incentivize the participation of the workers, each worker wi ∈ W is

willing to accept a task assignment only if its cost is not higher than the reward,

i.e., ci(Pi) ≤
∑

tj∈Pi
rj(nj). In addition, the total reward of all data samples cannot

exceed a predefined budget, denoted by b. Further taking into account the maximum

travelling distance of the workers, we can formulate the platform-centric mode of the

task allocation problem in (3.5). Here, the objective function in (3.5a) is to maximize

the total value of all tasks in data quality. Constraint (3.5b) defines the travelling

distance limit of each worker; (3.5c) gives the incentive constraint that the cost of

each worker cannot exceed its reward; and (3.5d) indicates that the total reward of

all data samples cannot be larger than the overall budget.

max.
m∑
j=1

vj(nj) (3.5a)

s.t. d(Pi) ≤ li,∀wi ∈ W (3.5b)

ci(Pi) ≤
∑
tj∈Pi

rj(nj),∀wi ∈ W (3.5c)
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n∑
i=1

∑
tj∈Pi

rj(nj) ≤ b. (3.5d)

3.2.2 Worker-Centric Mode

Next, we consider the task allocation problem from another perspective. Since the

workers pay attention to their profits rather than the value of the data quality, the

condition that the reward is not less than the cost is not strong enough to attract

the participation of the workers. Therefore, we assume that, in some situations, the

workers are permitted to plan the travelling paths to improve their profits. Then,

the platform only makes a selection of these paths to maximize the value of the data

quality.

To solve the competition problem among the workers, we introduce the concept of

cycles. Fig. 3.2 shows an example to illustrate the function of cycles. An individual

worker may receive different rewards even for taking the same tasks because of the

decreasing reward in (3.2). Thus, the order of taking the same tasks by different

workers matters. In the example in Fig. 3.2, worker #1 is first assigned to collect

the first data samples for task #1 and task #2, and it receives a total reward of 6.

In contrast, worker #2 who is assigned later only receives a total reward of 4 as it

collects the second data samples for tasks #1 and #2. This discrepancy issue can

be solved if we cut the whole sensing period into small cycles and declare the reward

of every task at the beginning of each cycle. Each task’s reward keeps the same in

an entire cycle. The reward of task #1 is declared to be 4 when cycle 1 begins,

while the reward of task #2 is given as 2 when cycle 2 begins. Thus, both workers

#1 and #2 who carry out the same tasks receive an equal reward of 6 regardless of

the assignment order. As shown in this example, the task rewards in the worker-

centric mode are also determined according to (3.2) as in the platform-centric mode.

Nonetheless, in the platform-centric mode, the number of the data samples of each
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(a) Without cycles. (b) With cycles.

Fig. 3.2: Function of cycles in static task allocation.

task is renewed immediately after a new data sample is received and thus the task

rewards are also updated immediately. In contrast, the task rewards in the worker-

centric mode are updated at the end of each cycle. This can improve fairness among

the workers and solve the competition problem illustrated in Fig. 3.2.

Generally, at the beginning of cycle k, for each task tj ∈ T , the reward of each data

sample rj(n
k
j ) is determined according to the current number of the data samples nkj .

For each worker wi ∈ W , the travelling path P k
i in this cycle is planned by worker wi

to maximize its profit. The travelling distance of path P k
i is limited in two aspects.

One limit is the remaining travelling distance, which equals the maximum tavelling

distance minus the distance travelled so far, denoted by l̂i. The other limit is the

length of cycles, which is denoted by h. For each worker wi ∈ W , its moving speed

is denoted by fi and the maximum travelling distance in this cycle cannot be larger

than h ·fi. Since each worker plans its own path, there are n path planning problems

and the problem for worker wi is formulated as follows:

max.
∑
tj∈Pk

i

rj(n
k
j )− ci(P k

i ) (3.6a)

s.t. d(P k
i ) ≤ min{l̂i, h · fi},∀wi ∈ W. (3.6b)

Here, the objective function in (3.6a) is to maximize the profit of worker wi in cycle

k. Constraint (3.6b) defines the travelling distance limit of worker wi in cycle k.
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Next, the workers submit their paths to the platform at the end of each cycle. Then,

the platform selects a subset of submitted paths to maximize the value of data

samples for the best data quality. The subset of selected paths is denoted by Sk and

the selection needs to satisfy the budget constraint, i.e., the total reward of all data

samples in cycle k cannot exceed the remaining budget denoted by b̂. The selection

problem is formulated as follows:

max.
∑
Pk
i ∈Sk

∑
tj∈Pk

i

vj(n
k+

j ) (3.7a)

s.t.
∑
Pk
i ∈Sk

∑
tj∈Pk

i

rj(n
k
j ) ≤ b̂. (3.7b)

Here, vj(n
k+

j ) is set to nkj at the beginning, but it is increased by one whenever one

more sample is added by selecting a new set that contains task tj. The objective

function in (3.7a) is to maximize the value of the data quality in cycle k. Constraint

(3.7b) defines the budget limit for task assignment in cycle k.

The cycle (k + 1) comes after cycle k. For each task tj ∈ T , the number of the data

samples nkj is updated to nk+1
j and the reward rj(n

k+1
j ) is renewed. The remaining

budget b̂ and the remaining travelling distance l̂i of each worker wi ∈ W are updated

for cycle (k + 1). The path planning and selection are repeated iteratively cycle by

cycle until no worker can carry out sensing and uploading activities without violating

the distance or budget constraints.

3.2.3 Computational Hardness

In the following, we analyze the computational hardness of our formulated problems

and provide the proofs of the computational hardness.

Theorem 3.2.1. The platform-centric mode of the task allocation problem in (3.5)

is NP-hard.
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Proof. First, we consider the decision form of problem (3.5), given by

find Pi,∀wi ∈ W,with
m∑
j=1

vj(nj) ≥ ρ (3.8a)

s.t. d(Pi) ≤ li,∀wi ∈ W (3.8b)

ci(Pi) ≤
∑
tj∈Pi

rj(nj), ∀wi ∈ W (3.8c)

n∑
i=1

∑
tj∈Pi

rj(nj) ≤ b. (3.8d)

As seen, the decision form is to decide whether there exist paths {Pi,∀wi ∈ W} that

achieve an objective value not less than ρ, where ρ is a given threshold. It takes

polynomial time at most O(nm) to verify constraints (3.8b), (3.8c), and (3.8d), or

to compare the objective value with the threshold ρ. Therefore, problem (3.8) is NP,

since it needs polynomial time to obtain a yes-or-no answer to the decision problem.

Next, we prove that problem (3.8) is NP-complete, by reducing a known NP-complete

problem, i.e., the multi-constrained path problem (MCP), to an instance of problem

(3.8). The decision form of MCP is defined as follows. LetG = (V,E) be a graph with

weight function ω : E 7→ R and length function ` : E 7→ R. The MCP determines

whether there is a path from vertex v1 to v2, where v1, v2 ∈ V , with weight at most

Ω and length at most L. It is shown in [70] that the MCP is NP-complete.

In the following, we construct an instance of problem (3.8) to solve the MCP. Fig. 3.3

shows an example illustrating the construction. Here, graph G is an almost complete

graph that connects a single worker wi ∈ W , all tasks ∀tj ∈ T , and a virtual vertex

µ. There is a bidirectional edge between any two vertices, except that there are

only unidirectional outgoing edges with the vertex corresponding to worker wi, and

unidirectional incoming edges with the virtual vertex µ. Vertex v1 is mapped to the

initial location of worker wi, while vertex v2 is mapped to vertex µ. Then, for any

edge e ∈ E, length `e is the physical distance between the two ending vertices of
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Fig. 3.3: Construction of the MCP as an instance of the task allocation problem.

edge e, except that length `e for incoming edges with vertex µ is set to zero. The

weight of edge e is defined as

ωe =

 (αi + βi`e)− rj, if tj 6= µ

Ω, if tj = µ
(3.9)

where task tj is the tail vertex of edge e. As seen, the weight in (3.9) basically defines

the difference of the cost and the reward for worker wi to perform task tj over edge

e. Thus, a path that satisfies constraint (3.8c) is a path with a total weight not more

than Ω. Similarly, constraint (3.8b) is translated to a path with a total length not

more than L = li, where li is the travelling limit of user wi. Last, the instance of

problem (3.8) has a positive infinite budget in (3.8d) and an objective function with

threshold ρ = 0 for (3.8a).

Therefore, if there exists a feasible solution to this instance of problem (3.8), the

answer to the MCP is yes. Conversely, the answer is no. Thus, the MCP is reduced

to an instance of problem (3.8). Since, the MCP is known to be NP-complete, the

decision form of the platform-centric problem in (3.8) is also NP-complete. Then,

the hardest problems in NP are reducible to the decision form of the platform-

centric problem in (3.8) in polynomial time. The corresponding optimization form
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defined in (3.5) is to find the optimal solution, not just verify a feasible solution.

Hence, the corresponding optimization form defined in (3.5) is at least as hard as the

decision form of the platform-centric problem in (3.8). Therefore, the corresponding

optimization form defined in (3.5) is as least as hard as the hardest problems in NP,

i.e., the corresponding optimization form defined in (3.5) is NP-hard.

Theorem 3.2.2. The worker-centric mode of the task allocation problem including

(3.6) and (3.7) is NP-hard.

Proof. First, we consider the decision form of problem (3.6), given by

find P k
i ,∀wi ∈ W,with

∑
tj∈Pk

i

rj(n
k
j )− ci(P k

i ) ≥ ξ (3.10a)

s.t. d(P k
i ) ≤ min{l̂i, h · fi},∀wi ∈ W. (3.10b)

Obviously, problem (3.10) is NP, because we can obtain a yes-or-no answer within

polynomial time O(nm).

In addition, we also prove problem (3.10) to be NP-complete, by reducing the MCP

to an instance of problem (3.10). Consider an instance of problem (3.10). Then, we

map graph G in the MCP to an almost complete graph as illustrated in Fig. 3.3 that

connects a single worker wi ∈ W , all tasks ∀tj ∈ T , and a virtual vertex µ. The

MCP determines whether there is a path from vertex v1 to v2, where v1, v2 ∈ V , with

weight at most Ω and length at most L.

Similar to the proof for Theorem 3.2.1, we map vertex v1 to the initial location of

worker wi, while vertex v2 is mapped to virutal vertex µ. The length of any edge

e ∈ E, `e, is the physical distance between the two ending vertices of edge e, except

that length `e for incoming edges with vertex µ is set to zero. Also, the weight of

any edge e is defined as in (3.9).

Then, constraint (3.10b) is equivalent to require that a path’s total length be not

more than L = min{l̂i, h · fi}. The condition in the objective function (3.10a)
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corresponds to the constraint that a path’s total weight is not more than Ω = −ξ.

Note that the summation term in (3.10a) is the negation of the total weight as

defined in (3.9). As seen, with this constructed instance of problem (3.10), a yes

answer implies that there exists a feasible solution to the MCP. Conversely, the

answer is no. Therefore, problem (3.10) is NP-complete and the hardest problems

in NP are reducible to problem (3.10) in polynomial time. Since the corresponding

optimization form in (3.6) is at least as hard as problem (3.10) and the hardest

problems in NP, the corresponding optimization form in (3.6) is NP-hard.

For the worker-centric mode, there is another subproblem in (3.7) for each cycle.

Next, we show that a special case of the selection problem in (3.7) is NP-hard.

Therefore, the generalized problem (3.7) is also NP-hard.

Consider an NP-hard budgeted maximum coverage problem (BMCP). In the BCMP,

the input is a number of sets of elements, where each element has a weight and each

set has a cost. The output is to select certain sets from the input so that the total

weight of the covered elements in the selected sets is maximized, while the total cost

of selected sets is not more than a given budget.

Consider a special instance of the selection problem in (3.7), where θj = 0, i.e.,

vj = δj, ∀tj ∈ T . This special instance of problem (3.7) is in fact an NP-hard BMCP.

In this instance, we can view each individual data sample as an element. Thus, each

path P k
i submitted by worker ∀wi ∈ W corresponds to an input set. The reward to

this worker is considered as the cost of the set, while the value of each data sample

contained in the set is viewed as the weight of the element. Therefore, problem (3.7)

is equivalent to selecting the sets that give the highest total weight subject to the

budget constraint. Hence, this instance of problem (3.7) is a BMCP. The generalized

problem in (3.7) is thus NP-hard.

In summary, the worker-centric mode of task allocation problem including (3.6) and

(3.7) is an NP-hard problem.
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3.3 Proposed Static Task Allocation Solutions

In this section, we propose two solutions to the task allocation problem in two modes,

i.e., the platform-centric and worker-centric modes. For the platform-centric mode,

a variant genetic algorithm (GA) is proposed to maximize the value of the data

samples to improve the data quality. For the worker-centric mode, we design a

detective algorithm (DA) to maximize the profits of the workers. For comparison,

we also provide a local search algorithm as the baseline solution. Last, we use a

walk-through example to show the differences among three proposed algorithms.

3.3.1 GA-based Solution

Since the search space for the solution to problem (3.5) is huge, traditional com-

binatorial algorithms are inefficient to search for the best solution. To achieve a

satisfactory performance, it is essential to design an algorithm with “global vision”.

Fortunately, evolutionary algorithms provide efficient solutions for the combinatorial

problems like problem (3.5). Therefore, we propose a solution based on a variant ge-

netic algorithm (GA), which can take all the information into account when planning

the travelling paths for workers.

GA is an evolutionary computing technique that is inspired by natural selection in

biological evolution. GA starts from an initial generation with a certain population

of individual candidates and evolves iteratively toward an optimal solution. Each

candidate has a set of properties (chromosomes or genotype), which can be altered

and mutated. The initial generation is randomly generated in most instances. Then,

the fitness (usually defined as the value of objective function) of every individual

candidate is evaluated in current generation. Afterwards, GA creates a new genera-

tion by three main types of genetic operators, i.e., selection, crossover, and mutation,

based on the fitnesses of candidates. According to the selection rule, the candidates
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with higher fitness are more likely to be chosen as “parents” to breed “children”

for the next generation. Crossover and mutation are two commonly used genetic

operators to produce a child from a pair of parents selected above. Crossover com-

bines the characteristics of the parent candidates to form a child candidate, while

mutation introduces random changes to the genomes that a child inherits from the

parents. The evolution terminates when a maximum number of generations have

been produced, or the best fitness has reached a satisfactory level.

An individual candidate solution for problem (3.5) is a set of feasible travelling paths.

As it is hard to perform the operations of crossover and mutation directly on the

travelling paths of workers, we employ a variant GA. An individual candidate solution

is divided into two steps. The first step selects a subset of tasks for each worker,

while the second step determines a feasible travelling path based on this subset of

tasks. Alg. 1 shows the details of the proposed GA-based solution. Here, the fitness

is defined as the value of objective function in problem (3.5). The GA-based solution

ends when the number of generations reaches a given threshold.

In the initial generation, a population of individual candidate solutions are generated

as follows. First, for each worker, a subset of tasks are randomly selected. Then, a

travelling path is planned by taking the nearest task in the subset until all the tasks

in the subset are covered. It is possible that the length of planned path exceeds

the maximum travelling distance, which makes the path infeasible. To transform an

infeasible path to be feasible, we keep removing the furthest task in the task subset

until the travelling distance satisfies the requirement. If all paths of workers are

feasible, an individual candidate solution is formed and its fitness can be evaluated.

The first generation contains a population of such individual candidate solutions that

are constructed as above.

In the subsequent generations, roulette wheel selection (also known as fitness propor-

tionate selection) is applied as the selection rule. Each individual candidate solution
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Algorithm 1: A GA-based solution for static task allocation.

Input: T (set of tasks), W (set of workers), loct (locations of tasks), locw
(initial locations of workers), b (budget), {li|∀wi ∈ W} (maximum
travelling distances of workers), pop (size of population), gmax

(maximum number of generations)
Output: {Pi|∀wi ∈ W} (travelling paths of workers)

1 g ← 1 // Number of generations
2 Initialize task subsets of pop workers in first generation
3 Plan travelling paths for workers in first generation
4 Check feasibility and modify all infeasible paths to be feasible
5 Calculate fitness of each candidate in first generation
6 Record solution with highest fitness as {Pi|∀wi ∈ W}
7 while g < gmax do // Maximum number of generations is not reached
8 g ← g + 1
9 Apply roulette wheel selection to select parents for next generation

10 Apply crossover to selected parents to generate children
11 Apply mutation to newly generated children
12 Design travelling paths for new generation
13 Check feasibility and modify all infeasible paths to be feasible
14 Calculate fitnesses and update the best solution

15 return {Pi|∀wi ∈ W}

is associated with a probability to be selected, which is a proportion of its own fitness

over the summation of all fitnesses in current generation. Although every candidate

solution is given a chance to be picked, the candidate with a larger fitness has a

higher opportunity to be selected as a parent.

Based on the above selection rule, one pair of parents are selected to create a child

by crossover. The task subset of the child is considered as a union of the task subsets

of the parents. This novel crossover method guarantees that the child solution is not

worse than its parents solutions because the child takes all the tasks of the parents.

After all new children determine their task subsets, the mutation is performed to

cover more tasks in their task subsets. Here, we employ a simple mutation method

that randomly chooses one task from the entire set of tasks and adds the selected

task into the child solution only if this task is not included in its current subset. As

a result, the fewer tasks in the subset of the child solution, the higher probability
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of adding a new task. This mutation method makes a small task subset bigger and

keeps a big task subset stable.

The last step is to plan the feasible travelling paths for the new generation based

on the tasks subsets after selection, crossover, and mutation. This process is the

same as that in the first generation including path planning, feasibility check, and

path revision. The final solution is obtained after repeating these operations for a

maximum number of generations.

3.3.2 DA-based Solution

For problems (3.6) and (3.7), GA is not feasible for two reasons. First, each worker

only has access to the information of the tasks (e.g., the locations and rewards),

whereas the workers may not be willing to share their own information (e.g., the

locations and travelling distance limits) to others. As a result, each worker is not

aware of others’ status and intentions. In other words, individual workers do not have

full information as the framework does. Second, GA is an energy and time consuming

algorithm, which is not suitable for the workers who have limited resources and need

to decide their paths within a short time period. Therefore, we propose the detective

algorithm (DA) for the worker-centric mode defined in (3.6) and (3.7).

As discussed above, GA takes all tasks into account when planning travelling paths

for the workers. In the other extreme case, a local search algorithm only considers the

nearest task for each individual worker. GA with the global vision is costly but can

approach the optimal solution. In contrast, the near-sighted local search algorithm

is cost-effective but restricted in the achievable performance. Here, we consider a

compromise of GA and the local search algorithm in a ψ-depth detective algorithm

(DA). The DA considers ψ tasks at each step when it plans travelling paths. The

larger ψ is, the more time and energy are needed in evaluating tasks.

Alg. 2 shows an example of the DA-based solution with 2-depth. As seen in Alg. 2,
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after the initialization (lines 1-2), we assign the tasks to the workers cycle by cycle.

In each cycle, there are two phases including the path planning (lines 5-12) and path

selection (lines 13-19). In the path planning, DA tries to find a feasible path for

every worker. Specifically, it first considers the task with the largest profit since

the workers are interested in their profits (line 6). Here, the profit is the surplus

of a task reward according to (3.2) and the cost for a worker to carry out the task

according to (3.1). If the largest profit is larger than 0, the task with the largest

profit is added into the path (lines 7-8). Otherwise, assuming that DA has already

taken and finished the task with the largest profit (negative profit), it then detects

the next available task with the largest profit after information update (lines 9-10).

Then, DA evaluates these two tasks together to decide whether to take both of them

considering the total profit (lines 11-12). Since the cost of the workers to finish

the tasks largely depends on their locations, it is possible that a worker achieves a

negative profit if it finishes either of these two tasks, while it obtains a positive total

profit by finishing both two tasks when these two tasks are close in locations. As

such, DA has a better chance to take more tasks than the local search algorithm.

In the path selection, the path candidates generated in the path planning phase

are examined and selected to satisfy the budget constraint. Specifically, DA keeps

selecting the path with the largest value gain, until the budget runs out or all path

candidates generated in current cycle are selected (lines 13-19). Here, the value gain

is the increase of the total value according to (3.4) when a new path of a worker is

selected. Then, DA moves to the next cycle (line 4) and the task allocation ends

when no worker can take over more tasks (line 20).

There are n workers and m tasks. In the worst case, every worker would take all m

tasks into its path and only one task is added in each cycle. Then, there are m cycles

in the worst case. In the ψ-depth DA-based solution, the search of a combination

of at most ψ tasks with the largest total profit is O(mψ). In the worst case, the
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Algorithm 2: A DA-based solution for static task allocation.

Input: T (set of tasks), W (set of workers), loct (locations of tasks), locw
(initial locations of workers), b (budget), {li|∀wi ∈ W} (maximum
travelling distance of workers), h (length of each cycle), {fi|∀wi ∈ W}
(moving speed of workers)

Output: {Pi|∀wi ∈ W} (travelling path of workers)
1 k ← 0 // Number of cycles
2 total← 0 // Initialize total reward
3 while Maximum travelling distances are not reached do // Phase 1: Path

planning
4 k ← k + 1

// Iteratively plan workers’ paths
5 for i from 1 to n do
6 Find the task tj with the largest profit gj
7 if gj > 0 then // Take task tj
8 Add task tj into set P k

i

9 else // Detect another task
10 Assuming task tj is taken and completed, find next available task t̂j

with the largest profit ĝj after information update
11 if gj + ĝj > 0 then // Take both tasks
12 Add task tj and t̂j into set P k

i

// Phase 2: Path selection
13 while total < b do
14 Find the path P k

i with the largest value gain and the total reward of
this path is rki

15 if rki < (b− total) then // Enough budget
16 Add P k

i into Pi
17 total← total + rki

18 if All paths in cycle k are selected then
19 break // Go to next cycle

20 return {Pi|∀wi ∈ W}
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largest profit of one search is associated with only one task, which is the task added

into the path in current cycle. In phase 1 with the path planning, it takes O(mψ)

to plan the path for one worker in one cycle. There are n workers, so the total time

for the path planning is O(nmψ) in one cycle. In phase 2 with the path selection,

there are n paths available. In the worst case, all n paths are selected. Since one

path is selected when it is the one with the largest value gain among the remaining

paths, the time complexity of selecting all n paths is O(n+(n−1)+ ...+1) = O(n2).

Thus, considering both the path planning and path selection in one cycle, the time

complexity is O(nmψ + n2). Since there are m cycles in the worst case, the overall

time complexity of DA is O(nm(mψ + n)).

3.3.3 The Baseline Solution

As the task allocation problem in (3.5) is NP-hard, to address the computational

intractability, a natural solution is a local search algorithm given in Alg. 3, which is

referred to the nearest-first algorithm. It is considered as a baseline solution as it is

simple and effective. As seen in Alg. 3, a worker takes the nearest task iteratively

until it cannot conduct more tasks. A final solution is achieved after all workers

select their feasible travelling paths by the nearest-first algorithm.

The baseline solution is effective but not efficient because it is “short-sighted”. For

each worker, the only information is the reward of the nearest task, which prevents

the worker from being aware of the task clusters in our scenarios. The workers may

be misled to a wrong direction with few tasks or end their travelling paths early

when the nearest task has a smaller reward than the cost.

For the baseline solution in Alg. 3, the running time for the loop in lines 1-2 is O(m).

Finding the nearest task in lines 7 and 12 takes time O(m). The while loop in lines

8-12 runs at most m times when all m tasks are added into the path of worker wi in

the worst case. Thus, the total running time of the while loop is O(m2). Therefore,
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Algorithm 3: A baseline solution for static task allocation.

Input: T (set of tasks), W (set of workers), loct (locations of tasks), locw
(initial locations of workers), b (budget), {li|∀wi ∈ W} (maximum
travelling distance of workers)

Output: {Pi|∀wi ∈ W} (travelling path of workers)
// Initialize numbers of data samples

1 for j from 1 to m do
2 count[j]← 0

// Iteratively plan workers’ paths
3 for i from 1 to n do

// Initialize path, travelling distance, and initial location of wi
4 Pi ← ∅
5 distance[i]← 0
6 locp[i]← locw[i]
7 Find the nearest task tj
8 while Budget b and maximum travelling distance li allow to add task tj

into Pi do
// Update distance, location, and number of data samples

9 distance[i]← distance[i] + ||locp[i]− loct[j]||
10 locp[i]← loct[j]
11 count[j]← count[j] + 1
12 Find the next nearest task tj

13 return {Pi|∀wi ∈ W}
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the overall running time of the for-loop in lines 3-12 is O(nm2), which is also the

time complexity of the baseline algorithm.

3.3.4 A Walk-Through Example

To show the differences of the three proposed solutions (i.e., the baseline, GA-based,

and DA-based solutions) to the task allocation problem, we provide and analyze a

simple example in Fig. 3.4. In this example, there are three tasks and one worker.

In the baseline solution, the worker tries to take the nearest task (task #1), while

the profit is negative. Thus, the worker will not take any task and the path found

by the baseline solution is empty. In the GA-based solution, GA aims to achieve a

maximum value of the data quality (the value is positively related to the number

of the data samples). As a result, the worker is assigned to take all three tasks.

Although the profit of the worker is zero, this assignment is the best solution in the

platform-centric mode. In the platform-centric mode, the value of the data quality is

the top priority. On the other hand, the worker-centric mode focuses on the profits

of the workers. There is a trade-off between the profits of the workers and the value

of the data quality. As a solution in the worker-centric mode, DA first finds the task

with the largest profit. Although task #1 has a negative profit, it is still the task

with the largest profit because tasks #2 and #3 are farther to the worker (higher

cost) with the lower reward. Then, DA considers the tasks #1 and #2 together

because of the negative profit of task #1. Since the total profit is 1, the worker

takes both tasks #1 and #2 into its path. Here, the worker refuses to take task #3

and maximizes its profit, which is detrimental to the value of the data quality. As

seen, DA sacrifices the value of the data quality to improve the profit of the worker

from 0 to 1, since the profit of the worker is one of the primary objectives in the

worker-centric mode.

43



Fig. 3.4: An example to show the differences of three proposed solutions.

3.4 Numerical Results and Discussion of Static

Task Allocation

In this section, we evaluate the performance of the proposed solutions in terms of the

data quality, workers’ profits, and task coverage. We also examine the impact of var-

ious parameters on the performance, such as the maximum travelling distance, initial

reward of the tasks, budget, and length of the cycles. In addition, we investigate

different geographic distributions of tasks and show the performance.

3.4.1 System Settings

We conduct comprehensive simulations to evaluate the performance of our proposed

solutions. Here, we set up the sensing region as a 500 × 500 square and generate

the positions of the tasks and workers therein. There are 50 tasks and 10 workers in

the default scenario. The positions of the workers follow the uniform distribution.

However, the positions of the tasks show the clustering effect by applying a clustering

method (i.e., k-means) to the uniform distribution. Fig. 3.1 shows the positions of

the tasks and workers.
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Table 3.2: Simulation parameters for Chapter 3.
Parameter Value

Weight of sensing cost αi in (3.1) 1
Weight of travelling cost βi in (3.1) 1
Reward reducing rate λj in (3.2) 0.2
Base reward amount δj in (3.4) 2
Data value increasing rate θj in (3.4) 0.5
Size of population in the GA-based solution 1000
Maximum generations in the GA-based solution 5
Moving speed fi in (3.6b) 1

There are several parameters in our formulations of the task allocation problem. In

(3.1), we assume that the cost of each worker wi, ∀wi ∈ W has the same parameters:

αi = βi = 1. For the reward of the data samples associated with task tj in (3.2),

we assume that all rewards have the same λj = 0.2 and γj (initial reward) to be

considered later. For the value of the data quality associated with task tj in (3.4),

it is assumed that all tasks have the same δj = 2 and θj = 0.5.

On the other hand, our proposed solutions involve several critical parameters. For

the GA-based solution, the size of population is set to 1000 and the maximum number

of generations is set to 5. For the DA-based solution, the workers are limited by a

moving speed fi = 1, while the length of cycles h is discussed later. Table 3.2 lists

the key parameters and their values.

3.4.2 Effect of Maximum Travelling Distance

The main constraint of the workers is the maximum travelling distance, which limits

the ranges of the workers to explore new tasks. These workers with a larger maximum

travelling distance are likely to take more tasks and plan longer paths. To examine

the effect of maximum travelling distance, we assume that all workers have the same

limit li and vary its value from 100 to 1000 with an interval of 100. Meanwhile, we

set the initial reward of the tasks (γj) to 100, budget (b) to 50000, and length of

cycles (h) to 200.
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Fig. 3.5: Value of data quality vs. maximum travelling distance.

Fig. 3.5 shows the values of the data quality when the maximum travelling distance

varies. As seen, the values of all three solutions are almost the same when the max-

imum travelling distance is small. Then, the values are improved with the increase

of the maximum travelling distance, as the workers are enabled to take more tasks

and plan longer paths. However, the value of the baseline solution keeps unchanged

after the maximum travelling distance reaches 500, while the value of the DA-based

solution is stabilized after the maximum travelling distance exceeds 800. The reason

for the flattening of the data values in these two solutions is that, after the saturation

points, the maximum travelling distance is no longer the main constraint that limits

the data values. In contrast, the trade-off between the cost and reward plays a more

important role in the achievable data values.

In Fig. 3.6, we can clearly see that the average travelling distance is unchanged after

these saturation points (i.e., 500 for the baseline solution and 800 for the DA-based

solution). As seen, the saturation point of the DA-based solution is much larger than

that of the baseline solution. The GA-based solution does not show a tendency of

saturation when the maximum travelling distance reaches 1000. This observation in

fact demonstrates the different capabilities of these solutions in leveraging the task
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Fig. 3.6: Average travelling distance vs. maximum travelling distance.

clustering structure.

The existence of saturation points is related to the distribution of the tasks and the

ability of algorithms to leverage the task clusters. There will be no saturation point

when the algorithm terminates by running out of the maximum travelling distance.

That is to say, the saturation point appears when the algorithm cannot make full use

of the maximum travelling distance. The baseline solution is not able to leverage the

task clusters to compensate a temporal loss. As a result, the baseline solution tends

to have an early end and a saturation point of a smaller distance limit. The DA-

based solution can improve the performance by taking advantage of the task clusters

to compensate a temporal loss and obtain a longer path. Therefore, the saturation

point of the DA-based solution appears later than that of the baseline solution.

However, as the DA-based solution restricts the clustering scope, the compensation

level is limited. In contrast, the GA-based solution does not limit the task cluster

size, and thus further improves the task coverage. It is expected that the GA-based

solution would have the largest saturation point among the three solutions if the

maximum travelling distance keeps increasing.

Fig. 3.7 further shows the differences of the three proposed solutions in leveraging

47



the task clusters to balance the cost and reward. As seen in Fig. 3.7, the GA-based

solution is aware of the task clusters and finds a worker path that goes directly to

a task cluster at the very beginning. On the other hand, the baseline solution and

the DA-based solution select a different direction to take the nearest task or the

task with the largest profit. Then, the baseline solution stops after taking two tasks

because the third task has a negative profit (too far away). On the contrary, the

GA-based solution and the DA-based solution can accept a temporary loss in profit

if the subsequent expected reward is able to compensate for the current loss. The

compensatory ability of the GA-based solution is better than that of the DA-based

solution. As a result, the worker in the DA-based solution ends its path when the

total reward of these two tasks is not enough for the temporary loss. In contrast,

the path in the GA-based solution is much longer due to another task cluster.

Fig. 3.8 compares the three proposed solutions in terms of the task coverage. Here,

we consider that a task is covered if it receives at least one data sample. As seen, the

GA-based solution has the highest coverage that is nearly 100%, while the DA-based

solution is slightly behind. The baseline solution performs the worst in the coverage.

This result further verifies the advantage of the GA-based solution in leveraging the

task clusters and exploring more tasks.

However, the workers are not interested in the value of the data quality but concerned

more about their profits. Fig. 3.9 shows the average profit of the workers. We can

see that the profits of all three solutions are close when the maximum travelling

distance is small, and the profits are improved with the increase of the maximum

travelling distance. Comparing Fig. 3.9 for average worker profit with Fig. 3.5 for

total data value, we can clearly observe the trade-off between the value of the data

quality and the profits of the workers. As seen in Fig. 3.5, the data value of the

GA-based solution is greater than that of the DA-based solution. On the contrary,

Fig. 3.9 shows that the average profit of the GA-based solution is less than that
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Fig. 3.7: Awareness of task clusters.
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Fig. 3.8: Coverage vs. maximum travelling distance.
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Fig. 3.9: Average profit vs. maximum travelling distance.

of the DA-based solution. This is a foreseeable result because the targets of the

platform-centric mode and worker-centric mode are not exactly aligned. As a result,

the workers can improve their profits in the worker-centric mode because they have

the autonomy to plan their own travelling paths.

Moreover, it is observed in Fig. 3.9 that, the baseline solution leads to both the

smallest data value and the smallest average profit. In addition, the baseline solution

and the DA-based solution show similar saturation points with respect to the average

profit as to the total data value in Fig. 3.5. However, the average profit of the GA-
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Fig. 3.10: Jain’s fairness index vs. maximum travelling distance.

based solution decreases after the maximum travelling distance exceeds 700 (almost

the same as the saturation point in the DA-based solution). The reason is that the

GA-based solution starts to sacrifice the profit of the workers for the value of the

data quality, which has been analyzed in Fig. 3.4.

In addition to the total value of the tasks, the fairness of the tasks is another im-

portant consideration in the task allocation problem. Here, the fairness of the tasks

is equivalent to the data balance of the tasks. To evaluate the fairness of the tasks,

we use Jain’s fairness index, which measures whether the tasks are receiving a fair

share of system resources. Jain’s fairness index is defined as: J (n1, n2, ..., nm) =

(
∑m

j=1 nj)
2/(m ·

∑m
j=1 n

2
j). Here, nj is the number of the returned data samples of

task tj. The result of Jain’s fairness index ranges from 1
m

(worst case) to 1 (best

case). The maximum value of 1 is achieved when all tasks receive the same number

of data samples. Fig. 3.10 shows the results of Jain’s fairness index of three pro-

posed solutions with various maximum travelling distances. As seen, the GA-based

solution achieves the best fairness under all maximum travelling distances, while

the baseline solution is the worst. The fairness indices of the baseline solution and

DA-based solution are stabilized after the saturation points, which are the same sat-
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uration points of the total value in Fig. 3.5. The fairness indices of the GA-based

solution and DA-based solution are not monotonically increasing with the growth of

the maximum travelling distance, which indicates that the fairness index not only

is influenced by the maximum travelling distance but also depends on other factors

such as the distribution of the tasks.

3.4.3 Effect of Initial Reward

As an incentive to the workers, the reward of the tasks influences the path planning

of the workers. The cost of a worker for taking a task mainly depends on its travelling

distance and stays the same if the locations of the tasks and workers are determined.

As a result, the profit of finishing a task is directly related to the task reward.

According to (3.2), the task reward depends on the initial reward γj and the decaying

rate δj, which is set to 0.2 as given in Table 3.2. To examine the effect of initial

reward, we vary its value from 90 to 190 with an interval of 10. Meanwhile, we set

the maximum travelling distance to 1000, budget to 50000, and length of cycles to

200.

Fig. 3.11 shows the average numbers of the returned data samples per task with a

varying initial task reward. As seen, the baseline solution and DA-based solution

obtain more data samples with the increase of the initial reward, whereas the GA-

based solution is insensitive to the initial reward. This observation can be easily

interpreted as follows. For the baseline solution and DA-based solution, the task

selection is directly profit-driven. Since the task cost is independent of the initial

reward, a larger initial reward means a higher profit. Therefore, with the increase of

the initial reward, more tasks can be included in the workers paths. As the DA-based

solution can accept temporary profit loss to explore more task possibilities, it ends

up with a larger task set with more returned data samples. On the other hand, the

GA-based solution achieves the highest performance in terms of the average number
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Fig. 3.11: Average number of data samples vs. initial reward.
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Fig. 3.12: Average profit vs. initial reward.

of the data samples, but the result is relatively stable with the increase of the initial

reward. This is because the GA-based solution has made the best use of the task

cluster structure to optimize the performance and thus leaves little room for further

improvement.

Fig. 3.12 shows the variation of average profit with the initial reward. As expected,

we can see that the average profits of all three solutions increase with the growth of

the initial reward. Although Fig. 3.11 shows that the number of the returned data

samples in the GA-based solution is relatively insensitive with the initial reward,
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Fig. 3.13: Value of data quality vs. budget.

the average profit of the GA-based solution still improves with the initial reward

because of a larger profit per sample. In contrast, the profits of the baseline solution

and DA-based solution are improved for two reasons, i.e., a larger profit per sample

and more returned data samples (as shown in Fig. 3.11). As the GA-based solution

obtains the largest number of the data samples (also the highest value of the data

quality) and the DA-based solution achieves the largest average profit, we can see

the complementary strengths of the GA-based solution and DA-based solution. The

trade-off between the data value and workers’ profits still exists even when the initial

reward varies.

3.4.4 Effect of Budget

The average profit of the workers is not only related to the reward of tasks, but also

limited by the budget. We conduct the simulations with different budgets changing

from 4000 to 18000 with an interval of 2000. We also set the maximum travelling

distance to 1000, initial reward to 100, and length of cycles to 200.

Fig. 3.13 shows the total data values of the three proposed solutions with varying

budgets. As seen, in all three solutions, the values of the data quality are improved
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Fig. 3.14: Total reward vs. budget.

with the increase of the budget. The baseline solution has a saturation point at

8000 and the DA-based solution has a larger one at 12000, which means the budget

cannot further enable the workers to take more tasks beyond these points. This is

confirmed in Fig. 3.14, which shows the total rewards to the workers. As seen in

Fig. 3.14, the total reward is stabilized when the budget is sufficiently large.

Fig. 3.15 shows the average profits of the three proposed solutions with varying

budgets. As seen, for the baseline solution and DA-based solution, the profits are

first improved with the increase of the budget and then reach saturation points. On

the other hand, the average profit of the GA-based solution increases constantly

with the budget. Although the profit of the GA-based solution is the smallest at

the beginning, it overtakes the baseline solution when the budget exceeds 14000.

However, the final profit of the GA-based solution is still less than that of the DA-

based solution.

3.4.5 Effect of Cycle Length

In the DA-based solution, we introduce the concept of cycles to solve the competing

problem among the workers. The smaller the cycle is, the more frequently the reward
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Fig. 3.15: Average profit vs. budget.

of the tasks is updated. According to the reward mechanism, the task reward for a

received data sample decreases with the total number of the received data samples.

Therefore, with a shorter cycle for more frequent reward updates, this diminishing

effect of marginal reward increase is stronger. Correspondingly, this can prevent

the waste of the budget and reduce the data redundancy. On the other hand, too

frequent updates may lead the workers to a blind strolling and give up their target

tasks frequently. In order to figure out the exact effect of the cycle length, we run

simulations with the cycle length varying from 100 to 1000 with an interval of 100.

We set the maximum travelling distance to 1000, initial reward of tasks to 100, and

budget to 50000.

Fig. 3.16 and Fig. 3.17 show the total data value and the average worker profit with

the varying cycle length, respectively. As seen in Fig. 3.16, the values of the baseline

solution and GA-based solution are not affected by the cycle length since cycles are

not implemented therein. The value of the DA-based solution increases with the cycle

length, because a larger length means higher rewards of the tasks at the beginning

of each cycle, which is caused by lagged updates of the rewards. Thus, the average

reward of each task is improved, which encourages the workers to take more tasks.
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Fig. 3.16: Value of data quality vs. length of cycles.
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Fig. 3.17: Average profit vs. length of cycles.

As seen in Fig. 3.17, the average profit of the workers is also improved with a longer

cycle length in the DA-based solution because of the improved rewards. Similar to

Fig. 3.16, the average profits of the baseline solution and GA-based solution stay the

same with different cycle lengths. The trade-off between the value and profit still

appears with different lengths of cycles.
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3.4.6 Effect of Task Distribution

The simulations so far are based on the scenario in Fig. 3.1 with the task clusters.

In order to investigate the effect of the task distributions on performance, we gen-

erate several scenarios with different distributions of the tasks. First, we generate a

scenario with uniformly distributed tasks. Then, we apply k-means method to these

tasks to create the task clusters. The numbers of cluster centers are set to 5, 10, 15,

20, and 25, respectively. The scenarios are shown in Fig. 3.18. In the simulations,

we set the maximum travelling distance to 1000, initial reward to 100, budget to

50000, and length of cycles to 200.

Table 3.3 and Table 3.4 present the performance of the three proposed solutions

in terms of the values of the data quality and the average profits of the workers,

respectively. As seen, there is not a consistent variation trend in the value or profit.

However, the trade-off between the value and profit is still evident, as the GA-based

solution achieves the largest value of the data quality in all cases and the DA-based

solution obtains the highest average profit of the workers in most cases (except the

case of 25 centers). Obviously, the baseline solution has both the smallest value and

the smallest average profit.

It is worth nothing that our proposed solutions are not limited to the scenarios with

the task clusters. They are applicable to various situations. The trade-off between

the value of the data quality and the average profit of the workers is clear in all

situations. This conflict is the main motivation for us to address the task allocation

problem from two different perspectives (i.e., the platform-centric and worker-centric

modes) and propose two corresponding solutions (i.e., the GA-based solution and

DA-based solution). Then, the GA-based solution can improve the total value of the

data quality, while the DA-based solution can better motivate the participation of

workers by providing higher profits.
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Fig. 3.18: Different distributions of tasks.
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Table 3.3: Values of data quality in proposed solutions.
Distribution Nearest-first GA-based DA-based

Uniform 126 190 138
25 centers 80 200 125
20 centers 98 202 153
15 centers 82 204 133
10 centers 114 208 141
5 centers 122 210 157

Table 3.4: Average profits of workers in proposed solutions.
Distribution Nearest-first GA-based DA-based

Uniform 421 430 517
25 centers 277 484 449
20 centers 336 521 635
15 centers 297 506 553
10 centers 430 544 573
5 centers 496 649 716

3.5 Summary

In this chapter, we investigated the static task allocation problem. We considered

the task allocation problem from two distinct perspectives based on the role of the

workers. That is, the workers can be decision followers or decision makers according

to the targets of task allocation. Actually, we cannot achieve two goals simultane-

ously due to the trade-off between the value of the data quality and the profits of the

workers. Hence, we formulated the static task allocation problem both in a platform-

centric mode and a worker-centric mode to address the data redundancy and worker

competition separately. The platform-centric mode aims to maximize the value of

the data quality, while the worker-centric mode considers both the value of the data

quality and the profits of the workers by dividing the sensing activities into cycles.

We analyzed the computational hardness of the formulated problems and proved

that they are NP-hard. Then, we proposed a GA-based solution and a DA-based

solution. It worth noting that we also take various geographic distributions of the

tasks into account since these sensing tasks in practice can be concentrated around
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the popular locations of interest.

To evaluate the performance of our proposed solutions, we conducted the extensive

simulations. The results show that the performance of task allocation (i.e., the

value and profit) is improved with the increase of the resources (e.g., the maximum

travelling distance, initial reward of the tasks, budget, and length of the cycles).

The results also demonstrate that the GA-based solution outperforms the DA-based

solution and baseline solution, as it can leverage the task clusters and it can accept

the temporary loss for a long-term gain. On the other hand, the DA-based solution

provides the highest profits to the workers while maintaining reasonable performance

for the value of the data quality. Last but not the least, our proposed solutions are

found efficient in the scenarios with the different task distributions.
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Chapter 4

Dynamic Task Allocation with

Stochastic Arrivals of Workers

In this chapter1, we investigate the dynamic task allocation problem of MCS from

both spatial and temporal perspectives. From the spatial perspective, the task al-

location problem can be treated as a path planning problem. From the temporal

perspective, dynamic arrivals of the tasks and workers need to be considered to en-

able practical MCS applications. In the dynamic task allocation problem, each task

must be accomplished within its time window. In addition, each worker also has

its own participating time frame. In this sense, the task allocation problem can be

regarded as an online bipartite matching problem [14,15]. When a worker arrives,

the platform needs to make an assignment according to the current situation. A

challenge with online matching is the incomplete information of the tasks and work-

ers, since the platform cannot foresee their status before their arrivals. Thus, the

online decision based on the current information may lead the solution along an

undesirable direction, which ultimately results in much worse performance than the

optimal offline method with a priori full knowledge.

We attempt to jointly address the path planning problem and online matching prob-

1The content of this chapter has been submitted to IEEE Transactions on Mobile Computing.
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Fig. 4.1: Dynamic task allocation with path planning and online matching.

lem for dynamic task allocation, shown in Fig. 4.1. First, we consider an offline

scenario as a benchmark, assuming that the platform is informed of all the informa-

tion of the tasks and workers including their arriving time and leaving time. The

offline task allocation problem can be formulated as an integer linear programming

(ILP) problem, which can be solved optimally with existing optimization approaches

only for small-scale instances. As we prove that the offline task allocation problem

is NP-hard, we leverage an ant colony optimization (ACO) algorithm to obtain an

approximate solution for large-scale instances. Moreover, we study the online task

allocation problem where the information of the workers is unknown in advance and

the platform needs to assign the tasks timeslot by timeslot. A simple but effective

greedy algorithm [71] is first considered as a baseline method. The one-time bipartite

matching actually treats every available worker as a new one, even if a worker just

finishes its assigned tasks and returns for new assignment. However, since the plat-

form can track the travelling of the assigned workers and even predict their locations

based on the planned paths, it is more effective to leverage such information in-

stead of being memoryless. Therefore, we further develop a heuristic online solution
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Table 4.1: Notation definitions for Chapter 4.
Notations Definitions

V Set of tasks
W Set of workers
T Set of timeslots
sj Start timeslot of task vj
ej End timeslot of task vj
ai Arriving timeslot of worker wi
li Leaving timeslot of worker wi
hi Travelling speed of worker wi
r Profit of the platform
bj Budget of task vj
Pi Path of worker wi
ci Cost of path Pi

d(Pi) Distance of path Pi
θi Unit cost per distance of worker wi
δi Unit cost per speed of worker wi

f(vj) Completion timeslot of task vj
s(Pi) Start timeslot of path Pi
e(Pi) End timeslot of path Pi
xij Assignment between worker wi and task vj

that exploits the information of the travelling workers to improve the performance.

Nonetheless, as the workers appear rather dynamically, it is possible that the plat-

form sends out a worker to a distant sensing area with a large travelling cost, but

a new worker shows up shortly near the task location. To mitigate such an adverse

effect, we also propose a predictive algorithm by analyzing the historical records of

the workers. For easy reference, we list the important notations used in this chapter

in Table 4.1.

4.1 System Model of Dynamic Task Allocation

In this section, we present the system model for the dynamic task allocation problem

of our proposed MCS framework.
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4.1.1 Dynamic Tasks and Workers

In the dynamic task allocation problem, there are a set of tasks posted by their

requesters and a set of workers recruited by the platform. The tasks are denoted

by V = {v1, v2, ..., vm} and the workers are represented by W = {w1, w2, ..., wn}.

The geographic locations of the tasks are determined by their requesters when they

are posted in the MCS framework, while the initial locations of the workers can be

obtained via positioning techniques (e.g., GPS) when they start to participate in the

sensing activities.

Since our ultimate goal is an online MCS system, we divide the sensing period into q

timeslots, denoted by T = {t1, t2, ..., tq}. Then, each task vj ∈ V has a time window

[sj, ej], which indicates that task vj starts in timeslot sj and ends in timeslot ej. A

successful task must be completed within its acceptable time window. Similarly, each

worker wi ∈ W has a participating time interval [ai, li], which defines that worker

wi arrives in timeslot ai and leaves in timeslot li. The workers can move around

and carry out the tasks during their participating time intervals. Thus, each worker

wi ∈ W is associated with a travelling speed hi, which can be used to calculate the

travelling time from the worker’s current location to the point of a target task.

4.1.2 Profit of the Platform

The platform in our proposed MCS framework acts as an intermediary to match

the requirements of the tasks (requesters) with the resources of the workers. The

platform thereby earns a profit from its brokerage service. Let r denote the plat-

form’s profit, i.e., the difference between the budgets of the tasks deposited by the

requesters and the payments to the workers. The requesters submit their budgets to

the platform and expect their tasks to be accomplished within their budgets. Thus,

we assume that each task vj ∈ V is limited by a budget bj.

The payments to the workers mostly depend on their costs for accomplishing the
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assigned tasks. Here, we simply assume that the payments to the workers equal to

their costs, but it can also be easily extended to set the payments as a function of

the costs. Obviously, the main cost concerned with the path planning for a worker

is the travelling distance. If a worker needs to move a long way to carry out a task

at a distant place, it involves a very large cost for the worker. On the other hand,

the travelling speed is another key factor that contributes to a worker’s cost. Since

the platform aims to complete the tasks before their deadlines, the platform prefers

the workers with high speeds. However, a higher speed generally costs more, since

driving faster requires more fuel and thus induces a higher cost. Therefore, we take

into account both cost factors, and evaluate the total cost of worker wi that carries

out a sequence of assigned tasks along a planned path Pi by

ci = θi · d(Pi) + δi · hi. (4.1)

Here, coefficients θi and δi represent the unit cost per distance and the unit cost

per speed of worker wi, respectively. Hence, the first term on the right-hand side of

(4.1) is the travelling distance cost, which is proportional to the length of path Pi

calculated by function d(Pi). The second term refers to the travelling speed cost that

depends on travelling speed hi. Without loss of generality, we use linear functions

to characterize the distance cost and speed cost. They can be replaced by other cost

functions according to application scenarios, which does not affect the applicability

of our proposed framework.

Next, we discuss the profit that the platform targets at when planning paths for the

workers. Specifically, the platform’s profit is defined as

r =
∑
wi∈W

( ∑
vj∈Pi

bj − ci
)

(4.2)

which is the difference between the budgets of the tasks and the costs of the workers.
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Here,
∑

vj∈Pi
bj is the total budget that the platform receives from the requesters

to accomplish the selective tasks along path Pi of worker wi, while ci is the corre-

sponding cost of worker wi. The platform’s profit is the summation of the differences

earned from all workers.

4.1.3 Online vs. Offline

In our proposed MCS framework, we assume that all tasks are registered with the

framework a priori so that the platform obtains all information of the tasks (e.g.,

the time windows and budgets) before the sensing activities start. In contrast, the

workers are more dynamic, and their information (e.g., the participating time) may

or may not be available to the platform for task allocation. In an online scenario,

the platform cannot know the workers’ information before their arrivals, and thus

has to continuously assign the tasks over time. Though highly dynamic workers are

involved in many practical MCS applications, it is more challenging to determine

efficient online task allocation with considerable uncertainty in the future. The

platform needs to explore and assimilate all information available until the current

moment, such as the historical records of the workers and previous task assignments,

to balance between the current gains and future opportunities.

Furthermore, we also consider the offline task allocation, where all workers’ informa-

tion during the entire sensing period is accessible to the platform in advance. Then,

it is possible to obtain the optimal task allocation with such hindsight information

that may not be available in practice. It is a good benchmark to evaluate the online

solutions. Nonetheless, the offline task allocation problem may be intractable for

large-scale instances due to high computational complexity.
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4.2 Problem Formulation of Offline Mode and On-

line Mode

In this section, we formulate the dynamic task allocation problem in a generic form

and also as an ILP problem. Then, we analyze its computational hardness.

4.2.1 Generic Formulation

The offline task allocation problem to maximize the platform’s profit is formulated

as

max. r (4.3a)

s.t. sj ≤ f(vj) ≤ ej,∀vj ∈ V (4.3b)

s(Pi) ≥ ai,∀wi ∈ W (4.3c)

e(Pi) ≤ li,∀wi ∈ W (4.3d)∑
wi∈W

xij ≤ 1,∀vj ∈ V (4.3e)

xij ∈ {0, 1},∀wi ∈ W,∀vj ∈ V. (4.3f)

Here, the objective function (4.3a) is the platform’s profit r given in (4.2). Constraint

(4.3b) requires that the time when task vj is finished by the assigned worker, i.e.,

f(vj), should fall within the acceptable time window [sj, ej]. Constraints (4.3c) and

(4.3d) limit that the duration of worker wi travelling over path Pi cannot exceed its

participating time interval [ai, li]. Note that s(Pi) and e(Pi) are the start time and

end time of worker wi over path Pi, respectively. As the sensing time of a worker

for a task is often negligible compared to the worker’s travelling time, (4.3d) does

not include the sensing time but considers the travelling end time over a path as

the task completion time. Finally, constraint (4.3e) indicates that each task can be
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assigned to at most one worker, while (4.3f) defines the binary decision variable xij

that equals to 1 if worker wi is allocated task vj. As seen, the formulation in (4.3)

is a generic form of the offline task allocation problem, as it involves all information

of each task vj, ∀vj ∈ V and each worker wi,∀wi ∈ W , including sj, ej, ai, and li.

4.2.2 ILP Formulation

Although the formulation in (4.3) illustrates the main structure of the offline task

allocation problem, it is defined in terms of path variables {Pi : ∀wi ∈ W}. Unfor-

tunately, path enumeration even for one worker may take exponential time in the

number of the tasks. To represent the problem in a more tractable form, we next

reformulate it as an ILP problem by regarding it as a path planning problem with a

graph model.

As seen Fig. 4.2(a), the graph consists of all tasks’ and workers’ locations as nodes.

An edge exists between any two nodes and it is associated with the travelling time

between the two endpoints (edges are skipped in Fig. 4.2(a) for clarity). Because each

worker may have a different moving speed, the edge weight becomes dependent on

the travelling worker over the edge, which remains to be determined. Hence, multiple

weights have to be considered for an edge. If all workers and tasks are modelled in

a single graph, the path planning problem with the multiple edge weights is hard to

formulate.

Therefore, we split the graph into n sub-graphs and each sub-graph focuses on the

path planning of only one worker, as shown in Fig. 4.2(b). The edge weight in

a sub-graph is then the travelling time of the designated worker between the two

endpoints based on the worker’s speed, which avoids having multiple weights for the

same edge. In each sub-graph, there are (m+2) nodes. Node 0 is the initial location

of the designated worker, nodes 1 to m are the locations of m tasks, and node (m+1)

is a virtual point to facilitate the formulation. The distance from any node to the
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(a) Original graph. (b) Two sub-graphs.

Fig. 4.2: Graph model for dynamic task allocation formulation.

virtual end node is 0. Then, the path planning problem is to find a path for the

worker, which starts at node 0, goes through certain selected nodes from node 1 to

m along the path, and ends at node (m+ 1).

Superimposing these sub-graphs, we reformulate the task allocation problem as the

following path planning problem:

max.
n∑
k=1

m∑
j=1

m+1∑
i=0

xi,j,k · (bj − θi · di,j,k − δi · hi) (4.4a)

s.t.
n∑
k=1

m+1∑
i=0

xi,j,k ≤ 1,∀j ∈ [1,m] (4.4b)

m+1∑
i=0

xi,j,k ≤ 1,∀j ∈ [0,m+ 1],∀k ∈ [1, n] (4.4c)

m+1∑
j=0

xi,j,k ≤ 1,∀i ∈ [0,m+ 1],∀k ∈ [1, n] (4.4d)

m+1∑
j=0

(xi,j,k − xj,i,k) =
1, i = 0,∀k ∈ [1, n]

0, ∀i ∈ [1,m],∀k ∈ [1, n]

−1, i = m+ 1,∀k ∈ [1, n]

(4.4e)

ui,k − uj,k + 1 ≤ (1− xi,j,k) · (m+ 2),
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∀i ∈ [0,m+ 1],∀j ∈ [0,m+ 1],∀k ∈ [1, n] (4.4f)

y0,k = ak, ∀k ∈ [1, n] (4.4g)

ym+1,k ≤ lk,∀k ∈ [1, n] (4.4h)

sj ≤
n∑
k=1

yj,k ≤ ej,∀j ∈ [1,m] (4.4i)

yi,k =
m+1∑
j=0

zj,i,k,∀i ∈ [1,m+ 1],∀k ∈ [1, n] (4.4j)

yi,k + ddi,j,k
hk
e −G · (1− xi,j,k) ≤ zi,j,k ≤

yi,k + ddi,j,k
hk
e+G · (1− xi,j,k),

∀i ∈ [0,m+ 1],∀j ∈ [0,m+ 1],∀k ∈ [1, n] (4.4k)

−G · xi,j,k ≤ zi,j,k ≤ G · xi,j,k

∀i ∈ [0,m+ 1],∀j ∈ [0,m+ 1],∀k ∈ [1, n] (4.4l)

xi,j,k = {0, 1},

∀i ∈ [0,m+ 1],∀j ∈ [0,m+ 1],∀k ∈ [1, n] (4.4m)

ui,k = {0, ...,m+ 1},∀i ∈ [0,m+ 1],∀k ∈ [1, n] (4.4n)

yi,k = {0, ..., T},∀i ∈ [0,m+ 1],∀k ∈ [1, n]. (4.4o)

zi,j,k = {0, ..., T + max ddi,j,k
hk
e},

∀i ∈ [0,m+ 1],∀j ∈ [0,m+ 1],∀k ∈ [1, n]. (4.4p)

Here, each sub-graph is indexed by k ∈ [1, n], while the two endpoints of any edge

are indexed by i and j with i, j ∈ [0,m + 1]. Hence, the decision binary variable

xi,j,k indicates whether edge (i, j) in sub-graph k is included in path Pk for worker

wk. In (4.4a), di,j,k denotes the distance from node i to node j in sub-graph k, so the

objective function defines the profit of the platform. First, constraint (4.4b) ensures

that each task is assigned to at most one worker. Though we can focus on each

individual sub-graph to plan a worker’s path, we need to pay attention to the total
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assignment of each task when integrating the planning results of all sub-graphs.

Then, considering only the edges covered by the path in sub-graph k, (4.4c) and

(4.4d) give the indegree and outdegree of each node in the sub-graph, respectively.

Neither the indegree nor the outdegree can be greater than 1, to ensure any node

over the path is visited at most once. Constraint (4.4e) further relates the indegree

to the outdegree. That is, the start node can only be covered by an outgoing edge,

the virtual end node must be visited by an outgoing edge, and other nodes should

have balanced indegree and outdegree. In fact, constraints (4.4c), (4.4d), and (4.4e)

together define a path from the predefined source node to the sink node. Constraint

(4.4f) further uses supplementary variables ui,k to eliminate sub-tours in the path.

Next, we turn from the spatial domain to the temporal domain and see the time

constraints of the paths. Let yi,k denote the timeslot when worker wk arrives at

node i in sub-graph k. Thus, (4.4g) and (4.4h) require that the start time and

end time of the path fall within the participating time interval of the worker [ai, li].

Constraint (4.4i) ensures that each task vj is completed within the acceptable time

window [sj, ej]. Furthermore, we use additional variables zi,j,k to trace the travelling

time contributed by each individual edge. Constraint (4.4j) defines the relationship

between yi,k and zi,j,k, which basically means the arriving time yi,k of worker wk

at specific node i accumulates the travelling time from the source node all the way

to node i over each edge covered by the path. Let G denote a sufficiently large

integer constant. Then, (4.4k) and (4.4l) together limit zi,j,k to be ddi,j,k
hk
e if the path

includes the edge from node i to node j (i.e., xi,j,k = 1), and otherwise zi,j,k = 0 (i.e.,

xi,j,k = 0). As the platform only assigns tasks at the beginning of each timeslot, a

worker arriving in the middle of a timeslot must wait for the start of next timeslot,

and thus a ceiling function is taken in ddi,j,k
hk
e. Finally, (4.4m), (4.4n), (4.4o), and

(4.4p) define the value ranges of the involved decision variables.
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4.2.3 Computational Hardness

Next, we analyze the computational complexity of the formulated task allocation

problem.

Theorem 4.2.1. The task allocation problem in (4.3) and (4.4) is NP-hard.

Proof. We reduce a known NP-hard problem, i.e., the orienteering problem, to an

instance of our formulated problem in (4.3) and (4.4). The orienteering problem is

often defined in a game context, where a player travels around to carry out location-

dependent tasks associated with points. The objective of the orienteering problem is

to maximize the points collected by the player with a travelling distance limit. The

orienteering problem is already proved to be NP-hard [21].

Next, we construct an instance of the task allocation problem to solve the orienteering

problem. We assume that there is only one worker in our instance, who acts as the

player in the orienteering problem. Then, the worker has a predetermined speed

and a fixed participating time period to accomplish the tasks. That is, the worker

is limited by a certain travelling distance (speed times period). The costs to carry

out these tasks by the worker are set to 0. Thus, the profit of the platform equals

the total budget of the finished tasks according to (4.2), which is also mapped to the

points of the tasks in the orienteering problem. Obviously, the constructed instance

of the task allocation problem is exactly an orienteering problem if the time windows

of the tasks are opened from the start to the end of the sensing period. Hence, the

task allocation problem in (4.3) and (4.4) is NP-hard.

It is worth noting that the online task allocation problem is at least as hard as the

offline task allocation problem. In the online case, if we consider the task allocation

for each timeslot independently, each task assignment for one timeslot can be viewed

as an instance of the offline task allocation problem in a short time scale. Moreover,

even if we could obtain the optimal solution for each timeslot, the combination of
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these optimal solutions might not be globally optimal. Because a worker moves

continuously to carry out the tasks, the sensing activities in the previous timeslots

affect the costs and profits in the subsequent timeslots. Ignoring the links among

the timeslots may jeopardize the overall performance of the task allocation solution.

As seen, the online task allocation problem is also NP-hard, and it is even more

challenging to effectively relate the task assignments over a number of timeslots.

4.3 Proposed Dynamic Task Allocation Solutions

In this section, we first provide the solutions to the offline task allocation problem

as the benchmarks. Then, a greedy algorithm is considered as a baseline for the

online task allocation problem. In order to improve the performance of the online

task allocation, we further propose a heuristic algorithm and a predictive algorithm.

4.3.1 Offline Benchmark Solutions

As seen in (4.4), the offline task allocation problem is formulated as an ILP problem.

Thus, it can be solved by existing integer programming methods (e.g., the branch-

and-cut method) to obtain the optimal solution. However, these methods are only

feasible for small-scale instances with small numbers of the tasks and workers. In

large-scale cases, it is extremely time-consuming to find an optimal solution. There-

fore, we design another algorithm to approach the optimal solution with reasonable

time consumption even for cases with large numbers of the tasks and workers.

Ant colony optimization (ACO) is one of swarm intelligence methods [72,73], which

has been successfully applied to many combinatorial optimization problems such

as path searching problems (e.g., the travelling salesman problem). ACO is a bio-

inspired algorithm, which imitates how ants search routes to reach destinations for

food. A set of ants (agents) each obtains a tour to the destination by following specific
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rules. Once an ant completes its tour, a chemical called pheromone is applied along

the tour. The pheromone, regarded as a communication medium, is used to guide

the searching of subsequent ants. The pheromone is not only updated after the tours

of the ants but also evaporated over time. Thanks to the pheromone, these ants can

cooperatively find decent solutions (travelling paths). Here, we propose an ACO-

based algorithm for the offline task allocation problem to find an approximation to

the optimal solution in the large-scale scenarios.

Alg. 4 shows the details of the ACO-based solution. Line 1 sets up the termina-

tion condition that the searching process ends if there are M continuous searching

iterations without improvement. Line 2 initializes the global maximum profit of the

platform. Then, line 3 starts the searching process. After initializing the maximum

profit at the current iteration (line 4), N ants start to explore the solution space (line

5). Each ant begins with a zero profit (line 6), and sequentially selects a worker for

each task (lines 7-17). Here, the tasks are ordered based on the rule of “first-come-

first-serve”. The worker selection rule follows the ε-greedy strategy, which selects the

worker associated with the largest pheromone with a probability of ε (lines 9-13);

Otherwise, a worker is randomly selected according to the pheromones of the workers

(lines 14-17). The pheromones of the workers are updated for each iteration in line

18. There are two types of updates for the pheromones, i.e., global update and local

update. More details of these update methods can be found in [72]. Lines 19-21 save

the best solution at the current iteration. Finally, lines 22-27 check the termination

condition. If the global maximum profit is improved at the current iteration, the

best solution of paths is recorded and the signal of termination stop is reset to 0;

Otherwise, the stop signal is increased by 1. The last line outputs the profit of the

platform and the paths of the workers.
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Algorithm 4: ACO-based approximate solution to offline task allocation.

Input: V (tasks), m (number of tasks), W (workers), n (number of workers),
q (number of timeslots), locv (locations of tasks), locw (initial
locations of workers), bj (budgets of tasks), [sj, ej] (time windows of
tasks), [ai, li] (participating time intervals of workers), hi (speeds of
workers), N (number of ants), ε (selection probability), M (maximum
number of iterations)

Output: r (the platform’s profit), {Pi : ∀wi ∈ W} (travelling paths of
workers)

1 stop← 0 // initialize termination condition
2 r ← 0 // global maximum profit
3 while stop ≤M do
4 rmax ← 0 // maximum profit at current iteration
5 for g from 1 to N do
6 rg ← 0 // profit of current ant
7 for j from 1 to m do
8 if There exist available workers for task vj then
9 Randomly generate a probability prob

10 if prob ≤ ε then
11 Greedily select the worker with the largest pheromone
12 Get the profit of this assignment as rj
13 rg ← rg + rj

14 else
15 Randomly select a worker according to workers’ pheromones
16 Get the profit of this assignment as rj
17 rg ← rg + rj

18 Update pheromones of workers
19 if rg ≥ rmax then
20 rmax ← rg
21 Record the best solution in this iteration

22 if rmax ≥ r then
23 r ← rmax
24 stop← 0
25 Record the overall best solution {Pi : ∀wi ∈ W}
26 else
27 stop← stop+ 1

28 return r and {Pi : ∀wi ∈ W}
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4.3.2 Online Baseline Solution

In the online task allocation, the platform matches the tasks with the workers at

the beginning of each timeslot based on the current information. By modelling this

online task allocation problem as a bipartite matching problem, we can easily find a

baseline solution using a greedy algorithm. As shown in Alg. 5, line 1 initializes the

profit of the platform. Lines 2-5 and lines 6-7 initialize the paths and progressing

time of the workers, and the finishing time of the tasks, respectively. Then, the

platform assigns the tasks within each timeslot (lines 8-18). First, the platform

determines the workers who have arrived by the beginning of the current timeslot

(line 9). Then, the platform assigns the tasks to the newly arrived workers in parallel

to maximize the profit gained from the current timeslot. For each task in set V , if

there exist available workers for this task, the platform assigns the worker with the

largest profit to the task (line 12). Then, the matched task is added to the path of

the worker (line 13). In addition, the algorithm updates the profit of the platform

(line 14), the current progressing time of the path (line 15), the current location of

the worker along the path (line 16), the returning time of the worker (line 17), and

the finishing time of the selected task (line 18). Finally, the last line returns the

result.

The initialization of the paths takes time O(n) in lines 2-5 and that of the tasks in

lines 6-7 takes time O(m). In the worst case, there are n workers arriving in one

timeslot, and there are at most m unassigned tasks. Thus, the time complexity of

the worker-task matching in lines 10-18 is O(mn). Since there are q timeslots in

total, the overall time complexity of Alg. 5 is O(mnq).

4.3.3 Heuristic Online Solution

In the baseline solution, the arriving time of every matched worker is updated and

then the worker is treated as a new worker (line 17 in Alg. 5). Although this method
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Algorithm 5: Baseline solution to online task allocation.

Input: V (tasks), m (number of tasks), W (workers), n (number of workers),
q (number of timeslots), locv (locations of tasks), locw (initial locations
of workers), bj (budgets of tasks), [sj, ej] (time windows of tasks),
[ai, li] (participating time intervals of workers), hi (speeds of workers)

Output: r (the platform’s profit), {Pi : ∀wi ∈ W} (travelling paths of
workers)

1 r ← 0
2 for i from 1 to n do
3 Pi ← ∅
4 FP [i]← a[i] // current progressing time of path
5 locP [i]← locw[i] // current location of path

6 for j from 1 to m do
7 FV [j]← 0 // current finishing time of task

// Assign tasks for each timeslot
8 for ` from 1 to q do
9 Get the set of workers W` arrived by timeslot `

10 for each task vj ∈ V do
11 if There are available workers in W` for task vj then
12 Assign the worker with maximum profit (say worker wi) to task vj
13 Add task vj into Pi
14 r ← r + rj

15 FP [i]← FP [i] +
⌈d(locP [i],locv [j])

h[i]

⌉
16 locP [i]← locv[j]
17 a[i]← FP [i]
18 FV [j]← FP [i]

19 return r and {Pi : ∀wi ∈ W}
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is easy to implement, it ignores important information such as the returning time

of the workers who have been assigned to the tasks (we call this type of workers

as travelling workers). Based on the planned paths of these workers, the platform

can estimate their expected returning time, and thus take them into account when

assigning the tasks in a timeslot. In other words, the platform can reserve the tasks

for the travelling workers, even if they have not returned in the current timeslot but

they still can contribute a larger overall profit to the platform. Based on this idea,

we propose a heuristic algorithm for the online task allocation, shown in Alg. 6.

As seen in Alg. 6, the initialization in lines 1-7 is the same as that in Alg. 5. The

set of travelling workers is set up in line 8. Lines 9-23 derive the task assignment.

First, the travelling workers are added into the union set of workers with the newly

arrived workers in the current timeslot (lines 10-11). Then, the platform matches

the tasks with the workers in the union set by the modified Hungarian algorithm in

order to maximize the profit of current timeslot (line 12). Based on the worker-task

matching result, the information with respect to the workers, tasks, and paths is

updated (lines 13-23) similar to that in Alg. 5. Note that in line 21 every worker

who has been assigned the tasks is added into the set of travelling workers. Also,

the last line outputs the planning result and achieved profit.

Similar to Alg. 5, the initialization steps in lines 1-7 of Alg. 6 take timeO(max(m,n)).

Since the union set of workers for each timeslot in line 11 contains at most n workers,

the running time of the Hungarian algorithm in line 12 is O(max(m3, n3)). Consid-

ering all q timeslots, the overall time complexity of Alg. 6 is O(q ·max(m3, n3)).

4.3.4 Predictive Online Solution

A challenge in the online task allocation is the incomplete information of the workers.

Since the platform cannot have the full knowledge of future information on the

subsequent workers and each task is assigned at most once, it is not always a good
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Algorithm 6: Heuristic solution to online task allocation.

Input: V (tasks), m (number of tasks), W (workers), n (number of workers),
q (number of timeslots), locv (locations of tasks), locw (initial locations
of workers), bj (budgets of tasks), [sj, ej] (time windows of tasks),
[ai, li] (participating time intervals of workers), hi (speeds of workers)

Output: r (the platform’s profit), {Pi : ∀wi ∈ W} (travelling paths of
workers)

1 r ← 0
2 for i from 1 to n do
3 Pi ← ∅
4 FP [i]← a[i] // current progressing time of path
5 locP [i]← locw[i] // current location of path

6 for j from 1 to m do
7 FV [j]← 0 // current finishing time of task

// Assign tasks for each timeslot
8 WT ← ∅ // set of travelling workers
9 for ` from 1 to q do

10 Get the set of workers W` arrived by timeslot `
11 WU ← WT ∪W` // union set of workers
12 Assign workers in WU to tasks with modified Hungarian algorithm for

maximum profit
// Update information according to worker-task matching result

13 for Each worker wi ∈ WU do
14 if There exists task vj assigned to worker wi then
15 Add task vj into Pi
16 r ← r + rj

17 FP [i]← FP [i] +
⌈d(locP [i],locv [j])

h[i]

⌉
18 locP [i]← locv[j]
19 a[i]← FP [i]
20 FV [j]← FP [i]
21 Add worker wi into WT

22 else
23 End path Pi and remove worker wi

24 return r and {Pi : ∀wi ∈ W}
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decision to pursue the maximum profit in each timeslot (line 12 in Alg. 5 and Alg. 6).

If some tasks that could be assigned in the current timeslot are saved for the future

timeslots, it would be possible that the later arrived workers can complete these

tasks to achieve the higher profits. On the other hand, a risk also exists in reserving

a task that can be fulfilled immediately to the future, since there is no guarantee

that an available worker appears in the following timeslots. Thus, skipping the task

assignments intentionally may also harm the overall profit of the platform.

To achieve the gain from reserving the tasks but also mitigate the risk of the missing

tasks, we use a predictive algorithm that exploits the historical records of the workers

and determines what tasks to reserve for the future assignments. Here, we use a

simple example in Fig. 4.3 to demonstrate the main idea of our predictive algorithm.

Without the prediction, task 1 is assigned to worker 1 in timeslot 3 and worker 1

can finish task 1 before the deadline (timeslot 5). This assignment brings a profit of

2 to the platform. However, a new worker 2 arrives in timeslot 4 with a larger profit

of 3, but task 1 is already being executed and cannot be reallocated to worker 2. As

a result, the platform earns a lower profit. If we can predict that the probability of

having a new worker in the next timeslot with a larger profit for task 1 is 80%, we can

add a virtual worker for the current timeslot. The potential profit of having task 1

assigned to the virtual worker can be computed by 3 ·80% = 2.4. Since the potential

profit 2.4 (by assigning task 1 to virtual worker 2) is larger than the immediate profit

2 (by assigning task 1 to worker 1), the platform can reserve task 1 in timeslot 3,

but assigns it to worker 2 when it arrives in timeslot 4 and thus obtains a higher

profit of 3.

As seen, the platform can improve its profit by leveraging the predicted virtual

workers, but it is challenging to predict the arrivals of the workers and evaluate the

potential profits of the tasks. To illustrate the details of our predictive algorithm,

let us consider an instant when there is an existing assignment between worker wi
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(a) Without consideration of predicted virtual workers.

(b) With consideration of predicted virtual workers.

Fig. 4.3: An illustrative example of the predictive solution.
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and task vj with a profit contribution rij in timeslot tα. The time window of task

vj is [sj, ej]. Then, we divide the whole sensing area into a number of subareas.

In addition, we suppose that one virtual worker is located at the center of each

subarea, which is used to evaluate the potential profit. This assumption is feasible

because accurate prediction is not necessary for evaluation of potential profits from

the virtual workers and in fact it is difficult to predict their exact locations. It is

worth noting that more subareas mean more virtual workers, which leads to more

frequent reserves of the tasks for future timeslots. It may be beneficial to improve

the profit, but it also increases the risk of the missing tasks. In addition, we need to

predict the features of the virtual workers (e.g., the arrival probabilities, travelling

speeds, and participating time periods) in the subsequent timeslots. For instance,

suppose that task vj is located in subarea 1, and z workers {wi′ ,∀i′ ∈ [1, z]} with

travelling speeds {hi′ , ∀i′ ∈ [1, z]} have already shown up in subarea 1 before timeslot

tα. The virtual worker in subarea 1 is estimated to have a speed equal to the average

of previous z workers, i.e., ĥ = (
∑z

i′=1 hi′)/z.

Assume that a worker appears in a subarea in a timeslot with probability p as

in a geometric distribution. Then, the number of the workers that appear in the

subarea over α timeslots forms a binomial distribution B(α, p), with mean αp. The

probability that at least one worker shows up in the subarea over α timeslots is

(1 − (1 − p)α) ≈ (1 − (1 − αp)) = αp. For example, if it is already known that the

workers show up in subarea 1 for z times by timeslot tα, we can estimate probability

p by p̂ = z
α

. Correspondingly, the probability of having at least one worker in

subarea 1 in the next t̂ timeslots can be estimated by t̂ · p̂. If a virtual worker wi′

indeed becomes available in the center of subarea 1 within the coming t̂ timeslots,

let di′j denote the distance between worker wi′ and task vj, and r̂ the potential

profit gained from assigning task vj to worker wi′ . To harvest the potential profit r̂,

since the deadline of task vj is ej, the virtual worker must be ready within timeslots
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t̂ = ej − d
di′j

ĥ
e, where ĥ is the estimated travelling speed of the worker based on

the historical records. Further taking into account the uncertainty with the worker,

we can evaluate the potential profit of reserving task vj for the future timeslots by

ri′j = r̂ · (t̂ · p̂). If ri′j > rij, we reserve task vj for the future workers; otherwise, we

keep the original assignment to worker wi for the current timeslot.

Alg. 7 shows the details of the predictive algorithm illustrated above. The initial-

ization in lines 1-7 is the same as in Alg. 6. Line 8 divides the whole sensing area

into β subareas and sets up the virtual workers. After constructing the worker set

(lines 9-12) and the tentative task assignment (line 13), the platform evaluates the

assignment to check whether it is likely to have a potential gain by reserving the

matched tasks in the tentative assignment. In lines 15-18, the platform reserves a

matched task if the estimated potential profit of assigning the task in the future

timeslots exceeds the profit gained from the tentative assignment. Otherwise, the

original assignment is kept and the parameters are updated (lines 19-27) as in Alg. 6.

Particularly, line 27 renews the estimations (e.g., the speed and appearing probabil-

ity) of the virtual worker for the subarea where the original worker belongs. Lines

28-29 remove the unmatched worker, and line 30 returns the output.

For Alg. 7, the running time of initializing paths (lines 2-5), tasks (lines 6-7), and

subareas (line 8) is O(n), O(m), and O(β), respectively. The task assignment in each

timeslot in line 13 takes time O(max(m3, n3)). In each iteration of the inner for-loop

(lines 14-29), the computation of the potential profit in line 16 takes time O(β),

because every subarea should be checked to determine which subarea the current

worker belongs to. As there are at most n iterations for the inner loop, it totally

takes time O(nβ). Thus, the running time for each timeslot is O(max(m3, n3, nβ)).

Considering all q timeslots iterated in the outer for-loop, the overall time complexity

of Alg. 7 is O(q ·max(m3, n3, nβ)).
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Algorithm 7: Predictive solution to online task allocation.

Input: V (tasks), m (number of tasks), W (workers), n (number of workers),
q (number of timeslots), locv (locations of tasks), locw (initial
locations of workers), bj (budgets of tasks), [sj, ej] (time windows of
tasks), [ai, li] (participating time intervals of workers), hi (speeds of
workers), β (number of subareas)

Output: r (the platform’s profit), {Pi : ∀wi ∈ W} (travelling paths of
workers)

1 r ← 0
2 for i from 1 to n do
3 Pi ← ∅
4 FP [i]← a[i] // current progressing time of path
5 locP [i]← locw[i] // current location of path

6 for j from 1 to m do
7 FV [j]← 0 // current finishing time of task

8 Initialize β subareas and virtual workers
// Assigns tasks for each timeslot

9 WT ← ∅ // set of travelling workers
10 for ` from 1 to q do
11 Get the set of workers W` arrived by timeslot `
12 WU ← WT ∪W` // union set of workers
13 Get tentative task assignment for workers in WU with modified Hungarian

algorithm for maximum profit
// Adjust tentative task assignment by reserving tasks

14 for Each worker wi ∈ WU do
15 if Worker wi is allocated task vj in tentative assignment with profit rij

then
16 Compute estimated potential profit r of reserving task vj for future

timeslots
17 if r > rij then
18 Remove the assignment of task vj to worker wi

19 else
20 Add task vj into Pi
21 r ← r + rj

22 FP [i]← FP [i] +
⌈d(locP [i],locv [j])

h[i]

⌉
23 locP [i]← locv[j]
24 a[i]← FP [i]
25 FV [j]← FP [i]
26 Add worker wi into WT

27 Update estimated parameters for virtual workers

28 else
29 End path Pi and remove worker wi

30 return r and {Pi : ∀wi ∈ W}
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Table 4.2: Simulation parameters for Chapter 4.
Parameter Value

Sensing area 30× 30
Number of subareas 9
Appearing probability of tasks 0.5
Appearing probability of workers 0.2
Range of tasks’ time windows 7-8
Range of tasks’ budgets 3-4
Range of workers’ participating time 4-5
Range of workers’ speeds 10-15
θi in (4.1) 0.1
δi in (4.1) 0.1
Timeslots of small-scale scenario 10
Timeslots of large-scale scenario 100
Number of ants in Alg. 4 10
Maximum number of iterations in Alg. 4 1000
Probability of greedy selection in Alg. 4 0.9

4.4 Numerical Results and Discussion of Dynamic

Task Allocation

In this section, we conduct the simulations with predefined parameters in both small-

scale and large-scale scenarios to evaluate our proposed solutions. Then, we compare

the results of our proposed solutions in both the small-scale and large-scale scenarios.

Last, we examine the results in detail and infer the reasons that lead to different

performance with these solutions.

4.4.1 System Settings

The simulation settings are given in Table 4.2. Here, sensing activity is conducted

within a 30 × 30 square region. The whole sensing area is divided into 9 subareas

as 3 × 3. In each subarea, the appearing probabilities of the tasks and workers are

0.5 and 0.2, respectively. The lengths of the tasks’ time windows range from 7 to

8 timeslots and the budgets of the tasks are within the range from 3 to 4. The
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Fig. 4.4: Locations of tasks and workers in the small-scale scenario.

participating time intervals of the workers range from 4 to 5, and the travelling

speeds of the workers vary between 10 and 15. In addition, the cost coefficients θi

and δi of the workers in (4.1) are both set to 0.1. Considering different scales, we

set the sensing period in the small-scale scenario to 10 timeslots and that of the

large-scale scenario to 100 timeslots. For the ACO algorithm in Alg. 4, we set the

number of ants N = 10, the maximum number of the iterations with no improvement

M = 1000, and the probability of greedy selection ε = 0.9.

4.4.2 Results of Small-Scale Scenario

4.4.2.1 Locations and Time

First, Fig. 4.4 shows the locations of the tasks and workers. Fig. 4.5(a) and Fig. 4.5(b)

show the time windows of the tasks and the participating time intervals of the work-

ers, respectively. Then, we apply several solutions to the small-scale scenario, includ-

ing the offline optimal solution (a branch-and-cut algorithm), offline approximation

solution (Alg. 4), online baseline solution (Alg. 5), and online heuristic solution

(Alg. 6). We do not use the predictive solution (Alg. 7) because the sensing period

(10 timeslots) is too short to collect sufficient historical records to obtain reasonably
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(b) Participating time intervals of workers.

Fig. 4.5: Time information of tasks and workers in the small-scale scenario.

accurate estimation.

4.4.2.2 Profits and Paths

The profits of the platform in the baseline solution, heuristic solution, optimal solu-

tion and approximation solution are 19.53, 22.96, 26.79, 25.67, respectively, shown

in Fig. 4.6. The different profits are achieved by distinct task assignments obtained

from these solutions, which also lead to different paths of the workers. Fig. 4.7 shows
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Fig. 4.6: Profits of the platform in the small-scale scenario.
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Fig. 4.7: Travelling distances of workers in the small-scale scenario.

the travelling distances of all workers and Fig. 4.8 shows the paths of worker 7 in

these solutions. As seen in Fig. 4.7, the travelling distances of different solutions

vary greatly with workers, and there is no consistent trend observed.

Fig. 4.8 shows more details of the paths of worker 7 as an example. As seen, the

paths of the baseline solution and heuristic solution are the same in the first three

nodes, while the path of the heuristic solution takes one more node in the end. The

paths of the optimal solution and approximation solution turn to different directions
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Fig. 4.8: Paths of worker 7 in the small-scale scenario.
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Fig. 4.9: Complete ratios of tasks in the small-scale scenario.

to attain larger profits. The profit of the optimal solution is slightly larger since

it accomplishes one more task. Fig. 4.9 further shows the complete ratios of tasks

in these solutions. It can be seen that all tasks are completed in all the solutions.

It is worth noting that the performance of the optimal solution and approximation

solution do not change over timeslots since they are offline solutions with one-time

task assignment.
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4.4.2.3 Active Time of Workers

The paths of the workers illustrate the differences of tasks assignments in the spatial

domain. Meanwhile, we are also concerned with the performance in the temporal

domain. Fig. 4.10 shows the active timeslots of workers in different solutions. As

seen, the baseline solution and heuristic solution both assign tasks to the workers

who arrive in early timeslots. This is because they do not take the future workers

into account, so they prefer to assign tasks to workers as early as possible. Since

the heuristic solution considers the travelling workers in each decision, the active

timeslots of workers are slightly different from those in the baseline solution. In

contrast, the optimal solution and approximation solution obviously obtain more

balanced assignments by taking good advantage of the full information. The early

arrived workers may not be assigned to any task (e.g., worker 8), while the late

arrived workers also have chances to be selected (e.g., workers 3 and 9). As a result,

the balanced assignments improve the overall performance of the optimal solution

and its approximation (already seen in Fig. 4.6).

4.4.3 Results of Large-Scale Scenario

In order to evaluate the performance of the proposed predictive solution to the

online task allocation, we extend the sensing period from 10 to 100 for a larger-scale

simulation. The predictive solution is compared with the baseline solution, heuristic

solution, and approximate solution.

4.4.3.1 Approximation of Optimal Solution

According to Alg. 4, we can use the ACO algorithm to obtain an approximation of the

optimal solution with a reasonable time consumption. Fig. 4.11 shows the searching

process of the ACO algorithm. As seen, the profit of the platform is improved very

fast in the first 1000 iterations. Then, it fluctuates and keeps increasing in the
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(b) Heuristic solution.
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(d) Optimal solution.

Fig. 4.10: Active timeslots of workers in the small-scale scenario.
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Fig. 4.11: Searching for maximum profit with the ACO algorithm in the large-scale
scenario.

following 3000 iterations (1000 to 4000). After that, the growth of the profit exhibits

a linear trend but at a small increasing rate. Finally, the searching process terminates

when there is no improvement over 1000 continuous timeslots. A maximum profit of

837.24 is achieved by the whole searching process.

4.4.3.2 Profits of the Platform

Fig. 4.12 shows the profits of the platform in different solutions. Here, we consider the

maximum profit achieved by the platform with the ACO algorithm as a benchmark,

since it approximates the optimal solution to offline task allocation. As seen, in the

very beginning, the profit in the predictive solution is slightly smaller than those of

the heuristic solution and baseline solution. This is because the predictive solution

reserves certain tasks for the future workers, while these workers have not arrived in

the current timeslot. Then, these reserved tasks are accomplished with higher profits

in the later timeslots, which makes the predictive solution outperform the heuristic

solution and baseline solution. The baseline solution attains the lowest profit since it

considers limited workers excluding the travelling workers and future workers when

making assignments.
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Fig. 4.12: Profits of the platform in the large-scale scenario.

Fig. 4.13 shows the complete ratios of the tasks. As seen, all solutions achieve fairly

close complete ratios, but there are some slight differences that show each solution’s

unique behaviour. First, the predictive solution usually has slightly lower complete

ratios than the heuristic solution and baseline solution in most timeslots. This is

because the predictive solution prefers to save tasks for the later assignments and

leverage the future opportunities for profit improvement. Nonetheless, the final com-

plete ratio of the predictive solution is larger than those of the heuristic solution and

baseline solution. This demonstrates that the predictive solution indeed successfully

accomplishes more tasks at the end of the sensing period, since there is no need to

reserve the tasks for the future. Moreover, it is observed that the final complete ratio

of the approximation solution is the lowest, which is an expense for it to achieve the

highest profit (see Fig. 4.12). This indicates that the platform actually benefits more

from the offline task allocation.

4.5 Summary

In this chapter, we investigated the dynamic task allocation problem from both

spatial and temporal perspectives. In the space domain, we addressed the path
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Fig. 4.13: Complete ratios of tasks in the large-scale scenario.

planning problem for task allocation, while in the time domain we took into account

the acceptable time windows of the tasks and the participating time intervals of the

dynamic workers. In the offline cases, all the information of the tasks and workers

are available to the platform, whereas in the online cases the platform cannot foresee

the information of the stochastically arrived workers.

For the offline task allocation, we formulated an ILP problem, and proved it to be

NP-hard. We can use classic ILP methods to find an optimal solution for small-scale

instances. For large-scale instances, we provided an ACO algorithm that exploits

agent cooperation and swarm intelligence to approximate the optimal solution. For

the online task allocation, we proposed several approaches, including the baseline

solution, heuristic solution, and predictive solution. The predictive solution achieves

the best performance as it can effectively make use of the information of the travelling

workers and predicted incoming workers. Especially, based on the historical records

of the previous workers, the predictive algorithm can reserve the selective tasks for

the future timeslots, instead of assigning them immediately to harvest the profit.

Extensive simulation results are shown to evaluate different task allocation ap-

proaches in small-scale and large-scale scenarios. It is observed that the ACO-based

95



offline approach provides a reasonable approximation and a benchmark when the

optimal solution is intractable for large-scale instances. In addition, the online pre-

dictive solution performs the closest to the offline benchmark. Furthermore, we

examined the planned paths and travelling distances of the workers in the space

domain, and active timeslots of the workers in the time domain. It is found that the

online solutions intent to assign tasks to the early arrived workers, while the offline

solutions end up with more balanced assignments.
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Chapter 5

Truthful Incentive Mechanism

Design

In this chapter1, we aim at building a technical framework for MCS that involves

an incentive mechanism and takes user mobility into account. First, we propose

a location-protected method to assign the tasks to the workers by leveraging the

worker-centric mode in decision making. That is, the workers plan their own paths

to accomplish the tasks according to their independent strategies. Then, the work-

ers submit their bids to the platform without revealing any location information,

which is called the location-protected method. It is worth noting that the bids of

the workers include their task sets and costs. A heuristic bidirectional searching

algorithm is proposed to solve the path planning problem for the workers. Second,

the platform conducts an auction after receiving the bids from the workers to de-

termine the winners and corresponding payments. A truthful incentive mechanism

is designed to select the winners from the bidders according to the assignment rule

and determine the payments by the payment rule. Finally, the selected winners

submit their collected data to the platform and receive the payments. To evaluate

the performance of our proposed solutions, we provide the optimal solution and two

1The content of this chapter has been published in [69].
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Table 5.1: Notation definitions for Chapter 5.
Notations Definitions

T Set of tasks
W Set of workers
B Budget of total cost
vj Original value of task tj
gj Energy cost of task tj
yj Number of competitors for task tj
v̂j Cumulative value of task tj
Fi Path and true data set of worker wi
Si Data set in the bid of worker wi
bi Cost in the bid of worker wi
ci True cost of worker wi
γi True cost per distance of worker wi
hi Intrinsic path’s length of worker wi
xi Winner assignment of worker wi
θi Energy limit of worker wi
li Maximum travelling distance of worker wi

baseline solutions to the path planning problem. We also use the well-known VCG

mechanism as a baseline solution for comparison in the incentive mechanism design.

For easy reference, we list the important notations used in this chapter in Table 5.1.

5.1 System Model of Incentive Mechanism Design

In this section, we present the system model for the incentive mechanism design of

our proposed MCS framework.

First, the requesters post their tasks to the platform and each worker plans its

path based on the posted task information. Then, the incentive mechanism receives

the budgets from the requesters and the bids from the workers. After the winner

selection and payment determination, the incentive mechanism returns the data that

are provided by the winners to the requesters and the payments to the workers.

Therefore, there are two basic problems in our proposed framework, i.e., the path
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Fig. 5.1: An example scenario of incentive mechanism design.

planning problem for the workers and incentive mechanism design for the platform.

When it comes to the path planning, we consider a special scenario shown in Fig. 5.1.

There are a set of tasks and a set of workers, denoted by T = {t1, t2, ..., tj, ..., tm}

and W = {w1, w2, ..., wi, ..., wn}, respectively. The tasks are uniformly distributed

in the area, while the workers often move from the start points (e.g., houses) to the

end points (e.g., working places). The start points and end points of the workers

follow two different uniform distributions. As shown in Fig. 5.1, the direct paths

from the start points to the end points are called the intrinsic paths of the workers.

In addition, for every posted task tj ∈ T , its value and energy cost are defined by

its requester, which are denoted by vj and gj, respectively. Note that our proposed

solutions are not limited by this sensing scenario.
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5.2 Problem Formulation of Path Planning and

Incentive Mechanism Design

In this section, we first formulate the path planning problem and incentive mecha-

nism design in detail. Then, we analyze the computational hardness of our formu-

lated problems.

5.2.1 Path Planning Problem

Since the workers are given the autonomy to plan their own paths, they desire to find

a strategy to improve their competitiveness. Without loss of generality, we assume

that the platform makes the decision on behalf of the requesters in the following. It

is known to the workers that the requesters or the platform intend to achieve the

largest value of the posted tasks. Therefore, it is a natural strategy for the workers

to choose the tasks with large value. However, the resources of the workers are

limited. Thus, the workers have to plan their paths under some constraints. First

of all, every worker wi ∈ W has the fixed start point and end point, which leads

to an intrinsic path with length hi. Second, for every worker wi ∈ W , there is an

energy limit θi, which is the maximum battery power that worker wi is willing to

spend on sensing. At last, every worker wi ∈ W has a maximum travelling distance

li, which is larger than the length hi of the intrinsic path. Since every worker is

an independent planner, there are n path planning problems and the problem for

worker wi is formulated as follows:

max.
∑
tj∈Fi

vj, (5.1a)

s.t. d(Fi) ≤ li, (5.1b)∑
tj∈Fi

gj ≤ θi, (5.1c)
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where Fi denotes the designed path of worker wi and d(Fi) is a function to calculate

the length of path Fi.

When the size of the path planning problem is small, we can further reformulate it

as an integer linear program (ILP). Since the path planning problem is essentially to

find a path that traverses a subset of tasks under certain constraints, we reformulate

it as a graph-based ILP in the following:

max.
m∑
k=1

vk(
m+1∑
j=0

qj,k), (5.2a)

s.t.
m+1∑
j=0

m+1∑
k=0

dj,k · qj,k ≤ li, (5.2b)

m∑
k=1

gk(
m+1∑
j=0

qj,k) ≤ θi, (5.2c)

m+1∑
j=0

qj,k ≤ 1,∀k ∈ [0,m+ 1], (5.2d)

m+1∑
k=0

qj,k ≤ 1,∀j ∈ [0,m+ 1], (5.2e)

m+1∑
k=0

(qj,k − qk,j) =


1, j = 0,

0, ∀j ∈ [1,m],

−1, j = m+ 1,

(5.2f)

rj,k ≤ (m+ 1) · qj,k,∀j ∈ [0,m+ 1],∀k ∈ [0,m+ 1], (5.2g)

m+1∑
k=0

r0,k =
m+1∑
j=0

m+1∑
k=1

qj,k, (5.2h)

qj,j = 0, ∀j ∈ [0,m+ 1], (5.2i)

m+1∑
j=0

rj,k −
m+1∑
j=0

rk,j =
m+1∑
j=0

qj,k,∀k ∈ [1,m], (5.2j)

qj,k = {0, 1}, ∀j ∈ [0,m+ 1],∀k ∈ [0,m+ 1], (5.2k)

rj,k = {0, 1, ...,m+ 1},∀j ∈ [0,m+ 1],∀k ∈ [0,m+ 1]. (5.2l)
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Here, for every worker wi, there are (m + 2) nodes in the path planning problem

including the start point of worker wi, m tasks, and the end point of worker wi.

Then, we can construct a weighted bidirectional graph with these (m+ 2) nodes, in

which the starting point only has outgoing edges to all other nodes, the end point

only has incoming edges, and, for the remaining m nodes, each has an edge to the

other nodes. The weight for an edge between two nodes is the travelling distance

between them. Based on this graph, the path planning problem is to find a path,

represented by qj,k,∀j,∀k, such that the distance and energy cost limits are satisfied.

Here, qj,k equals 1 if the path solution includes the edge from node j to node k and

qj,k equals 0 otherwise.

Based on the graph model and path representation, (5.2a) is the objective function

to maximize the value of the path. Constraint (5.2b) is the travelling distance limit

and (5.2c) is the constraint of energy cost. Equations (5.2d–f) define the in-degree,

out-degree, and their relationship with each node. As seen, constraints (5.2d–f)

ensure that the solution is a path, in which the degree of each node on the path is

restricted by 1, and the start and end points of worker wi are the first and last nodes

of the path, shown in Fig. 5.2(a).

To ensure that the path solution as shown in Fig. 5.2(a) does not include any loop,

we use additional variables rj,k, which can be understood as some flow amount for

the edge from node j to node k. Consider that the start point of worker wi produces

a flow of an amount at most (m + 1), and each other node consumes one unit of

the flow. Then, the variables rj,k can be used to ensure that the path defined by

qj,k is fully connected and loop-free. First, constraint (5.2g) means that, if the path

does not include an edge between two nodes, there is no flow between them. Then,

constraint (5.2h) defines the initial flow at the start point, which is limited by the

total number of nodes along the path excluding the source. Next, constraint (5.2i)

removes the self-loops of all nodes, e.g., the self-loop of task #1 in Fig. 5.2(b).
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(a) Without loops. (b) With loops.

Fig. 5.2: Paths without loops and with loops in the graph model.

Constraint (5.2j) indicates that every edge on the path consumes one unit of the

flow, which excludes the loops involving more than one node, e.g., the loop with

tasks #2 and #3 in Fig. 5.2(b). Finally, constraints (5.2k) and (5.2l) limit the range

of qj,k and rj,k, respectively.

5.2.2 Incentive Mechanism Design

The platform collects the budgets from the requesters and the bids from the workers.

Here, we assume that the platform sets a budget B for the total cost of the tasks

after integrating all the budgets of the requesters. For each worker wi ∈ W , the

bid is a pair of task set and cost, which is denoted by (Si, bi). Since the true task

set of worker wi is the set of the tasks along path Fi, for notation convenience, we

also use Fi to represent the true task set of worker wi. As seen here, worker wi only

submits the bid to the platform without any location information to protect the

privacy. The true cost of worker wi is defined to be proportional to the additional

travelling distance beyond that of intrinsic path, which is the difference between the

total travelling distance d(Fi) and the length of the intrinsic path hi. Specifically,

the true cost ci of worker wi is characterized by

ci(Fi) = γi × (d(Fi)− hi), (5.3)
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where γi is the true cost per distance of worker wi.

The true cost in (5.3) depends on the real expenses of the work for travelling the

additional distance. However, worker wi may not submit its true task set along path

Fi to improve its winning chance. For example, worker wi may include task tj /∈ Fj

in its bid Si. Task tj is to take a photo of a building. Suppose that worker wi wins,

but it will not pass by the building when travelling along path Fi and thus cannot

complete this task. Thus, worker wi just submits a dog’s photo pretending to have

finished the task. In this case, the platform can catch that worker wi is cheating using

many techniques to detect such fake data, e.g., the machine learning methods. Then,

worker wi is deprived of the payment and even subject to more serious punishment.

As seen, such cheating behaviour can cause a prohibitively large cost to the worker.

Accordingly, we model these characteristics of the cost bid bi of worker wi for set Si

as follows:

b(Si) =

 bi, Si ⊆ Fi,

+∞, Si * Fi.
(5.4)

Here, if worker wi bids fewer tasks in the task set, i.e., Si ⊆ Fi, the cost bid is still

bi since the platform cannot find any fake data in the bid of worker wi. On the

other hand, if worker wi bids for some tasks that are not included in its path Fi,

i.e., Si * Fi, the cost to worker wi can be infinitely large. That is, the platform can

punish worker wi and exclude it from this and any future bidding.

Next, we define the task value in more detail. Although every task has its own

value, it is still a problem for the platform to evaluate the total value of a task

when duplicate data samples are received. This is known as the data redundancy

problem. With the data redundancy, it is possible for the platform to spend a lot of

budget on a specific task, which is destructive to the coverage of the tasks. To solve

the data redundancy problem, we employ the cumulative value of a task by taking
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into account all competitors for it. If we denote the assignment of the winners by

{xi|∀wi ∈ W}, where xi = 1 indicates worker wi is selected as a winner and otherwise

xi = 0. Then, for every task tj ∈ T , the number of its competitors, denoted by yj,

is calculated by

yj =
∑
wi∈W

xi · 1(tj ∈ Si), (5.5)

where 1(·) is the indicator function, which equals 1 when the condition in the function

argument is satisfied. For every task tj ∈ T , its original value is vj. Then, its

cumulative value, denoted by v̂j, follows the diminishing marginal increase and is

characterized by

v̂j = vj × log2(1 + yj). (5.6)

Since the true task set and true cost are the private information of worker wi, the bids

received by the platform may not be the true information. As a result, the platform

has to design an incentive mechanism to motivate the workers to reveal their true

information. The incentive mechanism needs to solve two problems, i.e., the winner

selection and payment determination. Since the result of the winner selection is the

foundation to determine the payments, we consider the winner selection first and

formulate it as follows:

max.
∑
tj∈T

v̂j, (5.7a)

s.t.
∑
wi∈W

xi · b(Si) ≤ B, (5.7b)

xi = {0, 1},∀wi ∈ W. (5.7c)

In problem (5.7), the objective of the platform is to maximize the cumulative value
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of the completed tasks. In addition, the total cost of all winners cannot be larger

than the budget of the total cost. After the winner selection, a payment rule needs

to be applied to determine the payments to the winners, which makes the incentive

mechanism complete.

5.2.3 Computational Hardness

We first analyze the computational hardness of the path planning problem.

Theorem 5.2.1. The path planning problem in (5.1) is NP-hard.

Proof. First, we consider the decision form of (5.1), given by

find. Fi,with
∑
tj∈Fi

vj ≥ ρ, (5.8a)

s.t. d(Fi) ≤ li, (5.8b)∑
tj∈Fi

gj ≤ θi. (5.8c)

As seen, the decision form is to obtain a yes-or-no answer to the problem that whether

the given path Fi has a value not less than the threshold ρ. Obviously, the decision

form (5.8) is NP, since it only takes a polynomial time at most of O(m) to verify the

constraints and compare the objective value with the threshold ρ.

Next, we prove that problem (5.8) is NP-complete, by reducing a known NP-complete

problem, i.e., the decision form of the knapsack problem, to an instance of problem

(5.8). The knapsack problem is to select a subset from a given set of items, each

item with a weight and a value, to maximize the total value under a limit of the

total weight. The decision form of the knapsack problem is to determine whether a

value of ν can be achieved without exceeding the weight ω.

In the following, we construct an instance of problem (5.8) to solve the decision

form of the knapsack problem. In (5.8b), we assume that there is a very large
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maximum travelling distance li of worker wi, which is enough to take all the tasks.

As a result, we only need to consider the energy constraint (5.8c). The energy

costs of the tasks correspond to the weights of the items in the knapsack problem

and the energy limit θi is mapped to the total weight ω. The values of the tasks

and the total value are mapped to the values of the items and the total value ν in

the knapsack problem, respectively. Therefore, our constructed instance of problem

(5.8) is exactly a decision form of the knapsack problem, which is known to be

NP-complete. Thus, the decision form of the path planning problem (5.8) is also

NP-complete and the hardest problems in NP are reducible to the decision form

of the path planning problem (5.8) in polynomial time. Hence, the corresponding

optimization form defined in (5.1) is at least as hard as the decision form of the

path planning problem (5.8) and the hardest problems in NP, i.e., the corresponding

optimization form defined in (5.1) is NP-hard.

Next, we analyze the winner selection problem of the incentive mechanism and we

have the following conclusion on its computational hardness.

Theorem 5.2.2. The winner selection problem in (5.7) is NP-hard.

Proof. If we consider the cost of the workers in (5.7b) as the weight of the items and

the budget B as the total weight ω in the knapsack problem, the winner selection

problem (5.7) is an instance of the knapsack problem. The only difference between

the winner selection problem and the knapsack problem is the way to calculate the

total value. In the knapsack problem, the total value is calculated by linearly adding

up all the values of the selected items, while the total value of the winner selection

problem is determined by adding up the cumulative values of the paths according to

(5.6). Actually, the winner selection problem (5.7) is still a combinatorial optimiza-

tion problem as a generalized knapsack problem, which is NP-hard. The remaining

of the proof is similar to that for Theorem 5.2.1.
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5.3 Solutions to Path Planning and Incentive Mech-

anism Design

In this section, we propose a heuristic bidirectional searching algorithm for the path

planning problem formulated in (5.1) and an incentive mechanism, which first solves

the winner selection problem (5.7) and then determines the payments based on the

result of the winner selection. At last, we prove that the proposed incentive mecha-

nism is computationally efficient, individually rational, and truthful.

5.3.1 Heuristic Bidirectional Searching Algorithm

Since the path planning problem is NP-hard and MCS is a large-scale sensing

paradigm with the massive tasks and workers, the search space of the solutions

to the path planning problem is huge. In addition, the workers need to consider not

only the selection of the tasks but also the order of the selected tasks, which affects

the length of the designed path. Thus, it is hard to find an efficient algorithm to

solve the path planning problem.

We propose a novel heuristic bidirectional searching algorithm to solve the path

planning problem, given in Alg. 8. As seen, there are three phases of Alg. 8, i.e.,

the forward searching, backward searching, and selection. In the forward searching,

all the variables are first initialized (lines 1-5). Next, the task with the largest

expected value is added into the path and all variables are updated (lines 6-12).

The expected value of a task is discussed later. Here, ˆdistance in line 6 is different

from distance in line 10. When we calculate the current travelling distance of the

path, denoted by distance, we only need to consider the distance from the current

location to the location of the selected task, denoted by d(location, loct[j]). However,

when we investigate whether a task is eligible to be selected, we have to consider

two distances from the current location to the location of selected task and further
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Algorithm 8: Heuristic bidirectional searching algorithm.

Input: T (set of tasks), wi (worker wi), loct (locations of tasks), locs
(departure of worker wi), loce (destination of worker wi), li (maximum
travelling distance of worker wi), θi (maximum enegy cost of worker
wi), {gj|∀tj ∈ T} (energy costs of tasks), {vj|∀tj ∈ T} (original values
of tasks)

Output: Fi (travelling path of worker wi)
// Phase 1: Forward search

1 Fi ← ∅
2 value← 0
3 distance← 0
4 energy ← 0
5 location← locs

6 while ˆdistance ≤ li and energy ≤ θi do
7 Find the task tj with the largest expected value
8 Calculate the distance d(location, loct[j])
9 location← loct[j]

10 distance← distance+ d(location, loct[j])
11 energy ← energy + gj
12 value← value+ vj

13 ˆdistance← distance+ d(loct[j], loce)

14 distance← distance+ d(loct[j], loce)
// Phase 2: Backward search

15 F ′i ← ∅
16 loce and locs exchange with each other
17 Repeat the process of forward search
18 Achieve the value of F ′i as value′

// Phase 3: Selection
19 if value > value′ then
20 return Fi
21 else
22 return F ′i

to the destination. If the travelling distance limit is enough to take a specific task,

while not enough to go to the destination after finishing this task, the path cannot

include this task due to the travelling distance constraint. Thus, ˆdistance includes

the distances of two segments associated with a single task. Since distance does not

count the last mile to the destination, the distance from the last task to the end

point is added into the total travelling distance (line 13).
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In the backward searching, we plan a path from the end point to the start point by

the method mentioned above (lines 14-17). Since the distribution of the tasks is not

symmetrical in most instances, the path of the backward searching is not the same

as the path of the forward searching, while the path of the backward searching is also

an optimized solution to the path planning problem (5.1). At last, we select a better

solution as the final path from the results of the forward searching and backward

searching (lines 18-21).

In line 7, we select the task with the largest expected value, which is defined by

v(tj) = vj + E(l̂i, θ̂i). (5.9)

Here, for every task tj ∈ T , its expected value v(tj) is divided into two parts, i.e.,

the current value and future value. The current value of task tj is its posted value

vj, while the future value is obtained by the function E(l̂i, θ̂i) to evaluate the value

that can be achieved in the future. If we just consider the current value vj, the

worker may first take the task with the largest current value, which is also subject

to a very large energy cost or distance cost. In this case, the worker spends most

resources on this task and has no space for other tasks, while there may exist a better

solution of taking two tasks with the second and third largest values. Thus, we need

a way to evaluate the value that is achievable with the remaining resources (i.e., the

remaining energy limit θ̂i and remaining travelling distance limit l̂i) after taking the

task with the largest value. Here, in the set of unvisited tasks, we simply take the

task with the largest value that meets the requirements for l̂i and θ̂i. Note that task

tj is supposed to be already visited when we evaluate the future value and thus is

not counted in this step. In this way, we obtain the future value E(l̂i, θ̂i) of task tj,

which is added to the posted value vj to evaluate the expected total value of task tj

as in (5.9).

In the worst case, line 7 for the calculation of the future work takes time O(m) to
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explore all m tasks and find the task with the largest value in the set of unvisited

tasks. Meanwhile, the selection of the tasks in each iteration of lines 6-12 is also O(m)

since we have to consider every task in the worst case. Thus, the time complexity

of the forward searching in lines 1-13 is at most O(m2). The backward searching in

lines 14-17 has the same complexity as the forward searching and the selection in

lines 18-21 is O(1). Therefore, the overall time complexity of Alg. 8 is O(m2). Since

Alg. 8 is proposed for only one worker and the workers are the independent decision

makers, the total computing time for the path planning problem is at most O(nm2).

5.3.2 Truthful Incentive Mechanism

Based on the result of the path planning, every worker wi ∈ W submits the bid

(Si, bi) to the platform. Alg. 9 gives the details of the proposed incentive mechanism

for the platform to select the winners and determine the payments. There are two

phases of Alg. 9, i.e., the winner selection and payment determination. In the

winner selection, Γ is the union of the winners’ task samples and v(Γ) is a function

to compute the value of the union Γ according to (5.6). The platform keeps selecting

the worker with the largest marginal contribution of value per cost in each iteration

(lines 5-12), after the initialization (lines 1-4). Here, C is used to record the current

total cost, and the budget constraint is checked in each iteration before adding the

task set of a winner into Γ (line 7).

In the payment determination, the incentive mechanism runs a virtual auction to

determine the payment for every winner (lines 14-28) and sets the payment to 0 for

others (lines 29-30). For every winner (line 13), the virtual auction starts after the

initialization (lines 15-18) and excludes the winner itself (line 21). Then, the virtual

auction keeps selecting the worker with the largest marginal contribution of value per

cost in each iteration (lines 19-27). Here, Ki is an integer that counts the iterations of

lines 19-27. Meanwhile, a temporary payment is calculated in each iteration taking
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Algorithm 9: Truthful incentive mechanism.

Input: {vj|∀tj ∈ T} (original values of tasks), {Si|∀wi ∈ W} (task sets in
bids), {bi|∀wi ∈ W} (costs in bids), B (cost budget)

Output: {xi|∀wi ∈ W} (indications of winners), {pi|∀wi ∈ W} (payments to
workers)

// Phase 1: Winner selection
1 Γ← ∅
2 C ← 0
3 for i from 1 to n do
4 xi ← 0

5 while True do

6 j = argmaxk{
v(Γ∪Sk)−v(Γ)

bk
}

7 if C + bj ≤ B and v(Γ ∪ Sj)− v(Γ) > 0 then
8 xj ← 1
9 C = C + bj

10 Γ = Γ ∪ Sj
11 else
12 break

// Phase 2: Payment determination
13 for i from 1 to n do
14 if xi == 1 then
15 Γ′ ← ∅
16 C ′ ← 0
17 pi ← 0
18 Ki ← 0
19 while True do
20 Ki = Ki + 1

21 j = argmaxk 6=i{
v(Γ′∪Sk)−v(Γ′)

bk
}

22 if C ′ + bj ≤ B and v(Γ′ ∪ Sj)− v(Γ′) > 0 then

23 p′Ki
= bj · v(Γ′∪Si)−v(Γ′)

v(Γ′∪Sj)−v(Γ′)

24 C ′ = C ′ + bj
25 Γ′ = Γ′ ∪ Sj
26 else
27 break

28 pi = max{p′z|∀z ∈ [1, Ki]}
29 else
30 pi = 0

31 return {xi|∀wi ∈ W}, {pi|∀wi ∈ W}
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the selected worker and the winner into account (line 23). The payment to the

winner is determined as the largest temporary payment in all iterations during the

virtual auction (line 28). At last, after all the virtual auctions are completed, the

incentive mechanism returns the selected winners and corresponding payments (line

31).

Our proposed incentive mechanism is computationally efficient, individually rational,

and truthful. First, we need to prove the following lemma, which will be used in our

proofs for the three properties.

Lemma 5.3.1. Given Γ, if X ⊆ Y , we have:

v(Γ ∪X) ≤ v(Γ ∪ Y ), (5.10)

where the equivalent is obtained only if X = Y .

Proof. According to (5.6), an additional task sample brings the extra value to the

platform. When X ⊂ Y , i.e., Γ∪X ⊂ Γ∪Y , there are some additional task samples

in Γ ∪ Y beyond those in Γ ∪ X. Thus, the value of Γ ∪ Y is larger than that of

Γ ∪ X, i.e., v(Γ ∪ X) < v(Γ ∪ Y ). When X = Y , i.e., Γ ∪ X = Γ ∪ Y , Γ ∪ Y

and Γ ∪ X have the same data samples and thereby the same value. In summary,

v(Γ ∪X) ≤ v(Γ ∪ Y ) and the equality is valid only if X = Y .

In addition, the utilities of the workers are defined as

ui =

 pi − ci, wi wins,

0, otherwise.
(5.11)

Theorem 5.3.1. The proposed incentive mechanism in Alg. 9 is computationally

efficient.

Proof. The initialization of the winner selection (lines 1-4) takes a time of O(n) and
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the selecting process (lines 5-12) takes a time of at most O(n) when all the workers

are selected as the winners in the worst case. Thus, the time complexity of the

winner selection phase is O(n). In the worst case, when all workers are winners, the

incentive mechanism runs a virtual auction for every worker. The time complexity

of a single virtual auction (lines 15-28) is O(n) because the virtual auction is similar

to the winner selection problem. There are n workers in total. Thus, the computing

time of the payment determination (lines 13-30) is at most O(n2). In total, the

time complexity of the incentive mechanism in Alg. 9 is O(n2), which proves the

computational efficiency.

Theorem 5.3.2. The proposed incentive mechanism in Alg. 9 is individually ratio-

nal.

Proof. A mechanism is considered as individually rational when all workers receive

non-negative utilities by bidding truthfully. On the one hand, if a worker loses by

bidding truthfully, the utility of the worker is zero according to (5.11), which is non-

negative. On the other hand, for every worker wi who wins by bidding truthfully, we

assume that worker wi wins in the z-th iteration in the winner selection. It can be

observed that, before the z-th iteration, Γ in the winner selection and Γ′ in the virtual

auction of worker wi are the same. In the z-th iteration of the virtual auction, worker

wj is selected and the temporary payment p′z = bj · V (Γ′∪Fi)−V (Γ′)
V (Γ′∪Sj)−V (Γ′)

= bj · V (Γ∪Fi)−V (Γ)
V (Γ∪Sj)−V (Γ)

.

In the winner selection, since worker wi wins in the z-th iteration and worker wj does

not win before the z-th iteration, we have V (Γ∪Fi)−V (Γ)
ci

≥ V (Γ∪Sj)−V (Γ)

bj
. Applying this

inequality into p′z, we can obtain p′z ≥ ci. Because the final payment is the maximum

of all the temporary payments, we finally get pi ≥ p′z ≥ ci. According to (5.11), the

utility of worker wi as a winner is non-negative since ui = pi− ci ≥ 0. In conclusion,

the utilities of all workers are non-negative regardless of whether they win or lose,

which proves the individual rationality of the proposed mechanism.

Theorem 5.3.3. The proposed incentive mechanism in Alg. 9 is truthful.
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Proof. A mechanism is considered as truthful when all workers receive the maximum

utilities by bidding truthfully. In our proposed incentive mechanism, we need to

prove that the workers are truthful with respect to both the task set and cost. In

the following proof, we consider any worker wi ∈ W and analyze three cases that

worker wi may attempt to lie to improve its utility.

• Case 1: Si * Fi. In this case, since worker wi includes tasks that it cannot

complete in set Si, the cost bid bi can be infinitely large according to (5.4)

if the platform detects and punishes such cheating behaviour. As shown in

the following two sub-cases, worker wi loses anyway by bidding (Si, bi) and its

utility cannot be improved regardless of whether it wins or loses by bidding

truthfully.

(i) When worker wi loses by bidding truthfully, its utility is 0, which is the

same as that by bidding Si.

(ii) When worker wi wins by bidding truthfully, the utility is non-negative,

which is reduced to 0 if it bids Si.

• Case 2: Si ⊆ Fi and bi ≥ ci.

In this case, since Si ⊆ Fi, we have v(Γ ∪ Si) ≤ v(Γ ∪ Fi) according to (5.10).

Then, v(Γ∪Si)− v(Γ) ≤ v(Γ∪Fi)− v(Γ), further v(Γ∪Si)−v(Γ)
bi

≤ v(Γ∪Fi)−v(Γ)
bi

≤
v(Γ∪Fi)−v(Γ)

ci
because bi ≥ ci. That is, worker wi cannot improve its marginal

value contribution per cost by bidding (Si, bi). As a result, worker wi cannot

change from lose to win by manipulation. Next, we consider three remaining

sub-cases if worker wi lies and changes from lose to lose, from win to lose, and

from win to win.

(i) If worker wi loses by bidding truthfully and still loses by bidding (Si, bi),

its utility is unchanged as 0.
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(ii) If worker wi wins by bidding truthfully, its utility is non-negative. If worker

wi changes from win to lose by bidding (Si, bi), its utility reduces to 0 and

is not improved by lying.

(iii) If worker wi changes from win to win by bidding (Si, bi), according to

(5.11), its utility depends on its payment since the worker utility is always

based on the unchanged true cost ci. In its payment determination, since

Si ⊆ Fi, we have v(Γ′ ∪ Si) − v(Γ′) ≤ v(Γ′ ∪ Fi) − v(Γ′), and further

bj · v(Γ′∪Si)−v(Γ′)
v(Γ′∪Sj)−v(Γ′)

≤ bj · v(Γ′∪Fi)−v(Γ′)
v(Γ′∪Sj)−v(Γ′)

. Thus, the temporary payment by

biding Si is not larger than that by bidding Fi in all steps. Therefore, the

final payment by bidding Si is not larger than that by bidding Fi, and its

utility is not improved by untruthful bidding (Si, bi).

• Case 3: Si ⊆ Fi and bi < ci. In this case, we consider the following four sub-

cases depending on whether worker wi loses or wins when bidding truthfully

and untruthfully.

(i) If worker wi wins by bidding truthfully, its utility is non-negative. When

worker wi changes from win to lose by bidding (Si, bi), its utility is de-

creased to 0.

(ii) If worker wi changes from win to win by bidding (Si, bi), its utility cannot

be improved as proved in Case 2, as the payment of worker wi does not

depend on its cost bid bi.

(iii) If worker wi loses by bidding truthfully, its utility is 0. When worker wi

changes from lose to lose by bidding (Si, bi), its utility is still 0.

(iv) If worker wi changes from lose to win by bidding (Si, bi), we need to

evaluate the change of its utility. Assume that the maximum temporary

payment is obtained at the z-th step in its virtual auction. Then, we have
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pi = p′z = bj · v(Γ′∪Si)−v(Γ′)
v(Γ′∪Sj)−v(Γ′)

≤ bj · v(Γ′∪Fi)−v(Γ′)
v(Γ′∪Sj)−v(Γ′)

, since v(Γ′ ∪ Si) ≤ v(Γ′ ∪ Fi)

according to (5.10). As we already know that worker wi loses by bidding

(Fi, ci) in the winner selection, we can obtain v(Γ∪Fi)−v(Γ)
ci

<
v(Γ∪Sj)−v(Γ)

bj
at

the z-th step of the winner selection. We can rewrite it as v(Γ′∪Fi)−v(Γ′)
ci

<

v(Γ′∪Sj)−v(Γ′)
bj

because Γ and Γ′ are the same before the z-th step. Thus, we

have pi ≤ bj · v(Γ′∪Fi)−v(Γ′)
v(Γ′∪Sj)−v(Γ′)

< ci. Therefore, ui = pi − ci < 0. As seen, the

utility of worker wi is reduced to be negative by bidding (Si, bi).

Based on the above analysis, we can see that every worker maximizes its utility only

by bidding truthfully in the data set and cost. Therefore, the proposed incentive

mechanism is truthful.

5.4 Numerical Results and Discussion

In this section, we evaluate the performance of the proposed heuristic bidirectional

searching algorithm and incentive mechanism by comparing them with the base-

line solutions. For the path planning problem, we consider two baseline algorithms

and leverage the ILP formulation to obtain the optimal solution. For the incentive

mechanism design, we leverage the well-known VCG mechanism to achieve the same

performance as the proposed incentive mechanism, and then compare their payments

for such performance.

5.4.1 Baselines for Path Planning

As proved in Theorem 5.2.1, the path planning problem (5.1) is NP-hard. Based

on the ILP formulation in (5.2), we can obtain the optimal solution using some ILP

solvers when the problem size is not large. In addition, we consider some heuristic

approximation algorithms, which are needed for the large-sized problems. Since the

objective of problem (5.1) is the largest value of the path, it is intuitive to keep
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selecting the task with the largest value until the constraints are not satisfied. This

method, known as the value-first algorithm in the following, is simple and effective.

However, the drawback is that it is short-sighted and never considers the remaining

resources. As a result, it may not achieve a large final value.

From another perspective, we can keep taking the task with the smallest cost to find

a feasible path. Here, there are two resources in the path planning problem, i.e.,

the energy cost and travelling distance. In [74], the authors proposed an algorithm

called minimum weighted sum first heuristic, which gives the weights to two different

constraints. Following this idea, we define the cost of each worker wi in a similar

way as
dj

l̂i
+

ej

θ̂i
. Here, dj is the travelling distance cost to finish task tj and l̂i is the

remaining travelling distance limit of worker wi. In the second term, ej is the energy

cost to finish task tj and θ̂i is the remaining energy limit of worker wi. Applying this

resource cost definition to the path planning problem, we introduce the resource-first

algorithm, which keeps selecting the task with the smallest resource cost as long as

the constraints are satisfied.

5.4.2 VCG Mechanism

In order to evaluate the performance of our proposed incentive mechanism, we use

the well-known VCG mechanism as a benchmark. However, we cannot directly use

the winner selection problem in (5.7) because problem (5.7) involves both the values

of the platform toward the tasks and the costs of the workers in the bids. Thus, we

have to adapt the winner selection problem for the VCG mechanism. Let Λ denote

the maximum value in (5.7a) obtained by the proposed mechanism. Then, we define

the winner selection problem in the VCG mechanism as

min.
∑
wi∈W

xi · b(Si), (5.12a)
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s.t.
∑
tj∈T

v̂j ≥ Λ, (5.12b)

xi = {0, 1},∀wi ∈ W. (5.12c)

Here, the VCG mechanism can determine the winners such that the achieved value

is at least Λ as constrained by (5.12b). To calculate the payments for these selected

winners, there remains a problem before the VCG mechanism can be applied. If the

path of one specific worker wi has a very large value, worker wi would be selected

as a winner. When determining the payment for winner wi, the VCG mechanism

needs to exclude wi from problem (5.12) to compute the total value. The VCG

payment is the difference between the total value without worker wi’s presence and

the total value when worker wi participates, but its contribution to the total value

is excluded. Hence, it is possible that the maximum achievable value without this

worker is smaller than Λ, which means problem (5.12) does not have a feasible

solution without worker wi. The VCG payment to worker wi becomes infinity. In

order to solve this issue, we consider a dummy worker with a task set of value Λ and

a cost bid β. As a result, the payment to every winner is not more than β, which

serves as the reserve wage for the platform to recruit a worker.

In a small-scale scenario, the modified winner selection problem in (5.12) for the

VCG mechanism can be solved by a brute-force algorithm to obtain the optimal

solution. It is worth mentioning that we can also obtain the optimal solution to

the original winner selection problem (5.7) in our proposed incentive mechanism by

exhaustive search.

5.4.3 Simulation Settings

After giving the baseline solutions, we conduct comprehensive simulations to evalu-

ate the performance of our proposed heuristic bidirectional searching algorithm and
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Table 5.2: Simulation parameters for Chapter 5.
Parameter Value

Number of tasks m 30
Number of workers n 10
Energy cost of tasks gj 1 ∼ 3
Original value of tasks vj 5 ∼ 10
Maximum travelling distance of workers li 1.2× hi
Energy limit of workers θi 30
True cost per distance of workers γi 1
Cost budget of the platform B 500

incentive mechanism. Table 5.2 lists the values of the key simulation parameters.

First of all, we set up the sensing region as a 400× 200 rectangle. The start points

and end points of the workers, and positions of the tasks are generated uniformly

within this area, respectively. Fig. 5.3 shows these locations and the intrinsic paths

of the workers. As seen, the start points of the workers are located in the residential

area (1 ≤ x ≤ 100) and their end points fall into the business area (300 ≤ x ≤ 400).

The sensing tasks are distributed in the middle square area (100 ≤ x ≤ 300).

There are 30 tasks and 10 workers in the scenario. For the tasks, the energy costs are

randomly selected from 1 to 3 as an integer number indicating the low level, mediate

level, and high level of the energy consumption. The original values of the tasks are

randomly selected in the range of 5 to 10 as an integer number. For the workers,

the maximum travelling distances are 1.2 times of the length of their intrinsic paths.

The energy limits of the workers are all set to 30. In the simulation for the incentive

mechanisms, the true costs per distance of the worker are the same as 1 and the cost

budget of the platform is 500.

5.4.4 Result of Path Planning

The most important performance metric for the path planning problem is the ob-

jective value, i.e., the value of the path. Fig. 5.4 shows the values of all paths with

different algorithms. We can see that the proposed heuristic bidirectional searching
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Fig. 5.3: Simulation scenario.

Fig. 5.4: Values of the planned paths.

algorithm outperforms two baselines in all paths. Simultaneously, the results of the

proposed algorithm are very close to the optimal values in some paths.

In order to show the details of the planned paths obtained by different algorithms, we

take worker #10 as an example. Fig. 5.5 shows four paths of worker #10 designed by

different algorithms. It is obvious that the optimal solution has the longest path and

the largest value (as has been shown in Fig. 5.4). Our proposed algorithm takes the

same first task as the optimal solution, then goes to another direction and achieves

a moderate value about two-thirds that of the optimal solution. The resource-first

algorithm takes the first task with the smallest cost of resources, while this leads
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Fig. 5.5: Paths in different algorithms.

the worker to an isolated area with few tasks. As a consequence, the resource-first

algorithm finishes the minimal number of tasks and obtains the worst value. The

value-first algorithm selects the first task with the largest value, which is far away

from the start point. In this case, the worker misses some tasks near the start point,

which may potentially increase the value of the path. Eventually, the value-first

algorithm receives a value less than half of that of the optimal solution.

Fig. 5.6 and Fig. 5.7 show the usage ratios of the travelling distance and energy.

It can be seen that the maximum travelling distance is the main constraint of the

paths, whose usage ratio approaches 1 in all paths and all four algorithms. On

the other hand, the usage of energy in the optimal solution is the largest, followed

by our proposed algorithm. This implies that our proposed algorithm has a better

balance in the usage of different resources (i.e., the travelling distance and energy)

than the baseline solutions, although slightly worse than the optimal solution. Our

proposed algorithm outperforms the baseline solutions mainly because it can utilize

the resources in a balanced manner.
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Fig. 5.6: Usage ratio of travelling distance.

Fig. 5.7: Usage ratio of energy.
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Table 5.3: Results of winner selection.
Mechanism Winner Selection

Proposed mechanism {0, 1, 1, 1, 1, 1, 1, 1, 1, 0}
VCG mechanism {0, 1, 1, 1, 1, 1, 1, 1, 1, 0}
Optimal solution {0, 1, 0, 1, 1, 1, 1, 1, 1, 1}

5.4.5 Result of Incentive Mechanism Design

Based on the paths designed by our proposed algorithm, all workers submit their bids

to the platform. Then, the incentive mechanism first selects the winners. Table 5.3

lists the selection of the winners in our proposed mechanism, the VCG mechanism,

and the optimal solution to the winner selection problem (5.7). As seen, the proposed

mechanism and VCG mechanism have the same set of winners, which makes the com-

parison of payments discussed later meaningful. The optimal solution has the same

number of winners but different from those selected by our proposed mechanism.

The values of all completed tasks in the proposed mechanism and VCG mechanism

are the same as 269.57 because of the same winner selection, while the value of the

optimal solution is 278.21. As seen, our proposed mechanism is efficient in winner

selection approaching the performance of the optimal solution. In addition, the used

costs of the proposed mechanism, VCG mechanism, and optimal solution are 468.42,

468.42, and 485.50, respectively. All the costs are smaller than the cost budget 500.

The payments to the winners are determined after the winner selection. Fig. 5.8

shows the payments to the workers in both the proposed mechanism and VCG

mechanism. As seen, most winners have the almost same payments in these two

mechanisms, while some winners are paid significantly larger in the VCG mecha-

nism than in our proposed mechanism, e.g., workers #6 and #9. As a result, in the

simulated scenario, the total payment in the VCG mechanism (746.23) is larger than

that in our proposed mechanism (587.78). It is worth noting that the payment rules

in the proposed mechanism and VCG mechanism are totally different. Therefore, the
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Fig. 5.8: Payments to winners.

Fig. 5.9: Utilities of workers.

relationship of the total payments in both mechanisms may vary in other scenarios.

However, when the distribution of the tasks is dense and the values of the tasks are

close, the total payments in both mechanisms are expected to be close.

The utility of each worker is the difference between its payment and cost. According

to the true costs of the workers and the payments to the workers, we obtain the util-

ities of the workers, shown in Fig. 5.9. It is noticed that the utilities of the losers are

all 0. As seen, the most winners have the similar utilities in both mechanisms. How-

ever, due to the non-frugal payments in the VCG mechanism, some winning workers
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(a) Proposed mechanism.

(b) VCG mechanism.

Fig. 5.10: Truthfulness of both mechanisms.

achieve utilities that are significantly higher than in our proposed mechanism. This

is caused by the different payments to the same winner in these two mechanisms,

which can be seen in Fig. 5.8.

It is known that the most critical property of an incentive mechanism is the truthful-

ness. In order to show the truthfulness both in the proposed mechanism and VCG

mechanism, we take worker #2 who is a winner as an example. We change the cost

bid of worker #2 from 0 to two times of its true cost. Fig. 5.10 shows how the utility

of worker #2 varies with its cost bid. As seen in Fig. 5.10(a) with our proposed
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mechanism, worker #2 achieves the highest utility when it bids truthfully. Even if

worker #2 bids a cost lower than its true cost, its utility stays the same and would

not be improved. However, if worker #2 bids a cost higher than its true cost, it

would lose in the auction and receive a utility of 0. A similar observation can be

seen in Fig. 5.10(b) with the VCG mechanism. The results in Fig. 5.10 verify the

truthfulness of both mechanisms.

5.5 Summary

In this chapter, we built a technical framework for MCS with novel solutions to

two key problems, i.e., the path planning and incentive mechanism design. To take

into account user mobility while protecting workers’ privacy, we studied the path

planning problem in the worker-centric mode so that the workers plan their own

paths. After formulating the path planning problem as an ILP problem, a heuristic

bidirectional searching algorithm addresses the computational complexity to obtain

an efficient solution. Then, the workers decide and submit their bids according to

their planned paths. Next, the platform runs an auction-based incentive mechanism

to determine the winners and corresponding payments to the winning workers. It is

proved that our proposed incentive mechanism holds three desirable properties, i.e.,

the computational efficiency, individual rationality, and truthfulness. In particular,

our incentive mechanism is truthful with respect to both the task sets and costs of

the workers. The simulation results validate the high efficiency and good properties

of the proposed solutions, and show performance improvement over the benchmarks

in terms of the total task value, workers’ utilities and payments.
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Chapter 6

Conclusions and Future Work

In this chapter, we summarize this thesis and give some future research directions of

MCS.

6.1 Conclusions

MCS is a new and promising paradigm for data collection in large-scale sensing and

computing. The mobility and intelligence of humans are leveraged to accomplish

various sensing tasks. In addition, the increasing number of the smart devices and

the developing wireless networks provide a large number of opportunities for MCS

applications, i.e., the smart city and intelligent transportation. Although MCS has

many advantages over the traditional sensing methods, there still are two challenging

problems in MCS, i.e., the task allocation and incentive mechanism design. First,

MCS needs to make the assignment between the tasks and workers to guarantee

the data quality or the coverage of the tasks, which is the task allocation problem.

Then, MCS requires a large number of participants to carry out these sensing tasks.

Therefore, the incentive mechanism is desired in MCS. In this thesis, we made an

attempt to solve these two key problems of MCS and build a MCS framework.

First, we considered the static task allocation problem, in which the information
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of the tasks and workers is revealed to the platform before the start of the sensing

activity. Specifically, we formulated the task allocation problem as the path plan-

ning problem, since the sensing tasks in MCS are generally location-dependent. In

addition, we also took the geographic distribution of the tasks into account, includ-

ing the clustering effect of the tasks. Then, we proposed two modes to plan paths

for the workers, i.e., the platform-centric mode and worker-centric mode. In the

platform-centric mode, the platform plans paths for the workers with a “global vi-

sion” and the full information. However, in the worker-centric mode, the workers

design their own tours to move around and finish the tasks. To solve the static task

allocation problem, we proposed a variant GA-based solution in the platform-centric

mode and a DA-based solution in the worker-centric mode. Meanwhile, a baseline

solution is considered for the performance comparison. The simulation results show

the efficiency of our proposed solutions. We can clearly see a trade-off between the

data quality of the tasks and the profits of the workers. The results also show the

impact of the geographic distributions of the tasks on the performance.

Second, we further investigated the dynamic task allocation problem from the per-

spectives of both space domain and time domain. From the spatial perspective,

the task allocation problem is regarded as the path planning problem, in which the

workers must subject to the spatial constraints, e.g., the travelling distance limit.

Form the temporal perspective, the task allocation problem is treated as the online

matching problem, in which there exist the temporal constraints. For example, the

tasks must be accomplished within their time windows. In addition, the platform

has to make decisions based on the currently incomplete information. In this case,

we considered the dynamic arrivals of the workers. The platform cannot know the

status of the workers before their arrivals. After providing a general formulation

and an ILP formulation of the dynamic task allocation problem, we proposed several

online solutions to solve the dynamic task allocation problem including a baseline
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solution, a heuristic solution, and a predictive solution. For easy comparison, we also

provided the solutions to the corresponding offline task allocation problem includ-

ing the optimal solution in small-scale instances and an ACO-based approximation

solution in large-scale instances. The simulation results show that our proposed so-

lutions outperform the baseline solution and approach the offline optimal solution or

its approximation.

Third, we took the incentive mechanism design into consideration, which makes our

proposed MCS framework complete. Here, we considered a novel sensing scenario,

in which the workers live in a specific living area and move to a working area. They

are willing to select and finish some sensing tasks on their ways to the working area.

Thus, workers plan their paths independently and submit their bids to the platform.

Then, the platform runs an auction to select the winners and determine the payments

to the workers, since the budget of the sensing tasks is limited. In this case, we

proposed a bidirectional searching solution to the path planning problem for the

workers and designed a location-protected and truthful incentive mechanism for the

platform. The simulation results show that our proposed solutions are more efficient

when compared with two baseline solutions to the path planning and a VCG-based

incentive mechanism. In addition, we proved that our proposed incentive mechanism

is computationally efficient, individually rational, and truthful.

In summary, our proposed MCS framework performs very well in solving the two key

problems of MCS. It can solve the task allocation problem with various constraints,

and the incentive mechanism is designed with the desirable properties. It is worth

mentioning that the functions used in our proposed MCS framework, e.g., the cost

function and value function, can be replaced according to the requirements of a

specific MCS application without loss of usability. Therefore, our proposed MCS

framework also possesses excellent versatility and extensibility.
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6.2 Future Work

To continue or extend our current research of MCS, there are several potential future

research directions.

First, the data quality is significantly important in the MCS applications [75,76].

We used the numbers of the data samples or task competitors to evaluate the data

quality of the tasks in this thesis. In the future work, we can leverage more evaluation

methods to measure the data quality of the tasks. For example, we can classify the

posted tasks into different types first. Then, we rate the skill levels of the workers

for every type of these tasks. Next, the data samples of the designated task from

the workers can be easily evaluated according to the skill levels of the workers. With

the help of this method, the platform can efficiently match the qualified workers to

the posted tasks. However, the limited budget is a big issue when the platform seeks

the high-quality data. From the simulation results of the static task allocation in

this thesis, we have already seen an obvious trade-off between the high-quality data

of the tasks and the average profit of the workers. The requesters expect to obtain

high-quality data with small costs, while the workers desire to receive satisfactory

rewards with few efforts. That is, the budget of the tasks limits the rewards to

the workers, who may not be willing to devote great efforts to produce high-quality

data for small rewards. Because of this conflict, it is critical for the platform to

spend the budget wisely on recruiting the workers. Here, we can build a reputation

system based on the historical records of the workers. A worker who provided the

high-quality data in the past will be given a high ranking in the system and further

a large reward after finishing the assigned tasks.

Second, it is also challenging to apply MCS into large-scale applications. There will

be tremendous workers recruited for the tasks posted in the MCS framework. In this

situation, the platform needs efficient methods to determine the assignment between

the tasks and workers within a reasonable time complexity. In this thesis, we used
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the subareas to predict the arrivals of the workers, which works well in the dynamic

task allocation. In the future work, we can keep leveraging this method of dividing

the whole sensing area into many subareas to solve the large-scale problems. The

platform restricts the travel of the workers only within a specific subarea. In this

way, the problem size of the task allocation is reduced and the platform can leverage

the parallel computing to separately allocate the tasks in these subareas. Then,

the platform needs to determine the arrangement of the subareas for the workers,

in which subarea each worker is allowed to travel. For example, a worker near the

boundary of subareas is hard to be assigned to one specific subarea. Since enormous

historical data of workers can be accessed, e.g., the mobility data, the platform can

employ machine learning methods (e.g., the classification algorithms) to leverage the

historical data to further improve the performance [77].

Last, the privacy protection is another issue, which may strongly affect the perfor-

mance of MCS [78]. Since the workers often register in the MCS framework before

they are assigned the tasks, they may need to provide their private information to

the platform. For instance, the workers need to frequently report their location

information to the platform and wait for the next instruction in a real-time MCS

system. In this thesis, we used a location-protected method to protect the trajec-

tory information of the workers. However, there still exists a potential risk that the

private information provided by the workers leaks out. The leaked information can

be critical identity or financial information of the workers, when they provide their

bank information to receive the payment after accomplishing their assigned tasks.

Consequently, many workers may opt out of the MCS system due to the privacy

concern, which is devastating for the system performance. Thus, the privacy protec-

tion is extremely important for the MCS framework. In the future work, we can add

some effective encryption algorithms into the MCS framework to protect the private

information of the workers.
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