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Abstract. Crowdsensing has attracted more and more attention in
recent years, which can help companies or data demanders to collect
large amounts of data efficiently and cheaply. In a crowdsensing system,
the sensing tasks are divided into many small sub-tasks that can be easily
accomplished by smartphone users, and the companies take advantage
of the data collected by all the smartphone users to improve the quality
of their services. Efficient task assignment mechanism design is very crit-
ical for crowdsensing under some realistic constraints. However, existing
studies on task assignment issue are still have many limitations, such
as most of them are failed to consider the time budget of smartphone
users. Therefore, this work studies the optimal task assignment problem
in crowdsensing systems, which can maximize the task completion rate
with consideration of the time budget of users. We also prove that the
optimal task assignment problem is NP-hard, thus we adopt the linear
relaxation and greedy techniques to design a near-optimal crowdsensing
task assignment mechanism. We also empirically evaluate our mechanism
and show that the proposed task assignment mechanism is efficient.

Keywords: Crowdsensing · Task assignment · Time budget · Approx-
imation algorithm design

1 Introduction

In recent years, with the advent of emerging wireless technologies (e.g. 4/5G,
Femtocell, Offloading) and micro-embedded sensors (such as digital compass,
camera, accelerometer, GPS, proximity sensor, gyroscope, and etc.), smart-
phones and the some other intelligent mobile devices are becoming the crucial
central computing devices in our daily lives [2,12,14]. Meanwhile, the storage
capacities and computing capabilities of the smart devices are getting power-
ful [10]. Thus, the smartphone not only serves as the common communication
and computing device, but it also acts as an information collection and pro-
grammable device nowadays. With the increasing number of smartphone users,
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crowdsensing (a.k.a mobile phone sensing, mobile crowd sensing, participatory
sensing) applications have been emerging as a promising paradigm which takes
advantage of the smartphones to collect the ubiquitous environment data effi-
ciently and cheaply. Comparing with the traditional static and artificial data
collecting methods, the sensed data collected from smartphones also far beyond
the scale of traditional ones.

Crowdsensing system borrows from the original idea of crowdsourcing, which
is regarded as a distributed problem-solving and business production model. To
reduce the production costs, a crowdsourcing system (e.g. Amazon Turk) often
introduces a large amount of volunteers to solve a complex problem by offering
some of them with bonus [7,21]. Thus, crowdsensing systems can leverage the
power of large crowd to complete the large-scale sensing tasks at a lower cost
[6]. Considering of the full potential of crowdsensing, many researchers have
proposed numerous crowdsensing systems. For instance, literature [17] proposed
a crowdsourcing system, named VTrack, for estimating the travel time in urban
area to relieve the traffic delay with the built-in GPS. Kumar Rana et al. [16]
implements a Ear-Phone system for urban noise mapping, which can monitor
the environmental noise pollution in urban areas through crowdsourcing data
collection.

Many existing studies assume that the volunteers are willing to upload their
sensed data to the task demanders without any reward. Unfortunately, due to the
limitation of battery and CPU resources, most of the smartphone users are not
willing to participate in crowdsensing tasks without payment [8,20]. Therefore,
task allocation issue is playing an important role in mechanism design. There
have been large amount of efforts in researching the task allocation problem for
the crowdsensing systems [1,6,9,22,23]. However, most of the existing studies did
not consider the time budget of smartphone users. In practice, the smartphone
users may not always available during each round of task assignment. Different
users may have different time budget for crowdsensing tasks according to their
schedules. We can only assign tasks which can be finished by users within their
time budgets. Moreover, most of the existing studies restrict that we can only
assign no more than one task to each user in each round, which makes the task
assignment mechanisms are not very efficient. Only [6] assumes that each user
has a time budget, which corresponds to a traveling distance budget. However,
the distance budget is not always equal to the time budget. For example, the
time budget of one user is 1 h and his moving speed is 5 km/h, which does
not mean that this user is willing to achieve the tasks within 5 km. In a more
realistic scenario, most of the users only want to achieve the tasks nearby. To
ensure this, users in [6] need to set their distance budgets to small values, which
will decrease the performance of the task assignment mechanism. To deal with
the above challenges, more practical and efficient crowdsensing task assignment
mechanisms are needed.

This work is focused on an efficient task assignment mechanism design for
mobile sensing systems, which can maximize the task completion rate with con-
sideration of time budget of the smartphone users. We define the task completion
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rate as the ratio of the number of tasks that are assigned to users and the total
number of tasks supplied by platform. In general, the more tasks are finished by
users, the more improvement of the quality of service supplied by the platform
we can get. Thus, to design an efficient task assignment mechanism that max-
imizes the task completion rate can help to improve the service performance.
To make our model more efficient, we also allow the platform assign multiple
tasks to users in each round of assignment. However, it is a hard work to design
an efficient mechanism under our crowdsensing system model. We can prove
that the optimal task assignment problem studied in this work is NP-hard. To
tackle this NP-hardness, we use LP (a.k.a linear programming) relaxation and
greedy techniques to design a near-optimal task assignment algorithm. The main
contributions of this work can be summarized as follows:

– To the best of our knowledge, we are the first to study crowdsensing task
assignment mechanism which assumes that each user has a time budget and
aims at maximizing the task completion rate.

– We design a near-optimal task assignment algorithm, which based on LP relax-
ation and greedy techniques.

2 Problem Model

In this section, we will introduce the crowdsensing system model and the optimal
task assignment problem we studied in this paper.

2.1 Crowdsensing System Model

We study a mobile sensing system, which is composed of a mobile sensing plat-
form and a set of smartphone users. In our model, the platform will assign the
sensing tasks to the smartphone users, and the users will be paid accordingly
after finishing their tasks. For instance, if some application providers are willing
to draw the noise map of a city, the sensing platform will assign the tasks of
collecting noise to the smartphone users. Each selected user need to collect noise
data from a certain number of monitoring points and submit the sensing data
to the platform. In this work, we assume that each task can only be assigned
to one user, and leave the case that one task can be accomplished by multiple
users as our further work.

Our task assignment mechanism runs periodically. In each round, we
assume that there exist m tasks in the platform, which are in the set T =
{t1, t2, t3, ..., tm}. Each task tj(j ∈ [1,m]) can be denoted as tj = {Lj , dj},
where Lj is the location of tj and dj is the detailed description of tj . After
reading the description of tasks, there are n smartphone users want to join in
the tasks. We use U = {u1, u2, u3, ..., un} to denote the set of smartphone users.
Each user ui ∈ U will submit the sensing plan to the platform. The sensing
plan of each ui can be described as si = {Li, ri, time budgeti, bi}, where Li is
the geographical location of ui, ri is the acting radius of ui, time budgeti is the



An Efficient Task Assignment Mechanism for Crowdsensing Systems 17

upper bound of ui’s working time duration, and bi is the per-unit time bid of
ui for completing the tasks. Usually, people only want to do the tasks nearby.
Thus, we assume that each user only wants to do the tasks that are located in
the circle within the geographical location Li as the center and ri as the radius.
Moreover, we also consider the time budget of each user, which is not considered
in most of the previous studies. Thus, the total working time of ui is defined as
the time consuming for achieving all the tasks that assigned to ui, which should
not exceed time budgeti.

2.2 The Optimal Task Assignment Problem

In general, the more tasks are accomplished, the better performance of the crowd-
sensing system can get. Therefore, in this work, maximizing the accomplished
tasks is the optimal object during the task assignment procedure. The so-called
optimal task assignment problem is aiming at maximizing the number of the
tasks accomplished, which can be represented as max

∑
tj∈T xj . Here, xj = 1

denotes that tj is assigned to user, and xj = 0 means that tj is not assigned
to any smartphone user. To assign tasks to users optimally, we first introduce a
variable ci,j to indicate whether tj is within ui’s activity range. If tj is within
ui’s activity range, tj can be assigned to ui and we set ci,j = 1; otherwise, tj
cannot be assigned to ui and we set ci,j = 0. Further, we use a binary variable
xi,j = {0, 1} to denote whether tj is assigned to user ui or not. According to the
constraints mentioned above, we can conclude that xi,j should be no more than
ci,j (i.e. xi,j ≤ ci,j). From the relationship between xj and xi,j , its easy to get
that xj =

∑
ui∈U xi,j .

Then, we use timei,j to denote the consumption time that ui requires to
achieve the task tj . Note that timei,j includes the time of ui arrives to the
required location of tj from Li, the required time to accomplish tj , and the
time return to Li from tj . In our model, we assume that each user has a time
budget. Thus, we will ensure that all the tasks that assigned to ui satisfies∑

tj∈T xi,jtimei,j ≤ time budgeti in the proposed task assignment mechanism.
Since

∑
tj∈T xi,jtimei,j is the upper bound of time for ui to finish all the tasks

that assigned to it, the time budget of each user will not be violated.
Finally, we use pi to represent the payment of ui after the smartphone

user i accomplishes all the assigned tasks. In this work, we assume that
pi =

∑
tj∈T xi,jtimei,j . We further assume that the platform has a general bud-

get constraint B in terms of the task assignment plan, so the total payment of
users can not exceed B, which should satisfy the constraint

∑
ui∈U pi ≤ B.

According to the analysis above, the optimal task assignment problem studied
in this work can be described as an integer problem (IP(1)):

max g(x) =
∑

tj∈T

xj ,
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subject to ⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

xi,j ≤ ci,j ,∀i,∀j

xj =
∑

ui∈U xi,j ,∀j
∑

tj∈T xi,jtimei,j ≤ time budgeti,∀i
∑

ui∈U (bi · ∑
tj∈T xi,jtimei,j) ≤ B

xj = {0, 1},∀j

xi,j = {0, 1},∀i,∀j

We can prove that the proposed IP(1) is NP-hard.

Theorem 1 : The optimal task assignment problem studied in this paper is NP-
hard.

Proof : Consider a simple situation where there is only one user. In this case, the
problem we studied can be viewed as a 0–1 knapsack problem, where the time
that the user consumes to accomplish tasks can be viewed as the weight of goods
in 0–1 knapsack problem, the volume of the knapsack is the time budget of this
user and the value of goods in 0–1 knapsack problem are all equal to one unit
in our problem. Since the 0–1 knapsack problem is a typical NP-hard problem,
the optimal task assignment problem studied in this paper is NP-hard.

As is known to all, there exists a PTAS (Polynomial-time approximation
scheme) mechanism based on dynamic programming to solve the 0–1 knapsack
problem. However, this mechanism can only be used in the case that there is
one user. For the case that there exist multiple users, we need to design other
mechanism to solve the NP-hard problem we studied in this paper.

3 Approximation Task Assignment Mechanism

To tackle this NP-hardness we studied, we adopt the linear programming (LP)
relaxation technique to design a near optimal task assignment mechanism in this
section. In the following, we will give the details of the proposed mechanism.

3.1 The Relaxation of IP(1)

We first relax IP(1) to linear programming LP(2) by replacing xi,j = {0, 1} with
0 ≤ xi,j ≤ 1, and replace xj = {0, 1} with 0 ≤ xj ≤ 1. Then, the optimal
task assignment problem is reformulated as the following relaxed LP problem
(LP(2)):

max g(x) =
∑

tj∈T

xj ,
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subject to ⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

xi,j ≤ ci,j ,∀i,∀j

xj =
∑

ui∈U xi,j ,∀j
∑

tj∈T xi,jtimei,j ≤ time budgeti,∀i
∑

ui∈U (bi · ∑
tj∈T xi,jtimei,j) ≤ B

0 ≤ xj ≤ 1,∀j

0 ≤ xi,j ≤ 1,∀i,∀j

The relaxed problem LP(2) has a polynomial number of variables and con-
straints, thus it can be solved optimally in polynomial time. Assume that the
optimal solution of LP(2) is OLP , the optimal solution of IP(1) is OIP and FIP

is a feasible solution of IP(1). Obviously, we can get OLP in polynomial time by
solving LP(2) optimally. However, either xi,j or xj should be equal to 0 or 1 in
the task assignment model, which means a value between 0 to 1 is meaningless.
Thus, OLP is often not a feasible solution of IP(1). To solve this problem, we
need to design a mechanism to convert the OLP to a feasible solution of IP(1).

3.2 A Near-Optimal Solution for the Optimal Task Assignment
Problem

To convert OLP to a feasible solution of IP(1), we need to select the allocation
relationships which satisfy 0 < xi,j < 1 in OLP , and set them equal to 1. In this
work, we propose a greedy-like mechanism, which is described in Algorithm 1.

During the process of assigning the tasks, the platform applies Algorithm
1. Before applying it, we have already had the optimal solution of linear pro-
gramming OLP , the set of users sensing plans S, the set of tasks T released by
the platform, the budget constraint B of the platform. First, we introduce a
variable B′, whose original value is B′ = 0, to represent the actual payment of
the platform. We introduce a variable t′i for each user ui, whose original value
t′i = 0, to represent ui’s actual working time. At the beginning, we sort all the
xi,j ∈ OLP in descending order. When xi,j was scanned, we decide first whether
tj has been assigned to users, then whether the actual working time that ui

consumed is within the upper time limit time budgeti if we assign tj to ui, and
finally whether the actual payment of the platform is no more than the budget
constraint B if we assign tj to ui. If the above three conditions are all met at
the same time, we will assign tj to ui, which means sets xf

i,j = 1 and updates
the value of B′ and t′i. Otherwise, we set xf

i,j = 0. Then we decide the next one
xi,j in the ordered list. We repeat the process again and again until all the xf

i,j

has been decided. At last, we output the set FIP = {xf
i,j}ui∈U,tj∈T . The value

correspondent to the set FIP is the final result of our winner determination
mechanism.
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Algorithm 1. Approximation task assignment mechanism
Input: the optimal solution of LP(2): OLP , the sensing plan of users S = {si}i≤n, the

set of tasks T , the budget B;
Output: the feasible solution of IP(1): FIP ;
1: Set B′ = 0;
2: for each ti ∈ T do
3: Set x′

j = 0;
4: for each si ∈ S do
5: Set time′

i = 0;
6: Sort all the xi,j ∈ OLP in descending order;
7: for each xi,j in the sorted list do
8: if x′

j < 1 then
9: if time′

i + timei,j ≤ time budgeti then
10: if B′ + bitimei,j ≤ B then
11: Set xf

i,j = 1;
12: Set x′

j = 1;
13: Set B′ = B′ + bi ∗ timei,j ;
14: Set time′

i = time′
i + timei,j ;

15: if xi,j < 1 then
16: Set xf

i,j = 0;

17: return FIP = {xf
i,j}ui∈U,tj∈T ;

4 Simulation Results and Analysis

In this section, we will provide the results of simulation experiment of the pro-
posed algorithm, thus to analyze and verify its practical performances. Since the
target of our mechanism is to maximize the task completion rate, we will give
the formal definition first.

Task completion rate: We define the task completion rate as the ratio between
the number of tasks that assigned to users and the total number of tasks that
supplied by the platform (i.e. η =

∑
tj∈T xj/n).

In the simulation, we assume that the tasks and users are located in a
200 ∗ 200 area. In our model, we assume that timei,j includes the time of ui

reaches tj from Li, to accomplish tj , and return to Li from tj . Thus, we set that
the completion time that ui accomplish tj is (which does not include the time
that users consume to reach tj and return to Li from tj) uniformly distributed in
the range of [1/3, 1/2], and the moving speed of users are uniformly distributed
in the range of [40, 50]. Suppose for each user in the set, the working time, radius
and per unit time bid are uniformly distributed in the range of [6, 8], [25, 35] and
[35, 50] respectively. Finally, all the results are the average value of data from
2000 independent experiments. Meanwhile, in order to testify the stability of the
algorithm, we respectively conduct our experiments in uniform distribution and
hot spot distribution according to the distribution of the users.

Uniform distribution model: In this model, all the geographical location of tasks
and users are uniformly distributed in a 200 ∗ 200 area.
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Hot spot distribution model: In this model, the geographical location of tasks
are uniformly distributed in a 200 ∗ 200 area, the geographical location of 90%
users are uniformly distributed in a 16 ∗ 16 square hot spot area, and 10% users
are located uniformly in other area.

Fig. 1. The relationship between the task completion rate and the budget constraint
under uniform distribution

Fig. 2. The relationship between the task completion rate and the budget constraint
under hot spot distribution

Figures 1 and 2 show the relationship between task completion rates and the
budget constraint of the platform when the number of users is 50, 60, and 90
in uniform and hot spot distribution. Apparently, with the budget constraint
increasing, the task completion rate first increase and then level off. This is
mainly because the platform has no enough money to pay the users who are
willing to do the tasks when the budget constraint is relatively low. Thus, larger
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budget means the platform can assign more tasks to users in this case, the
number of the accomplished tasks increase with the increasing of the budget
constraint. Due to each user has a time budget, the platform only can assign
limit tasks to each user. Thus, the task completion rate will not increase with
the budget constraint when there are no user can be assign more tasks, and the
task completion rate curve will level off. Obviously, more user can do more tasks
when the budget is larger enough, thus the task completion rates should increase
with the increasing number of the users, which is confirmed by Figs. 1 and 2.

5 Related Work

In recent years, many state-of-art studies on crowdsensing systems have been
proposed [3,4,11,15–19]. For example, [16] and [17] are making effort on road
traffic monitoring. In [4], the authors proposed a crowdsensing based street holes
detection system by letting users share vibration and location information cap-
tured by smartphones.

Task assignment mechanism is critical in crowdsensing system design, which
determines whether a crowdsensing system can achieve good service quality.
Recent years, the optimal crowdsensing task assignment problem has been widely
studied and many efficient mechanisms have been proposed. For instance, Zhao
et al. designed an online mechanism for tasks allocation with consideration of
budget constraint [22]. In [5], Feng et al. proposed two allocation mechanisms
for mobile crowdsensing system in two different scenarios with consideration of
uncertain arrivals of tasks, strategic behaviors. In [23], Zhao et al. proposed two
fair energy-efficient approximation algorithms for allocating tasks optimally in
crowdsensing systems. In [13], an allocation mechanism based on all-pay auctions
is studied, which aims at attracting more users’ participation while maximizing
the organizer’s profit. In [1], the authors proposed an online model to efficiently
decide the most appropriate set of users to achieve the incoming tasks. Many
tasks of the crowdsensing systems are location dependent, thus the users need
to spend a certain amount of time to travel around when they finish the tasks.
In practice, many users only have limited times to achieve the tasks. However,
the time budget of users is only considered in [6]. Even in [6], the authors viewed
the time budget of users as distance budget, which is not very reasonable. Thus,
we will solve this challenge in this work and propose an efficient task assignment
mechanism.

6 Conclusion

In this paper, we propose a near-optimal crowdsensing task assignment mecha-
nism, that consider the time budget of users, support assigning multi-tasks to
each user in each round of assignment and maximizes the task completion rate.
Compared with the existing studies, the crowdsensing system model studied in
this paper is more practical and efficient. The detailed experimental results show
that our task assignment mechanism has good performance.
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