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Abstract—Crowdsensing offers an efﬁcient approach to meet
the demand in large scale sensing applications. In crowdsensing,
it is of great interest to ﬁnd the optimal task allocation, which
is challenging since sensing tasks with different requirements of
quality of sensing are typically associated with speciﬁc locations
and mobile users are constrained by time budgets. We show
that the allocation problem is NP hard. We then focus on approximation algorithms, and devise an efﬁcient local ratio based
algorithm (LRBA). Our analysis shows that the approximation
ratio of the aggregate rewards obtained by the optimal allocation
to those by LRBA is 5. This reveals that LRBA is efﬁcient, since
a lower (but not tight) bound on the approximation ratio is 4.
We also discuss about how to decide the fair prices of sensing
tasks to provide incentives since mobile users tend to decline
the tasks with low incentives. We design a pricing mechanism
based on bargaining theory, in which the price of each task is
determined by the performing cost and market demand (i.e.,
the number of mobile users who intend to perform the task).
Extensive simulation results are provided to demonstrate the
advantages of our proposed scheme.
Index Terms—Crowdsensing Applications, Location Dependent
Task Allocation, Approximation Ratio

I. I NTRODUCTION
Thanks to the technological advances, small-sized portable
mobile devices are becoming extremely prevailing nowadays.
Well-known examples include tablet computer (e.g., iPad),
smartphone (e.g., Google Nexus), etc. These pocket-sized mobile devices are also typically integrated with a set of sensors
(e.g., camera, light sensor, chemical sensor and GPS). Other
types of sensors, such as health measuring and environment
monitoring sensors, are currently being developed, and are
expected to be available in mobile devices in the near future
[1]. Such diverse sensors provide a high volume of data about
the environment, human society and individuals. This, along
with the dramatic proliferation of mobile devices, accelerates
the emergence of crowdsensing applications [2]–[5].
Roughly speaking, crowdsensing refers to leveraging the
power of large crowd to complete the tasks of large scale
sensing applications at a lower cost. This, however, calls for
an interface system which allows mobile users to participate
in the applications and to perform the sensing tasks. There
has been much attention paid to build up such an interface
system that enables a speciﬁc crowdsensing application. Dutta
et al. [6], for example, proposed a system, named Common
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Sense, to measure the air quality of a city. In this, people move
around the city carrying mobile devices that are integrated
with a set of chemical sensors, such as carbon monoxide. The
data about air quality levels and their associated locations are
measured during the movement, and are uploaded to a backend
cloud. They are then fused and visualized. Common Sense
provides a dynamic and ﬁne-grained air quality level of the
whole city. This, without the involvement of the crowd, would
be costly and even be impossible to achieve. Other similar
systems have been proposed to make crowdsensing possible
for other environmental, infrastructural and social applications
[7]–[12].
While many existing works have demonstrated the advantages of crowdsensing for a speciﬁc sensing application, it
would be more interesting and economical to build a uniﬁed
platform for a variety of applications, considering that systems
for many sensing applications bear strong similarity. Notably,
Ra et al. [13] proposed a programable uniﬁed platform,
referred to as Medusa. A prominent characteristic of Medusa
is that it provides an incentive-based mechanism, where monetary incentives are offered to guarantee the quality of sensing.
With an incentive-based uniﬁed platform, anyone who has
sensing application demand can publish it in the platform, and
also anyone who wants to participate for incentive reward can
claim a list of interested sensing tasks.
Clearly, the uniﬁed platform brings down the implementation cost, and enables easy management. Nevertheless, it
also engenders some challenging issues. One of them is the
efﬁcient allocation of sensing tasks, which is fundamentally
different from general allocation problems due to the unique
requirements of sensing tasks and mobile users. To elaborate,
in most crowdsensing applications, each sensing task has to be
performed at a speciﬁc location, e.g., measure the air quality
at a given location. Therefore, it takes a certain amount of
time for a mobile user to travel around in order to perform
the allocated tasks. Since each mobile user has a limited time
budget each day, he or she has limited capacity in performing
the sensing tasks. Moreover, in general it is difﬁcult to know
how sincerely each mobile user would perform the tasks, and
thus it is difﬁcult to guarantee the quality of sensing.
In this paper, we take the ﬁrst attempt to explore the
task allocation problem by taking into account the above
two unique requirements that bring up new challenges. First,
the total traveling time to perform a set of sensing tasks
depends on both the locations of mobile users and the locations
of sensing tasks. A small change in the allocated set of

sensing tasks may cause a prominent change in total traveling
time, making it extremely difﬁcult to satisfy the time budget
constraint for each mobile user. Second, multiple mobile users
may need to be coordinated to perform the same sensing
task, so as to provide the required quality of sensing. Further,
complementary to the task allocation, we discuss on how to
design a fair and efﬁcient pricing mechanism for both mobile
users and the platform to reach an agreement on the price of
each sensing task. Our contributions are three folds.
• We study the problem of allocating location dependent tasks, by taking into account both the geographical
characteristics of sensing tasks and the spatial movement
constraints of mobile users. We mathematically formulate
this problem, and show that the formulated problem is NP
hard.
• We design an efﬁcient approximation algorithm, namely
local ratio based algorithm (LRBA), to solve the proposed
allocation problem. LRBA decomposes the problem into
several subproblems by modifying the reward function
at each iteration, and it is thus easy to implement. We
analyze the performance of LRBA, i.e., the approximate
ratio of the aggregate rewards obtained by the optimal to
those by LRBA, and show that LRBA is a 5−approximate
algorithm. Note that a lower but not tight bound on the
approximate ratio is 4. Hence, LRBA achieves reasonable
worse-case performance.
• We design a pricing mechanism based on bargaining
theory, for both the platform and mobile users to reach
an agreement on the prices of sensing tasks. The price
of each task is determined by the performing cost and
market demand (i.e., the number of mobile users who
intend to perform the task). The lower the performing
cost or the higher the market demand, the lower the price,
which is consistent with the realistic market.
The rest of the paper is organized as follows. We present
the system model in Sec. II. We devise an efﬁcient algorithm
LRBA in Sec. III to solve the task allocation problem and
theoretically investigate the worse-case performance of LRBA
in Sec. IV. We discuss how to design an efﬁcient pricing
mechanism in Sec. V. We provide simulation results in Sec. VI
to demonstrate the performance of LRBA and discuss the
related work on crowdsensing in Sec. VII. We conclude our
work in Sec. VIII.
II. P ROBLEM FORMULATION
We consider a crowdsensing platform, via which different
sensing tasks can be performed by leveraging the power
of the crowd 1 . Due to economic or geographical reasons,
individuals with sensing tasks can publish their tasks in the
platform and offer some incentives for those who complete
these tasks. Available mobile users can register and claim for
a list of interested tasks to perform. We denote the collection
of registered mobile users by U = {u1 , u1 , · · · , un }, and the
set of published sensing tasks by T = {t1 , t2 , · · · , tm }.
1 Please

refer to [13] for the implementation of such a platform.

Typically, sensing tasks are location dependent, i.e., each
sensing task tj is associated with a speciﬁc location Ptj .
For example, sensing data about air quality level or trafﬁc
condition have to be measured at some selected locations. We
include the geographical characteristic of sensing tasks, since
mobile users have to travel to the locations associated with
the tasks. Denote by Pui the original location of each user ui
at the beginning of task performing. Let Ti denote the set of
tasks that the platform assigns to user ui . To complete multiple
tasks, each user has to travel from its current location Pui to
visit each Ptj , tj ∈ Ti . Denote by P(Ti ) the shortest path that
starts at Pui and connects all points in Ti . The total time that
each user ui spends for the sensing tasks Ti is dominated by
the total length of Pui , denoted by D(P(Ti )). It is reasonable
to assume that each user ui has a time budget for performing
tasks, which corresponds to a traveling distance budget Bi .
To guarantee the quality of sensing of each task tj , sensing
redundancy is necessary in many applications, e.g., multiple measurements of air quality can be fused to reduce
the measurement error. Assume that each task tj needs lj
independent sensing measurements to guarantee quality of
sensing, where lj depends on the sensing requirement of task
tj . For simplicity, sensing measurements for the same task
from different mobile users can be viewed as a set of new
sensing tasks associated with the same locations. The only
difference is that each mobile user can perform at most one
task from the set.

Let Rij = rij
− rij denote the net reward when user ui

performs task tj , where rij
is the reward that the platform
will receive and rij is the price that the platform has to pay to
user ui 2 . For convenience, we introduce the decision variables
xij , ui ∈ U , tj ∈ T : xij = 1 if the platform assigns task
tj to user ui ; xij = 0 otherwise. Then Ti can be obtained
as Ti = {tj |xij = 1, vj ∈ T }. The problem of maximizing
rewards of the platform (MRP) can be formulated as follows:
 
M RP : max g(x) =
Rij xij
ui ∈U tj ∈T

s.t.

⎧ 
⎪
⎨ u ∈U xij ≤ lj , tj ∈ T .
i

D(P(Ti )) ≤ Bi , ui ∈ U .
⎪
⎩
xij = {0, 1}, ui ∈ U , tj ∈ T .
In MRP, the second inequality is used to ensure that each
mobile user’s traveling distance
budget is not violated.
In the


ﬁrst inequality, we adopt
xij ≤ lj instead of
xij = lj
ui ∈U

ui ∈U

since we consider a maximization problem and there are large
number of mobile users in the system.
III. A LLOCATING S ENSING TASKS
In this section, we will ﬁrst discuss about the hardness
of MRP and introduce the notion of Local Ratio [14], [15].
Then we elaborate on the local ratio based algorithm (LRBA)
design and give an example to show how LRBA works.
The theoretical analysis about the performance of LRBA is
performed in the next section.
2 We

will discuss how to decide price rij in Sec. V.

A. The hardness of MRP
In this subsection, we will show that MRP is an NP hard
problem. To this end, we try to degenerate MRP to a special
case where there is only one mobile user ui . In this case, we
can model the system as a complete graph G(Vi , Ei ), where
Vi = ui ∪T and Ei denotes the edges between any two vertices
in Vi . The weight of each edge ekk represents the distance
between vertices k and k  (k and k  can be either ui or a
point from T ). For each vertex k satisfying k ∈ T , its reward
is Rik , and the reward of vertex ui equals to 0. The goal is to
ﬁnd a path P originated at ui with total length no more than
Bi , such that the total rewards gained from the vertices in the
path P is maximized. According to [14], we know the special
case of MRP is an orienteering problem, which is known to
be NP hard. We have the following result.
Theorem 1: MRP is NP hard.
Proof: Let |U| = 1. As aforementioned, MRP is degenerated to an orienteering problem. If MRP can be solved in
polynomial time, then so does orienteering problem, which is
a contradiction.
Since MRP is NP hard, we focus on approximation algorithms. We note that MRP is not a team orienteering problem
though its special case for each mobile user can be reduced
to an orienteering problem. There are mainly two differences:
1) in a team orienteering problem, the reward gained at each
vertex k is the same, while in MRP, different mobile users
can gain different rewards for different vertices; 2) in a team
orienteering problem, each vertex can only be visited once
while in MRP multiple visits are allowed. Therefore, MRP
can not be solved by existing algorithms designed for team
orienteering problem.
In the rest of this work, we focus on a constrained integer
maximization problem, which comprises of an objective function ϕ(·) and a feasible set C. We will use (C, ϕ(·)) or ϕ(·)
when there is no confusion, to represent a constrained integer
maximization problem.
B. Local Ratio and the outline of LRBA
We begin with introducing the deﬁnition of γ-approximate
algorithm and γ-approximate solution.
Deﬁnition 1: An algorithm for a maximization problem
(C, ϕ(·)) is a γ-approximate algorithm if the solution x that it
obtains satisﬁes γϕ(x) ≥ ϕ(x∗ ) for any instance, where x∗
is the optimal solution. x is referred to as a γ-approximate
solution of (C, ϕ(·)).
The optimal solution of an integer maximization problem
depends on the feasible set C and the objective function
ϕ(·). The following local ratio theorem discusses about the
relationships among solutions for different objective functions
when C remains the same.
Theorem 2 (Local Ratio [15]): Let ϕ(·), ϕ1 (·), ϕ2 (·), · · · ,
ϕN (·), are N + 1 objective functions satisfying ϕ(·) =
ϕ1 (·) + ϕ2 (·) + · · · + ϕN (·). If x is a γ-approximate solution
of (C, ϕi (·)), i = 1, 2, · · · , N , then x is also a γ-approximate
solution of (C, ϕ(·)).

Local ratio theorem provides an approach to decompose
a complex problem (C, ϕ(·)) into several simple subproblems (C, ϕ
i (·)).
Note that the reward function of MRP, i.e.,
g(x) =
Rij xij , is a linear function of xij , and can
ui ∈U tj ∈T

be characterized by the reward Rij , ui ∈ U, tj ∈ T . We can
also deﬁne another reward function by modifying the reward
Rij , e.g.,
 

g1 (x) =
Rij
xij ,
ui ∈U tj ∈T

where
let


Rij


= Rij for i = 1 and Rij
= 0 for i = 1. Similarly,
 

g2 (x) =
Rij
xij ,
ui ∈U tj ∈T


Rij


= Rij for i = 1 and Rij
= 0 for i = 1. Obviously,
where
we have g(x) = g1 (x) + g2 (x). We still denote by C the
feasible set of MRP. Note that (C, g1 (x)) is actually the orienteering problem associated with mobile user u1 . Repeating
the process iteratively, we can decompose the original MRP
problem into n orienteering subproblems. The challenge lies
in how to decide each gi (x) such that the resultant solution
x is an approximate solution to each subproblem (C, gi (·)).
Our LRBA is inspired by existing works [15], [16]. Before
we elaborate LRBA in the next subsection, we ﬁrst give an
outline of LRBA in the following.
1) Transforming the original MRP problem. For each sensing task tj , which requires lj measurements of sensing
data from different users, we regard each copy for a
measurement as an independent sensing task associated
with the same location Ptj and reward Rij . We thus
obtain a new MRP problem (F, f (y)).
2) Solving the orienteering problem of each mobile user
forwards. For the new MRP problem, from mobile user
u1 to un , solve the orienteering problem of each user
ui (denote the results by Oi ), and then determine the
reward function fi (y) iteratively (see Sec. III-C)) such
that

f (y) = f1 (y) + fn−1 (y) + · · · + fn (y).
3) Reﬁning the ﬁnal assignment backwards. From user un
to u1 , assign sensing tasks (denoted by Si ) to each user
ui according to the results Oi . The sensing tasks that
have been allocated earlier will be excluded, i.e., Si =
Oi \ ∪nk=i+1 Sk .
C. A detailed description of LRBA
1) Transforming the original MRP problem. In the original
MRP problem, each sensing task can be allocated to lj users to
guarantee the quality of sensing, which increases the problem
complexity. In LRBA, each sensing task tj is further divided
into lj independent sensing tasks, all of which are associated
with the same location Ptj . We denote the new sensing tasks
by tjk , j =
1, 2, · · · , m, k = 1, 2, · · · , lj . Hence, we have in
m
total m = j=1 lj sensing tasks, and each new sensing task
can be allocated to at most one user. The platform can gain

a reward cijk if user ui is assigned to perform the sensing
task tjk , where cijk = Rij for all k = 1, 2, · · · , lj . For easy
presentation, we will refer to cijk as the reward of (i, j, k).
To give a formal formulation, we introduce decision variables
yijk : yijk = 1 if the platform assigns task tjk to user ui ,
i = 1, 2, · · · , n, j = 1, 2, · · · , m, k = 1, 2, · · · , lj ; yijk = 0
otherwise. Given a feasible solution y, let Ti = {tjk |yijk =
1, j = 1, 2, · · · , m, k = 1, 2, · · · , lj }, i.e, Ti is the set of
sensing tasks allocated to user ui . We have the new MRP
problem as follows.

N-MRP : f (y) = max

lj
m 


cijk yijk

ui ∈U j=1 k=1

⎧ 
yijk ≤ 1, j = 1, 2, · · · , m, k = 1, 2, · · · , lj ,
⎪
⎪
⎪
ui ∈U
⎪
⎪
lj
⎨ 
yijk ≤ 1, ui ∈ U , j = 1, 2, · · · , m,
s.t.
⎪
k=1
⎪
⎪

⎪
⎪
⎩ D(P(Ti )) ≤ Bi , ui ∈ U ,
yijk = {0, 1},
where the second constraint requires that each user can at most
perform one sensing task from set {tjk |k = 1, 2, · · · , lj }. Let
F to denote the feasible solution of N-MRP. The new MRP
problem can be expressed as (F, f (y)).
2) Solving the orienteering problem of each user forwards.
Now we adopt local ratio to solve the new MRP problem iteratively. Since we will modify the reward (objective) function in

each iteration, we use subscript fI−1
(y) to denote the reward
function at the beginning of iteration I, and fI (y) the modiﬁed
reward function at iteration I. Accordingly, we denote
the
(I−1)

reward of (i, j, k) associated with fI−1
(y) by cijk , and the
(I)
reward of (i, j, k) associated with fI (y) by cijk at iteration I.
Initially, the reward function is
f0 (y) = f (y) =

lj
m 

ui ∈U j=1 k=1

(0)

cijk yijk ,

(0)
cijk

where
= cijk . In each iteration I, we ﬁrst select m
sensing tasks from total m sensing tasks in the following
way: for each j, ﬁnd the task tjkj , such that
kj = arg

max

k=1,2,··· ,lj

(I−1)

cIjk

.

Denote the selected sensing tasks by T (I) . Then solve the
orienteering problem associated with user uI , which can be
similarly modeled as in Sec. III-A by a graph GI (VI , EI ).
Hereby, VI = uI ∪ T (I) , EI denotes all the edges connecting
any two vertices in VI and the weight of any edge in EI
is the distance of its two end vertices. Vertex uI is the root
(I−1)
vertex and its reward is 0. The reward of vertex tjkj is cIjkj .
Denote by OI the assignment of sensing tasks to user uI that
is obtained by an algorithm of orienteering problem.
We now proceed to deﬁne a new reward function fI (y) at

iteration I,
fI (y) =

lj
m 

ui ∈U j=1 k=1

(I)

cijk yijk ,

(I)

where cijk is given by

(I−1)
(I)
cIjk , if i = I, or i > I, and tjk ∈ OI
cijk =
0, otherwise.

(1)


(y) − fI (y), i.e., the reward of (i, j, k)
Then let fI (y) = fI−1
(I)
(I−1)
(I)

− cijk . The process
in fI (y) is given by cijk = cijk

terminates when I = m or fI (y) = 0. Note that when
(I)
(I−1)
I = m, it is obvious that cijk = cijk , which leads to

fn−1
(y) = fn (y) and fn (y) = 0.
3) Reﬁning the ﬁnal assignment backwards. Note that in
the second process, each sensing task tjk may be allocated to
multiple users at different iterations. In this step, LRBA tries to
reﬁne
the ﬁnal assignment based on the results of step
2). As
(I)
(I−1)
(I)
(I)
cijk = cijk − cijk , the value of each reward cijk decreases
(I)

with the increase of iteration I. Task tjk with cijk < 0 will
never be selected in the orienteering problem. In step 2), if
task tjk selected by the algorithm of orienteering problem at
iteration I1 is selected again at iteration I2 , I2 > I1 , this means
(I −1)
the original cI2 jk is high since cI22jk is relatively high such
that tjk is selected by the algorithm of orienteering problem
at iteration I2 . Hence, assigning task tij to I2 may be more
beneﬁcial than the case when assigning task tjk to I1 . In view
of this, the step 3) reﬁnes the ﬁnal sensing task assignment
backwards, i.e., allocate sensing tasks to users from un to
u1 . Denote the ﬁnal task assignment of user I by SI . At the
iteration I, for each sensing task tjk ∈ OI , if it has been
allocated to user uI  , I  > I, then it will be excluded from
SI , i.e., SI = OI \ ∪nk=I+1 Sk . The ﬁnal task assignment then
is S = {S1 , S2 , · · · , Sn }.
D. An illustrative example
In this subsection, we give a simple example to illustrate
how LRBA works.
We set n = 3, m = 4, and lj = 3, ∀ j = 1, 2, 3, 4. The
locations of 3 users and 4 sensing tasks are randomly selected
on an area of 15m × 15m, as illustrated in Fig. 1(a). The
budget Bi of each user i is set randomly from [10, 20], and
the reward Rij is set randomly from [3, 6]. As lj = 3, LRBA
ﬁrst transforms the original MRP into N-MRP. We illustrate
the reward cijk of function f (y) of N-MRP in Fig. 1(b),
where each sensing task tj is divided into 3 independent tasks
tjk , k = 1, 2, 3, each having the same reward as tj .
At the second step, the LRBA allocates sensing tasks to
each user iteratively from 1 to 4. When allocating tasks to
user 1, LRBA ﬁrst chooses the tasks t11 , t21 , t31 and t41 as
tjk , k = 1, 2, 3, have the same reward for each j, and we
choose the task with smaller k. Then LRBA adopts algorithm
of orienteering problem to allocate tasks {t31 , t21 , t11 } to user
1, as illustrated in Fig. 1(a) by the red arrow starting from user
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An illustration of LRBA.

1. After the allocation of tasks to user 1, LRBA can thus decide
the reward function f1 (y), i.e.,
⎧ (1)
⎪
⎨ c1jk = c1jk , j = 1, 2, 3, 4, k = 1, 2, 3
(1)
(2)
cij1 = c1j1 , j = 1, 2, 3, i = 2, 3
⎪
⎩ (1)
cijk = 0, otherwise,
(1)








Fig. 1.
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which is shown in Fig. 1-(1). In the above Eq. (2), c1jk = c1jk
(1)
for user u1 , and cij1 = c1j1 for j = 1, 2, 3, i = 2, 3, as
{t11 , t21 , t31 } is selected by the algorithm of orienteering
problem for user u1 . With reward function f1 (y), we can have
function f1 (y) = f (y) − f1 (y). Similarly, LRBA allocates
sensing tasks {t41 , t12 , t22 } to user 2 and {t23 , t13 , t42 } to
user 3. The reward functions f2 (y) and f3 (y) are illustrated
in Fig. 1-(2) and Fig. 1-(3), respectively. Note that f (y) =
f1 (y) + f2 (y) + f3 (y).
At the third step, LRBA reﬁnes the allocation backwards. In
this example, no task tjk is allocated to more than one users.
Hence, LRBA does nothing. The allocation in the second step
is the ﬁnal allocation for all users. If tjk is allocated to user
2 and 3 in the second step, LRBA only allocates tjk to user
3 in the third step.

IV. T HEORETICAL ANALYSIS
In this section, we investigate the theoretical performance
of LRBA, and show that LRBA is a 5-approximate algorithm
to MRP. We begin with introducing some useful Lemmas.
Lemma 1: S is a feasible solution of N-MRP.
Proof: From step 2), a user ui can be assigned with at
most one sensing task from {tjk , k = 1, 2, · · · , lj } for a ﬁxed
j. By adopting an existing orienteering algorithm, Oi satisﬁes
the traveling distance budget, and so does Si ⊆ Oi (since
Euclidian distance metric satisﬁes triangle inequality). From
step 3), each sensing task can be allocated to at most one
user. Therefore, S is a feasible solution of N-MRP.
In the step 1), we transform MRP to N-MRP. The following
result shows MRP and N-MRP are essentially equivalent.
Lemma 2: For any feasible solution x of MRP (C, g(x)),
we can ﬁnd a corresponding feasible solution y of N-MRP
(F, f (y)) such that f (y) = g(x); and vice verse.
Proof: Let Uj = {ui |xij = 1}, i.e., the set of users
that are assigned to perform sensing task tj . Sort Uj in an
increasing order according to their ID. Let ki be the order
of user ui in the sorted set Uj . For any feasible x, set y as
follows: for each sensing task tj , if ui ∈ Uj , let yijki = xij ,

otherwise yijk = 0, k = 1, 2, · · · , lj . It is obvious that
y is a feasible solution of N-MRP. In addition, we have
lj
lj


yijk = xij , which is because
yijk = 1 = xij if
k=1

ui ∈ Uj and

k=1

lj


yijk = 0 = xij if ui ∈
/ Uj . Note that

k=1

cijk = Rij , ∀ k = 1, 2, · · · , lj . We obtain that
lj
m 


f (y) =

cijk yijk =

ui ∈U j=1 k=1

m


Rij xij = g(x).

ui ∈U j=1

For any feasible solution y of N-MRP, let xij =

lj

k=1

yijk .

In a similar way, we can show that x is a feasible solution of
MRP and f (y) = g(x), which completes the proof.
Consider a speciﬁc case of N-MRP problem when there is
only one mobile user uI , which is expressed by
N − M RPI : max

lj
m 


(I−1)

cIjk

yIjk

j=1 k=1

⎧ l
j

⎪
⎪
⎨
yIjk ≤ 1, j = 1, 2, · · · , m.
⎪
⎪
⎩

k=1

≤ BI .
= {0, 1}.

(I−1)

(I−1)

≥ cIjk

. This is true since from the selection

(I−1)

(I−1)

of T (I) , cIjkj

has the largest value among all cIjk
lj

∗
1, 2, · · · , lj . Since
yIjk
≤ 1, we have

,k =

k=1

lj
m 


(I−1) ∗
yIjk

cIjk

≤

j=1 k=1

m

j=1

(I−1)

max cIjk
k

=

m


(I−1)

cIjkj ,

j=1

from which it is easy to conclude that N-MRPI has the same
maximum total rewards as that of OPI . Denote by β the
approximate ratio of an existing algorithm for the orienteering
problem. Hence, as OI is a β-approximate solution of OPI , it
is also a β-approximate solution of N-MRPI .
Lemma 3: For the reward functions in the step 2), we have
f (y) = f1 (y) + f2 (y) + · · · + fn−1 (y) + fn (y).
Proof: From step 2), we have
f1 (y)

=

···

=
=

f1 (y) − f2 (y)
···

=
=


fn−2
(y) − fn−1 (y)

fn−1
(y) − fn (y)

f2 (y)

fn−1
(y)

0

I = 1, 2, · · · , n, which, combined with the fact that f0 (y) =
f (y), completes the proof.
Recall that S = {S1 , S2 , · · · , Sn } is the ﬁnal assignment.
With Lemma 3, we will show in the following Lemma that S is
actually a (1 + β)-approximate solution to problem (F, fI (·)).
Lemma 4: S is a (1 + β)-approximate solution to problem
(F, fI (·)).

(y) = fn (y). For
Proof: When I = n, we have fn−1
(n)
the reward function fn (y), cijk = 0, ∀ i = 1, 2, · · · , n − 1.
To maximize (F, fn (y)) is equivalent to maximize N-MRPI
with I = n. Therefore, Sn = On is a β-approximate solution
of N-MRPn . As Sn ⊂ S, this leads to the fact that S is
a β-approximate (thus also (1 + β)-approximate) solution of
(F, fn (y)).
We now show when I < n, S is (1 + β)-approximate
solution of (F, fI (y)). Note that for reward function fI (y),
(I)
/ OI . We can rewrite
cijk = 0 if i) i < I or ii) i > I and tjk ∈
fI (y) as
lj
m 


(I)

cijk yijk

i∈U j=1 k=1

The orienteering problem associated with each user uI in
the step 2) (denoted by OPI ) is a little different from N-MRPI
in that all the sensing tasks are considered in N-MRPI while
only m sensing tasks are selected for consideration in OPI .
Let y ∗ be the optimal solution of N-MRPI . For all tasks tjk
∗
satisfying yIjk
= 1, there exists a task tjkj , tjkj ∈ T (I) such
that cIjkj


fI−1
(y) = fI (y) + fI+1 (y) + · · · + fn (y),

fI (y) =

D(P(TI ))
yIjk

It is easy to get that

f0 (y) − f1 (y)

=

lj
m 


(I)

cIjk yIjk +

j=1 k=1

=

lj
m 


(I−1)

cIjk

j=1 k=1

 
i>I tjk ∈OI

yIjk +

(I)

cijk yijk

 
i>I tjk ∈OI

(I−1)

cIjk

yijk
(3)

The third equation holds from Eq. (1). Obviously, the ﬁrst term
of Eq. (3) is the objective function of N-MRPI . Denote the
total reward of allocation OI by R(OI ). Since the algorithm
of orienteering problem has a β approximate ratio, we have
lj


(I)

cIjk yIjk ≤ βR(OI ).

j∈T k=1

For the second term of Eq. (3), the reward of (i, j, k), i >
I, tjk ∈ OI , is the same as the reward of (I, j, k). The total
reward of the second term under any feasible solution is thus
at most R(OI ). We have
fI (y) ≤ βR(OI ) + R(OI ) = (1 + β)R(OI ),

(4)

which means that Oi is a (1 + β)-approximate solution of
(F, fI (·)).
In the ﬁnal assignment S, it is obvious that, for some task
tjk , it satisﬁes one of the following two conditions: 1) tjk ∈
OI and tjk ∈ SI , or 2) tjk ∈ OI and tjk ∈ SI  , where I  > I.
For the case 2), we know that cIjk = cI  jk as tjk is selected
at iteration I. Then from Eq. (4) we get
fI (y) ≤ (1 + β)R(OI ) ≤ (1 + β)R(S).
Therefore, S is a (1 + β)-approximate solution of (F, fI (·)).

With all the preparations, now we give the main result about
the performance of LRBA.
Theorem 3: LRBA is a (1 + β)-approximate algorithm for
MRP.
Proof: According to Lemma 2, we only have to show that
LRBA is a (1 + β)-approximate algorithm for N-MRP, which
is true from Lemma 3, Lemma 4 and local ratio theorem.
From [14], the best approximate ratio of an orienteering
algorithm is 4. With Theorem 3, we get that LRRA is a 5approximate algorithm.
V. P RICING S ENSING TASKS

In the previous sections, Rij = rij
− rij is given and we
focus on the allocation problem. In this section, we discuss
how to determine the price of each sensing task for each
mobile user.

Recall that rij
is the reward that the platform will receive

for allocating task tj to user ui . We further denote by rij
the
cost for mobile user ui to perform sensing task tj . We consider


rij
≥ rij
, as otherwise there is no incentive for mobile user

ui to perform task tj . Based on the cost rij
, user ui negotiates
with the platform about the price rij of sensing task tj . In this
section, we employ bargaining theory to design a fair pricing
mechanism.
Bargaining theory is a desirable tool for tasks pricing
in crowdsensing. In bargaining theory, two or more players
bargain to reach an agreement from which all can beneﬁt.
A very important concept in bargaining theory is the Nash
bargaining solution, which is known to be the only solution
that satisﬁes the following four axioms (please refer to [17]
for the details).
• Invariants to equivalent utility representations,
• Pareto efﬁciency,
• Symmetry,
• Independence of irrelevant alternatives.
We ﬁrst consider the case when there is only one mobile
user ui in the platform. The rewards gained by the platform
and mobile user ui are both 0, if they fail to reach an

agreement. Therefore, for an agreement on price rij , rij
− rij

and rij − rij are the potential gains for the platform and
mobile user ui , respectively. The Nash bargaining solution [17]
provides a fair price for both the platform and the mobile user
ui , which can be obtained by solving the following problem.

P1 :



max (rij − rij
)(rij


≤ rij ≤ rij
s.t. rij

− rij )

For the
case
with only one mobile user, it is easy to see that


rij
+rij
, indicating that when there is only one mobile
rij =
2
user, the platform has to share the same reward with mobile
user. Otherwise, the mobile user may feel unfair and reject the
agreement, in which case the platform could gain nothing.
Next, we consider the case of multiple users. The outcomes
of multiple players case in bargaining theory depend on the
sequence of bargaining and whether or not there is coalition,

which can be extremely complex in some scenarios. In this
work, we try to employ bargaining theory to obtain a desirable
pricing, and the task allocation is not included in the pricing
process 3 . Hence, we adopt a simple but insightful model:
mobile users do not form coalition; the platform bargains with
each mobile user and the agreement on one mobile user will
not impact the agreement on other users (since this user may
not be chosen by the platform in the allocation step).
Assume that there are n users who are interested in sensing
task tj 4 . If the platform and user ui fail to reach an agreement,
the reward of user ui is still 0. However, the platform can have
chance to bargain with other n −1 users and thus the expected
r  +r 
reward can be larger than 0. Notice that when rij ≥ ij 2 ij ,
mobile user ui will deﬁnitely accept the agreement, as this
is no less than what
ui can get even in the single user case.
r +r 
When rij < ij 2 ij , the probability that mobile user ui would
accept the agreement can be basically characterized by
p=


rij − rij

 +r 
rij
ij

2


− rij

=


)
2(rij − rij
.


rij − rij

p indicates that the willingness of user ui to accept the
agreement depends on the ratio of current reward to the
maximum possible reward. The platform can use p to calculate
the probability that other than user ui there is at least one

mobile user accepting the agreement, which is 1−(1−p)n −1 .

n −1
Hence, the expected reward is (rij − rij )(1 − (1 − p)
).
The gain of the platform to reach the agreement on rij is then







−rij )−(rij
−rij )(1−(1−p)n −1 ) = (rij
−rij )(1−p)n −1 .
(rij

Similarly, we can solve the following maximum problem to
ﬁnd the Nash bargaining solution.




max (rij − rij
)(rij
− rij )(1 − p)n −1

P2 :



rij
≤ rij ≤ rij

s.t.

It is easy to show that the problem P2 is equivalent to the
following problem:
P3 :

max ψ(rij )

We can get that

=

d2 ψ(rij )
2
drij



log(rij − rij
) + log(rij
− rij )


+
r
−
2rij
r
ij
ij
+(n − 1) log(
).


rij − rij

< 0. By solving

1
1
2(n − 1)
dψ(rij )
=
−
−
= 0,

 −r
 + r  − 2r
drij
rij − rij
rij
rij
ij
ij
ij
we can obtain the optimal solution of P 3,
rij =



rij
+ rij
−

n −1 
n +1 (rij

2


− rij
)

.

r  +r 

Remarks. When n = 1, rij = ij 2 ij reduces to the single

user case; when n → ∞, rij → rij
. This indicates that, when
3 See
4 n

the allocation problem in Sec. III.
≤ n as some mobile users may be not interested in task tj .

VI. N UMERICAL RESULTS
In this section, we provide simulation results to show some
properties and advantages of LRBA. All the simulations are
performed using MATLAB.
The simulation settings are as follows. The parameters in
the simulations are set in a random manner. The locations of
m sensing tasks and n users are randomly selected in an area
of 30 unit × 30 unit. We will vary the values of m and n
to show the performance of LRBA under different scenarios.
The distance between any two locations is calculated by the
Euclidian distance between them. The time budget of each
user (in term of the total distance) is a random variable ζ + ν,
where ζ is a constant and ν is uniformly distributed in the
interval [0, 5]. lj , j = 1, 2, · · · , m, is uniformly distributed in
[1, 4]. The platform can gain a reward Rij if sensing task
tj is allocated to user ui , which is also a number uniformly
distributed in [1, 6]. We also use other settings of parameters
and the results are consistent with what we present in this
section.
We ﬁrst vary the number of sensing tasks m from 35 to
65 while the number of users n is ﬁxed to 15. ζ is set to be
10. The total rewards obtained by LRBA for each scenario are
recorded and the results are plotted in Fig. 2. Clearly, when
the number of sensing tasks increases, the total rewards also
increase. The total number of tasks performed by each user
may not increase, since the traveling time budget of each user
does not change. However, each user has more choices and
thus has more chances to perform sensing tasks with higher
reward, as the total number of sensing tasks becomes larger.
Therefore, the total rewards increase as the number of sensing
tasks increases. We also set n to be 20 and 25, and perform the
simulations respectively. The results are also plotted in Fig. 2,
which are consistent with the results when n = 15.
450

The total rewards

400

n=15
n=20
n=25

350

We then perform simulations to show the impact of total
number of user n. Note that when m > n, the total reward
will obviously increase as the number of users n increases
(since more tasks will be performed as n increases). To this
end, we let m ≤ n, and vary the number of users n from
35 to 65 while the number of tasks m is ﬁxed to 30, 35,
40, respectively. ζ is again set to be 10. The results for each
scenario are plotted in Fig. 3. As we can see, the total reward
is still an increasing function of n, which is because more
users offers more opportunities to allocate the sensing tasks
to mobile users with higher rewards. In this way, though the
number of tasks does not increase, higher total rewards can
be achieved by allocating tasks more efﬁciently.
500
m=30
m=35
m=40
450

The total rewards

market demand increases (i.e., more users want to claim the
sensing task), the platform can bring down the cost of sensing
task performing, which is similar to the real market.
We illustrate how to attain a simple but efﬁcient pricing
mechanism. In speciﬁc crowdsensing applications, this simple
model can be modiﬁed to characterize more complex situations.
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Fig. 3. The total rewards obtained by LRBA Vs different number of users
n when m is ﬁxed to 30, 35, 40, respectively.

Finally, we show the advantage of LRBA. As there is no
existing algorithm for our problem, we compare LRBA with
the well-known greed algorithm (GA), which can obtain desirable results in many set cover and packing based problems.
In GA, the original MRP is also transformed to N-MRP as
the step 1 of LRBA. Then GA solves the N-MRP greedily,
i.e., for user i, GA uses existing orienteering algorithm to
allocate sensing tasks, and once the task is allocated to a user,
it can not be allocated to other users again. In GA, there is
no dynamic reward function at each iteration and backward
reﬁnement step, which are included in LRBA. We vary the
number of sensing tasks m from 35 to 65 while the number
of users n is ﬁxed to 15, 20 and 25, respectively. We plot the
results in Fig. 4. It is clear that LRBA outperforms GA, as for
each scenario, LRBA can obtain the total reward two times of
that obtained by GA. This shows the signiﬁcant advantage of
LRBA over GA.
VII. R ELATED WORK
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Fig. 2. The total rewards obtained by LRBA Vs different number of sensing
tasks m when n is ﬁxed to 15, 20, 25, respectively.

Recent years, crowdsensing has received great attention due
to the advance in MEMS and wireless communications [18]–
[22]. Most existing work focused on designing a system for a
speciﬁc sensing application. Hull et al. [7] proposed a platform
named CarTel, which consists of a collection of CarTel nodes,
a CalNet and a Portal. A CarTel node is a small-sized computer
embedded with a set of sensors such as camera and GPS.
The CalNet is a delay tolerant network formed by CarTel
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Fig. 4. The total rewards obtained by LRBA and greedy algorithm (GA) Vs
different number of sensing tasks m when n is ﬁxed to 10, 15, 20, respectively.

nodes, and the Portal is a backend data center for data fusion
and analysis. The CarTel nodes are mounted on a mobile
vehicle and collect trafﬁc related information such as images
and vehicle speed. The CarTel node can upload the sensory
data to the Portal via open access networks (e.g., Wiﬁ) or
CalNet when available. As discussed in Sec. I, Dutta et al.
[6] proposed Common Sense to monitor the air quality level
dynamically in a city. Reddy et al. [8] proposed a framework,
ImageScape, leverage smartphones to collect image and audio
data of daily lives. Chon et al. [3] presented a framework,
CrowdSense@Place (CSP), to understand the semantics of
places, using the data that a typically commercial smartphone
can collect. Chen et al. [5] designed a crowdsensing platform
to ﬁnd available parking on the street. Please refer to [9], [10],
[12] for more recent works.
VIII. C ONCLUSION
In this paper, we studied the problem of allocating location
dependent tasks in crowdsensing applications. We ﬁrst focused
on the task allocation problem and showed that the problem
is NP hard and proposed an efﬁcient algorithm, LRBA, which
divides the whole problem into several subproblems by modifying the reward function at each iteration. We investigated
the theoretical result of LRBA, and obtained the approximate
ratio of aggregate reward obtained by LRBA to that by the
optimal. We then designed an efﬁcient pricing mechanism for
the platform and each mobile user to reach an agreement on the
price of each task. Extensive simulation results were provided
to demonstrate the efﬁciency of the proposed algorithms.
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