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Abstract—Most of the research on the incentive mechanism de-
sign in crowdsourcing has focused on how to allocate sensing tasks
to participants to maximize the social welfare. However, none of
them consider the coverage holes created by the uneven distribu-
tion of participants. As a result, most of the participants in some
popular areas compete for tasks, while many tasks in unpopu-
lar areas cannot be completed due to the lack of participants. In
this paper, we design a movement-based incentive mechanism for
crowdsourcing, where participants are stimulated to move to the
unpopular areas and complete the sensing tasks in these areas,
which benefits both participants and the platform. We formulate
a task allocation problem considering controlled mobility. Since
the task allocation problem is NP-hard, we propose a greedy algo-
rithm to solve it and design a critical payment policy to guarantee
that participants declare their cost truthfully. Theoretical analysis
shows that our proposed incentive mechanism satisfies the desired
properties of truthfulness, individual rationality, platform prof-
itability, and computational efficiency. Evaluation results show that
the proposed movement-based incentive mechanism outperforms
the existing solution under various conditions.

Index Terms—Auction theory, crowdsourcing, incentive mecha-
nism design, mobility control.

I. INTRODUCTION

W ITH the rapid development of smartphones and their
embedded sensors, crowdsourcing has been a promis-

ing approach to collect and analyze distributed sensed data with
the help of smartphone users [1]. A typical crowdsourcing sys-
tem consists of a platform residing in the cloud and many smart-
phone users (participants) [2]. Participants act as sensing service
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providers, and the platform recruits them to provide sensed data.
By leveraging crowdsourcing, people have designed new appli-
cations to achieve a wide variety of services [3], [4], such as
healthcare [5], environmental monitoring [6], noise pollution
monitoring [7], 3-D modeling of the urban buildings [8], and
radio-frequency fingerprinting indoor location [9].

The success of these crowdsensing applications critically de-
pends on the participation of a large number of smartphone
users. However, users may not be willing to participate, as par-
ticipating in a mobile-sensing task will incur extra operational
costs such as battery and computing power. In addition, users
also expose themselves to potential privacy threats by sharing
sensed data tagged with location and time. Considering previous
problems, incentive mechanisms are needed to encourage the
participation of smartphone users. Therefore, incentive mecha-
nisms have attracted a lot of interests from both academia and
industry [10], [11].

Some recent works have been devoted to the incentive mech-
anism design in crowdsourcing, using pricing or auction [12]–
[14]. Most of these works focus on how to allocate the sensing
tasks to participants to maximize the social welfare. However,
none of them consider the coverage holes [15], [16] created
by the uneven distribution of participants. In practice, most of
the participants are clustered in some popular areas, and many
of them may lose in the auction. In contrast, many tasks in
the unpopular areas cannot be completed due to the lack of
participants.

For example, the 3-D modeling of a building in [8] requires
complete angular coverage around the building’s perimeter, with
several photos taken from different angles. However, in practice,
most participants are clustered in the popular areas such as the
entrance or exit of the building [17]. To verify this, we crawled
Flickr for photos of a library in our area. Fig. 1 shows the location
of crawled Flickr photos denoted as stars and the location of
photos required for 3-D modeling denoted as circles. As can
be seen, the participants tend to be clustered in popular areas
although the platform requires photos around the building for
3-D modeling. Another example is to build a noise pollution
map of a city [7], where the platform requires sensed data all
over the city, but there may not be enough participants in some
parts of the city.

For many crowdsourcing-based services such as the afore-
mentioned examples, their effectiveness is a direct result of the
sensing task coverage [18]. In order to enlarge the sensing task
coverage, it is important to motivate the participants in popu-
lar areas to move to unpopular areas and complete the sensing
tasks in these areas. In reality, there will be some cost (e.g.,
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Fig. 1. Motivation example for movement.

time, energy, dissatisfaction, etc.) for a user to move from one
place to another. Therefore, an incentive is needed to encourage
participants to move to the unpopular areas.

In [19], Talasila et al. proposed a sensing-game-based incen-
tive scheme to attract participants to move to unpopular areas.
However, it is limited to gaming, and not for general application.
In this paper, we design a general movement-based incentive
mechanism for crowdsourcing applications, where participants
are stimulated to move under the instructions from the platform
so as to benefit both participants and the platform. We formu-
late a task allocation problem considering controlled mobility.
Since the task allocation problem is NP-hard, we propose a
greedy algorithm to solve it and design a critical payment pol-
icy to guarantee that participants declare their cost truthfully.
Theoretical analysis shows that our proposed incentive mecha-
nism, including the greedy algorithm and the critical payment
policy, satisfies the desired properties of truthfulness, individ-
ual rationality, platform profitability, and computational effi-
ciency. We also prove that the approximation ratio of the greedy
algorithm is (1− 1

e ). Evaluation results show that the proposed
movement-based incentive mechanism outperforms the existing
solution under various conditions.

The main contributions of the paper are as follows.
1) To the best of our knowledge, we are the first to design

a general movement-based monetary incentive mecha-
nism for crowdsourcing applications, where participants
are stimulated to move under the instructions from the
platform to benefit both participants and the platform.

2) Theoretical analysis shows that the proposed mechanism
satisfies the desired properties of truthfulness, individual
rationality, platform profitability, and computational effi-
ciency.

3) Evaluation results show that the proposed movement-
based incentive mechanism outperforms the existing so-
lution in terms of the task completion ratio, the participant
winning ratio, and the social welfare.

The remainder of this paper is organized as follows. In
Section II, we briefly review the related work. Then, we present
the system model and the problem formulation in Section III.
In Section IV, we propose the movement-based incentive

mechanism. Theoretical analysis of the proposed incentive
mechanism is presented in Section V. We present the evalu-
ation results in Section VI. Section VII concludes our work.

II. RELATED WORK

There has been lots of research on incentive in crowdsourc-
ing, which can be generally divided into two categories. One
category of the existing work encourages participation by non-
monetary incentives, such as the competitive game-based in-
centive [8], [19], [20] and the reputation-based incentive [21].
However, it is hard to use nonmonetary incentives to motivate
participants to collect sensed data.

Another category of the existing work motivates participa-
tion by monetary incentives. In [13], Lee and Hoh proposed the
virtual participation credit to prevent participants from drop-
ping out of the reverse auction, but they only analyzed the sit-
uation that participants applied for one sensing task. In [12],
Yang et al. considered two types of incentive mechanisms.
They first proposed a Stackelberg game-based incentive mecha-
nism for the platform-centric model and then proposed a re-
verse auction-based MSensing incentive mechanism for the
user-centric model. The work in [22] and [23] investigated on-
line incentive mechanisms for mobile crowdsourced sensing.
The work in [14] and [24] analyzed incentive mechanisms by
considering the location information and coverage constraints.
However, they did not consider the mobility of participants.

The work in [25] and [26] discussed user recruitment and task
allocation by utilizing the mobility of participants. They relied
on predicting participants’ mobility, which may not be accurate.
The work in [27] focused on task allocation to satisfy the time
budget constraint for each participant by taking into account
both the geographical characteristics of sensing tasks and the
movement of mobile users. However, users may not follow the
instructions of the platform to move without efficient incentive
in practice. Moreover, none of them consider controlling the
mobility of participants to enlarge the sensing task coverage. In
this paper, we proposed the movement-based incentive mech-
anism, where the platform can leverage the movement-based
incentive to motivate the participants in popular areas to move
to unpopular areas and complete sensing tasks there to achieve
enlarged sensing task coverage.

III. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a crowdsourcing system consisting of a plat-
form residing in the cloud and many participants, as shown in
Fig. 2. The platform accepts sensing requests from platform
users and devises multiple sensing tasks based on the sensing
requests. The platform publishes these sensing tasks to par-
ticipants periodically. There are m sensing tasks, and the set of
sensing tasks is denoted by T = {t1, t2, . . . , tm}. A sensing task
tj specifies the desired sensing service and the corresponding
location where the sensed data should be collected. Let (xtj , y

t
j )

denote the location of sensing task tj and let νj denote the
value of sensing task tj to the platform. Similar to [12], [14],
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Fig. 2. Illustration of the crowdsourcing system.

and [24], we assume that each sensing task tj only needs to be
completed by one participant, and participants are isolated and
do not cooperate.

There are n participants in the crowdsourcing system and the
set of participants is denoted by N = {1, 2, . . . , n}. Each par-
ticipant i is aware of his own location (xbi , y

b
i ). Each participant

i can only complete the sensing tasks within his sensing range.
Let r represent the sensing range of each participant. Let ci de-
note the cost for participant i to complete one sensing task within
his sensing range.1 Let ψi denote the capacity of participant i,
which is the maximum number of sensing tasks participant i
can complete due to the limited battery power and time budget.
Similar to the existing work [14], [24], [27], we assume that
each participant shares his current location and capacity with
the platform.

In order to enlarge the sensing task coverage, the platform
motivates participants to move from popular areas to unpopular
areas. There will be some cost (e.g., time, energy, dissatisfac-
tion, etc.) for a participant to move from one place to another.
We introduce a moving cost function g(d), which is a mono-
tonically increasing function of moving distance d. The moving
cost function is determined by the participant himself (his time,
the remaining battery capacity, and various environmental and
human factors). Due to the limited time of each participant,
we assume that each participant has an upper bound of mov-
ing distance [28], [29]. Once the distance to the destination is
beyond the upper bound, the participant is not willing to move
there. Fig. 3 shows an example of the moving cost function
g(d) of a specific participant i, where δi is the moving distance
upper bound of participant i. The curve represents participant
i’s moving cost as the moving distance increases. For example,
the moving costs are g1 and g2 with moving distances d1 and
d2. Similar to [30] and [31], we model the moving cost func-
tion as g(d) = eη ·d − 1, where η determines the scale of g(d),
and a smaller η results in lower moving cost. Participants have
different value of η due to the difference of environmental and
human factors. In the future, we will consider more practical
moving cost functions and study how such cost function affects
the incentive mechanism design.

In order to motivate participants to move from one place to
another place, the platform should provide the movement-based

1In practice, the tasks in each participant i’s sensing range are similar (for
example, taking photos of a building from different angles at the same location);
therefore, the cost for participant i to complete each sensing task within his
sensing range is same (denoted as ci ).

Fig. 3. Moving cost function.

TABLE I
NOTIONS ABOUT TASK tj AND BID bi

Task Description

νj value of task tj
xtj y

t
j task tj ’s location

Participant Description

ci cost to complete one sensing task
ψi capacity of participant i
xbi y

b
i participant i’s location

δi upper bound of moving distance
ηi parameter in moving cost function

incentive, which is relevant to the moving cost function. We
define the movement-based incentive for a specific participant i
as follows:

fηci (di) = eη
c
i ·di − 1 (1)

where ηci is in the critical bid of participant i described in
Section IV-C. Participant i moves from his current location to
his destination following the shortest path calculated based on
the map [32]. The moving distance di is the length of the short-
est path. In practice, many sensing tasks are time dependent
and have a specified deadline; a participant cannot complete the
sensing tasks located far away from each other. Therefore, the
platform motivates each participant to move to only one desti-
nation and complete sensing tasks there. The notations are listed
in Table I.

We use a reverse auction framework to model the interactions
between the platform and the participants. The participants act
as sellers to send bids, which include the cost ci for completing
one sensing task and the parameter ηi in moving cost function.
The platform then acts as the buyer to allocate sensing tasks to
each participant and buy the sensed data from them.

Fig. 2 illustrates the reverse auction between the platform
and participants. First, the platform publishes the set of sensing
tasks T to participants. Then, each participant i announces a bid
bi = {ci, ηi} to apply for sensing tasks. Upon receiving the set of
bids from the n participants,B = {b1, b2, . . . , bn}, the platform
allocates sensing tasks to participants and determines payment
to each winning participant. Let S denote the task allocation
result, and S = {S1, S2, . . . , Sn}, where Si is the set of sensing
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tasks allocated to participant i. P = {p1, p2, . . . , pn} denotes
the payment determination result where pi is the remuneration
of participant i. If i wins, Si �= φ and pi �= 0. If i loses, Si =
φ and pi = 0. Finally, each winning participant moves to the
destination and completes its sensing tasks and sends the sensed
data back to the platform. We define the payoff of the platform,
the payoff of each participant i, and the social welfare as follows.

Definition 1: The payoff of the platform is the total value of
sensing tasks completed by participants minus the total payment
to the winning participants

u0 =
∑

bi ∈B

⎛

⎝
∑

tj ∈Si
νj − pi

⎞

⎠ (2)

where
∑

tj ∈Si νj is the value of the sensing tasks completed by
participant i, and pi is the payment to participant i.

Definition 2: The payoff of each participant i is

ui = pi − (|Si | · ci + fηi (di)) (3)

where |Si | · ci is the cost for completing the set Si of sensing
tasks, and fηi (di) is the cost for moving distance di .

Definition 3: The social welfare is the difference between
the total value of completed sensing tasks and the sensing cost

w =
∑

bi ∈B
w(i, Si) (4)

where w(i, Si) =
∑

tj ∈Si (νj − ci)− fηi (di) is the contribu-
tion that participant imakes to the social welfare by completing
the set Si of sensing tasks. The social welfare is the sum of all
participants’ contributions.

The social welfare is the aggregate of the platform’s payoff
and participants’ payoffs, because the payment in the payoff
of the platform and the payment in the payoffs of participants
cancel each other from a social perspective.

B. Problem Formulation

The incentive mechanism consists of two components: task
allocation and critical payment determination, which are formu-
lated as follows.

Definition 4 (Task allocation problem): Find the task alloca-
tion S = {S1, S2, . . . , Sn} such that

max
∑

bi ∈B

⎛

⎝
∑

tj ∈Si
(νj − ci)− fηi (di)

⎞

⎠

s.t. di < δi, i = 1, . . . , n

|Si | ≤ ψi, i = 1, . . . , n. (5)

The objective of the task allocation problem is to maximize
the social welfare. The first constraint indicates that the platform
can motivate participant i to move distance di (di ≤ δi). The
second constraint shows that participant i can complete at most
ψi sensing tasks.

Definition 5 (Critical payment determination problem): For
each participant i, let bi denote the truthful bid and b̃i denote the
untruthful bid. ui(bi) and ui(b̃i) are the payoffs of participant

i by declaring the truthful bid bi and the untruthful bid b̃i ,
respectively. The critical payment determination problem is to
design a payment determination algorithm such that

ui(bi) ≥ ui(b̃i). (6)

A payment determination algorithm resulting from the critical
payment determination problem can guarantee that participants
declare their costs truthfully.

Our objective is to design an incentive mechanism that solves
the two problems defined above. This mechanism should also
satisfy the following four desirable properties.

1) Truthfulness: An incentive mechanism is truthful, if and
only if the winning participant selection is monotonic and
the payment is critical.

2) Individual rationality: The payoff of each participant i is
nonnegative, ui ≥ 0, i = 1, 2, . . . , n.

3) Platform profitability: The payoff of the platform is non-
negative, u0 ≥ 0.

4) Computational efficiency: The outcome can be solved in
polynomial time.

IV. MOVEMENT-BASED INCENTIVE MECHANISM

In this section, we propose our movement-based incentive
mechanism consisting of the task allocation algorithm and the
critical payment determination algorithm. First, we prove that
the task allocation problem is NP-hard. Then, a greedy algorithm
is proposed to solve the task allocation problem within polyno-
mial time. Finally, a critical payment determination algorithm
is proposed, which guarantees that each participant declares his
cost truthfully.

A. Complexity Analysis of the Task Allocation Problem

In this section, we prove that the task allocation problem is
NP-hard.

Theorem 1: The task allocation problem is NP-hard.
Proof: First, we simplify the task allocation problem to a

special case INSTANCE A by assuming that each participant
i has a fixed set Si of sensing tasks to complete. Then, we
prove INSTANCE A is NP-hard by giving a polynomial time
reduction from the NP-hard SET COVER problem. Finally, we
relax the assumption and show that the task allocation problem
is NP-hard.
INSTANCE A: A set D = {D1,D2, . . . , Dn}, where Di is

the set of sensing tasks that participant i decides to complete.
The universe set of sensing tasks is U =

⋃
Di ∈D Di , and its

size is m′, where m′ ≤ m. We set the value of each sensing
task equal to v′. v′ is a constant, and v′ ≥ n. We assume that
the cost for each participant i to move to his destination and
complete the set Di of sensing tasks is |Di | · ci + fηi (di) = 1.
The question is whether there exists a subset D0 ⊆ D such that
w ≥ v′ ·m′ − k, where w is the social welfare, and k is the size
of D0.
SET COVER: A set C = {C1, C2, . . . , Cn}, where Ci is the

set of some elements in the universe set V =
⋃
Ci ∈C Ci . The

question is whether a subset C0 ⊆ C of size k exists such that
every element in V belongs to at least one member in C0.
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We prove that there is a solution to INSTANCE A if and
only if there is a solution to the SET COVER problem. We first
prove the forward direction. Let D0 be a solution to INSTANCE
A, w ≥ v′ ·m′ − k. Since k ≤ n ≤ v′, the only possibility that
we have such a social welfare is when the set D0 covers all
the sensing tasks [12]. Therefore, the corresponding set C0 is
a solution to the SET COVER problem. Next, we prove the
backward direction. Let C0 be a solution to the SET COVER
instance. We can select the corresponding set D0 as the solution
to INSTANCE A. Clearly, w = v′ ·m′ − |D0| ≥ v′ ·m′ − k.

Now, we relax the assumption, i.e., the platform can allocate
different set Si of sensing tasks to each participant i. The set S
is not fixed, and there are a finite number of possibilities. Each
given S is corresponding to the set D in INSTANCE A, and it is
NP-hard for the platform to choose a subset D0 ⊆ D (S0 ⊆ S)
such that w ≥ v′ ·m′ − k. Hence, the task allocation problem
in (5) is also NP-hard. �

B. Task Allocation Algorithm

To achieve the desired property of computational efficiency,
a greedy algorithm is proposed to solve the task allocation prob-
lem. The idea is to pick the participant who can make the highest
contribution to the social welfare, until the social welfare cannot
benefit from the unselected participants.

Let B0 denote the set of bids from the selected winning par-
ticipants. Let S0 denote the set of task allocation results of these
winning participants, S0 = {S1, S2, . . .}. Initially, B0 = ∅ and
S0 = ∅. In each iteration, the platform selects the destination
and finds the set of sensing tasks for each unselected participant
i to maximize his contribution to the social welfare, denoted
as set Si,B0 . Si,B0 is a subset of T0, where T0 ← T \ S0. The
contribution that participant i can make to the social welfare is

w(i, Si,B0) =
∑

tj ∈Si , B 0

(νj − ci)− fηi (di). (7)

Then, the platform selects the participant who can make the
highest contribution to the social welfare, until the social welfare
cannot benefit from the unselected participants. In each iteration,
B0 and S0 are updated, and deleted from the set B of bids
and the set T of sensing tasks. The pseudocode is shown in
Algorithm 1.

An Example: To further illustrate Algorithm 1, we give an ex-
ample as shown in Fig. 4. In this example, T = {t1, t2, t3, t4},
ν1 = ν2 = ν3 = ν4 = 10. Sensing tasks t1 and t2 locate in the
unpopular area, sensing tasks t3 and t4 locate in the popu-
lar area. There are two participants clustered in the popular
area, and b1 = {3, 0.015}, b2 = {2, 0.01}, ψ1 = ψ2 = 2. We
calculate the distances d′1 = 23.5, d1 = 105, and d2 = 135,
as shown in Fig. 4. Since S1,∅ = {t3, t4}, w(1, S1,∅) = (10−
3 + 10− 3)− (exp(23.5× 0.015)− 1) = 13.58, and S2,∅ =
{t3, t4}, w(2, S2,∅) = (10− 2 + 10− 2)− 0 = 16, partici-
pant 2 is first selected and B0 = {b2} and S0 = {S2,∅}.
Since S1,{b2} = {t1, t2}, w(1, S1,{b2}) = (10− 3 + 10− 3)−
(exp(105× 0.015)− 1) = 10.17 > 0, participant 1 is then
selected and B0 = {b2, b1} and S0 = {S2,∅, S1,{b2}}. The

Algorithm 1 : Task Allocation.

Input: set of m sensing tasks T = {t1, t2, . . . , tm}, set of n
bids B = {b1, b2, . . . , bn}.

Output: set of winning participants B0, set of task allocation
results S0.

1: B0 ← ∅, S0 ← ∅, T0 ← T ;
2: while B0 �= B & T0 �= ∅ do
3: for all bi ∈ B \B0 do
4: Find the set of sensing tasks Si,B0 ;
5: w(i, Si,B0) =

∑
tj ∈Si , B 0

(νj − ci)− fηi (di);
6: end for
7: i = arg maxbi ∈B \B0

w(i, Si,B0);
8: if w(i, Si,B0) ≤ 0then
9: QUIT

10: end if
11: B0 ← B0 ∪ {bi}, S0 ← S0 ∪ {Si,B0}, T0 ← T \ S0;
12: end while

Fig. 4. Example. (There are two participants and four sensing tasks. r is the
sensing range.)

algorithm terminates here becauseB0 = B. In addition, we have
the social welfare w = 13.58 + 10.17 = 23.75.

C. Critical Payment Determination Algorithm

The payment determination should guarantee that each par-
ticipant honestly reports his real cost. We propose the critical
payment determination algorithm based on the critical payment.

If participant iwins by declaring a bid bi , it is paid an amount
of monetary reward. The amount is determined according to
a critical bid bci , which is determined as follows. If bi < bci ,
participant i wins; if bi > bci , participant i loses. Participant i
loses when it cannot make any contribution to the social welfare,
i.e., w(i, Si,B0) ≤ 0.

The critical bid of participant i is the bid of the first partici-
pant x that makes participant i useless, i.e., when B0 = {b1, b2,
. . . , bx−1}, w(i, Si,B0) ≥ 0; when B0 = {b1, b2, . . . , bx−1, bx},
w(i, Si,B0) ≤ 0. We assume that each participant is replaceable
in order to prevent the monopoly. The basic idea of finding the
critical bid of participant i is to delete bi and greedily select
other participants until w(i, Si,B0) ≤ 0. Suppose the bid of the
first participant x that makes participant i useless is bx . The
critical bid of participant i is bci = bx , i.e., cci = cx and ηci = ηx .
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Algorithm 2: Critical Payment Determination.

Input: set of m sensing tasks T = {t1, t2, . . . , tm}, set of n
bids B = {b1, b2, . . . , bn}, set of winning participants
B0, set of task allocation results S0.

Output: critical bid bci , critical payment pci .
1: B1 ← B \ {bi}, B2 ← ∅, T1 ← T ;
2: while B1 �= ∅ & T1 �= ∅ do
3: for all bx in B1do
4: Find the set of sensing tasks Sx,B2 ;
5: w(x, Sx,B2) =

∑
tj ∈Sx ,B 2

(νj − cx)− fηx (dx);
6: end for
7: x = arg maxbx ∈B1 w(x, Sx,B2);
8: B1 ← B1\ {bx}, B2 ← B2∪ {bx}, T1 ← T \{Sx,B2};
9: Find the set of sensing tasks Si,B2 ;

10: if w(i, Si,B2) ≥ 0 then
11: CONTINUE;
12: end if
13: if w(i, Si,B2) ≤ 0 then
14: bci = bx ;
15: pci = |Si | · cci + fηci (di);
16: RETURN bci , p

c
i ;

17: QUIT;
18: end if
19: end while

Then, the critical payment to participant i is

pci = |Si | · cci + fηci (di) (8)

where Si is the task allocation result of participant i (Si ∈ S0),
|Si | · cci is the payment for participant i to complete the set Si
of sensing tasks, and fηci (di) = exp(μci · di)− 1 is the payment
for participant i to move distance di .

The pseudocode of the algorithm is shown in Algorithm 2.
In Algorithm 2, B2 is the set of bids from the selected winning
participants. Sx,B2 is the set of sensing tasks that the platform
finds for each unselected participant x to maximize his contri-
bution to the social welfare, after B2 has been selected. Si,B2 is
the set of sensing tasks that the platform finds for participant i
to maximize his contribution to the social welfare, after B2 has
been selected.

V. THEORETICAL ANALYSIS

In this section, through theoretical analysis, we demonstrate
that the movement-based incentive mechanism satisfies the de-
sired properties of truthfulness, individual rationality, platform
profitability, and computational efficiency.

According to the theory about the truthfulness of incentive
mechanism in [33], the movement-based incentive mechanism is
truthful if and only if it satisfies the following two conditions: 1)
The winning participant selection in Algorithm 1 is monotonic;
and 2) each winning participant is paid the critical payment.
Before showing that the movement-based incentive mechanism
satisfies the two conditions, we first define monotonicity and
critical bid.

Definition 6 (Monotonicity): If participant i wins by declar-
ing a bid bi , it also wins by declaring a bid b̃i (b̃i ≤ bi).

Definition 7 (Critical Bid): For each participant i, there is a
critical bid bci . If participant i declares a bid b̃i ≤ bci , it must win;
if participant i declares a bid b̃i > bci , it will not win.

Next, we prove that the movement-based incentive mecha-
nism is truthful by showing that it satisfies the two conditions.

Lemma 1: The winning participant selection in Algorithm 1
is monotonic.

Proof: Assume participant i wins in the qth iteration by
declaring a bid bi , and the contribution that participant i makes
to the social welfare is w(i, Si,B0) =

∑
tj ∈Si , B 0

(νj − ci)−
fηi (di). Suppose participant i declares another bid b̃i (b̃i ≤
bi); then, w(i, Si,B̃0

) =
∑

tj ∈Si , B̃ 0
(νj − c̃i)− fη̃i (d̃i). When

Si,B̃0
= Si,B0 , since b̃i ≤ bi ,w(i, Si,B̃0

) ≥ w(i, Si,B0). We next
prove that when Si,B̃0

�= Si,B0 , w(i, Si,B̃0
) ≥ w(i, Si,B0). Ac-

cording to the rule of task allocation in Algorithm 1, be-
fore the qth iteration, the set Si,B0

⋃
Si,B̃0

of sensing tasks
have not been allocated to participants. Thus, w(i, Si,B̃0

) =
max{w(i, Si,B̃0

), w(i, Si,B0)} ≥ w(i, Si,B0). Based on the rule
of winning participant selection in Algorithm 1, i must have
won in the qth or earlier iteration by declaring the bid b̃i . It
shows that the winning participant selection in Algorithm 1 is
monotonic. �

Lemma 2: Each winning participant is paid the critical
payment.

Proof: The critical payment is relevant to the critical bid.
Assume the critical bid of participant i is bci = bx , where bx is
the bid of participant x in the pth iteration of Algorithm 2.
It is obvious that if participant i declares a bid b̃i < bx , it
would win, since w(i, Sx,B2) > w(x, Sx,B2). On the contrary,
if participant i declares a bid b̃i > bx , it would lose. Because
w(i, Sx,B2) < w(x, Sx,B2), participant i cannot win in the pth
iteration, and it cannot win in the following iterations, since
w(i, Si,B2) < 0 after the pth iteration. This proves that the out-
put bci of Algorithm 2 is the critical bid of participant i, and the
output pci of Algorithm 2 is the critical payment to participant i.�

Theorem 2: The movement-based incentive mechanism is
truthful.

Proof: The winning participant selection in Algorithm 1 is
monotonic. The payment to each winning participant is critical.
According to [33], the movement-based incentive mechanism is
truthful. �

Theorem 3: The movement-based incentive mechanism sat-
isfies the property of individual rationality.

Proof: If participant i loses, Si = ∅, pi = 0, and his payoff
is 0. If participant iwins by declaring a bid bi , his payoff is ui =
pi − |Si | · ci − fηi (di), where pi = pci = |Si | · cci + fηci (di) is
the critical payment to participant i. Next, we show that ui is
positive when participant i wins. Since participant i wins, his
declared bid must be smaller than his critical bid. Then, for each
winning participant i that truthfully reports his real cost, his
payoff is ui = |Si | · (cci − ci) + fηci (di)− fηi (di) > 0. �

We prove that our mechanism satisfies the property of plat-
form profitability by taking advantage of the submodularity of
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the platform’s payoff u0. Next, we first define the submodular
function.

Definition 8 (Submodular function): LetW be a finite set. A
function f : 2X �→ R is submodular if

f (P ∪ {w})− f(P ) ≥ f (Q ∪ {w})− f(Q)

for any P ⊆ Q ⊆W and w ∈W \Q, where R is the set of
reals.

Lemma 3: The payoff u0 of the platform and the social wel-
fare w are submodular.

Proof: By Definition 8, we need to show

u0(P ∪ {bi})− u0(P ) ≥ u0(Q ∪ {bi})− u0(Q)

for any P ⊆ Q ⊆ B and bi ∈ B \Q, and P and Q are the sets
of bids from the winning participants. Considering u0(P ∪
{bi})− u0(P ) =

∑
tj ∈Si , P νj − pi and u0(Q ∪ {bi})− u0(Q)

=
∑

tj ∈Si ,Q νj − pi , where Si,P and Si,Q are the sets of
sensing tasks allocated to participant i after the platform has
selected the set P of winning participants and the set Q of win-
ning participants. Since P ⊆ Q, we have

∑
tj ∈Si , P νj − pi ≥∑

tj ∈Si ,Q νj − pi . Therefore, the payoff u0 of the platform is
submodular. Similarly, we can also prove that the social welfare
w is submodular. �

Theorem 4: The movement-based incentive mechanism sat-
isfies the property of platform profitability.

Proof: u0 =
∑

bi ∈B (
∑

tj ∈Si νj − pi) is the payoff of the
platform, and the platform gains profit

∑
tj ∈Si νj − pi from

each participant i. If participant i loses,
∑

tj ∈Si νj − pi = 0.
Next, we prove that if participant i wins,

∑
tj ∈Si νj − pi ≥ 0.

Since the movement-based incentive mechanism satisfies the
property of truthfulness, participant i will win by declaring the
critical bid bci . We assume bci = bx ; then,

∑
tj ∈Si νj − pci =

w(i, Si,B2) ≥ 0, where B2 = {b1, b2, . . . , bx−1}. According to
the monotonicity of winning participant selection, participant
i wins in the qth or earlier iteration by declaring a bid bi ,
bi < bci . Based on the submodularity of the platform’s pay-
off,

∑
tj ∈Si νj − pci ≥ w(i, Si,B2) ≥ 0. Therefore, u0 ≥ 0, the

movement-based incentive mechanism satisfies the property of
platform profitability. �

Lemma 4: The computation complexity of Algorithm 1 is
O(n2m logm).

Proof: Since each winning participant should complete at
least one new sensing task, and the while loop finishes when
the unselected participants cannot make any contribution to the
social welfare, the while loop is run at most n times. The com-
plexity of the for loop is O(n). In each iteration of the for loop,
the platform finds the set Si,B0 of sensing tasks that participant
imakes the highest contribution by completing them with com-
plexity O(m logm). Finding the winning participant who can
make the highest contribution takes O(n log n) times. Hence,
the computation complexity of Algorithm 1 is O(n2m logm).

�
Lemma 5: The computation complexity of Algorithm 2 is

O(n2m logm).
Proof: The while loop is run at most n times. In each iter-

ation of the while loop, there are three main processes. First,

computing w(x, Sx,B2) of each participant x takes
O(nm logm) times (in lines 3–6). Second, finding the partic-
ipant who can make the highest contribution takes O(n log n)
times (in line 7). Third, finding the set Si,B2 of sensing tasks
that participant i makes the highest contribution by completing
them takes O(m logm) times (in line 9). Hence, the computa-
tion complexity of Algorithm 2 is O(n2m logm). �

Theorem 5: The movement-based incentive mechanism sat-
isfies the property of computational efficiency.

Proof: Algorithm 1 for task allocation has polynomial-time
computation complexity. Algorithm 2 for critical payment de-
termination has polynomial-time computation complexity. The
movement-based incentive mechanism satisfies the property of
computational efficiency. �

Theorem 6: Let wopt be the optimal value of the social wel-
fare that can be achieved by any n′ participants. Let wgreedy be
the social welfare achieved by the Algorithm 1. Then

wgreedy ≥
(

1− 1
e

)
wopt . (9)

Proof: We assume that n′ is the number of winning partic-
ipants in Algorithm 1. From Lemma 3, the social welfare is
submodular. Based on the analysis of approximations for sub-
modular functions in [34], we have

wopt − wgreedy

wopt
≤
(
n′ − 1
n′

)n ′−1

.

Therefore

wgreedy ≥
(

1−
(
n′ − 1
n′

)n ′−1
)
wopt >

(
1− 1

e

)
wopt .

�

VI. PERFORMANCE EVALUATIONS

In this section, we evaluate the performance of the pro-
posed movement-based incentive mechanism. Although there
are many existing works in this area, none of them consider
mobility control and most of them are based on the greedy
algorithm. Yang et al. [12] proposed a typical greedy algorithm
called MSensing incentive mechanism, where participants bid
for the sensing tasks within their sensing range, and the platform
greedily selects the participant with maximal social welfare con-
tribution without considering mobility control. In this paper, we
mainly compare our mechanism with MSensing.

A. Simulation Setup

In our simulations, we deploy a crowdsourcing application in
a square of 200 m× 200 m. The whole area is divided into 100
grids, each of which is a square of 20 m× 20 m. Four hundred
sensing tasks are uniformly distributed across the whole ar-
eas and 300 participants are clustered in the popular areas. We
assume that the areas around the middle of the square are pop-
ular areas. More specifically, the X-position of each participant
follows normal distribution with mean 100 m and standard devi-
ation σ = 10 m, and the Y-position of each participant follows
uniform distribution within [0, 200 m]. The sensing range of
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Fig. 5. Simulation model and task allocation results. (a) Simulation model. (b) MSensing incentive mechanism. (c) Movement-based incentive mechanism.

each participant is r = 20 m. The capacity of each participant
is ψ = 2. We illustrate the simulation model in Fig. 5(a). The
value of each sensing task to the platform follows uniform dis-
tribution within [6, 10]. Participants set their cost of completing
one sensing task according to uniform distribution within [3, 5].
We assume that the parameter η in the moving cost function is
η = 0.03, and the moving distance upper bound is δ = 70 m.

The following three metrics are used for evaluating the per-
formance of the incentive mechanisms.

1) Task completion ratio, the ratio of sensing tasks being
completed by participants.

2) Participant winning ratio, the ratio of participants winning
in auction.

3) Social welfare, the difference between the total value of
the completed sensing tasks and the total sensing cost.

B. Simulation Results on Task Allocation

With our simulation setup, 400 sensing tasks are uniformly
distributed across 100 grids. As a result, there are four sensing
tasks in each grid. Fig. 5(b) shows the task allocation result of
MSensing. As can be seen, only the sensing tasks in the popu-
lar areas are completed (marked as 4/3/2/1 completed sensing
tasks) and there is no participant completing the sensing tasks
in the unpopular areas (marked as 0 completed sensing tasks).
There are 118 completed sensing tasks and 59 winning partic-
ipants. The task completion ratio and the participant winning
ratio are 118

400 = 29.5% and 59
300 = 19.7%, respectively. Fig. 5(c)

shows the task allocation result of our movement-based incen-
tive mechanism. As can be seen, more participants win in the
auction and more sensing tasks are completed. There are 280
completed sensing tasks and 142 winning participants. The task
completion ratio and the participant winning ratio are 70% and
47.3%, respectively.

Compared with MSensing, our mechanism achieves better
performance in terms of the task completion ratio and the par-
ticipant winning ratio. The reason is as follows. Most of the
participants are clustered in the popular areas, and many of them
may lose in the auction by using MSening, and many tasks in
the unpopular areas cannot be completed due to the lack of par-
ticipants. The movement-based incentive mechanism motivates
the participants to move to the unpopular areas and complete
the sensing tasks there. Thus, our mechanism performs better.

C. Performance Comparisons

We conduct extensive simulations in three different scenarios,
where the standard deviations of participants’ X-coordinates are
set to σ = 10 m, σ = 20 m, and σ = 30 m, respectively. In this
subsection, we present the performance comparisons between
our mechanism and MSensing under various simulation param-
eters.

1) Number of Participants: Fig. 6 shows how the number of
participant (n) affects the performance. Generally speaking, the
task completion ratio and the social welfare increase when n
increases, as shown in Fig. 6(a) and (c). This is because more
sensing tasks can be completed and higher social welfare can
be achieved with more participants.

Our mechanism outperforms MSensing in terms of the task
completion ratio, the participant winning ratio, and the social
welfare. And the performance improvement is larger when there
are more participants. For example, with n = 150 and σ = 10,
compared with MSensing, our mechanism increases the task
completion ratio by 100%, the participant winning ratio by
66.6%, and the social welfare by 63%. When n = 300 and
σ = 10, compared with MSensing, our mechanism increases
the task completion ratio by 145.4%, the participant winning
ratio by 143.3%, and the social welfare by 146.7%. The rea-
son is as follows. In our mechanism, the platform leverages the
movement-based incentive to stimulate participants to move to
the unpopular areas and complete the sensing tasks in these ar-
eas. For MSensing, many of the participants are clustered in the
popular areas and will lose in the auction. Thus, our incentive
mechanism performs better.

The performance improvement of our mechanism is much
larger when the concentration of participants is higher. For ex-
ample, when n = 300, compared with MSensing, our mecha-
nism can increase the task completion ratio by 146.7% with
σ = 10, 45.2% with σ = 20, and 26% with σ = 30, as shown in
Fig. 6(a). A similar trend can be seen in Fig. 6(b) and (c). This
is because when more participants are clustered in the popular
areas, more participants will lose auction in MSensing.

2) Upper Bound of the Moving Distance (δ): Fig. 7 shows
how the moving distance upper bound δ affects the performance.
As can be seen, when δ increases, the performance of our mech-
anism can be significantly improved compared with MSensing
in terms of all three metrics. This is because if δ is bigger, the
platform can motivate participants to move to wider unpopular
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Fig. 6. Impact of the number of participants (n) on performance (m = 400, ψ = 1, δ = 50m, η = 0.03). (a) Completion ratio. (b) Allocation ratio. (c) Social
welfare.

Fig. 7. Impact of moving distance upper bound (δ) on performance (n = 300,m = 400, ψ = 1, η = 0.01). (a) Completion ratio. (b) Allocation ratio. (c) Social
welfare.

Fig. 8. Impact of moving cost (η) on performance (n = 300, m = 400, ψ = 1, δ = 50 m). (a) Completion ratio. (b) Allocation ratio. (c) Social welfare.

areas and complete more sensing tasks. We can also see that the
effect of δ is more significant when σ is small.

3) Moving Cost: Fig. 8 shows how the parameter η in the
moving cost function affects the performance. As can be seen,
when η increases, the performance of MSensing remains gen-
erally stable and the performance of our mechanism drops. The
reason is as follows: With larger η, the cost for moving becomes
larger. Then, more participants cannot win in the auction, as
shown in Fig. 8(b), and more sensing tasks cannot be completed,
as shown in Fig. 8(a). Therefore, the social welfare decreases,
as shown in Fig. 8(c). As shown in the figures, even in the worst

case (η = 0.04), our mechanism still outperforms MSensing in
terms of all three metrics.

Summary of simulation results: The simulation results show
that the movement-based incentive mechanism outperforms
MSensing in terms of the task completion ratio, the participant
winning ratio, and the social welfare. Both the platform and the
participants can benefit from the movement-based incentive.
From the platform perspective, it achieves enlarged sensing task
coverage by motivating the participants in the popular areas to
move to the unpopular areas. From the participants’ perspective,
more participants win in auction and get remuneration.
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VII. CONCLUSION

In this paper, we designed movement-based incentive for
crowdsourcing, where participants are stimulated to move
under the instructions from the platform so as to benefit both
participants and the platform. We formulated a task allocation
problem considering controlled mobility and proposed a greedy
algorithm to solve it. We also designed a critical payment pol-
icy to guarantee that participants declare their cost truthfully.
Theoretical analysis shows that our proposed incentive mecha-
nism satisfies the desired properties of truthfulness, individual
rationality, platform profitability, and computational efficiency.
Evaluation results show that the proposed movement-based in-
centive mechanism outperforms the existing solution in terms
of the task completion ratio, the participant winning ratio, and
the social welfare.

To the best of our knowledge, we are the first to design the
general movement-based monetary incentive for crowdsourcing
applications. As the initial work, we do not expect to solve all the
problems. In the future, we will consider more practical moving
cost functions and study how such a cost function affects the
incentive mechanism design.

REFERENCES

[1] CISCO, “Cisco visual networking index: Global mobile data traffic fore-
cast update, 2014-2019,” Feb. 3, 2015. [Online]. Available: http://www.
cisco.com

[2] M.-R. Ra, B. Liu, T. F. La Porta, and R. Govindan, “Medusa: A program-
ming framework for crowd-sensing applications,” in Proc. 10th Int. Conf.
Mobile Syst., Appl., Serv., 2012, pp. 337–350.

[3] N. D. Lane, E. Miluzzo, H. Lu, D. Peebles, T. Choudhury, and A. T.
Campbell, “A survey of mobile phone sensing,” IEEE Commun. Mag.,
vol. 48, no. 9, pp. 140–150, Sep. 2010.

[4] Y. Wang, W. Hu, Y. Wu, and G. Cao, “Smartphoto: A resource-aware
crowdsourcing approach for image sensing with smartphones,” in Proc.
15th ACM Int. Symp. Mobile ad hoc Netw. Comput., 2014, pp. 113–122 .

[5] S. Consolvo et al., “Activity sensing in the wild: A field trial of ubifit
garden,” in Proc. SIGCHI Conf. Human Factors Comput. Syst., 2008,
pp. 1797–1806 .

[6] Opensense project. 2015. [Online]. Available: http://www.nano-tera.ch/
projects/401.php

[7] N. Maisonneuve, M. Stevens, M. E. Niessen, P. Hanappe, and L. Steels,
“Citizen noise pollution monitoring,” in Proc. 10th Annu. Int. Conf. Digit.
Govt. Res., 2009, pp. 96–103.

[8] K. Tuite, N. Snavely, D.-Y. Hsiao, N. Tabing, and Z. Popovic, “Photoc-
ity: Training experts at large-scale image acquisition through a competi-
tive game,” in Proc. SIGCHI Conf. Human Factors Comput. Syst., 2011,
pp. 1383–1392.

[9] A. Rai, K. K. Chintalapudi, V. N. Padmanabhan, and R. Sen, “Zee: Zero-
effort crowdsourcing for indoor localization,” in Proc. 18th Annu. Int.
Conf. Mobile Comput. Netw., 2012, pp. 293–304 .

[10] X. Zhang et al., “Incentives for mobile crowd sensing: A survey,” IEEE
Commun. Surveys Tuts., vol. 18, no. 6, pp. 54–67, First Quarter 2016.

[11] H. Gao et al., “A survey of incentive mechanisms for participatory sens-
ing,” IEEE Commun. Surveys Tuts., vol. 17, no. 2, pp. 918–943, Second
Quarter 2015.

[12] D. Yang, G. Xue, X. Fang, and J. Tang, “Crowdsourcing to smartphones:
Incentive mechanism design for mobile phone sensing,” in Proc. 18th
Annu. Int. Conf. Mobile Comput. Netw., 2012, pp. 173–184.

[13] J.-S. Lee and B. Hoh, “Sell your experiences: A market mechanism based
incentive for participatory sensing,” in Proc. IEEE Int. Conf. Pervasive
Comput. Commun., 2010, pp. 60–68.

[14] L. G. Jaimes, I. Vergara-Laurens, and M. Labrador, “A location-based
incentive mechanism for participatory sensing systems with budget con-
straints,” in Proc. IEEE Int. Conf. Pervasive Comput. Commun., 2012,
pp. 103–108.

[15] G. Wang, G. Cao, and T. La Porta, “Movement-assisted sensor deploy-
ment,” IEEE Trans. Mobile Comput., vol. 5, no. 6, pp. 640–652, Jun. 2006.

[16] B. Liu, P. Brass, O. Dousse, P. Nain, and D. Towsley, “Mobility improves
coverage of sensor networks,” in Proc. 6th ACM Int. Symp. Mobile Ad
Hoc Netw. Comput., 2005, pp. 300–308.

[17] Y. Chon, N. D. Lane, Y. Kim, F. Zhao, and H. Cha, “Understanding the
coverage and scalability of place-centric crowdsensing,” in Proc. ACM
Int. Joint Conf. Pervasive Ubiquitous Comput., 2013, pp. 3–12.

[18] Z. Chen, X. Gao, F. Wu, and G. Chen, “A PTAS to minimize mobile sensor
movement for target coverage problem,” in Proc. IEEE 35th Annu. IEEE
Int. Conf. Comput. Commun., 2016, pp. 1–9.

[19] M. Talasila, R. Curtmola, and C. Borcea, “Alien vs. mobile user game:
Fast and efficient area coverage in crowdsensing,” in Proc. 6th Int. Conf.
Mobile Comput., Appl. Services, 2014, pp. 65–74.

[20] J. P. Rula and F. E. Bustamante, “Crowdsensing under (soft) control,” in
Proc. IEEE Conf. Comput. Commun., 2015, pp. 2236–2244.

[21] X. Wang, W. Cheng, P. Mohapatra, and T. Abdelzaher, “Artsense: Anony-
mous reputation and trust in participatory sensing,” in Proc. IEEE Conf.
Comput. Commun., 2013, pp. 2517–2525.

[22] D. Zhao, X.-Y. Li, and H. Ma, “How to crowdsource tasks truthfully
without sacrificing utility: Online incentive mechanisms with budget con-
straint,” in Proc. IEEE Conf. Comput. Commun., 2014, pp. 1213–1221.

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

[24] Z. Feng, Y. Zhu, Q. Zhang, L. M. Ni, and A. V. Vasilakos, “Trac: Truthful
auction for location-aware collaborative sensing in mobile crowdsourc-
ing,” in Proc. IEEE Conf. Comput. Commun., 2014, pp. 1231–1239.

[25] M. Karaliopoulos, O. Telelis, and I. Koutsopoulos, “User recruitment for
mobile crowdsensing over opportunistic networks,” in Proc. IEEE Conf.
Comput. Commun., 2015, pp. 2254–2262.

[26] M. Xiao, J. Wu, L. Huang, Y. Wang, and C. Liu, “Multi-task assignment
for crowdsensing in mobile social networks,” in Proc. IEEE Conf. Comput.
Commun., 2015, pp. 2227–2235.

[27] S. He, D.-H. Shin, J. Zhang, and J. Chen, “Toward optimal allocation of
location dependent tasks in crowdsensing,” in Proc. IEEE Conf. Comput.
Commun., 2014, pp. 745–753.

[28] L. Gao, F. Hou, and J. Huang, “Providing long-term participation incentive
in participatory sensing,” in Proc. IEEE Conf. Comput. Commun., 2015,
pp. 2803–2811.

[29] J. Cortes, S. Martinez, T. Karatas, and F. Bullo, “Coverage control for
mobile sensing networks,” in Proc. IEEE Int. Conf. Robot. Autom., 2002,
pp. 1327–1332.

[30] X. Zhuo, W. Gao, G. Cao, and Y. Dai, “Win-coupon: An incentive frame-
work for 3G traffic offloading,” in Proc. 19th IEEE Int. Conf. Netw. Pro-
tocols, 2011, pp. 206–215.

[31] X. Zhuo, W. Gao, G. Cao, and S. Hua, “An incentive framework for
cellular traffic offloading,” IEEE Trans. Mobile Comput., vol. 13, no. 3,
pp. 541–555, Mar. 2014.

[32] Z. Liao, J. Wang, S. Zhang, J. Cao, and G. Min, “Minimizing move-
ment for target coverage and network connectivity in mobile sensor net-
works,” IEEE Trans. Parallel Distrib. Syst., vol. 26, no. 7, pp. 1971–1983,
Jul. 2015.

[33] N. Nisan, T. Roughgarden, E. Tardos, and V. V. Vazirani, Algorithmic
Game Theory, vol. 1. Cambridge, U.K.: Cambridge Univ., 2007.

[34] G. Nemhauser, L. Wolsey, and M. Fisher, “An analysis of the approxima-
tions for maximizing submodular set functions,” Math. Program., vol. 14,
pp. 265–294, 1978.

Feng Tian (S’13) received the B.E. degree in elec-
tronic and information engineering from Northwest-
ern Polytechnical University, Xi’an, China, in 2012.
He is currently working toward the Ph.D. degree at
Shanghai Jiao Tong University, Shanghai, China.

His current research interests include wireless net-
working and mobile crowdsensing.



TIAN et al.: MOVEMENT-BASED INCENTIVE FOR CROWDSOURCING 7233

Bo Liu (M’10) received the B.S. degree from
Nanjing University of Posts and Telecommunica-
tions, Nanjing, China, in 2004, and the M.S. and
Ph.D. degrees from Shanghai Jiao Tong University,
Shanghai, China, in 2007 and 2010, respectively, all
in electrical engineering.

In 2010, he joined the Department of Electrical
Engineering, Shanghai Jiao Tong University, as an
Assistant Researcher and later became an Associate
Researcher. He has been a Postdoctoral Research Fel-
low with Deakin University, Melbourne, Australia,

since November 2014. His current research interests include broadband wire-
less communications and networking, privacy, and security of wireless networks.

Xiao Sun (S’10) received the B.S. degree from
Tianjin University, Tianjin, China, in 2008, and the
M.S. degree from the Chinese Academy of Sciences,
Beijing, China, in 2011, all in electronic and informa-
tion engineering. He is currently working toward the
Ph.D. degree at the Department of Computer Science
and Engineering, The Pennsylvania State University,
University Park, PA, USA.

His research interests include wireless health, per-
vasive computing, and mobile networking.

Xiaomei Zhang (S’12) received the B.S. degree in
electronic and information engineering from the Uni-
versity of Science and Technology of China, Hefei,
China, in 2010, and the Ph.D. degree in computer
science and engineering from the Pennsylvania State
University, University Park, PA, USA, in 2016.

She joined the University of South Carolina,
Beaufort, SC, USA, as an Assistant Professor in Au-
gust 2016. Her research interests include mobile com-
puting, mobile social networks, wireless communica-
tions, and data science.

Guohong Cao (F’11) received the B.S. degree from
Xi’an Jiaotong University, Xi’an, China, in 1997,
and the Ph.D. degree from the Ohio State Univer-
sity, Columbus, OH, USA, in 1999, both in computer
science.

Since then, he has been with the Department of
Computer Science and Engineering, The Pennsyl-
vania State University, University Park, PA, USA,
where he is currently a Professor. He has authored
or coauthored more than 200 papers in the areas of
wireless networks, wireless security, vehicular net-

works, wireless sensor networks, cache management, and distributed fault-
tolerant computing.

Dr. Cao has served on the Editorial Board of the IEEE TRANSACTIONS ON

MOBILE COMPUTING, the IEEE TRANSACTIONS ON WIRELESS COMMUNICA-
TIONS, and the IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY and has
served on the organizing and technical program committees of many confer-
ences including the TPC Chair/co-Chair of the 2009 IEEE Symposium on Re-
liable Distributed Systems, the 2010 IEEE International Conference on Mobile
Ad-hoc and Sensor Systems, and the 2013 IEEE International Conference on
Computer Communications. He was the recipient of the U.S. National Science
Foundation CAREER Award in 2001.

Lin Gui (M’08) received the B.S. degree in electri-
cal engineering from Zhejiang University, Hangzhou,
China, in 2002.

Since 2002, she has been with the Institute of Wire-
less Communication Technology, Shanghai Jiao Tong
University, Shanghai, China, where she is currently a
Professor. Her current research interests include high-
definition television and wireless communications.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


