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Abstract—Mobile crowdsensing can enable numerous attractive novel sensing applications due to the prominent advantages such
as wide spatiotemporal coverage, low cost, good scalability, pervasive application scenarios, etc. In mobile crowdsensing applications,
incentive mechanisms are necessary to stimulate more potential smartphone users and to achieve good service quality. In this paper,
we focus on exploring truthful incentive mechanisms for a novel and practical scenario where the tasks are time window dependent,
and the platform has strong requirement of data integrity. We present a universal system model for this scenario based on reverse
auction framework and formulate the problem as the Social Optimization User Selection (SOUS) problem. We design two incentive
mechanisms, MST and MMT. In single time window case, we design an optimal algorithm based on dynamic programming to select
users. Then we determine the payment for each user by VCG auction; while in multiple time window case, we show the general
SOUS problem is NP-hard, and we design MMT based on greedy approach, which approximates the optimal solution within a factor
of In|W| + 1, where |WW| is the length of sensing time window defined by the platform. Through both rigid theoretical analysis and
extensive simulations, we demonstrate that the proposed mechanisms achieve high computation efficiency, individual rationality and
truthfulness.

Index Terms—mobile crowdsensing, incentive mechanism, auction, strategic behavior, optimal algorithm, approximation ratio

I. INTRODUCTION

N the past few years, the market of smartphone has prolif-

erated rapidly and continues to expand. According to the
mobile phone forecast from the International Data Corporation
(IDC) Worldwide Quarterly Mobile Phone Tracker, worldwide
smartphone shipments will reach a total of nearly 1.3 bil-
lion units in 2014, representing an increase of 26.3 % over
2013.Looking ahead, IDC expects 1.4 billion smartphones to
be shipped worldwide in 2015 [1]. With the technological ad-
vances of 4G/5G networks and embedded sensors, the smart-
phone has been developed as a powerful programmable mobile
data interface since it is integrated with a set of sensors such
as camera, light sensor, GPS, accelerometer, digital compass,
gyroscope, microphone, and proximity sensor. Other types
of sensors, such as sleep sensor, EEG earphone, barometer,
heart rate monitoring sensor, chemical sensor are expected
to be available in smartphones in the near future [2]. These
sensors can sense various human activities and the surrounding
environment cooperatively. It will be an efficient approach to
meet the demand in large scale sensing applications if we take
advantage of pervasive smartphones to collect data.

Comparing with the traditional sensor networks, mobile
crowdsensing has a huge potential due to the prominent ad-
vantages [2], such as wide spatiotemporal coverage, low cost,
good scalability, pervasive application scenario, etc. As a novel
sensing mode, mobile crowdsensing can enable attractive
sensing applications in different domains, such as healthcare
[3], social networking [4], environmental monitoring [5] and
transportation [6][7].

Realizing the great potential of the mobile crowdsensing,
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many researchers have developed numerous applications and
systems, such as DietSense [8] and BikeNet [9] for healthcare,
CenceMe [10] and Co-evolution model [11] for behavior and
relationship discovery, PIER [12] for calculating personalized
environmental impact and exposure, Haze Watch [13] for
pollution monitoring, Ear-Phone [14] and NoiseTube [15] for
creating noise maps, Nericell [16] , SignalGuru [17] and
VTrack [18] for providing traffic information, SmartTrace
[19], CityExplorer [20], Sensorly [21] for 3G/WiFi discovery,
Frequent Trajectory Pattern Mining [22] for activity moni-
toring, LiFS [23] for indoor localization, crowd-participated
system [24] for bus arrival time prediction, etc.

Although there are many applications and systems on
mobile crowdsensing, most of them are based on voluntary
participation. In fact, incentive mechanisms are crucial to
mobile crowdsensing while smartphone users spend their time
and consume battery, memory, computing power and data
traffic of device to sense, store and transmit the data. More-
over, there are potential privacy threats to smartphone users
by sharing their sensed data with location tags, interests or
identities. Therefore the incentive mechanism, which compute
payoff for users to compensate their resource consumption
and potential privacy breach, is a necessary component of
mobile crowdsensing systems. Incentive mechanisms also help
to achieve good service quality since sensing services are truly
dependent on quantity of users and quality of sensed data.

Exploring the incentive mechanism for stimulating smart-
phone users in mobile crowdsensing is very difficult because
smartphone users would adopt strategic behaviors to maximize
their own payoffs. Strategic behaviors of smartphone users
can seriously hinder the potential collaboration of smartphone
users. Thus it is essential to develop effective incentive mech-
anisms, which can guarantee the compatibility and fairness of
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mobile crowdsensing systems.

There have been some research efforts on developing incen-
tive mechanisms for mobile crowdsensing, which can gener-
ally be divided into two categories: offline mechanisms [25-
27] and online mechanisms [28-30]. In offline mechanisms,
the concurrent presence of numerous smartphone candidates
is required. These offline schemes assume that all users will
stay from the beginning of one round of task distribution for
bidding, while online mechanisms aim to deal with the case
where users submit their profiles when they arrive.

In practice, many mobile crowdsensing applications have
strong requirement of data integrity. It is important in many
scenarios to accomplish all tasks publicized by the platform
since the fragmented data may not meet the requirements of
the applications, and the value of the fragmented data may
decrease significantly. There are some realistic examples of
existing projects with strong requirement of data integrity:

Projectl : The crowd-participated bus arrival time predic-
tion system [24]

In this work, the sharing users sample the cell tower
sequences and send the sequences to the backend server. Then
the backend server uses the cell tower sequences to match the
bus route stored in the database and predicts bus arrival time
at various bus stops. One of the challenges of this system is
called information assembling: One sharing user may not stay
on one bus to collect adequate time period of information.
Insufficient amount of uploaded information may result in
inaccuracy in matching the bus route. An effective information
assembling strategy is required to solve the jigsaw puzzle of
combining pieces of incomplete information from multiple
users to picture the intact bus route status. There is a strong
requirement of data integrity in this application scenario since
only continuous cell tower sequences can be used to predict
realtime bus arrival time accurately.

Project2 : Ear-Phone [14]

Ear-Phone is an end-to-end participatory urban noise map-
ping system, which consists of a mobile phone component
and a central server component. Noise levels are assessed
on the mobile phones before being transmitted to the central
server. The central server reconstructs the noise map based
on the partial noise measurements. When the mobile phone
is not used for conversation, the MobSLM on the phone is
turned on. When turned on, the signal processing module starts
computing a loudness characteristic known as the equivalent
noise level over a time interval 7 from the raw acoustic
samples collected by the microphone over the corresponding
time interval. There is a component for computing long-term
equivalent noise level in central server. This component com-
putes the long-term equivalent noise level over the duration
N- T (where N > 1 and N is an integer) from the equivalent
noise levels measured over shorter time durations 7. There
is a strong requirement of data integrity in this application
since the equivalent noise levels measured over shorter time
durations are necessary to compute long-term equivalent noise
level.

Project3 : Haze Watch [13]

The members of the Haze Watch project are developing a
mobile air pollution sensor which will be attached to motor ve-

hicles and used for gathering air pollution readings. These de-
vices will measure Carbon Monoxide, Ozone, Sulphur Dioxide
and Nitrogen Dioxide. Using Bluetooth, these measurements
will be sent to an iPhone within the car where both time and
GPS coordinates are recorded and sent to a server. Haze Watch
has also developed an effective form of displaying pollution
readings on visual maps to reflect the levels of concentrations
of particulate pollutants. There is also a strong requirement of
data integrity in this application scenario since the pollution
readings are required to cover whole time line.

However, the existing mechanisms consider the applications
with weak requirement of data integrity. For example, the tasks
described in [25] or [29] are location dependent, and it may
not necessary to make sure that all tasks are accomplished.
The existing mechanisms cannot be applied to the mobile
crowdsensing applications with strong requirement of data
integrity since these mechanisms aim to optimize the payoff
of the platform [25] or the value from the selected users
services under the budget constraint [29,33] no matter whether
all tasks are performed.

In this work, we focus on exploring truthful incentive
mechanisms satisfying the desirable properties for time win-
dow dependent tasks in mobile crowdsensing. We present a
universal system model for this novel mobile crowdsensing
scenario. To stimulate smartphone users, the interactions be-
tween the platform and the smartphone users are modeled
as a reverse auction mechanism. We formulate the Social
Optimization User Selection (SOUS) problem and propose
two incentive mechanisms, MST and MMT to solve the
SOUS problem in single time window case and multiple time
window case, respectively. In MST, we design a dynamic
programming algorithm to select users and determine the
payment by Vickrey-Clarke-Groves (VCG) auction. Since the
general SOUS problem is NP-hard, we design MMT based on
approximation algorithm, which follows a greedy approach.
We show that both two designed incentive mechanisms satisfy
the desirable properties.

The key contributions of our work are summarized in the
following:

o To the best of our knowledge, this is the first work on
incentive mechanism design for the mobile crowdsensing
applications with strong requirement of data integrity. In
this paper, we focus on dealing with a category of time
window dependent task mobile crowdsensing, which is
a novel and practical scenario. We present the universal
system model for this scenario and formulate the Social
Optimization User Selection (SOUS) problem.

« In single time window case, we design an optimal algo-
rithm based on dynamic programming to solve the SOUS
problem. We design a VCG auction based incentive mech-
anism, which is computationally efficient, individually
rational and truthful.

o In multiple time window case, we show the general SOUS
problem is NP-hard, and we develop an approximation
algorithm, which follows a greedy approach to select
users and determine payment. Moreover, we show the
proposed incentive mechanism in such case is computa-
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tionally efficient, individually rational and truthful with
low approximation ratio.

The rest of the paper is organized as follows. Section
2 formulates the system model and problem. We present
incentive mechanism, MST, in single time window case in
Section 3. The incentive mechanism, MMT, in multiple time
window case is described in Section 4. Performance evaluation
is presented in Section 5. We review the related work in
Section 6, and conclude this paper in Section 7.

II. SYSTEM MODEL AND PROBLEM
FORMULATION

A. System Model

We consider a mobile crowdsensing system consisting of
a platform and many smartphone users. The platform resides
in the cloud. Different from most crowdsensing systems, we
consider a time window dependent task crowdsensing scenario,

e., the platform wants to collect the continuous data in a
specific time interval.

This scenario is very practical and pervasive. As shown in
Fig.1, there are many time window dependent applications in
crowdsensing with strong requirement of data integrity, such
as continuous measure of trace, traffic condition, noise, air
pollution and continuous observation of garbage classification,
etc. These tasks can be regarded as a big task, which lasts
in whole time window and is unlikely to be accomplished by
single human being, such as sampling the cell tower sequences
on whole bus route [24], measuring the long-term equivalent
noise levels [14], and gathering the air pollution readings all
the time [13]. These projects all fall into the time window
dependent task crowdsensing scenario.

We consider the platform publicizes a sensing time window
W = [Ts,Tg], where Ts and Ty are the start time and end
time respectively. In other words, the platform requests the
sensing data in the period from 7' to Tr. We denote the length
of time window W, i.e., the number of time units, as |[W)|.
The time unit, which is closely bound up with the application
scenarios, is determined by the sampling frequency of sensing
data in practice. It is reasonable that the sensing data is valid
if a user submits it in arbitrary point-in-time within time unit.

Assume that a crowd of smartphone users U = {1,2,...,n}
are interested in participating sensing tasks. Each user i
responds  with a bid B; = (I;0b;), in which I, =
{[stel], ..., [sF, €]} is a set of k; time windows the user
i can perform. Each I is associated with the cost c;. si and
el,Vi e UVYj € {1,...,k;} can be any point-in-time, although
any s; < Ts or e/ > Tg cannot bring extra benefit for user
4 in our mechanisms. b; is the claimed cost which is the bid
price that user ¢ wants to charge for performing I;.

The platform selects a subset of users S C U, and notifies
winners of the determination. The winners perform the sensing
in their submitted time windows and send data back to the
platform. Each user ¢ is paid p; , which is computed by the
platform.  The above interactive process can be illustrated
by Fig.2.

traffic monitoring noise monitoring  pollution monitoring

Fig.1. Examples of time window dependent task crowdsensing
paradigm

‘=sensing time window—
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Fig.2. Tllustration of a mobile crowdsensing system as a
reverse auction framework

We define the utility of user ¢ as the difference between the
payment and its real cost. Then the utility of user ¢ can be
computed as follows

U =p; — ¢ (D

Specially, the utility of the losers would be zero because
they are paid nothing in our designed mechanisms and there
is no cost for sensing.

Note that b; can be different from the real cost ¢; of
performing I'; since we consider users are selfish individuals,
and the real cost is private and unknown to other users and
the platform. So the users may take a strategic behavior by
claiming cost to maximize their own utility.

The users can also take a strategic behavior by reporting
the set of time windows that are not real. The time window
truthfulness can be achieved if the platform can verify whether
all sensing data in announced time windows is submitted and
whether the sensing data is generated at the announced time.
For this purpose, we assume the sensing data is processed
by trusted time stamping such as Public Key Infrastructure
Time-Stamp Protocol (TSP) [39], which is based on digital
signatures and hash functions. By using TSP, it is not difficult
to verify that the timestamp of sensing data is unaltered and
was issued by the Time Stamping Authority (TSA, a trusted
third party).

The utility of the platform is

uo = v(W) =Y pi )
i€s
where v(V)is the value to the platform when it obtained all
data in whole W.

Note that continuous sensing data is defined by the specific
requirement of the platform. Specifically, the sensing data is

not only the data with continuous time line, but also discrete
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sampling data abide by the certain time distribution required
by the platform. For example, the platform wants to collect
photos per minute in continuous sixty minutes.

B. Problem Formulation

We consider an incentive mechanism M ( f, p) consisting of
a user selection function f and a payment decision function p.
For any time window }V and a set of strategy bids B=(B,,B,,),
the function f()V, B) computes a subset of users S C U, and
the function p(W, B) returns a vector (p1,,p,,) of payments to
all the users. The objective function is minimizing the social
cost which is the sum of the real costs of selected users for
completing the sensing in whole time window. The problem
can be formulated as follows:

min Z b; 3)

€S
s.t. W C Uies,je{L...,k}[Sf,ef] )

The problem of minimizing the social cost is equivalent to
the problem of maximizing social efficiency. In our system
model, the social efficiency is v(WW) — ¥;csb;. The value of
v(W) is constant since W is publicized by the platform at the
beginning of the auction, and all tasks in WV are performed.
Thus the objective of the problem presented in formula (3)
and formula (4) is maximizing social efficiency in essence.
We call this problem as Social Optimization User Selection
(SOUS) problem.

The constraint means the time windows submitted by se-
lected users should cover the required time window, i.e., the
mechanisms should make sure that the sensing data submitted
by the winners can meet the requirement of data integrity from
Ts to Tg. We assume that there are enough users who can
satisfy the constraint naturally. We also exclude the situation
where only one bid hits the arbitrary time slot in [T's, Tg] in
order to prevent the monopoly.

Although the real cost ¢; is only known by user ¢, we will
prove that claiming a different cost b; cannot help to increase
the utility of user ¢ in our designed mechanisms. So we still
use b; when we attempt to maximize social efficiency in the
mechanisms designed below.

We consider two types of user bids in our system model:
bids with single time window and bids with multiple time
windows.

In the multiple time window case, the users can submit
multiple time windows in one bid. For example, the equivalent
noise levels [14] or the air pollution readings [13] can be
submitted with multiple time windows. The participants can
decide the set of time windows by several ways, such as
future schedules, daily behaviors, habits or preferences. The
participants can predict the time windows, within which they
are in the specific locations to perform the sensing tasks
based on their future schedules. Moreover, the participants can
decide time windows according to their daily behaviors, habits
or preferences with little effect on their daily life. A large
body of research has demonstrated that people show striking
persistence in their mobility profiles. For example, in [36],
the authors state that the similarity of the mobility profile of

a given user to its future profile is high, above 0.75 for eight
days and remains above 0.6 for five weeks. The observations
demonstrate that the mobility profile is indeed an intrinsic
property and a valid representation of the user, even if only a
short history of mobility profile is used.

Specially, in single time window case, each user only bids
one time window, and the constraint of the SOUS problem can
be relaxed as

s.t. W - Uies[si, €i] (5)

Our objective is to design the incentive mechanisms satis-
fying the following four desirable properties to solve SOUS
problem:

(1) Computational Efficiency

A mechanism M(f,p) is computationally efficient if both
user selection function f and payment decision function p can
be computed in polynomial time.

(2) Individual Rationality

Each user will have a non-negative utility, i.e., p; > ¢;, Vi €
U.

(3) Truthfulness

A mechanism is truthful if no user can improve its utility
by submitting a bid different from its real cost, no matter
what others submit. In other words, reporting the real cost is
a dominant strategy [31] for all users.

(4) Social Optimization

The objective function is maximizing the social efficiency.
We attempt to find optimal solution or approximation algo-
rithm with low approximation ratio when there is no optimal
solution computed in polynomial time. For the latter, the
approximation ratio, O(g(n)), is the ratio between approxi-
mation solution and the optimal solution.

The importance of the first two properties is obvious,
because they together assure the feasibility of the incentive
mechanism. The last two properties are indispensable for
guaranteeing the compatibility and high performance. Being
truthful, the incentive mechanism can eliminate the fear of
market manipulation and the overhead of strategizing over
others for the participating users.

III. INCENTIVE MECHANISM IN SINGLE TIME
WINDOW CASE

In this section, we consider the special case where each
user bids with only one time window. We present an incentive
mechanism MST in this single time window case.

A. Mechanism Design

We design an auction mechanism consisting of user selec-
tion phase and payment determination phase. In user selection
phase, we propose an optimal algorithm based on dynamic
programming to solve SOUS problem. In payment determina-
tion phase, we compute payment based on the VCG auction
[31]. The whole process is illustrated in Algorithm 1.

The user selection phase follows a dynamic programming
approach: Users are sorted according to the right point of their
time windows such as e; < es < ... < e,. Then we compute
F(i), for Vi € U in sequence, where F'(7) is the minimum
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social cost covering time window [T, e;]. Considering all
F(j), j < i, in above order have been computed, F(i) is
determined by the sum of minimum F(j) satisfying e; > s;
and b;. So our recurrence is

b; Zf Ts € [Si,ei]
Then we get the minimum social cost
mmLeU{F(z) ‘ T € [sz,el]} (7)

In payment phase, we apply VCG based payment rule to
determine the payment function. A winner will be paid an
amount equal to the benefit it introduces to the system, i.e.,
the difference between others user’s minimum social cost with
and without it. The payment scheme is

p; = Cost(U \ {i}) — (Cost(U) = b;),V; e U (8)

Here function Cos?() means the minimum social cost computed
by selection phase.

Algorithm 1 Incentive Mechanism in Multiple Time Window
Case (MMT)
Input: Time Window W, Set of Bids B, Set of Users U
//Phase 1: Selection
S« ¢
for all : € U do
F(i) = oo
end for
Sort I'; based on e; for Vi € U in the nondecreasin-
gorder and the sequence is denoted by {I';, I'e,, Iy };
6: for i=1ton do
7: if Ts € [s;,¢;] then
8
9

A

pre(i) < (—1), F(i) = b;

: else
10: pre(i) < (argmine,>s, j<iF(j));
11 F(i) < F(pre(i)) + b;
12: end if
13: end for

14: 0 <= arg mingye(s; e, e ¥ (5);
15: cost + F(i);
16: while i # —1 do
17: S« SU{i},i + pre(i);
18: end while
/[Phase 2: Payment
19: for all + € U do p; « 0;
20: end for
21: for all i € S do p; < Cost(U\ (7)) — (Cost(U) — b;);
22: end for
23: return(cost, S, P);

B. Mechanism Analysis

In the following, we analyze the properties of the MST from
four aspects mentioned in section 2.2.
Lemma 1. MST is computationally efficient.
Proof: Initializing F'(i) takes O(nlogn) time. Sorting
time windows takes O(nlogn) when we use computationally

efficient sorting algorithm such as quick sorting.  The re-
currence of dynamic programming (line6-13) runs n times.
Finding minimum F(j) (linel0) takes O(n) time. So the
recurrence of dynamic programming takes O(n?) time.

In fact, we can further improve the computational efficiency
of finding minimum F'(j) as follows. When computing F'(7),
we can maintain a stack to store every F'(7) which has been
computed. Before pushing F'(i) into stack, we pop the top
element of stack until F'(stack(top)) < F(i). Since we push
and pop each time window once at most, the complexity of
maintaining the stack in whole recurrence is O(n). When
F(j) in the stack has been sorted, we can use binary search
algorithm to finding minimum F(j) (linel0), which takes
O(logn) time. So the recurrence of dynamic programming
(line6-13) can take only O(nlogn) time.

Finding the minimum social cost (linel4-15) takes O(n)
time. Finding the solution (line16-18) takes O(n) time. Hence
the running time of the selection phase is O(nlogn). In
payment phase, we call selection phase to compute Cost()
for each winner, thus the time for computing payment takes
O(n2logn) time. Hence the running time of MST is bounded
by O(n?logn). ]

Note that the running time of MST, O(n?logn), is very
conservative since the number of winner is much less than n
in practice.

Lemma 2. MST is individually rational.

Proof: We denote w* and w” ; as the optimal social cost
of SOUS problem in single time window case with and without
user ¢ respectively. Then p; = w*, — (w* — b;) based on line
21 in Algorithm 1. Since w™* is the optimal social cost, we
have w* < w*,, and it is easy to deduce p; > b;. If user i is
not chosen, its utility u; = 0. |

Lemma 3. MST is truthful.

Proof: Since MST is based on VCG auction, which is
known as a truthful auction [31], MST is truthful. |

Lemma4. MST is an optimal algorithm of SOUS problem
in single time window case.

Proof: Since MST follows a dynamic programming ap-
proach, we need prove the recurrence relationship is correct to
minimize the social cost. Considering F'(7) is the minimum so-
cial cost covering time window [Ts, e;], if Ts € [s;, €], [84, €]
can be a candidate for the first time window in whole solution,
then the minimum social cost for interval [s;, ¢;] is equal to
the cost itself. In case Ts & [s;, e;], F(i) should be the sum
of minimum cumulative cost covering [T, s;] and b; in order
to cover the time window [s;,e;]. Since we have sorted all
users based on the right point of their time windows, [T}, ;]
has been covered by F(j),Vj < i, which has been computed
previously. Thus F; = mine,>s, I'; +b; is a correct recurrence
relationship to find the optimal solution. [ ]

The above four lemmas together prove the following theo-
rem.

Theorem 1. MST is computationally efficient, individually
rational, truthful and an optimal algorithm of SOUS problem
in single time window case.



IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 13, NO. 9, SEP 2015 6

IV. INCENTIVE MECHANISM IN MULTIPLE TIME
WINDOW CASE

In this section, we consider the general case where each user
can bid more than one time window. We present an incentive
mechanism in this multiple time window case (MMT).

A. Mechanism Design

First of all, we attempt to find an efficient algorithm for the
original form of SOUS problem presented in formula (3) and
formula (4), called general SOUS conveniently. Unfortunately,
as the following theorem shows, it is NP-hard to find the
optimal solution.

Theorem 2. The general SOUS problem is NP-hard.

Proof: We will prove this theorem in the appendix. H

Since the general SOUS problem is NP-hard, we turn
our attention to develop an approximation algorithm in user
selection phase. In addition, the VCG mechanism [31], which
requires the optimal set of winning bids, does not work for our
problem. We design our auction mechanism in this multiple
time window case (MMT), which follows a greedy approach.
Mlustrated in Algorithm 2, MMT still consists of user selection
phase and payment determination phase.

Algorithm 2 Incentive Mechanism in Multiple Time Window
Case (MMT)
Input: Time Window W, Set of Bids B
//Phase 1: Selection
W W, S 0
while W' # 0 do

74— arg m’theU\S

bi,

v (W' )

W W —o;(W);

S+ Su{i};
end while
//Phase 2: Payment
for all : € U do p; = 0;
8: end for
9: for all i € S do
100 U «U\{i},T<0W «W;
11: while W' # () do
12: ip = arg minpeg\ T

BN

~

W’
13: pi < maz{p;, m bi, }s
14: T« T U{i}
15: W W —v, W)
16: end while
17: end for

18: return(S, P);

In user selection phase, users are essentially sorted accord-
ing to the effective average cost. Given the remaining required

coverage time window, denoted by W:qifl , the effective cov-
erage of user i is v;(Ws, ) =Ws. N (Uyjeqr,..., }[ i 1])
The effective average cost of user ¢ is defined to be ﬁ

N Si—1
In this sorting, the ith user is the user A such that —2—— is
Yh (st —1 )

minimum over U\S;_; , where S;_1 = {1,2,...;i — 1}, Sy =

(), and W:go = W. Considering vi(l/\/si_1
7 > 1 — 1, this sorting implies that

bl 7 S b2 7 S S biﬂ/‘

U1 (WSO) U2 (Wsl) Un (Wsn,l)

) > vi(Wéj) for any

€))

The set of winners is Sy, = {1,2,..., L}, where L < n is
the largest index such that results in W' = (). We use v;(W')
instead of Ui(W;ifl) to simplify the notation in Algorithm 2.

In the payment determination phase, we sort the users in
U\{i} similarly,

LTS L S Q. ST
Uiy (WTO) Uiy (W’rl ) Ui, (Wn_l )
where w;h(W;—hfl) = W%—hfl N (Uvje(t,... ki, g ;ha ,]) de-

notes the effective coverage of the hth user and 7;, denotes the
first h users according to this sorting over U\{i}, 7o = 0 and
WT = W. The effective coverage of user i is v; (WT} )=
)/\/Th’_1 N (Uvjeqa,... .k} 1575 z]) For each position A in the
sorting, we compute the maximum price that user ¢ can be
selected instead of user at hth place. We will prove that this
price is a critical payment for user ¢ later. We also use U; (W/)
instead of v, (WIT;Hl) to simplify the notation in Algorithm 2.

B. Mechanism Analysis

In the following, we present theoretical analysis, demon-
strating that MMT achieves the desired properties of compu-
tational efficiency, individual rationality, truthfulness and low
approximation ratio.

Lemma 5. MMT is computationally efficient.

Proof: Finding the user with minimum effective average
cost takes O(n-max;eq1,... n} ki), Where computing the value
of vi(W/) takes O(k;) time. Hence, the while-loop (Line2-6)
takes O(n? “MaT;e(1,....nyki). In each iteration of the for-loop
(Line9-17), a process similar to Line2-6 is executed. Hence
the running time of the whole auction is dominated by this
for-loop, which is bounded by O(n® - mawz;eq1,. nyki). ™

Note that the running time of MMT, O(n3
_____ n}k ), is very conservative since the number
of winners is much less than n in practice.

Lemma 6. MMT is individually rational.

Proof: Let i, be user #'s replacement which ap-
pears in the ith place in the sorting over U\{i}. Since
user 45, would not be at ¢th place if ¢ is considered,

b; b7h .
we have v 1) %(Wéf 5 Hence we have b; <
vi(W/ ) v (WI .
Wll)bih = %bih < p;, where the equality re-
‘h i—1 Yip WY1,

lies on the observation that vi(WS/i_ )= U;(W;;z,—l) for every
h < 4, which is due to the fact that s;_; = 771,1 for h < 4.

This is sufficient to get b; < max;, ¢y \T o (g/;v))b =p;. B

Before analyzing the truthfulness of MMT we firstly intro-
duce the Myerson’s Theorem [32].
Theorem 2. ([34, Theorem 2.1]) An auction mechanism is
truthful if and only if:
o The selection rule is monotone: If user i wins the auction
by bidding b;, it also wins by bidding b; < b;;
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o FEach winner is paid the critical value: User i would not
win the auction if it bids higher than this value.

Lemma 7. MMT is truthful.

Proof: Based on Theorem 2, it suffices to prove that
the selection rule of MMT is monotone and the payment
p; for each i is the critical value. The monotonicity of the
selection rule is obvious as bidding a smaller value can-
not push user ¢ backwards in the sorting. = We next show
that p; is the critical value for 7 in the sense that bidding
higher p; could prevent i/fro/m winning the auction. Note

that p;, = maxhe{lj_“’q}%bih. If user ¢ bids b; < p;,
*h

v W)

it will be placed aft i by > b
it will be placed after ¢ since Z o) Vi

implies
m (l;jv') > o b(i;vl). Hence, user ¢ would not win the auction
because the first q users have covered the time window V. B
Lemma 8 MMT can approximate the optimal solution
within a factor of In)W|+ 1
Proof: We rank each time unit by sequence when it
is firstly covered in MMT. The time units covered simul-
taneously can be ranked arbitrarily. We assume that this
rank is si, S2, ..., 8)yy|. Considering the beginning of i + 1th
iteration in while-loop (Line2-6) of MMT, if the number
of time units covered by previous i users is X; = | U
jeA{l,...,i},m e {1,...k;}[s7", €l]|, the number of uncov-
ered time units will be )W — X;|. Now we denote the
minimum social cost computed by optimal algorithm as OPT.
Since the optimal algorithm can cover all time units in W,
the uncovered time units can be covered with cost at most
OPT, where the effective average cost is IVe P )TH When MMT
covers s, in ¢ + 1th iteration, the number of uncovered time
unit is at least [W|—r+1,i.e.,|[W—X;| > |[W|—r+1. While
covering s,., we denote the effective average cost as cost(s;).
Since MMT selects the user with the minimum effective aver-
age cost to cover s,, we have cost(s,) < Ing):Ci\ < \W()|5)1T+1
. Hence the total cost of MMT for covering all time units is

S cost(s,) < (1+ 4+ .. + 5h7)OPT = HyyOPT <

r=1
(In)W|+1)OPT. ]

The above four lemmas together prove the following theo-
rem.

Theorem 3. MMT is computationally efficient, individually
rational, truthful and In|W|+ 1 approximate in multiple time
window case.

Remark: Our MMT auction mechanism can be applied to
many other problems since the general SOUS is a weighted set
cover problem in essence. The data integrity and four desirable
properties still hold.

V. PERFORMANCE EVALUATION

In this section, we conduct thorough simulations to inves-
tigate the performance of the MST and MMT. Firstly, we
evaluate both MST and MMT based on real word experience
data traces. Then we conduct the simulations based on random
users in order to reveal the impacts of the key parameters.
The performance metrics include the social cost, the number
of winners, the running time, and the payment cost ratio 7,

where 1 = ZiesPi For our simulations, the cost of each bid
Cost(S)

is uniformly distributed in [1,100]. All the simulations were
run on a windows machine with Intel Core i5-4210U CUP
and 4GB memory. Each measurement is averaged over 100
instances.

A. Performance Evaluation Based on Real Traces

1) Scenario Settings

We use the real mobility traces of 370 taxi cabs that report
their position every 15 seconds around the city of Rome during
2014-02-01 to 2014-03-02 [38]. For our simulations, we use
the traces at the time snapshot in 2014-02-01. We consider the
mobile crowdsensing applications are performed in the specific
geographical areas with strong requirement of data integrity
such as noise mapping in [14] or sensing pollution in [13].
We choose five different places in the city of Rome: Piazza
Colonna, Quirinal Palace, University of Arkansas Rome Cen-
ter (UARC), Basilica of Our Lady and Marcello Theater. The
geographical areas are set as the circulars with the centers of
the five places respectively, and the radius for each circular is 1
km. We assume that a smartphone is carried by the passenger
or the driver of each taxi. The platform publicizes different
sensing time windows for different geographical areas, and
the bidders are taxis who are in the specific geographical areas
during the time interval. For each geographical area, we set the
maximum sensing time window, and measure the performance
with different end time. The maximum sensing time window
for each geographical area is shown in Table 1:

The maximum sensing time window
MST MMT
[19:13:48, 23:57:08]  [14:44:02, 23:59:59]
[05:38:54, 08:58:54]  [05:27:13, 13:47:13]
[20:20:22, 23:40:22]  [14:58:37, 17:58:37]
[00:34:35, 02:14:35]  [19:20:49, 22:40:49]
[18:32:08, 19:22:08] [18:28:01, 21:14:41]

The geographical area

Piazza Colonna
Quirinal Palace
UARC
Basilica of Our Lady
Marcello Theater

TABLE I: The maximum sensing time windows for different
geographical areas

2) Evaluation of MST

Firstly, we investigate the performance of MST. We select
the maximum length time interval in the sensing time window
of each taxi as the user time window in this case. Fig.3 depicts
the performance of MST with different end time. Since the
start time is same, the different end time means different
|[W)|, which is an indication of workload for the crowdsensing
application. As can be seen from the figure, the number of
taxis increases when |JV|goes up. This is because more taxis
pass through the pre-set geographical areas when there is
more time for sensing. Given the same |W|, the number of
taxis depends on the taxi density in corresponding area. The
number of winning taxis also increases because the platform
has to recruit more participators to accomplish the tasks in
large sensing time window. Accordingly, higher social cost
is incurred since we randomize the cost of each bid. The
payment cost ratio fluctuates with increasing [W|. In most
cases, the payment cost ratio is lower than 3. However, in
specific cases, the payment cost ratio will be very high if
specific taxis stay in these geographical areas for a long time
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Fig.4. Performance of MMT with various end time of the sensing time window

and make momentous hurt to other taxis. For example, the
payment cost ratio reaches to 4.1 in Piazza Colonna area with
sensing time window [19:13:48, 19:30:28]. This is because
the taxi with ID 187 can perform all tasks in this sensing time
window. Moreover, the running time of MST increases with

increasing |W]| since the running time depends on the number
of taxis, which also increases when |W/| goes up. However,
the running time of MST is bounded by 1.34ms in all cases.
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3) Evaluation of MMT

In multiple time window case, we use all time intervals of
each taxi in the sensing time window as the user time windows.
As shown in Table 1, we set five long-term applications
in different geographical areas. The length of sensing time
windows is from 10000s to 34000s, where there are at most
26 time windows in one bid. Fig.4 shows the performance
of MMT with different end time. Both the number of taxis
and the number of winning taxis increase when |W| goes up.
For the long-term application, the number of taxis increases
gently after 20000s due to the limited total number of taxis.
Another reason may be that the drivers have preferences in
geographical areas especially in large city of Rome which
covers an area of 1285 km?. The social cost also increases
when the number of winning taxis goes up. In most cases,
the payment cost ratio is lower than 2.2. However, there are
some specific cases such as the area of UARC. We can see
from the Fig.4 (e) that the running time increases severely with
the increasing number of taxis. However, the running time of
MMT is bounded by 308.51ms in the sensing time window
with the maximum length of 34000s.

B. Revealing the Impacts of the Key Parameters

1) Simulation Setup

There are three common key parameters: the number of
users 7, the length of sensing time window |W)| and the upper
limit ratio of user time window d. There is a special parameter
for MMT: the upper limit number of time windows for each
bid . For our simulations, the time window length of each
bid is uniformly distributed in the interval [1, 5|WV|]. Since the

users are rational and know that any user time window out of
W cannot get the payoff, the start time of bid s; is uniformly
distributed in whole W and satisfies s; > Ts and e; < Tg. In
MMT, each bid can contain more than one time window. The
number of time windows for each bid in MMT is uniformly
distributed in [1, v]. We set n = 1800, |W| = 1000, 6 = 0.1,
v =9 as the default values, however we will vary them for
exploring the impacts of these parameters respectively. The
impact of |JV| has been investigated in Section 5.1. Thus we
measure the impacts of other key parameters here.

2) Impact of 0

The time window length of each bid responded by users
can depict the interest and suitability of users for participating
in mobile crowdsensing. We set the time window length of
each bid in [1, §)V|] with uniform distribution, and then vary
0 from 0.04 to 0.22 to investigate the impact on MST and
MMT. As can be shown in Fig.5, the number of winners and
the social cost also decrease severely both in MST and MMT
with increasing J. This is because the platform can select fewer
users to perform the tasks when each user can sense more data
within time window )V on average. The winners of MMT are
fewer than that of MST since the users with multiple time
windows can contribute more than the users with single time
window. Accordingly, the social cost of MMT is lower than
that of MST. The payment cost ratio is lower than 3.75 in MST
and 2.73 in MMT with different values of 4.

3) Impact of n

To investigate the scalability of designed mechanisms, we
fix the upper limit ratio of user time window §=0.1, and vary
the number of users from 1800 to 2700. Fig.6 shows the impact
of user number on the performance of MST and MMT. The
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winner number of MST and MMT distribute between 17.1
to 21.1 and 10.9 to 13.4 respectively. Both of them do not
change much when user number goes up. This is because that
increasing user number cannot help to cover the time window
W since the time window length of each bid is fixed. The
social cost decreases with increasing user number since the
platform can find more cheap users to perform the sensing
tasks. However, the decreasing of social cost of MST and MMT
is slight because in our system model, the user number needs
to be large enough in order to guarantee the coverage of time
window W. The payment cost ratio is lower than 2.0 in MST
and 2.2 in MMT with different user number. Moreover, the
running time of both mechanisms increase, which conforms to
the expected running time properties of MST and MMT proved
in lemma 1 and lemma 5 respectively. However, the designed
mechanisms are computational efficient since the running time
of MST and MMT is bounded by 0.5s and 1s respectively when
user number increases severely from 1800 to 2700.

4) Impact of v in MMT

Since each user can respond with multiple time windows in
one bid in MMT, the number of time windows for each bid is
a key parameter which depends largely on users’ movement
habit in practice. Fig.7 depicts the performance of MMT with
the upper limit number of time windows for each bid v being
varied from 5 to 23. With more time windows each user
can provide, the number of winners decreases severely from
15.9 to 7.4, and the social cost decreases from 54.2 to 11.3
accordingly. The payment cost ratio fluctuates between 1.47
and 2.1 with different values of «. In addition, the running
time of MMT increases with increasing . This is a reasonable
phenomena since the running time of MMT is related to the
maximum of time windows of users. However the running
time of MMT is still lower than 0.7s when there are 1800
users with 12 time windows on average.

VI. RELATED WORK

At present, there are some studies on incentive mechanism
design for mobile crowdsensing. Lee et al. proposed a Re-
verse Auction based Dynamic Price incentive mechanism with
Virtual Participation Credit (RADP-VPC) [37] for collecting
user sensing data with weak data integrity requirement. The
service provider publicized the time period in each round r
for the time sensitive property of the application. However,
RADP-VPC is not truthful. Singer proposed a budget feasible

mechanism [33], which is truthful and computationally effi-
cient based on proportional share allocation rule. However,
the designed mechanism was not established on any explicit
crowdsensing system model. To overcome this drawback, they
develop pricing mechanisms [26] for budget feasible maxi-
mizing task problem and budget feasible minimizing payment
problem based on the method proposed in [33]. Yang et al.
consider two system models of smartphone crowdsourcing
[25]: the platform-centric model where the platform provides
a reward shared by participating users, and the user-centric
model where users have more control over the payment they
will receive. In [35], they further investigate the user-centric
model with three scenarios: single requester with single bid,
single requester with multiple bids and multiple requesters
with multiple bids. Koutsopoulos designed an optimal re-
verse auction [34], which considered the data quality as user
participation level. However, the quality indicator, which
essentially measures the relevance or usefulness of information
is empirical and relies on user’s information in the past. It is
not reasonable to assume that the historical information can be
obtained in advance. In [27], Feng et al. presented a truthful
auction, which was formulated as winning bids determination
problem, for collaborative sensing in mobile crowdsourcing.
However the mechanism is only effective to perform location-
aware tasks. In [29], Zhao et al. investigated the problem that
users submit their private profiles to the crowdsourcer when
they arrive, and the crowdsourcer aims at selecting a subset
of users before a specified deadline for minimizing the total
payment while a specific number of tasks can be completed.
They designed three online mechanisms, Homo-OMZ, Hetero-
OMZ and Hetero-OMG for different user models.

VII. CONCLUSION

In this paper, we have investigated truthful incentive mech-
anisms for time window dependent tasks in mobile crowd-
sensing with strong requirement of data integrity. We have
presented a universal system model based on reverse auc-
tion framework and formulated the problem as the Social
Optimization User Selection (SOUS) problem. The objective
function of SOUS problem is maximizing the social efficiency
while the whole time window publicized by the platform can
be covered. We have designed two incentive mechanisms,
MST and MMT, to solve the SOUS problem in different
cases. In single time window case, we designed an optimal
algorithm based on dynamic programming to select users.



IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 13, NO. 9, SEP 2015 11

The determination phase of MST is inspired by the VCG
mechanism that is known to be truthful. While in multi-
ple time window case, we have shown the general SOUS
problem is NP-hard. We designed MMT based on greedy
approach, which approximates the optimal solution within a
factor of In|WW| + 1. Through both rigid theoretical analysis
and extensive simulations, we demonstrated that the proposed
mechanisms achieve high computation efficiency, individual
rationality and truthfulness. In the future work, we will further
explore the incentive mechanisms for time window dependent
tasks in more complex scenarios. For example, the time
window dependent tasks in mobile crowdsensing applications
are associated with specific locations.
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APPENDIX

A. PROOF OF THEOREM 2

We demonstrate that general SOUS belongs to NP firstly. Given an
instance of general SOUS, we can check whether the winners cover the time
window W and check whether the social cost is at most k. This process can
be end up in polynomial time.

Next, we prove general SOUS is NP-hard by giving a polynomial time
reduction from the NP-hard weighted set cover problem, WSC.

Instance of WSC (denoted by A): For an universe set Z = {z1, 22, ..., 2n }
of n elements, a family of sets G = {g1,g2,...,gn} and a positive real v,
each g; C Z has its weight clgi for i € {1,...,m}. The question is whether
exists a set G C G with ¥ e

g;€G "9i

belongs to at least one member in G

We consider a corresponding instance of general SOUS (denoted by B):
We identify the time units in time window VWV and the sequence is denoted
by {t1,t2,...,tn}, where t; means the ith time unit. For an universe set
W = {ti1,t2,...,tn} of n time units and a family of time window sets
U = {u1,u2,...,un}, each user 7 is associated with a time window set u;
and a cost c(u;).

This reduction from A to B ends in polynomial time. We can simply see
that g is a solution of A if and only if q is a solution of B.

< w, such that every element in Z
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