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Abstract. Mobile crowd sensing has emerged as a compelling para-
digm to provide sensing data for web information system. A number
of incentive mechanisms have been proposed to stimulate smartphone
users participation. The vast majority of work fails to take QoS into
consideration. In general, QoS is of paramount importance as a standard
criterion for mobile crowd sensing applications. In this paper, we pro-
pose a QoS-aware online incentive mechanism for maximizing the social
welfare. In consideration of the dynamics, we design an approximation
algorithm with %—competitive ratio to solve the online allocation prob-
lem. We conduct rigorous theoretical analysis and extensive experimen-
tal simulations, demonstrating that the proposed mechanism achieves
truthfulness, individual rationality, high computational efficiency and
low overpayment ratio.
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1 Introduction

With the rapid development of mobile computing, a growing number of web
information systems or applications sets out to provide various real-time infor-
mation services for general public [1,2]. The corresponding applications and web
systems such as citizen emergency monitoring [3] have been investigated. Embed-
ded with various sensors like microphone, GPS (i.e., Global Position System),
accelerometer, a smartphone can easily provide requisite sensing data for the
requester. Thus, mobile crowd sensing has gained widespread popularity as a
compelling paradigm to collect sensing data for web information systems [4].
Existing mechanisms face a common disadvantage. Various smartphone users
have different QoS for given sensing tasks in most cases. Unfortunately, the fact
is neglected in general. Traditionally, QoS is considered as a standard criterion
of acquired web service per unit time [5]. Within the mobile crowd sensing appli-
cation, QoS refers to the expected service quality of each smartphone user, as
a significant criterion while the platform selects the winning smartphone users.
Furthermore, smartphone users with higher QoS usually yield more value, lead-
ing to the increase of social welfare. Existing mechanisms [6] neglect the crite-
rion of QoS. The similar work [6] to us is to assume the fixed value of each task.
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However, smartphone users usually have diverse QoS. Furthermore, budget con-
straint is considered for our condition.

This paper explicitly takes QoS of smartphone users into consideration in the
design of incentive mechanisms. We propose a QoS-aware incentive mechanism
to maximize the social welfare. In consideration of the online case, we design
a near-optimal algorithm without future information about smartphone user’s
active time and the arrival of sensing task. Furthermore, We prove that our
approximation algorithm achieves %—competitive ratio compared to the offline
optimal solution. Rigorous theoretical analysis and extensive simulations are
performed, and the result demonstrates that the proposed mechanism achieves
truthfulness, individual rationality, high computational efficiency and low over-
payment ratio.

2 System Model and Problem Definition

The mobile crowd sensing system consists of the platform, smartphone users
and sensing tasks. Smartphone users arrive dynamically and sensing tasks are
released at random. Let I' = {7y, 7o,..., 7} denote the sequence of arrival of
sensing tasks. M; means the budget of the task 7; arriving one after another in
each slot t;. Furthermore, one sensing task can be assigned to multiple smart-
phones to improve quality of sensing data returned by winning smartphones.
Let w]@ represent the j** smartphone user arriving in slot ¢;. The avail-
able smartphones are updated once new slot starts. Furthermore, let N =
{1,2,...,n} represent the snapshot of the pool smartphones at any slot ¢;. Fur-

thermore, we estimate his QoS for each task 7; denoted as qj(-l) with the golden
standard task sets [7] once a new smartphone j arrives.

Once a smartphone user arrives in the system, he has to submit the bid
consisting of three parts B; = (o, d;,b;), where a; and d; is the arrival and the
departure time respectively with 0 < o; < dj < m,0 < b; < 0o (m is the largest
slot within a single round). Consider the smartphone user is strategic, the real
cost of each smartphone is remarked as c; potentially unequal to the claimed
cost b;. We will make a detailed analysis in Sect. 4.

Suppose the platform tends to maximize the social welfare so that to meet
both requester and smartphone user’s demand for sustainable management.
Every time a new sensing task 7; comes, the platform determines to select what
group from available smartphones who are active in the system without violating
the budget constraint.

In generally, a compelling auction mechanism meets the condition of three
properties: truthfulness, individual rationality and computational efficiency.
Specifically, the smartphone utility is defined as w(B;) = p(B;) — ¢(B;) - y(B;),
where the indicator variable y(B;) denotes if B; wins, and p(B;) is the received
payment. Meanwhile, the utility of sensing task 7; allocated to bid B; is

0@ (Bj) = qy) %7y —c(B;), where 7 denotes the value of unit QoS and q]@ €(0,1).
Our QoS-aware incentive mechanism consists of winning user selection algo-

rithm and payment decision scheme. The set S; of available smartphone users is
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updated dynamically once a new task arrives. Thus, we demonstrate the offline
problem as IP (Integer Programming) problem in Definition 1.

Definition 1 (winning user selection Problem (WUSP)). The winning
user selection problem is shown as follows:

max 33 y0(8,) - v0(B,) W
i=1 j=1
s.t.>_y(B;) - e(By)) < M;, forVie (2)
j=1
>y 9(B)) <1, forVj € S; (3)
=1
aj <i<d;,ify?(B;) =1 (4)
y@(B;) € {0,1}, V(i,j) (5)

Remarks: The first constraint (2) demonstrates for each sensing task, the sum of
assigned smartphone users’ real cost should not violate the reserve budget. The
second constraint (3) means that each smartphone user is assigned at most one
task within his active time. The third constraint (4) restricts the winning slot
within his active time for each smartphone user.

Definition 2 (Payment Decision Problem (PDP)). The payment decision
problem is to compute the payment for each winning smartphone user.

In the following section, the design and key algorithms about the online case will
be presented further.

3 Design of QoS-Aware Online Mechanism

In this section, we consider the online case, which is consistent with the realis-
tic condition. We solve the proposed two problems in Sect. 2 consisting of the
approximation algorithm for winning user selection and payment decision scheme
with truthfulness guarantee.

3.1 Online Approximation Algorithm for WUSP

The online greedy algorithm (OGA) is proposed to solve the WUSP. The main
idea is to allocate the smartphone user with the highest metric (called cost
performance) from current set of available smartphone users to each incoming
sensing task until the reserve budget is exhausted. We first give the definition of
cost performance of the smartphone user as follows.
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Algorithm 1. Online Greedy Algorithm(OGA)

Input Set B of bids, set M = (M, ..., M,,) of reserve budget.
Output Allocation scheme A consisting of scheme of single task A;.
1: t«— 1,8« 0, A; — 0;
2: while t <m do
3:  Update current available smartphone users S; and the size is recorded as
|S¢| add new smartphone users arriving at slot ¢ and delete ones who have
left at slot ¢;
4:  Invoking function UQA for each new smartphone user j (UQA is omitted);

5:  Sort all available smartphone users with the cost performance metric r;
in the decreasing order.

6:  for round r from 1 to |S¢| do

7: if M; # 0 then

8: Choose the first smartphone user j in Si, A;(j) «— 1;

91 St%stfj,MjHMj*Cj;

10: if M; <0 then

11: Ai(j) < 0, M;j — M; + cj;

12: end if

13: end if

14:  end for

15: t—t+ 1.
16: end while
17: return A = (A1; Az;. .. Ap);

Definition 3 (Cost Performance). The cost performance is the metric of

the greedy algorithm to select the winning smartphone users, meaning QoS qj(»i)
divided by the claimed cost c; for any smartphone user j.

=% (6)

Remarks: The QoS of each smartphone user is estimated based on golden stan-
dard sets [7]. In consideration of space limit, we omit the part.

Next, we demonstrate the process of the online greedy algorithm in each slot.
The online greedy algorithm is executed at the start of each slot. Once a new
slot ¢ comes, currently available smartphone users S; are updated, meaning that
new smartphone users join the system and old ones leave according to the active
time of their separate bids. Next, we compute the cost performance metric r;
for any new smartphone user j. Then, we select the smartphone user with the
highest metric. Meanwhile, the corresponding budget M; subtracts his cost until
it becomes zero. The pseudo-code is shown Algorithm 1.

3.2 Payment Decision Scheme

Payment decision scheme is proposed to solve the PDP. Because online greedy
algorithm is the suboptimal solution, the traditional VCG mechanism [8] cannot
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be applied to our payment decision scheme. Thus, we design a non-VCG mech-
anism [6] to induce smartphone users to disclose their cost truthfully. Note that
we assume that sufficient smartphone users are available when new sensing task
comes so as to avoid monopoly.

The main idea is to find his critical user for each winning smartphone user.
Furthermore, the claimed cost of the critical user, called critical payment, is
considered as the reward. Suppose that the QoS of each smartphone user is
constant once estimated. For any winning smartphone user j, the critical user
¢(j) is the first smartphone user who makes current winning user j fail, who is
determined as follows: if current winning user j claims a higher cost than that
of critical user ¢(j) user j loses, while user j still wins on the contrary.

Next, we demonstrate how to find the critical user ¢(j) for each winning
user j. For the bid B; = (a;,d;,b;), suppose that the smartphone user j wins in
slot t; where o; < t; < d;. We run the online greedy algorithm while deleting
current winning smartphone user j. Especially, we record the winning smart-
phone user with the highest claimed cost as the critical user ¢(j) from the win-
ning slot ¢; to the departure slot d;. The details of the payment scheme are
demonstrated as Algorithm 2.

4 Theoretical Analysis

In this section, we list the key properties of our mechanism. However, the detailed
proofs are omitted due to the page limit.

According to [8], the mechanism is truthful if and only if it meets the two
following conditions of monotonicity and critical value.

Definition 4 (Monotonicity). For any smartphone user j with bid B; =
(0, dj,b;), if j submits the bid B; = (&,dj,b;) where &; < «j, dj > d; and

b; < bj, he also wins.

Definition 5 (Critical Value). For any smartphone user j with bid B; =
(cvj,d;,b5), there exists a critical value p§c). If j submits a lower bid B; =
(aj7dj,pgc) —0),0 > 0 he still wins. On the contrary, he declares a higher bid
(e)

Bj = (aj,dj,p;” +0),0 >0, j loses.

Theorem 1. The proposed online auction mechanism is truthful.

Theorem 2. The proposed online auction mechanism meets the property of
individual rationality.

Theorem 3. The key algorithms including OGA and CPDS of the proposed
online auction mechanism have polynomial computational complezity.

Theorem 4. The online greedy algorithm OGA has %—competitive ratio com-
pared to the offline optimal solution.
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Algorithm 2. Critical Payment Decision Scheme(CPDS)

Input Set B of bids, the winning smartphone user j, the winning slot ¢;.
Output payment p; of the smartphone user j.
1: t— 1,5« 0, pj — bj, B— B— Bj;
2: while t < d; do
3:  Update current available smartphone users S; and the size is recorded as
|S¢| add new smartphone users arriving at slot ¢ and delete ones who have
left at slot ¢;
4:  Invoking function UQA for each new smartphone user j (UQA is omitted);
5:  Sort all available smartphone users with the cost performance metric r;
in the decreasing order.

6:  for round r from 1 to |S¢| do

T if M; # 0 then

8: Choose the first smartphone user j in Si, A;(j) < 1;
91 StHStfj,MjHMj*Cj;

10: if M; <0 then

11: Ai(j) < 0, M;j — M; + cj;

12: end if

13: end if

14: end for

15:  if t > ¢; then

16: Obtain the maximum cost ¢maz(t) from current winning set Ay;
17: if cmaz(t) > p; then

18: Pj  Cmazx(t);

19: end if
20: end if

21: t—1t+1;
22: end while
23: return p;;

5 Performance Evaluation

We conduct extensive simulations to evaluate the performance of our proposed
online auction mechanism. Under the following two metrics, i.e., overpayment
ratio and social welfare, we evaluate the claimed cost of smartphone users under
three distributions, i.e., normal distribution (NORM), exponential distribution
(EXP) and uniform distribution (UNM). Especially, for normal distribution
with mean u, we set the standard deviation o so that 99.73% samples fall within
[ —o,pu+ 0], ie,o = 50%. The overpayment is the difference between total
payments and total real costs of all winning smartphone users. Thus, the over-
payment ratio is the overpayment divided by total costs. We omit the definition
of the limit of space.

Furthermore, we simulate dynamic smartphone users under Poisson distrib-
ution. Other default settings are shown as Table 1. Finally, we show the experi-
mental result as follows.
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Table 1. Summary of default settings

Parameter name Default value

Arrival rate )\ of smartphones | 400

Average of real costs ¢ 25
Range of real costs ¢ [0,50]
Number of slots m 100

Average length of active time | 10

Figure 1 plots the overpayment ratio when the arrival rate A of smartphone
users increases from 100 to 700 under three distributions. We observe that the
overpayment ratio keeps low and stable with the increase of the number of smart-
phone users, meaning that our system has strong stability. The overpayment
under normal distribution is much lower than those of uniform distribution and
exponential distribution. This is because, the critical payment of the smartphone
user is closer to the mean p. Recall that 99.73% samples fall around p. Thus, it
leads to low overpayment ratio.

In Fig.2, we find that social welfare w under three distributions increases
when there are more smartphone users arriving in each slot. Obviously, with
more smartphone users, the platform can find more users with high cost perfor-
mance, inducing the increase of social welfare. Note that social welfare under the
exponential distribution is much higher than those of other two distributions.
The reason is that more smartphone users with lower cost are generated under
exponential distribution. Consider there are sufficient smartphone users in the
system. Thus, the platform can select more smartphone users with high cost
performance.

We obtain the similar result to Fig.1 from Fig. 3, plotting the overpayment
ratio with more slots m. The result shows that even more sensing tasks lead
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to more assigned smartphone users, which would not increase the overpayment
ratio. Thus, the system can achieve long-term run.

In Fig. 4, we observe that social welfare w increases under three distributions
when the number of slot m increases. Obviously, more sensing tasks are assigned,
leading to the addition of the social welfare.

6 Conclusions

In this paper, we design a QoS-aware incentive mechanism towards dynamic
smartphone users and sensing tasks with budget constraint. Two key algorithms
consisting of winning user selection algorithm and payment decision scheme are
proposed. In consideration of dynamics, we design a near-optimal online alloca-
tion algorithm to achieve %—competitive ratio. Meanwhile, a truthful payment
decision scheme is proposed for suboptimal allocation solution. Extensive simula-
tions are performed, and the results show that the proposed mechanism achieves
the desired properties of truthfulness, individual rationality, high computational
efficiency and low overpayment ratio.

Acknowledgements. This research is supported in part by 973 Program (No.
2014CB340303), NSFC (No. 61472254, 61170238 and 61472241), STCSM (Grant No.
14511107500 and 15DZ1100305) and Singapore NRF (CREATE E2S2). This work is
also supported by the Program for New Century Excellent Talents in University of
China, the Program for Changjiang Young Scholars in University of China, and the
Program for Shanghai Top Young Talents.

References

1. Chang, K.-T.: Geographic Information System. Wiley Online Library (2006)

2. Kingston, R., Carver, S., Evans, A., Turton, I.. Web-based public participation
geographical information systems: an aid to local environmental decision-making.
Comput. Environ. Urban Syst. 24, 109-125 (2000)



A QoS-Aware Online Incentive Mechanism for Mobile Crowd Sensing 45

. Ludwig, T., Reuter, C., Siebigteroth, T., Pipek, V.: Crowdmonitor: mobile crowd
sensing for assessing physical and digital activities of citizens during emergencies. In:
Proceedings of the 33rd Annual ACM Conference on Human Factors in Computing
Systems, pp. 4083-4092. ACM (2015)

. Fan, X., Yang, P., Xiang, C., Shi, L.: imap: a crowdsensing based system for outdoor
radio signal strength map. In: Trustcom/BigDataSE/I SPA, pp. 1442-1447. IEEE
(2016)

. Menascé, D.A.: QoS issues in web services. IEEE Internet Comput. 6, 72-75 (2002)
. Feng, Z., Zhu, Y., Zhang, Q., Zhu, H., Yu, J., Cao, J., Ni, L.M.: Towards truthful
mechanisms for mobile crowdsourcing with dynamic smartphones. In: IEEE 34th
International Conference on Distributed Computing Systems (ICDCS), pp. 11-20.
IEEE (2014)

. Ho, C., Jabbari, S., Vaughan, J.W.: Adaptive task assignment for crowdsourced clas-
sification. In: Proceedings of the 30th International Conference on Machine Learn-
ing, Atlanta, GA, USA, pp. 534-542, 16—21 June 2013

. Nisan, N., Roughgarden, T., Tardos, E., Vazirani, V.V.: Algorithmic Game Theory,
vol. 1. Cambridge University Press, Cambridge (2007)



	A QoS-Aware Online Incentive Mechanism for Mobile Crowd Sensing
	1 Introduction
	2 System Model and Problem Definition
	3 Design of QoS-Aware Online Mechanism
	3.1 Online Approximation Algorithm for WUSP
	3.2 Payment Decision Scheme

	4 Theoretical Analysis
	5 Performance Evaluation
	6 Conclusions
	References


