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Abstract—As air pollution is becoming a serious problem in
developing nations, governments try to track and solve this
problem by monitoring air pollution. With the proliferation of
smartphones, mobile crowdsensing becomes a promising paradigm
for monitoring fine-grained air pollution in urban areas. As
existing studies have shown that pollutant concentrations have
inherent spatiotemporal correlations, compressive sensing is an
effective technology to reduce the amount of data collected through
crowdsensing. In a practical crowdsensing application, incentives
are expected by smartphone users for contributing sensing data.
However, how to design incentives to collect high-quality sensing
data with low costs is difficult in compressive crowdsensing. In
this work, we propose an iterative scheme for the process of
crowdsensing-based air pollution monitoring, where incentives
are updated online according to the distribution of collected
sensing data. Comprehensive simulations have been conducted to
demonstrate the efficacy of our proposed scheme.

I. I NTRODUCTION
With the modernization of people’s life, air pollution emerges
as an acute problem in urban areas, especially developing
nations (e.g., China and India). Long-term exposure in air
pollutants such as NO2 , PM2.5 and CO, leads to a high risk of
several health problems, such as respiratory infections, heart
disease and lung cancer. To track and solve this problem,
governments try to monitor air pollution, by deploying fixed
measuring stations. However, building such stations is severely
limited by the availability of land and high costs of maintenance
(about $30,000 per year), which results in impossibility to
obtain fine-grained pollution measurements in a large urban
area. For example, only 22 measuring stations are located in
Beijing, an area of 16400km2 . Although several works [1] have
focused on inferring fine-grained air qualities by exploiting the
correlations with other datasets such as traffic flows and points
of interest, direct measurements provide fidelity and accuracy
unsurpassable by other means.
Fortunately, crowdsensing provides an unprecedented opportunity for collecting sensing data in a large scale (e.g., community or city), which takes advantage of widely-distributed
mobile sensing devices such as smartphones. Numerous
environment-centric applications have been developed based on
crowdsensing, such as traffic monitoring and noise mapping. In
these applications, smartphone users report their location-based
measurements to a central platform via wireless networks.
After aggregating plenty of widely-distributed measurements,
the platform can obtain the overview of an environmental
phenomenon. Similarly, air pollution monitoring can be conducted based on crowdsensing. Although smartphones are not

equipped with environmental sensors at present, fortunately,
sensor-integrated portable external hardware [2] has been developed. Moreover, smartphones incorporating small low-cost
environmental sensors are coming soon [3].
Recently, several efforts [4][5][6] have been put into developing crowdsensing systems for monitoring air pollution.
However, most of them focus on the implementation of portable
sensing devices or smartphone applications. For example, a
crowdsensing system, named P-Sense, is designed in [5], where
external sensing devices are developed to measure the concentrations of several pollutants. Different from these works, we
focus on incentive design for a crowdsensing-based air pollution monitoring system, assuming smartphones can measure air
pollutant concentrations.
An efficient and appropriate incentive mechanism is a key
component in practical crowdsensing systems. On one hand,
certain monetary rewards are expected by smartphone users
to participate in sensing, because numerous resources are
consumed such as energy, bandwidth and human efforts. On
the other hand, the platform of a crowdsensing system wants to
minimize its total payment under the condition of guaranteeing
the quality and quantity of collected data. Although a number
of incentive mechanisms [7][8][9][10] have been proposed,
they always focus on ensuring the truthfulness of participants.
They do not consider the various values of sensing data from
an overall perspective and handle each measurement through
balancing its value and cost.
To monitor fine-grained air pollution in an urban area, a
large amount of measurements in different locations are needed,
which is still costly for the platform. Fortunately, inherent
spatiotemporal correlations among air pollution data have been
observed in real datasets [1], because air pollutants released
by pollution sources disperse in space following certain laws
(e.g., the Gaussian model [11]). By exploiting the correlations,
compressive sensing (CS) technology [12] can be employed to
significantly reduce the number of needed measurements and
accurately recover the whole pollution map. A few existing
works [13][14][15] have combined compressive sensing and
crowdsensing into compressive crowdsensing. However, these
works simply assume smartphone users are cooperative, who
will do sensing tasks allocated to them without incentives.
In contrast, we try to design an incentive mechanism for a
compressive crowdsensing system, which provides locationdependent incentives to participants via balancing the value and
cost of each measurement.
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In this paper, we consider the problem of incentive design for
a practical compressive crowdsensing system used to monitor
air pollution in urban areas. In this system, the platform aims
at minimizing the total payment paid for participants and
detecting the whole pollution map accurately based on collected
measurements. This problem is highly difficult due to several
challenges. First, the relationship between an arbitrary incentive
and the participation of smartphone users is not clear. It is
impractical to collect cost information of all users and then
choose the cheapest ones, as it consumes a lot of time and
energy. Second, the quality of measurements are not guaranteed
due to various measuring errors of different smartphones. Third,
the value of a measurement in a specific location is unknown in
terms of recovering the whole pollution map via compressive
sensing.
To address these challenges, we first build a probabilistic
model to analyze the participation of a crowd of rational
smartphone users given certain incentives. Then, we propose
an iterative scheme for the crowdsensing process. In each iteration, smartphone users participate in sensing given locationdependent incentives. The platform first estimates air qualities
in the locations with sufficient collected measurements and then
detects the whole pollution map based on the estimations via
compressive sensing. We also provide an algorithm to update
location-dependent incentives, which are adaptive to the current
collection and detection. Finally, we perform comprehensive
simulations to evaluate our scheme in terms of the total
payment and the accuracy of detection.
The remainder of this paper proceeds as follows. The models
and preliminaries are presented in Section II. Section III describes the details of our iterative scheme for crowdsensingbased air pollution monitoring and the algorithm proposed
for incentive design. Section IV shows the performance of our
simulations. Finally, we discuss related work and conclude the
paper in Section V and Section VI, respectively.
II. M ODELS AND P RELIMINARIES
A. System model
In an urban area, air pollutants are always released by
several natural or anthropogenic pollution sources, such as
power plants, wild fires and traffic flows. For simplicity, we
only consider stationary pollution sources in this paper, leaving
mobile sources in our future work. And we assume pollution
sources release pollutants continuously at certain emission
rates. We suppose there are 𝑘 pollution sources in total, and
their emission rates are denoted by Q = {𝑄1 , ⋅ ⋅ ⋅ , 𝑄𝑘 }. Note
that the number of pollution sources 𝑘 is unknown in prior.
For the convenience of studying fine-grained air pollution,
we virtually divide the whole urban area into 𝑛 small grids of
the same size, e.g., 200m ∗ 200m. The air quality in each grid
can be seen as uniform while different grids may have different
values. Supposing each pollution source is located in a grid, its
location can be denoted by a grid. Note that compared with
grids, pollution sources are sparse, which means 𝑘 ≪ 𝑛. We
𝑇
use a vector g = {𝑔1 , ⋅ ⋅ ⋅ , 𝑔𝑛 } to indicate whether a grid

contains a pollution source. The value of g is defined as
{
𝑄𝑗 , if pollution source 𝑗 is in grid 𝑖
, ∀1 ≤ 𝑖 ≤ 𝑛.
𝑔𝑖 =
0, if there is no source in grid 𝑖
Air pollutants released by these sources disperse in space,
vitally influenced by winds, which leads to different pollutant
concentrations in different locations. We consider the pollutant
concentration in a grid as the accumulation of pollutants from
all sources dispersed to the grid. In this paper, we apply a
classical air pollution dispersion model, which is described
in Section II-B. Given the dispersion model, we can derive a
transition matrix Ω = {Ω𝑖𝑗 } ∈ ℝ𝑛∗𝑛 , which satisfies
⎡
⎤ ⎡
⎤ ⎡
⎤
𝐶1
Ω11 ⋅ ⋅ ⋅ Ω1𝑛
𝑔1
⎢ .. ⎥ ⎢ ..
.. ⎥ ∗ ⎢ .. ⎥ ,
..
⎣ . ⎦=⎣ .
.
. ⎦ ⎣ . ⎦
𝐶𝑛

Ω𝑛1

⋅⋅⋅

Ω𝑛𝑛

𝑔𝑛

where Ω𝑖𝑗 denotes the pollutants in grid 𝑖 caused by the source
𝑇
in grid 𝑗. Here, C = {𝐶1 , ⋅ ⋅ ⋅ , 𝐶𝑛 } denotes pollution concentrations in grids, which can be measured by smartphones.
In our scheme, the platform provides the same reward for
each measurement in one grid, while rewards for different grids
can differ. We denote the reward for each measurement in
grid 𝑖 as 𝑟𝑖 , and reward vector R = {𝑟1 , ⋅ ⋅ ⋅ , 𝑟𝑛 }. Given a
certain reward 𝑟𝑖 , some smartphone users in grid 𝑖 will actively
participate in sensing to earn money. To understand the relation
between reward 𝑟𝑖 and users’ participation, we build a probabilistic participation model for a crowd of rational smartphone
users (refer to Section II-C for details). We assume the set of
(𝑖)
(𝑖)
collected measurements in grid 𝑖 is M𝑖 = {𝑚1 , ⋅ ⋅ ⋅ , 𝑚𝛾𝑖 },
where 𝛾𝑖 represents the number of measurements.
B. Air pollution dispersion model
Air pollution dispersion modeling uses mathematical equations to simulate the movement of pollutants in atmosphere
and predict future concentrations. Several different types of air
pollution dispersion models [16] have been proposed. In this
paper, we choose a most widely used one, Gaussian model,
for our study. Basically, it assumes pollutant concentrations
decay according to the Gaussian distribution. Here, we consider
pollutants disperse in two-dimensional space for simplification.
Accordingly, the Complete Equation for Gaussian Dispersion
Modeling can be expressed as
(
)
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where 𝑄 is the source pollutant emission rate, 𝜈 represents the
wind velocity, 𝑑 is the crosswind distance from the source and
𝐶 denotes the pollutant concentration. 𝛼 and 𝛽 are two constant
parameters, which measure the atmospheric turbulence. The
pollutant concentrations in downwind grids are influenced by
the wind velocity and decay along with the crosswind distance.
Assuming the wind velocity and direction can be known from
other datasets like weather forecasts, we can calculate the value
of transition matrix Ω according to the dispersion model as

follows,
𝛼
Ω𝑖𝑗 = √
⋅𝑒
2𝜋𝛽𝜈
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, if grid 𝑖 is downwind from 𝑗,

(1)

where 𝑑𝑖𝑗 denotes the crosswind distance between grids 𝑖 and
𝑗. In this paper, we assume the emission rates of pollution
sources, wind velocity and direction do not change significantly
in a certain period. Therefore, the air pollution concentrations
remain stable as well.

Outputs

Platform publishes an incentive map;
Smartphone users actively participate in
sensing stimulated by the incentives

Measurements in the grids with incentives

Platform estimates the air pollution in each
grid with sufficient measurements

Estimations of the grids with measurements

Estimation of pollution sources
Platform detects the locations and emission
rates of all pollution sources

incentive map

C. User participation model
In this subsection, we first build a model to characterize
the participation behavior of one user given incentives. As
some resources (e.g., energy and bandwidth) are consumed for
measuring pollution concentrations, a certain amount of costs
are incurred. Intuitively, a rational user will not participate in
sensing if the reward he/she earns is less than the cost. Thus,
we apply a straightforward model, in which the participation
decision of user 𝑠 is denoted by a random variable 𝑋𝑠 and
there exists
{
0, if reward 𝑟 is less than cost 𝑐𝑠
.
𝑋𝑠 =
1, otherwise
The cost of a specific user depends on many factors, such as the
hardware of smartphones, the remaining energy of batteries and
the quality of wireless networks. These factors lead to various
costs on different users, which is private information of each
user.
As it is unnecessary to collect measurements from all users,
the platform tends to choose users with the lowest costs for
the sake of saving money. However, it is impossible to collect
the cost information from all users and then pick up the
cheapest ones. Firstly, the process of collecting information
from all users is costly in both latency and energy. Secondly, the
smartphone users, who submit their cost information without
being chosen, will lose interests in participating in the future.
To avoid collecting the cost information, we set a uniform
reward 𝑟𝑖 for each measurement collected in grid 𝑖. Thus, only
users with 𝑐𝑠 ≤ 𝑟𝑖 will participate in sensing. The extra money
(𝑟𝑖 − 𝑐𝑠 ) paid can be seen as the cost of avoiding collecting
private information from all users. The probability distribution
of 𝑋𝑠 can be represented as
{
𝑝𝑖 ,
if 𝑋𝑠 = 1
𝑓 (𝑋𝑠 ; 𝑝𝑖 ) =
,
1 − 𝑝𝑖 , if 𝑋𝑠 = 0
where 𝑝𝑖 = Pr(𝑋𝑠 = 1) = Pr(𝑐𝑠 ≤ 𝑟𝑖 ).
Second, we analyze the participation behavior of a crowd
of users in a grid. If the population in grid 𝑖 is known as
of participants, 𝑌𝑖 , can be represented as
𝑛𝑖 , the
∑𝑛number
𝑖
𝑋𝑠 . Note that 𝑌𝑖 is a function of 𝑛𝑖 and 𝑝𝑖 . We
𝑌𝑖 = 𝑠=1
assume the costs of a crowd of users follow a certain probabilistic model according to the law of large numbers, which
can be learned given the numbers of participants under different
incentives. Take the uniform distribution as an example, e.g.,
𝑐𝑠 ∼ 𝒰 (𝑐𝑚𝑖𝑛 , 𝑐𝑚𝑎𝑥 ), where 𝑐𝑚𝑖𝑛 and 𝑐𝑚𝑎𝑥 represent the lower
and upper bound respectively. We can deduce that given a
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Fig. 1. The workflow of our iterative scheme and the output of each step in
an iteration.

reward 𝑟𝑖 , 𝑌𝑖 obeys the Binomial distribution as 𝑌𝑖 ∼ 𝐵(𝑛𝑖 , 𝑝𝑖 ),
𝑟𝑖 −𝑐𝑚𝑖𝑛
where 𝑝𝑖 = 𝑐𝑚𝑎𝑥
−𝑐𝑚𝑖𝑛 . Therefore, the probability of collecting
𝛾𝑖 measurements equals
Pr(𝑌𝑖 = 𝛾𝑖 ) =

𝑛𝑖 !
𝑝𝛾𝑖 (1 − 𝑝𝑖 )𝑛𝑖 −𝛾𝑖 .
𝛾𝑖 !(𝑛𝑖 − 𝛾𝑖 )! 𝑖

III. S CHEME FOR A DAPTIVE I NCENTIVE D ESIGN
In this section, we propose an iterative scheme for the
crowdsensing process and describe how to design incentives
adaptively in each iteration.
A. Overview
The workflow of our proposed iterative scheme contains four
major steps, as illustrated in Fig. 1. To implement this scheme,
four key issues should be addressed:
∙ Reliability/Quality of measurements. sufficient measurements from the same grid are needed to eliminate
their measuring errors cooperatively. However, how many
measurements can guarantee the accuracy is unknown.
∙ Unknown valuable grids in CS. Choosing grids to collect
measurements which are valuable for recovering the whole
pollution map via CS, can reduce the amount of needed
measurements and the total payment. However, how to
evaluate the value of each grid in CS is unsolved.
∙ Number of iterations. It is difficult to determine the
number of iterations (namely judging the convergence),
because the error between the estimation of pollution
sources and the ground truth cannot be calculated directly.
∙ Balance between accuracy and payment. In terms of
choosing grids to collect measurements, the needs in
detecting pollution sources and the rewards required to
collect enough measurements should be balanced.
In response to these issues, we describe each step in detail
in the following subsections respectively.
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Algorithm 1: Grid selection for updating incentive map
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Input: number of grids 𝑛, transition matrix Ω, reward matrix
R, sampled grids 𝝅 (𝑡) and the estimate of pollution
sources ĝ(𝑡) and ĝ(𝑡−1)
Output: Updated sampled grids 𝝅 (𝑡+1)
// Initialization
(𝑡+1)
𝝅 (𝑡+1) = 𝝅 (𝑡) and ĝ0
= ĝ(𝑡) ;
(𝑡)
(𝑡−1)
V = Ω ∗ ∣ĝ − ĝ
∣;
// Choose grids one by one
for 𝑗 ← 1 to ⌊log 𝑛⌋ do
VRR = V
;
R
// Choose a new grid
𝜋𝑗 = arg max 𝑉 𝑅𝑅𝑖 ;
𝑖∈𝝅
/ (𝑡+1)
∪
𝝅 (𝑡+1) = 𝝅 (𝑡+1) {𝜋𝑗 };
// Update the values of grids
(𝑡+1)
Solve Problem (2) and obtain estimate ĝ𝑗
with
ˆ (𝑡+1) , Ω𝜋 ∗ ĝ(𝑡+1) }𝑇 ,
Ĉ = {𝐶
𝑗
𝑗−1
𝝅

B. Pollutant concentration estimation
At the beginning of an iteration, smartphone users in grids
with incentives are stimulated to participate in sensing. Based
on the measurements collected from one grid, the platform can
estimate the real pollution concentration of this grid. To achieve
a high accuracy of the estimation, a certain number (denoted by
Υ, e.g., 30) of measurements are needed due to the measuring
errors of smartphones.
To ensure at least Υ measurements can be collected in grid
𝑖 with a high probability, e.g., 99.5%, a proper reward should
be set for the grid, which can be deduced according to the
participation model as follows
1−

Υ−1
∑

Pr(𝑌𝑖 = 𝛾𝑖 ) ≥ 99.5%.

𝛾𝑖 =0

Thus, 𝑝𝑖 can be computed by solving the above inequality.
Accordingly, reward 𝑟𝑖 can be calculated. Fig. 2 plots the proper
reward 𝑟𝑖 when varying the number of smartphone users 𝑛𝑖
under two different cost distributions with parameters 𝑐𝑚𝑖𝑛 = 1
and 𝑐𝑚𝑎𝑥 = 20. We can observe that as the number of
smartphone users grows, the required reward declines, while
the marginal decrease becomes smaller and smaller.

′

Ω = {Ω𝜋𝑖 }, where 𝜋𝑖 ∈ 𝝅 (𝑡+1)
(𝑡+1)

8
9

V = Ω ∗ ∣ĝ𝑗
end
Return 𝝅 (𝑡+1) ;

(𝑡+1)

− ĝ𝑗−1 ∣;

However, due to the unknown g, it is non-trivial to judge
when the convergence is achieved. To test the difference
between our estimate ĝ and ground truth g, we adopt the 𝑘-fold
cross-validation. Cross-validation is a technique for assessing
how accurately a predictive model will perform in practice
given a set of labeled samples. In a round of cross-validation,
the labeled dataset is divided into two subsets: one is used
to train the model (training set); the other is used to validate
(testing set). The mean squared error (MSE) of the testing set
is always used to assess the accuracy of the trained model.
Multiple rounds are performed using different partitions to
reduce the assessment error. In our scheme, we use 5-fold
cross validation, which means concentration estimations Ĉ are
randomly partitioned into five equal sized subsets. In each
round, four subsets compose the training set, used to estimate
g by solving (2) while the other subset is used to test the
difference between ĝ and g.

C. Pollution source detection
Next, we show how to employ CS in pollution source
detection based on the estimated pollutant concentrations Ĉ
in sampled grids. As we have C = Ωg, C can be seen
as decomposed into g based on basis vectors Ω, although
Ω is not orthogonal. Due to the sparsity of g, CS can be
employed to recover the whole pollution map based on sampled
concentration estimations Ĉ. We denote the vector of sampled
ˆ𝜋 }𝑇 , where
ˆ𝜋 , ⋅ ⋅ ⋅ , 𝐶
concentration estimates as Ĉ = {𝐶
1
𝑚
𝜋𝑖 ∈ {1, ⋅ ⋅ ⋅ , 𝑛}, 1 ≤ 𝑖 ≤ 𝑚. Here, 𝝅 = {𝜋1 , ⋅ ⋅ ⋅ , 𝜋𝑚 } marks
the grids have estimated pollution concentrations already. The
′
𝑚
corresponding transaction matrix is Ω = {Ω𝜋𝑖 }𝑖=1 . According
to CS, g can be estimated as ĝ by solving the following
problem,
′
arg min ∥ĝ∥ℓ1 , s.t. Ĉ = Ω ĝ.
(2)
ĝ

D. Incentive map update
As shown in Fig. 1, updating the incentive map in each
iteration is converted into choosing ⌊log 𝑛⌋ new grids if the
estimate of pollution sources does not converge. The reward set
for each chosen grid is decided by its population as mentioned
in Section III-B. With the measurements collected in the chosen
grids, the platform aims at enhancing the accuracy of pollution
source detection and maintaining a low payment. Therefore,
for each grid, two aspects need to be considered for deciding
whether it should be chosen: 1) the rewards paid for collecting
enough measurements, and 2) the marginal value in detecting
pollution sources via CS.
First, we define a mathematical metric to measure the
marginal value of each grid, given the current sampled grids.
We denote the estimates of pollution sources in iteration (𝑡−1)

and iteration (𝑡) as ĝ(𝑡−1) and ĝ(𝑡) . For an arbitrary grid
𝑖 ∈ {1, ⋅ ⋅ ⋅ , 𝑛}, its value 𝑣𝑖 is defined as the difference between
the two pollutant concentrations computed based on ĝ(𝑡−1) and
ĝ(𝑡) respectively. Thus, we have
V = Ω ∗ ∣ĝ(𝑡) − ĝ(𝑡−1) ∣,

(3)

where V = {𝑣1 , ⋅ ⋅ ⋅ , 𝑣𝑛 }.
Then, we design an algorithm for selecting ⌊log 𝑛⌋ grids by
balancing their values and rewards at the same time. As shown
in Algorithm 1, grids are selected one by one. In each time,
grid 𝜋𝑗 with the maximum Value-to-Reward-Ratio (𝑉 𝑅𝑅) is
picked up, where 𝑉 𝑅𝑅 of each grid is computed as the ratio
of its value to its reward (line 4). Then, marginal values need
to be updated (line 7) because estimate ĝ changes after the
pollutant concentration of a new grid is added into Ĉ. Note
that the pollutant concentration of the selected grid cannot be
estimated because measurements are not collected until the next
iteration. Thus, we use the value of Ω𝜋𝑗 ĝ as a replacement.
IV. P ERFORMANCE E VALUATION
In this section, we evaluate the performance of our proposed
scheme, especially Algorithm 1.
A. Methodology and setups
It has been proven by many previous works [15] that compressive sensing performs well in recovering a sparse vector
from a few samples, compared with common interpolation
methods, such as linear interpolation and Kriging interpolation.
Thus, in our simulations, we concentrate on showing the performance of our proposed grid selection algorithm, compared
with three baseline algorithms:
∙ Random. This algorithm randomly chooses ⌊log 𝑛⌋ new
grids in each iteration until convergence.
∙ Greedy-Reward. The cheapest ⌊log 𝑛⌋ grids are selected
in each iteration until convergence.
∙ Greedy-Value: In each iteration, this algorithm picks up
grids one by one according to their values calculated as
(3), which are updated as well as Algorithm 1.
Three metrics are used to evaluate the performance of the
four algorithms from different aspects: 1) Error of estimation.
∥ĝ−g∥ℓ
2
This metric is calculated as
, where ĝ is estimated ac𝑛
cording to (2) based on all measurements collected until convergence. It measures the accuracy of detecting pollution sources
based on our iterative scheme; 2) Total
∑𝜋𝑚payment. We sum up
𝑟𝑖 to represent the
the rewards of all selected grids as 𝑖=𝜋
1
total payment, assuming the amount of measurements collected
in each sampled grid is equal; 3) Number of iterations. This
metric is proportional to the total number of sampled grids as
well as the time consumed for the crowdsensing process.
The default setting of system parameters is as follows. All
simulations are conducted on a square area divided into 50 ∗ 50
grids (𝑛 = 2500), and the size of each grid is equal to
200m ∗ 200m. The wind blows at 𝜈 = 5m/s. Transition matrix
Ω ∈ ℝ2500∗2500 can be computed according to (1) given
𝛼 = 200 and 𝛽 = 1000. The locations and emission rates

of pollution sources are randomly chosen from {1, ⋅ ⋅ ⋅ , 2500}
and {1000mg/s, ⋅ ⋅ ⋅ , 5000mg/s}, respectively. The population
𝑛𝑖 in each grid is randomly generated varying in [50, 200].
We conduct simulations considering both uniform distribution
and normal distribution for the costs of smartphone users, with
𝑐𝑚𝑖𝑛 = 1 and 𝑐𝑚𝑎𝑥 = 20. Given the value of 𝑛𝑖 , the value
of reward 𝑟𝑖 can be known according to Fig. 2. We study the
performance of the four algorithms by varying the number of
pollution sources 𝑘 from 5 to 25. Each setting has ten runs.
B. Simulation results
Fig. 3∼5 plot the performance of the four algorithms under
uniformly distributed costs, while Fig. 6∼8 plot the performance under normal distributed costs.
As shown in Fig. 3 and Fig. 6, pollution sources can be
accurately detected via compressive sensing based on sufficient
measurements. The result demonstrates that the cross-validation
method works well for judging the convergence of our iterative
scheme. We can find that Greedy-Value algorithm and Algorithm 1 perform better in different settings, compared with other
two algorithms. Moreover, all algorithms perform better under
uniform distributed costs than normal distributed costs because
that more measurements are collected as shown in Fig. 5 and
Fig. 8.
Fig. 4 and Fig. 7 show that more payment is needed as
𝑘 increases. Although Greedy-Reward algorithm chooses the
cheapest grids in each iteration, it consumes more money
compared with Greedy-Value algorithm and Algorithm 1. This
is because the cheapest measurements may suffer poor values in
pollution source detection, which leads to collecting more measurements and thus incurring a high payment. From Fig. 5 and
Fig. 8, we can find that the amounts of measurements needed
by Greedy-Value algorithm and Algorithm 1 are approximately
equal. However, the total payment achieved by Algorithm 1 is
much less than Greedy-Value algorithm in different settings.
When there are 20 pollution sources, Algorithm 1 can save
53.43% and 22.92% payment compared with Greedy-Value
algorithm under two different cost distributions.
V. R ELATED W ORK
A series of studies [8][9][10] dedicate to designing incentive
mechanisms for crowdsensing applications to stimulate smartphone users participating in sensing. In [8], a recurrent reverse
auction is employed to select participants according to their locations given constraints in budget and coverage. Koutsopoulos
[9] derives a mechanism, which minimizes the total cost paid
to participants by tracking the quality of their reported cost
information and using it for determining participation level and
payment. In [10], Zhao et al. propose online incentive mechanisms by considering smartphone users randomly arriving one
by one. Under a budget, the value of services provided by
participants is maximized before a given deadline. All these
mechanisms collect private information from each smartphone
user before sensing process, and focus on making them truthful.
Different from these studies, we analyze the participation model
in terms of a group of users rather than an individual, which
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Fig. 3. Error of estimation vs. number of pollution
sources under uniform distributed costs.

15

  

20

250

1500

1000

10

15

 

20

  

25

 

Fig. 6. Error of estimation vs. number of pollution
sources under normal distributed costs.
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sources under uniform distributed costs.
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sources under uniform distributed costs.
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Fig. 7.
Total payment vs. number of pollution
sources under normal distributed costs.

follows statistic laws. Therefore, incentives can be designed
according to the population in interested areas.
Compressive sensing has been proved to be efficient in reducing the amount of sampled data and few works [13][14][15]
have applied it in crowdsensing.
VI. C ONCLUSION
This paper has focused on the problem of minimizing the
total payment for accurately detecting air pollution sources
based on crowdsensing via designing an efficient incentive
mechanism to stimulate smartphone user participation. We have
proposed an iterative scheme for the sensing process, where
the platform updates the incentive map iteratively according
to the current collected measurements. Moreover, we have
shown how to apply the EM algorithm in estimating pollutant
concentration in a grid based on measurements, and how to
employ CS in recovering the whole pollution map without collecting measurements everywhere. Comprehensive simulations
have been conducted to confirm the superiority of our proposed
algorithms.
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