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Abstract—Mobile wireless sensor networks (MWSN) are
widely used for monitoring physical phenomena such as air
pollution where the aim is usually to generate accurate pollution
maps in real time. The generation of pollution maps can be
performed using either sensor measurements or physical models
which simulate the phenomenon of pollution dispersion. The
combination of these two information sources, known as data
assimilation, makes it possible to better monitor air pollution by
correcting the simulations of physical models while relying on
sensor measurements. The quality of data assimilation mainly
depends on the number of measurements and their locations.
A careful deployment of nodes is therefore necessary in order
to get better pollution maps. In this ongoing work, we tackle
the placement problem of pollution sensors and design a mixed
integer programming model allowing to maximize the assimila-
tion quality while ensuring the connectivity of the network. We
perform some simulations on a dataset of the Lyon city, France
in order to show the effectiveness of our model regarding the
quality of pollution coverage.

Keywords— Mobile wireless sensor networks, placement,
air pollution monitoring, data assimilation.

I. INTRODUCTION AND RELATED WORK

Mobile wireless sensor networks (MWSN) are widely used
in environmental applications where the aim is to sense
a physical phenomenon such as temperature, humidity, air
pollution, etc. Air pollution is one of the main physical
phenomena that still need to be studied and characterized.
According to the World Health Organization (WHO), exposure
to air pollution is accountable to seven million casualties in
2012. Air pollution is therefore considered as a major issue of
modern megalopolis, where the majority of world population
lives. As a consequence, the effective monitoring of pollutant
emissions is at the heart of many sustainable development ef-
forts. The progress of electrochemical sensors, that are smaller
and cheaper while keeping a reasonable measurement quality,
makes the use of MWSN for air pollution monitoring viable
(1). The aim of using MWSN for air pollution monitoring
is usually to generate accurate pollution maps in real time
(2). Unlike our work presented in (3) where we consider only
sensor measurements in the generation of pollution maps, we
propose in this abstract paper to perform pollution mapping
based on physical models which simulate the phenomenon of
pollution dispersion. Our aim is to focus on data assimilation
in order to correct the simulations of the physical models
based on sensor measurements, which would lead to better
performances. In this context, we tackle in this paper the

optimal deployment of mobile sensor nodes for effective data
assimilation.

The deployment issue of wireless sensor networks has been
extensively studied in the literature where several mathemat-
ical models, optimal algorithms and near-optimal heuristics
have been proposed. The problem has been defined in multiple
ways depending on the context of the deployment. The main
issues targeted in the literature are coverage, connectivity,
network lifetime and the network deployment cost. To the best
of our knowledge, existing deployment approaches are either
event-aware (like the work of (4)) or correlation-aware (like
the work of (5)). In the first case, a sensor is assumed to have
a detection range, usually circular, within which the sensor is
capable of detecting any event that may happen. This cannot be
applied to air pollution monitoring because a pollution sensor
needs to take an air sample in order to evaluate the pollutant
concentration. The second class of deployment approaches is
based on the correlation that sensor measurements may present
in order to select the minimum number of sensing nodes.
In addition, non realistic properties of some phenomena like
pollution being Gaussian are assumed in these works.

Novel application-aware deployment methods have been
recently proposed to consider the characteristics of the ap-
plication case in the design of the deployment approach; one
example is the work of (6) on wind monitoring. Following
the same direction, we propose in this abstract paper a mixed
integer programming model (MILP) allowing to maximize
the assimilation quality and hence minimize the error of
assimilation while ensuring the connectivity of the mobile
sensor network. Unlike most of the existing deployment ap-
proaches, we base on data assimilation to define an appropriate
mathematical formulation of coverage quality in the context
of air pollution mapping. We perform some simulations on
a dataset of the Lyon city, France in order to show the
effectiveness of our model.

II. DEPLOYMENT MODEL

We consider three types of nodes: 1) mobile sensors that
are used to measure pollution concentrations and which are
deployed on top of electric buses and trams; 2) relay nodes
which are used for connectivity; and 3) sinks which are used to
gather data from all the other nodes. We also consider as input
the map of a given urban area that we call the deployment
region. Let P be a set of discrete points approximating the
deployment region at a high-scale (|P| = N ). The set P can



be obtained using a 2D or 3D discretization. Our goal in this
paper is to be able to determine with a high precision the
concentration value of pollution at each point p ∈ P . We
ensure that for each point p ∈ P , either there is a mobile sensor
which passes through p; or the pollution concentration can be
estimated with a high precision based on the physical model
simulations and the data gathered by the neighboring mobile
sensors. In addition to pollution coverage, we also ensure that
all the deployed sensors can send their data to at least one
sink node while optimizing the positions of sinks and relay
nodes.

We use decision variables rp (respectively yp) to specify
if a relay node (respectively a sink) is deployed at point p
or not. As for mobile sensor nodes, let first I be the set of
lines of buses and trams. We consider each trajectory i ∈ I
as a subset of P . We use binary variables ti to denote the fact
that a mobile sensor is deployed on the trajectory i or not. In
addition, let the binary variables xp denote the fact that there
is at least one mobile sensor which passes through the point
p or not. A variable xp is necessarily equal to 0 if no mobile
sensor passes through it as formulated in constraint 1 where
Ip denotes the set of trajectories that include the point p.

xp ≤
∑
i∈Ip

ti, p ∈ P (1)

A. Deployment budget

We first denote by θi (respectively δp and ψp) the deploy-
ment cost of a sensor on trajectory i (respectively a relay node
or a sink at point p). The network deployment cost should not
exceed the deployment budget J as follows:∑

i∈I

θi · ti +
∑
p∈P

δp · rp +
∑
p∈P

ψp · yp <= J (2)

B. Air pollution coverage

Using data assimilation, the estimated concentration Ẑp

at a given location p ∈ P where no mobile sensor passes
through is formulated as the sum of Mp, which is the physical
model simulation value at p, and a weighted combination of
the errors of the physical model at neighboring sensor nodes
mq, q ∈ P where xq = 1. The mq values are determined with
respect to the ground truth (or real) concentrations and can be
estimated using sensors with high accuracy. The weights Wpq

are called correlation coefficients and can be evaluated in a
deterministic way based on the distance between the location
of the measured concentration and the location of the estimated
concentration. In this case, Ẑp is evaluated using formula 3.
The data assimilation equation in formula 3 is constrained by
formula 4, which ensures that the denominator is never equal
to 0. Bpq parameters define whether there is a correlation
between points p and q or not. Given the formula of the
assimilation estimated concentration Ẑp, the assimilation error
with respect to the ground truth value can be derived as in

formula 5 with mp being the physical model simulation error
at point p.

Ẑp =Mp +
∑

q∈P Wpq·xq·mq∑
q∈P Wpq·xq

(3)∑
q∈P Bpq · xq ≥ 1 (4)

Ep = mp +
∑

q∈P Wpq·xq·mq∑
q∈P Wpq·xq

(5)

Using the already deployed pollution monitoring stations,
the simulation errors can be estimated through rough compar-
ison between the currently available real data and the outputs
of the simulation model. In this paper, we consider the main
cause of the simulation errors, which is in fact the inputs of
the physical model. It is worth noting that simulated concen-
trations that are provided by the physical models are based
on weather conditions and pollution emissions. Therefore, we
consider multiple possibilities of simulation errors depending
on the values of the inputs of the physical model. We first
define a set of possible snapshots of simulation errors that we
denote by L. For a given l ∈ L, let ml

p (respectively E l
p) be the

simulation error (respectively the assimilation error) at point
p in the case of l. We formulate in formula 6 the coverage
quality at point p as the maximum value among all possible
errors. Then, we denote by the function f({E∗

p , p ∈ P}), the
overall coverage quality of a given sensor network topology.
Without loss of generality, we consider that f is the mean
function. The function f is defined using constraint 7 where
N = |P|.

E∗p = Maxl∈L{|E lp|} = Maxl∈L{|ml
p +

∑
q∈P Wpq·xq·ml

q∑
q∈P Wpq·xq

|}(6)

f =
∑

p∈P E
∗
p/N (7)

Formula 7 together with constraint 6 define the two main
constraints of our pollution coverage model. However, in
order to get a linear model, we need to linearize constraint
6 by eliminating the fraction and the absolute and maximum
functions. Using state-of-the-are linearization techniques, we
get the linear form of constraint 6 in constraints 8, 9, 10 and
11 where hpq is an auxiliary variable and H is a big number
used to ensure that when xq = 0, hpq is also equal to 0.

∑
q∈PWpq · hpq ≥

∑
q∈PWpq · xq · (ml

q +ml
p), l ∈ L (8)∑

q∈PWpq · hpq ≥ −
∑

q∈PWpq · xq · (ml
q +ml

p), l ∈ L (9)
−H · xq ≤ hpq ≤ H · xq (10)

−H · (1− xq) + E∗p ≤ hpq ≤ H · (1− xq) + E∗p (11)

C. Network connectivity

We formulate the connectivity constraint as a network
flow problem. We first denote by Γ(p), p ∈ P , the set
of neighbors of a node located at point p. This set can be
determined using sophisticated path loss models. It can also
be determined using the binary disc model, in which case



Γ(p) = {q ∈ P where q ∈ Disc(p,R)} where R is the
communication range of sensors. Then, we define the decision
variables gpq as the flow quantity transmitted from a node
located at point p to another node located at point q. In
addition, let fip be the flow quantity transmitted from a mobile
node deployed on trajectory i to a relay or sink node located
at point p. We suppose that each mobile sensor of the resulting
MWSN generates a flow unit in the network, and verify if these
units can be recovered by sinks. We formulate constraint 12
to ensure the generation of the flow units by mobile sensors
and constraints 13, 14 and 15 to ensure that relay nodes are
flow conservative. As a result, sinks recover all the generated
units and the MWSN is connected.

∑
p∈Γ(i) fip = ti, i ∈ I (12)∑

i∈Ip fip +
∑

q∈Γ(p) gqp −
∑

q∈Γ(p) gpq ≤ (|I|+ 1) · yp, p ∈ P(13)∑
i∈Ip fip +

∑
q∈Γ(p) gqp −

∑
q∈Γ(p) gpq ≥ 0, p ∈ P (14)∑

q∈Γ(p) gpq ≤ |I| · rp, p ∈ P (15)

III. SIMULATION RESULTS

We perform our simulations on a pollution map correspond-
ing to the 2008 Nitrogen Dioxide (NO2) concentrations in
the Lyon district of La-Part-Dieu, which is the heart of the
Lyon City. This Pollution map was generated by an enhanced
physical model called SIRANE, which is designed for urban
areas and takes into account the impact of street canyons on
pollution dispersion. The dataset has been provided by LMFA,
which is a research lab specialized in fluid mechanics in the
Lyon city, France. We discretize the deployment region with
a spatial resolution of 50 meters. We consider as potential
positions of nodes all the grid points and as trajectories of
mobile sensors all the lines and columns in the deployment
grid. The physical model maximum errors have been generated
through a comparison between the physical model results
and the data of the currently deployed pollution monitoring
stations. As a proof of concept, we consider that the error
snapshots of the inputs of our model correspond to 10 different
levels varying from 10% to 100% of the maximum errors of
the physical model.

We evaluate the quality of air pollution monitoring de-
pending on the deployment budget. We depict in Fig. 1
the assimilation error depending on the number of mobile
nodes that can be deployed. The assimilation error of the
obtained networks is evaluated based on a set of 100 randomly
generated simulation error maps. We consider two cases: using
uniform and Gaussian random distributions. Results show
that the higher the number of mobile nodes, the less the
assimilation error in both cases, which is reasonable since
reducing the estimation error requires more information and
hence more sensors. Also, we notice that the assimilation
errors obtained using the Gaussian function are less than
those obtained using the uniform distribution. Indeed, with the
Gaussian distribution, most errors are located near the mean

of the simulation error (which is equal to 0) whereas in the
other case, the errors are distributed uniformly.

Fig. 1: Coverage quality depending on the deployment budget
(number of mobile nodes).

IV. CONCLUSION AND ONGOING WORK

In this abstract paper, we target the deployment issue of
mobile sensor networks and propose a mixed integer pro-
gramming model allowing to improve air pollution monitoring
through the correction of physical models. Our main idea is
to define an appropriate coverage formulation for pollution
data assimilation and then derive an optimal deployment model
using integer linear programming. We applied our model on a
dataset of the Lyon City, France in order to assess the impact of
the deployment budget on the quality of pollution monitoring.
We are currently working to extend our model while taking
into account more coverage constraints like the calibration of
sensor nodes and the drift in sensor measurements.
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