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Abstract

Air quality monitoring requires to produce accurate estimation of nitrogen dioxide or fine particulate
matter concentration maps, at different moments. A typical strategy is to combine different types of data.
On the one hand, concentration maps produced by deterministic physicochemical models at urban scale, and
on the other hand, concentration measurements made at different points, different moments, and by different
devices. These measurements are provided first by a small number of reference stations, which give reliable
measurements of the concentration, and second by a larger number of micro-sensors, which give biased
and noisier measurements. The proposed approach consists in modeling the bias of the physicochemical
model and estimating the parameters of this bias using all the available concentration measurements. Our
model relies on a partition of the geographical space of interest into different zones within which the bias is
assumed to be modeled by a single affine transformation of the actual concentration. Our approach allows to
improve the concentration maps provided by the deterministic models but also to understand the behavior of
micro-sensors and their contribution in improving air quality monitoring. We introduce the model, detail its
implementation and experiment it through numerical results using datasets collected in Grenoble (France).

Keywords. air quality; data fusion; micro-sensors; model correction; pollutant concentration maps

1 Introduction

In air quality monitoring, providing high-quality estimation of the concentration of some pollutant, nitrogen
dioxide (NO2) or particulate matter (PM), for example, is mandatory. To this aim, organizations can use
measurements of concentration. We focus here on a situation where it is assumed that two types of spatio-
temporal concentration measurement data coexist: network 1 provides high quality measurements, taken at
a regular frequency and at fixed points; network 2 provides lower quality measurements, which suffer from
biases that may change over time. This situation has become quite common, as those kind of network has
been studied at country Huang et al. (2018) or city scale Gressent et al. (2020). We focus here on the urban
scale.

Organizations can also make use of physicochemical models. Their outputs classically provide an initial
map which is then corrected using measurements by assimilation/geostatistical techniques. A way to improve
the quality of reconstructed maps is to increase the density of sensors. Availability of micro-sensors in
addition to reference stations measurements opens a possibility for this improvement, without a prohibitive
cost. This has opened a collection of papers dealing with various aspects illustrating the interest of such
new sensors and providing technical hints to properly incorporate them in the data collection and analysis
process.

Conventional approaches to improving pollution maps involve the use of geostatistical methods to correct
numerical model outputs with measurements from reference stations. These approaches use data assimilation
methods (see, for example de Fouquet, Malherbe, and Ung (2011)), and the added value of this correction
of model outputs with observations is well established. In recent years, the availability of low-cost sensors
to measure pollutant concentrations in addition to measurements from reference stations means that these
concentration maps can be further improved without prohibitive cost. A very interesting study of such
an approach Schneider et al. (2017) looks at nitrogen dioxide concentration maps in Oslo (Norway). A
similar study Gressent et al. (2020) has been carried out for Nantes (France), including data from mobile
micro-sensors. Calibration techniques suitable for application in a hierarchical network featuring a few well-
maintained, high-quality instruments and a larger number of low-cost devices have also been presented in
Miskell, Salmond, and Williams (2018) or in Weissert et al. (2020).

Calibration techniques suitable for application in a hierarchical network featuring a few well-maintained,
high-quality instruments and a larger number of low-cost devices have also been presented in Miskell,
Salmond, and Williams (2018) or in Weissert et al. (2020). More generally, an important literature on
spatiotemporal statistical models for calibration Huang et al. (2018) and data fusion Gilani, Berrocal, and
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Batterman (2019) Ma and Chandrasekar (2020)) is available and related methods are of interest. We also
mention an iterative correction method proposed recently Bobbia, Poggi, and Portier (2022). All these
approaches are interesting and since they are based on raw or corrected data that are merged with maps,
without integrating the whole, they are agnostic with respect to the deterministic model used to generate
the map. An alternative approach could be to develop a model specific approach modeling the bias of the
initial deterministic map before correcting it.

An alternative approach Giraud et al. (2016); Coron et al. (2018) to merging data from different protocols
has recently been explored in the context of biodiversity monitoring. In this question, the authors have two
datasets of bird observations made by ornithologists: one is the result of observations made at fixed locations
and for an imposed duration; the other is the result of observations made at non-prescribed locations and
for an unknown duration. The first set of data provides important information and makes it possible to
produce maps of species abundance. The second dataset cannot be used on its own due to the lack of an
observation protocol, but contains a very large number of observations. The idea of the approach proposed
by the authors is to calibrate the second dataset using the first, in order to benefit from both the information
in the first dataset and the abundance in the second. Thanks to this combination of datasets, the authors are
able to provide more accurate abundance maps for the different species under consideration. This seminal
idea was one of the starting points of this work.

The proposed approach inverts the traditional perspective in statistics by starting from the physicochem-
ical model and modeling the bias to finally correct the output map. This approach makes it possible, on
the one hand, to lean on the physicochemical model definition to model its potential errors that can be
specific to the area of interest, and on the other hand, to model the distances between model outputs and
measurements, with the potential aim of improving not only concentration maps but also physicochemical
models on the considered geographical area.

For sure, spatial correlation and temporal correlation are key issues in the traditional approach to model
the dynamics of the pollutant. However, our approach in this work consists in assuming that the main
spatio-temporal dynamics of the pollutant (notably due to pollutant emissions and urban geography) are
already taken into account by the deterministic model and that they are not present in its bias. Then,
we suppose that a considerably simple model can be useful, at least as a starting point. Finally, if some
spatio-temporal patterns remain, the addition in the future of other covariates to explain the bias could be
considered.

Our work deals with air quality monitoring, by combining different types of data. More precisely, our
aim is to produce (typically at the scale of a large given city) accurate estimation of nitrogen dioxide or fine
particulate matter concentration maps, at different moments. Therefore, we have at our disposal, on the
one hand, concentration maps produced by deterministic physicochemical models (such as SIRANE Soulhac
et al. (2011, 2012) or ADMS-urban McHugh, Carruthers, and Edmunds (1997); Carruthers et al. (1998)),
and on the other hand, concentration measurements made at different points, different moments, and by
different devices. These measurements are provided first by a small number of reference stations, which
give reliable measurements of the concentration, and second by a larger number of micro-sensors, which give
biased and noisier measurements.

The proposed approach consists in modeling the bias of the physicochemical model (e.g. due to model
assumptions that are not satisfied in practice, such as constant altitude) and estimating the parameters
of this bias using all the available concentration measurements. Our model relies on a partition of the
geographical space of interest into different zones within which the bias is assumed to be modeled by a
single affine transformation of the actual concentration. Our approach allows to improve the concentration
maps provided by the deterministic models but also to understand the behavior of micro-sensors and their
contribution in improving air quality monitoring. We will introduce the model, detail its implementation
and experiment it through numerical results using datasets collected on the Grenoble area (France).

The paper is organized as follows. Section 2 provides our model and approach. Section 3 illustrates
some aspects of the method, including numerical results, by applying it to a real dataset coming from the
Grenoble area, in France. Finally, Section 4 opens some perspectives.

2 The model

We propose a simple toy model, which in particular does not include meteorological data. This model is
inspired by papers Soulhac et al. (2017); Beauchamp et al. (2018), in which the authors analyse the sources
of error in SIRANE type maps. We initially identified three sources of error: Firstly, the physical models
used to produce the SIRANE maps assume a constant altitude, which is a major source of error, particularly
for areas surrounded by hills (such as those found in Grenoble); secondly, these models seem to perform
differently depending on the type of area (urban, suburban, rural); finally, in Soulhac et al. (2017), the
authors mention that the bias of the SIRANE maps seems to increase with concentration (which may be
partly related to the previous point).

Our model, described in the following subsections, then aims at modeling the behaviour of micro-sensors,
reference stations and physico-chemical models. It should be noted that for the moment we are not yet
taking into account seasonality, which is an important element in the structuring of the bias present in the
maps derived from physico-chemical models. However we will consider that the behavior of micro-sensors
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and physico-chemical models depend on the hour of the day. Incorporating more temporal aspects into this
bias modeling will be an objective in the future, for example by taking inspiration from Fasso, Cameletti,
and Nicolis (2007). Several avenues for improvement requiring a more sophisticated model are mentioned in
the last section.

2.1 Data modeling

We denote by Ps(t) the concentration of the pollutant that we are trying to estimate at a point s ∈ R2 and
at time t. We assume that we have access to measurements of the concentration of this pollutant realized by
I reference stations. We assume that for each i in {1, 2, ..., I} the reference station i is located at si,1 ∈ R2

(assumed to be fixed in this work) and we denote by Xi,1(t) the measurement provided by this reference
station at time t. The measurements Xi,1(t) are then assumed to follow the model:

Xi,1(t) = Psi,1(t) + ϵ(1)si,1(t), (1)

where ϵ
(1)
si,1(t) are independent random variables, centered and normally distributed with unknown variance

σ2
i,1. In other words, the true pollution is observed corrupted by an additive noise, assumed to be centered.

Note that it is not necessary for the noise model to be a Gaussian distribution; this assumption will only
play a role when inferring the parameters and a generalization can be proposed.

Now we assume that we have access to measurements of the concentration of the same pollutant realized
by J micro-sensors. We assume that for each j in {1, 2, ..., J} the micro-sensor j is located at sj,2 ∈ R2 (also
assumed to be fixed in this work) and we denote by Xj,2(t) the measurement provided by this reference
station at time t. The measurements Xj,2(t) are assumed to be modeled by

Xj,2(t) = αjPsj,2(t) + βj + ϵ(2)sj,2(t), (2)

where ϵ
(2)
sj,2(t) are independent centered Gaussian random variables with unknown variance σ2

j,2. The loca-
tions of the micro-sensors are imposed and generally do not coincide with those of the reference stations.
The parameters αj and βj in Equation (2) can either be assumed to be constant or to depend on the hour
of the day, on the season, or on the month of the year. In particular, the last assumption is a direct way of
checking the evolution of the micro-sensors’ behaviour over time.

2.2 Physico-chemical model and bias modeling

We also assume that we have a map derived from physico-chemical models of the SIRANE type, which
gives us an initial prediction P̃ of the concentration P at any point s (in particular at the micro-sensor and

reference stations locations) and at any time t. The link between P̃ and P is modeled by

P̃s(t) = Ps(t) +Bs(t), (3)

where the term Bs(t) is therefore the bias of the P̃ map that we are trying to understand and estimate. Our
approach consists in modeling this bias and estimating the parameters of this model from the sets of data
Xi,1(t) and Xj,2(t).

Physico-chemical models are derived using simplifying assumptions (like constant altitude, regular land-
use, streets having no slope, ...). Our approach consists in considering that the considered space can be
divided in several zones, on which the bias of the physico-chemical model output has the same behaviour
(i.e. can be modeled similarly), because these assumptions fail in a similar way. For example, this division can
be made according to the proximity of emissions or land use (traffic, urban or peri-urban zones), according
to altitude (hill, basin, steeply sloping zones), or even proximity to green spaces, as mentioned in San Jose
and Perez-Camanyo (2022). The choice of zoning must be specific to each city: when implementing our
approach, these zones should be defined according the knowledge brought by data providers or by local air
quality agencies, that can identify the potential sources of errors of these models, that are specific to the
city of interest. On each zone we assume that the bias of the physico-chemical output is an affine function of
the true concentration. This affine dependence is inspired from observations made in Soulhac et al. (2011).

Let us then denote by K the number of different geographical zones, by A1, . . . , AK these zones and
assume that on zone k ∈ {1, ...,K}, the bias satisfies for each position s and time t :

Bs(t) = Ck + ρkPs(t) (4)

On zone k, the quantity ρk therefore models the dependence of the error of the physico-chemical model in
pollutant concentration, and the quantity Ck models the minimal error of the model. For identifiability
reasons that will be explained in the next section, each zone must contain at least one reference station. We
set for each position s, C(s) =

∑K
k=1 Ck1s∈Ak and ρ(s) =

∑K
k=1 ρk1s∈Ak .
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2.3 Parameter estimation

2.3.1 Formulation of the estimation problem

Combining the two last equations, we have

Bs(t) = C(s) + ρ(s)(P̃s(t)−Bs(t))

and then

Bs(t) =
C(s) + ρ(s)(P̃s(t))

1 + ρ(s)
.

Considering first the reference stations measurements gives

Xi,1(t) = Psi,1(t) + ϵ(1)si,1(t)

= P̃si,1(t)−Bsi,1(t) + ϵ(1)si,1(t)

= P̃si,1(t)−
C(si,1) + ρ(si,1)P̃si,1(t)

1 + ρ(si,1)
+ ϵ(1)si,1(t),

giving

Xi,1(t) =
1

1 + ρ(si,1)
P̃si,1(t)−

C(si,1)

1 + ρ(si,1)
+ ϵ(1)si,1(t). (5)

It turns out that the observed concentrations are modeled as a function of the output from the physical
models. It could be reasonable to assume that these models also somehow take into account actual mea-
surements from stations, but this is not the case for SIRANE. In addition, the dependence is not explicit at
all and then it would be reasonable to consider the equations conditionally to the model outputs.

Similarly, by considering the micro-sensors measurements

Xj,2(t) = αjPsj,2(t) + βj + ϵ(2)sj,2(t)

= αj(P̃sj,2(t)−Bsj,2(t)) + βj + ϵ(2)sj,2(t)

= αj

(
P̃sj,2(t)−

C(sj,2) + ρ(sj,2)P̃sj,2(t)

1 + ρ(sj,2)

)
+ βj + ϵ(2)sj,2(t)

then

Xj,2(t) =
αj

1 + ρ(sj,2)
P̃sj,2(t)−

αj

1 + ρ(sj,2)
C(sj,2) + βj + ϵ(2)sj,2(t). (6)

Recall that the functions C and ρ are piecewise constant functions, and the zones on which they are
constant are assumed to be known, and the same for the two functions. The parameters that we wish to
estimate from Equations (5) and (6) are first the values (Ck)1≤k≤K and (ρk)1≤k≤K of the piecewise constant
functions C and ρ on each zone (Ak)1≤k≤K , second, the transformation parameters (αj , βj) of each micro-
sensor, and third the variances σ2

i,1 and σ2
j,2 for all i ∈ {1, ..., I} and j ∈ {1, ..., J} . If we assume that

the variances only depend on the zone, i.e. if σ2
i,1 =

∑K
k=1 σ(k)

21Ak (si,1) and σ2
j,2 =

∑K
k=1 σ(k)

21Ak (sj,2)
where σ(k)2 models the variance associated to the zone Ak, then the estimation of the 2K + 2J parameters
((Ck)1≤k≤K , (ρk)1≤k≤K , (αj , βj)1≤j≤J) as well as the variance parameters (σ(k)2)1≤k≤K can be done using
a linear modeling that we detail now. This assumption of constant variance can be justified if the variance
of the measurements is mainly influenced by the co-variables that defined the division into zones (altitude,
proximity to traffic, for example). If this assumption has to be relaxed, a different estimation procedure,
typically based on approximate Bayesian computation needs to be implemented.

Using data from the reference stations and from the micro-sensors, these equations can be used to estimate
the parameters ρ and C and the parameters αj and βj for each micro-sensor.

2.3.2 Estimation procedure

The combination of Equations (5) and (6) can be written as a linear model, that can be implemented to
provide estimation of all parameters, separately for each zone. Indeed, let us denote by J(k) the number
of micro-sensors in zone k and X = (X1, ...XO) the vector of all measurements collected by both reference
stations and micro-sensors in zone k, (P̃1, ...P̃O) the vector of corresponding model outputs at the same time
and position, and let us denote by

Θ =

(
1

1 + ρk
,

Ck

1 + ρk
,

α
(k)
1

1 + ρk
,

α
(k)
2

1 + ρk
, ...,

α
(j)

J(k)

1 + ρk
, β

(k)
1 − α

(k)
1 Ck

1 + ρk
, ..., β

(k)

J(k) −
α
(k)

J(k)Ck

1 + ρk

)
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the vector of regression parameters that we wish to estimate, where (α
(k)
i , β

(k)
i ) are the transformation

parameters of the i-th micro-sensor in zone k, introduced in Equation (2). Then from Equations (5) and
(6),

X = AΘ+ ε, (7)

where ε is a random centered vector whose entries are independent, with variance σ(k)2, and the matrix A
is defined as follows. If the l-th observation is made by a reference station, then

Al· = (P̃l,−1, (0, ..., 0), (0, ..., 0))

where the last two vectors are null vectors with dimension J(k). If the l-th observation is made by the
micro-sensor numbered by j, then

Al· = (0, 0, (0, ..., P̃l, 0, ...0), (0, ..., 1, 0, ..., 0)),

where the last two vectors have all null quantities except in position j. Since there is at least one reference
station in each zone, the linear modeling proposed in Equation (7) allows to estimate 1

1+ρk
and Ck

1+ρk
for all

k in 1, ...,K, and βj and
αj

1+ρ(sj,2)
for all j in 1, ..., J , by computing the least-square estimator:

Θ̂ = argmin
θ

∥X−Aθ∥2.

This estimation procedure also gives an estimation for the variance parameter σ(k)2 in each zone k.
It should be noted that micro-sensors whose position does not lie in the space of definition of the C and ρ

functions (constrained by the necessary presence of at least one reference station in each zone of constancy)
cannot be used to infer the model parameters (at least as long as their αi and βi parameters are not assumed
to be known). If necessary, they are omitted.

2.4 Alternative concentration maps

A second natural approach consists in estimating first the parameters (Ck)1≤k≤K , (ρk)1≤k≤K , and σ(k)2

using reference stations only. Indeed Equation (5) gives a linear relationship between measurements and
model outputs, which provides estimates of all these parameters, since it gives estimates for 1

1+ρk
, for

Ck
1+ρk

, and for σ(k)2

1+ρk
for all k in 1, ..,K. This will give a new corrected map, that is obtained using only

reference stations. Comparing this corrected map to the one obtained previously using both reference stations
and micro-sensors can then help understanding and measuring the benefit of combining micro-sensors and
reference stations measurements, to improve concentration maps.

Next, the parameters (αj , βj)1≤j≤J can be estimated using only micro-sensors measurements, using the
linear relationship between micro-sensors measurements and model outputs given by Equation (6), and
setting all the previously estimated parameters to their respective estimated values. This approach will
however result in a separate estimation of the variance of micro-sensors measurements, i.e. σ2

i,1 = σ1(k)
2

while σ2
j,2 = σ2(k)

2. In that case note that micro-sensors are not used to reconstruct the corrected map, but
on the contrary, in some sense, the corrected map helps understanding the behavior of micro-sensors.

Finally, the estimation of the parameters (αj , βj)1≤j≤J provides corrected micro-sensors measurements
that can now considered as reference stations. This allows to consider now that space is divided into a larger
number of zones (as many zones as devices) on which the functions C and ρ are constant, and to provide a
new concentration maps in which the estimated bias has a finer resolution.

To sum up, our procedure produces then three concentration maps: the first one is obtained by estimating
parameters of the model by pooling all measurements made by both reference stations and micro-sensors
(sometimes referred to as ”pool” in the sequel); the second one is obtained by using only reference stations
measurements (referred to as ”no ms”); the last one is obtained by correcting micro-sensors using fixed
stations, and considering them as reference stations in a second time (referred to as ”ms as sta”).

3 A real data example

3.1 Measurements data

ATMO Normandie, the organization in charge of air quality monitoring in Normandie including the city
of Rouen, uses SIRANE to evaluate air pollution at urban scale. It collects measurements from a few
monitoring stations and numerous micro-sensors. At this stage, the data required for this study is not fully
available. Consequently, we will illustrate the method using data from another organization responsible of
air quality monitoring in France: ATMO Auvergne-Rhône-Alpes, whose area covers the city of Grenoble.

The data used in this study is part of the Mobicit’air project of Atmo Auvergne-Rhône-Alpes, the
organization supervising air quality in Grenoble, in partnership with Grenoble-Alpes-Métropole mainly con-
centrated in the city.

It consists of hourly average concentrations (in µg /m3) of NO2 pollutant during 147 days, from January
5, 2017 to May 31, 2017. We focus on the data corresponding to the months of January and February 2017,
a period of the year during which NO2 concentrations are the highest. The device network is composed of 9
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reference stations located in the Grenoble area, close to traffic, in urban or suburban places and of 12 micro-
sensors. Devices sites from both networks are presented in Figure 1. One can notice from Figure 2that three
monitoring stations are far from Grenoble downtown, and therefore are not considered in the calculations
because no microsensors are located nearby. The area of study considered is thus the one represented in
Figure 3.

For a more detailed presentation of the data, we refer to the unpublished report publicly available online
by AtmoAuvergne-Rhône-Alpes (2017). Besides, note that this dataset was also studied in Bobbia, Poggi,
and Portier (2022) to propose a spatial correction method of sensor measurements, which is a related but
different problem.

Figure 1: Location of the sites in the Grenoble agglomeration, the sites in blue correspond to the micro-sensors,
the sites in red correspond to the reference sites. This figure is extracted from ®Atmo Auvergne-Rhône-Alpes
(2017) Assimilation de données de micro-capteurs dans les cartographies fines échelles.

3.2 Deterministic model outputs

In addition, we have two maps that can be used as deterministic maps: a SIRANE map averaged over the year
2017 with a resolution of 10 meters (we call it (Sirane(s)), and a CHIMERE map averaged over every hour
between January and February 2017 with a resolution of 3 km, called (Chimere(s, t)). It should be noted
that this CHIMERE map is taken to allow quick computations and reduce the cost of storing SIRANE maps
at every hour. With these two maps, we have so far considered different options for the initial deterministic
map aimed to be corrected by measurements: either one of the two maps, or a combination of the two
maps. The best option that we found, that will be considered from now on, is to take the average of the two
available maps as initial deterministic map:

P̃s(t) = 1/2× (Sirane(s) + Chimere(s, t)). (8)

The main interest of considering the mean of the two maps is to benefit both from the temporal variability
brought by the CHIMERE map, and from the fine spatial resolution of the SIRANE map.

However, it should be noted that averaging CHIMERE (which only accounts for background pollution)
and SIRANE will give more weight to background pollution in areas influenced by traffic and thus smooth
the effect of roads in the initial map. In addition, it will be difficult to interpret the results in a way to
specifically improve one model.

3.3 Adapting the model

3.3.1 Zone definition

We now define the zones of constancy for the functions C and ρ, bearing in mind that each zone must
include at least one reference station. Figure 2 shows two examples of how these zones can be defined. The
first one is based on circles centered on the fixed stations and of radius r. Note that in practice, we do not
want zones to intersect, which naturally limits the radius r or requires to group near stations measurements
in one zone. For this reason, we prefer the other one which consists in dividing the domain into Voronoi
cells containing exactly one device each. This latter definition induces zones of varying sizes, particularly
for stations that are far away from the city center.

6



Figure 2: Considered approaches to define the zones of constancy for C and ρ. The first one consists of circles of
fixed radius around monitoring station and the second one of Voronoi cells, each one containing one monitoring
station.

Since there are no sensors there, we decide not to take those stations into account and restrain the
domain to the one presented in Figure 3. The figure shows the Voronoi cells at two different scales: on the
left only reference stations are considered, while on the right microsensors are used too (blue dots). The
results presented in the following sections will consider and compare the two zones defined in Figure 3.

Figure 3: Two illustrations of the division into different zones defining the C and ρ functions. On the left:
considering only the reference stations; on the right: considering the whole network. Each block contains
exactly one device.

This partition is based on a theoretical definition and has two disadvantages: firstly, it links micro-
sensors and reference stations that are sometimes very far apart; secondly, the pollution within each zone
thus formed is very heterogeneous. Subsequently, we plan in the future to propose an alternative division
that could be defined using, for example, the average pollution level given by the (Ps)s map, or the distance
to the main roads.

3.3.2 Bias definition

We then define the functions C and ρ so that they are constant over each of the zones thus defined:

C(s) =
K∑
i=1

Ci1Zi(s),

and

ρ(s) =

K∑
i=1

ri1Zi(s),
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where the parameters Ci and ri will be estimated using the data and K is the number of zones.

3.3.3 Modeling the data and estimating the parameters

We implement the linear model given by Equations (5) and (6). This model allows us to estimate ρ and
C and the αj and βj from reference stations data and from micro-sensors data. It should be noted that
these parameters can also depend on the hour of day without causing problems of identifiability. We have
considered both the case where the parameters ρ, C, αj and βj do not depend on time, and where these
parameters do depend on time (in which case the inference is then simply made independently for each
considered time slot). We only show the estimation results in the case where these parameters depend on
the hour of the day, as they provide more relevant concentration maps.

As we focus on a short period of time (2 months in total), we neglect seasonality effets and decompose
the considered period as follows: the learning period is in January and the testing period is in February.
All estimations are made using measurements made during the learning period, and their performance are
assessed by comparing the generated prediction to the real measurements made by reference stations during
the testing period.

4 Numerical results

We describe and comment on a selection of the results we have obtained, although this work is still in
progress, focusing on various aspects: spatial and temporal aspects of the corrected maps, the correction
parameters and a first cross-validation error.

4.1 Correcting deterministic maps

The first aim of our approach is to provide a corrected version of the initial maps. This correction is
illustrated in Figure 4: on the left the initial map and on the right the corrected maps using measurements
and integrating our modeling approach on a given day: Thursday 9 February 2017. Here we consider four
different hours: from the top to the bottom 6 am, 9 am, 3 pm and 6 pm.

It should be noted that the corrected maps present higher average concentrations and enlighten more
clearly the roads of the north-west and east of the town. The differences between the hours are consistent
with what is expected. Indeed, we observe low signal during the night (6 am, 9 pm) and two peak hours
with potentially high signal at 9 am and 6 pm. Moreover, a comparison between the corrected maps shows
that the model using only reference stations (no ms) and the model using both devices type simultaneously
(pool) provide similar bias estimations. That is mostly due to the fact that the zones are the same for both
methods. However, the use of the micro-sensors in the pool model raises some difference, as it can be seen
at 6 am, when concentration are higher near road with sensors than without. Finally, those two correction
methods show great difference with the one using the corrected sensors as if they were reference stations
(ms as sta). In that case, the zoning pattern appears more clearly, leading to possible under-estimations,
as at 9 pm in the south-east of the city. Due to the lack of smoothness and the possible residual bias of
the sensors, the zones are very visible on the corrected maps even though they have no obvious meaning
in terms of pollution. We will see in subsection 4.3 that this method outperforms the two others in some
situations.

It should be noted that the use of piecewise constant functions to define the corrected maps are considered
here only to highlight the corrections. In fact, the corrections are only based on the pairing of reference
stations and microsensors, and in order to define a smoother corrected map, it would be better to use a
softer rule combining, for a given location, the different corrected outputs suitably weighted by some spatial
strategy reflecting spatial proximity or a more complex similarity measure.

For each reference station we also plot the estimated concentrations for a given day (Figure 5) as well
as the estimated average concentration over the February period (Figure 6). This corrected concentrations,
shown in red (pool) and blue (no ms), are to be compared with the curve on the initial map (in black) and
that from the measurements (in green).
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Figure 4: Concentration maps for Thursday 9 February 2017, at different times of day: on the left the initial
map, and on the right the corrected maps (from left to right: no ms, ms as sta, pool). From top to bottom: 6
am, 9 am, 3 pm, 6 pm.

Figure 5: Concentrations for the area corresponding to the Grenoble Boulevards reference station, for 9 February
2017, as a function of time. In black: the initial map; in green: measurements from the Grenoble Boulevards
reference station; in red: estimated concentration by pooling all data; in blue: estimated concentration using
only reference stations.
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Figure 6: February average of the estimated concentration for the zone corresponding to the reference stations
at Grenoble les Frênes (left) and Saint-Martin-d’Hères (right), as a function of the time of day. In black: the
initial map; in green: measurements at the reference station; in violet: ms as sta; in red: pool; in blue: no ms.

As it was first noticed from Figure 4, the two methods show similar corrections. From Figure 5, we see
that between 2 am and 8 am, and at the end of the day, the corrected maps tend to act as the initial map.
However, between 9 am and 6 pm, both of the corrected maps do better than the initial map, as their curves
are close the measurements of the reference station. On this example, our proposed methods thus seem to
correct the initial map better when NO2 concentrations are higher.

Figure 6 shows two different behaviours that are quite representative of what we see at the other stations.
For les Frênes station, the value of the corrected average concentrations are mainly between the concentration
obtained from the physicochemical model and the average measured concentrations, whereas for Saint-
Martin d’Hères station the corrected concentration is mainly greater than measurements and the initial
map. Therefore, it seems that the proposed correction methods do not perform similarly from one zone to
another.

Finally, one could wonder about σi,1 estimations. The values are given in Appendix (see Table 2). For
the different zones related to reference stations, they are between 12 and 18.5 when microsensors are not
involved and between 17 and 21.6 for the pooling method, the microsensors adding some uncertainties in
the parameters estimation of Equation (5). When microsensors are promoted as reference stations after
correction, the values are, except for two sensors, of the same range (see Table 3 in Appendix).

4.2 Correction and micro-sensors

In Figure 7 we plot the same curves as in Figure 6, but this time for two micro-sensors. In black we give
the averaged concentration estimated by the initial map, in green the averaged (uncorrected) measurements
made by the micro-sensor, and the other curves correspond to our methods. In blue we represent the
estimated concentrations using only the reference devices (no ms), in purple the concentration estimated
using the corrected sensors as reference stations, and in red the concentration estimated using the pooling
method. As it was noticed from Figure 6, the curve of the no ms and pool method are very close. However,
the method considering sensors as stations leads to different concentrations. At the GRE Leclerc sensor,
the concentration estimated by the method is usually between the measurements and the estimation by
the other method, the only exception being around 6 am. The behaviour of the different methods is quite
different at the SMH Gpery sensor. Indeed, our estimations do not seem to follow the highs and lows of the
initial map. Moreover, we see that the method ms as sta leads to some inconsistent estimations, since some
concentrations (averaged over February) happen to be negative, for example at 6 am and 7 am.

10



Figure 7: Left: February average of the estimated concentration at the GRE Leclerc micro-sensor as a function
of time. In black: the initial map; in green: the micro-sensor measurements; respectively in red, blue and
purple: the models pool, no ms and ms as sta. Right: same for SMH Gpery.

Figure 8: Correction parameters estimated on the SMH Gpery micro-sensor, for each hour. Coefficient α on
the left and β on the right. In red: pool model; in blue: no ms model.

Figure 8 shows, for each hour, the value of the parameters optimized by linear regression to correct the
SMH Gpery micro-sensor measurements. The peak on β at 1 am corresponds to an anomaly observed on
the reference map, whose values are almost constant at this time (about 11 µg /m3). We note that these
parameters show a rather high degree of variability, which does not show a clear temporal pattern and is
not reflected in the daily mean concentration dynamics shown in Figure 7. This last point is reflected in a
relationship between α and β that seems to be close to an affine relationship.

Eventually, let us evoke σj,2 estimations using Equation (6). Their estimated values are given in Table
4, and range between 16 and 28 µg /m3. They are slightly greater than σj,1, reflecting the additional
uncertainty on micro-sensors parameters.

4.3 Validation of the methods

4.3.1 A first look at the RMSE

In order to give a first assessment of the methods and compare them with respect to the initial map, we
propose to use the root mean square error (RMSE). Using the notation Xi,1(t) for the measurement of
reference station i at time t and P̂ (i, t) the map of interest (initial, pool, no ms or ms as sta), the RMSE is
defined by:

RMSE(P̂ ) =

√√√√ 1

I × T

I∑
i=1

T∑
t=1

(
Xi,1(t)− P̂ (i, t)

)2
where I is the number of reference stations. Note that the computation of RMSE only takes into account

the measurements made by reference stations, since they are not biased (in contrary to those of micro-
sensors). Moreover, since the coefficients ρ and C are estimated at each hour, it is interesting to compute
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the RMSE by hour and for the four maps. The temporal RMSEs are given in Figure 9 for stations Grenoble
Boulevards (on the left) and Caserne Bonne (on the right). This figure shows that the corrected map is
generally better than the original map, as expected. However, towards the end of the day it is not so clear;
sometimes the original map even slightly outperforms our correction. Both models (pool and ms as sta)
show very similar results.

Figure 9: RMSE as a function of the hour of the day for stations Grenoble Boulevards (on the left) and Caserne
Bonne (on the right). In black: RMSE of the initial map, in red RMSE of the pooling model, in purple the
RMSE of the model ms as sta (same as no ms in this case).

In addition, to assess the overall quality of the procedure, we calculate a cross-validated RMSE using
rolling hold-out on reference stations.

4.3.2 Cross-validation error

A first numerical evaluation of the interest of the procedure is realized by estimating the error of recon-
struction of the concentrations of the reference network, by cross-validation. More precisely, we implement
a leave-one-out procedure. For each point, we apply the whole procedure using only the measurements
provided by all the other sensors (network 2 microsensors and other network 1 stations) and we can deduce
a prediction error at that point. This process is repeated for all the reference stations and the quality is
summarised by the average of the prediction errors. We use all the January observations (at a given) hour
to adapt the structure of the model and to fit the model parameters. The performance is evaluated on the
days of February, at the same hour.

More precisely, we build 4 models corresponding to hours h = 6am, 9am, 3pm and 6pm and calculate
the cross-validation error

Err(h) =

6∑
i=1

Err(−i)(h)

where Err(−i)(h) is the RMSE over the days of February omitting the ith reference station.
This gives a global performance (average value of the RMSE over all available hours of February) of

about 12 to 20 µg /m3. This evaluation is of quite good quality (12 for urban and rural stations and 20 for
traffic ones, after a corrected pairing mode that limits the sum over stations of the same type (traffic, urban
and rural) as the jackknifed station. Indeed the cross-validation scheme is conservative, as we were faced
with a very sparse network 1 and omitting 1 out of 6 could have a significant impact.
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Figure 10: Cross-validated RMSE as a function of the hour of the day for stations Grenoble Boulevards (on the
left) and Rocade Sud (on the right). In red the RMSE of the pooling model, in purple the RMSE of the model
ms as sta, in blue the RMSE of no ms.

Figure 10 presents the cross-validation RMSE at two monitoring stations, by hour and by method,
computed over February. Both stations, Grenoble Boulevard and Grenoble Rocade Sud, are located at a
traffic site. They have been chosen to investigate the differences between models no ms and ms as sta, since
no sensor is located out of traffic sites. It appears from both sites that our models correct the initial map
between 10 am and 3 pm (difference of 10 µg /m3), but fails to reduce the errors at other moments. One
can note that the models no ms and pool performs similarly. However, it appears that the model ms as sta
is sightly better, particularly during daytime at station Boulevards and at nighttime at station Rocade Sud.

Figure 11 gives the evolution of the performance for the different hours of the day, using the same color
code. We plot the RMSE as a function of the stations, for the different hours (6 am, 9 am, 3 pm and 6
pm) for February (the testing period). In each of the 4 plots, there are three curves, corresponding to the
three proposed models. The NO2 estimated at the jackknife station has been computed using the nearest
device of the same type. This device is always a reference station for the model no ms (in blue), but can be
a micro-sensor with the other methods (ms as sta in purple, pool in red) if the device of interest is located
in a traffic site. Thus, for stations that are not in a traffic site, curves no ms and ms as sta are the same.
For every hour, the curves in blue and red are quite similar, which is consistent with other results. However,
the RMSE of the no ms method is almost always smaller than the one of the pool method. For the two first
stations (located in traffic areas), the model ms as sta usually performs better.
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Figure 11: RMSE (computed on February) as a function of the stations, for the different hours (6 am, 9 am, 3
pm and 6 pm). We select the nearest station of the same type for all models: no ms in blue, ms as sta in purple
and pool in red. Stations from index 1 to 6 are respectively: Grenoble Boulevards, Grenoble Rocade Sud,
Grenoble caserne Bonne, Fontaine les Balmes, Grenoble les Frenes, Saint Martin Heres.

Station no ms ms as sta pooling
Grenoble Boulevards 17.3 16.8 17.8
Grenoble Rocade 18.8 18.0 20.0
Grenoble Caserne 20.4 20.4 21.7
Fontaine les Balmes 15.1 15.1 15.8
Grenoble Frenes 20.0 20.0 21.7

Saint-Martin d’Hères 18.7 18.7 19.7

Table 1: (Cross-validated) RMSE computed by each method, using for each station the parameters of the
nearest station of the same type. In bold, the best score obtained at the station (not considering reference
map).

Table 1 displays the cross-validation RMSE for each model at each reference station. It appears that
the model ms as sta performs slightly better than the others, having the lowest RMSE on all stations. As
observed in Figure 11, RMSE of models ms as sta and no ms are equal for stations that are not located in a
traffic site, since they are paired with the same device. Thus, it seems that the use of sensors improve model
correction. It outperforms the other methods for traffic stations, making profit of the microsensors which
are all located in traffic areas. The RMSE obtained with the pooling method are about 1 µg /m3 higher
than those obtained with the other methods.

4.4 A point and click tool

In the applied context, we have developed a point and click tool (see Figure 12) allowing to visualize the
maps (initial and corrected) and measurements, to select the instants considered as the learning period, to
estimate and plot the estimated parameters and finally to visualize the corrected map at given time and the
corrected measurements over time.
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Figure 12: Point and click tool. A click on reference station/ micro-sensor, on the left, updates the parameters
ρ and C α and β - displayed at bottom left, the measurement update at bottom right as well as the corrected
map. Learn/Estimate until ”learn until” (bottom left), hour by hour or globally, displayed in 24h averaging or
not.

This tool is currently used in Atmo Normandie, to explore new micro-sensor data (see Thulliez et al.
(2023)) and would be publicly available in the future with some additional data. This tool is currently used
in Atmo Normandie, to explore new micro-sensor data (see Thulliez et al. (2023)) and would be publicly
available in the future with some additional data.

5 Discussion and perspectives

5.1 Discussion

A first important result is that, at least on this special restricted experiment, the method in two steps, the
first correcting micro-sensors using fixed stations, and considering them as reference stations in a second
time (referred to as ”ms as sta”) appears to outperform the other for traffic stations making profit of the
microsensors which are all located in traffic areas). This is consistent with the usual strategy in two steps
but in our case, the strategy is considered as a whole deeply connected with deterministic model.

A second important aspect is that we have used the Voronoi tessellation, more convenient for the nu-
merical experiments after introducing a different and probably more intuitive partition, induced by circles.
Nevertheless, it should be noted that the use of piecewise constant functions to define the corrected maps
are considered in this paper only to highlight the corrections. In fact, the corrections are only based on the
pairing of reference stations and microsensors, and in order to define a smoother corrected map, it would be
better to use a softer rule combining, for a given location, the different corrected outputs suitably weighted
by some spatial strategy reflecting spatial proximity or a more complex similarity measure. This is a way
to make the corrected maps more attractive and realistic.

We could explore other spatial partitions, in particular one that takes into account the distance from the
city centre or major roads, and explore other temporal breakdowns of the parameters in order to define and
implement more validation procedures. This will also allow us to quantify the contribution of micro-sensors
to this approach.

5.2 Perspectives

Longer term prospects could include taking into account several aspects of modelling that might be of interest
to us and that are neglected in the first model presented above:

• Firstly, as mentioned above, the noise contained in the micro-sensor measurements may follow a more
general distribution or a non-Gaussian distribution.
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• Similarly, the transformation functions of the concentrations from the micro-sensor measurements
can be more general than affine functions. For example, they can depend also on the brand of the
microsensor. This choice can be determined according to the first results obtained in the estimation of
the αj and βj parameters in the previous section.

• The temporal aspects of the problem have been neglected in the previous model, although they can
be integrated on several levels. Firstly, the time range for which we have data can be divided into
several periods, which will allow us to estimate the time-dependent parameters αj,t and βj,t. This
generalisation will give an idea of the extent to which the behaviour of the micro-sensors changes over
time. Furthermore, according to the results of Soulhac et al. (2017), it seems relevant to consider the
seasonality and the daily rhythm in the modelling of the bias Bs(t). A spatio-temporal modeling of
the bias could also be considered, e.g. inspired by Fasso, Cameletti, and Nicolis (2007).
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We would like to thank Atmo Auvergne-Rhône-Alpes, the network of the Grenoble area, for kindly
authorize and make possible the use of the real data from the Mobicit’air project of Atmo Auvergne-Rhône-
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Appendix

Station no ms ms as sta pooling
Grenoble Boulevards 18.4 18.4 19.2
Grenoble Rocade 18.6 18.6 17.3
Grenoble Caserne 18.0 18.0 21.6
Fontaine les Balmes 16.6 16.6 17.3
Grenoble Frenes 12.4 12.4 18.2

Saint-Martin d’Hères 15.5 15.5 17.9

Table 2: σi,1 estimated using different the three methods, expressed in µg /m3.

Sensor GRE Leclerc GRE JJaures EYB GdGaule GRE Allies GRE VHugo SMH Gpery
σj,1 18.3 15.4 9.2 15.1 15.3 12.8

Sensor GRE Libe SMV RtLyon ECH Galaxy GRE JPain SMH Potie GRE JPerrot
σj,1 18.1 31.6 13.0 13.6 12.6 14.8

Table 3: σj,1 estimated using method ms as sta, expressed in µg /m3.
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Sensor GRE Leclerc GRE JJaures EYB GdGaule GRE Allies GRE VHugo SMH Gpery
σj,2 20.5 19.6 19.4 19.3 22.4 17.7

Sensor GRE Libe SMV RtLyon ECH Galaxy GRE JPain SMH Potie GRE JPerrot
σj,2 16.2 21.2 21.2 28.2 20.1 16.4

Table 4: σj,2 estimated while estimating αj and βj , expressed in µg /m3.
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