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A B S T R A C T   

Different integration methods were tested to integrate data from a dynamic road network (ROM) in which 
pollution measurement sensors were mounted over delivery vans. Two methods were purposely developed, the 
isoelliptical expansion - ISOE - method accounting for the wind convective transport of pollutants and the 
modified isoelliptical expansion - MISOE - method in which, furthermore, local specific deviation of the pollution 
are estimated from historical sequences of pollution levels. The results obtained by these methods were 
compared with the well-known inverse distance weighted - IDW - method, which is only based on the distance 
from the interpolation sources. The comparison of the errors between the estimated values and the available 
measures reveals that the MISOE model provides more accurate estimated values with a low associated error. The 
ISOE model is more complicate than the IDW but provides better estimations in windy days. The maps of the 
local adjusting coefficients estimated month by months are able to identify critical areas to address in local 
environmental policy decisions.   

1. Introduction 

Improving air quality is the challenge of recent years to which in
stitutions are dedicating many efforts and resources to implement suit
able strategies (30,31],[1]). Great concern to the effects of air quality 
makes it necessary and useful to know the values of pollutants concen
trations with a high spatial resolution [2]. In fact, traditional air quality 
measurement systems, are located in a few points on the territory and 
cannot provide complete information of the environmental condition. 
Therefore, to complement these systems, new monitoring networks, 
based on IoT technology, have been installed in recent years, imple
mented by individuals or groups of citizens in order to increase the 
available data spatial resolution [3,4]. Further data comes from dynamic 
road networks with high temporal resolution (ROM) that have been 
implemented in recent years in Italy [5]. ROM networks are an inno
vative technology developed to monitor the air quality in a dynamic 
on-road way [6]. This measuring device technology is designed to be 
located on a moving vehicle which, by moving along the area consid
ered, allows the pollutants measurements [7]. Given the variety of air 
quality information sources, the creation of maps showing the pollutants 
concentrations to describe the area in a timely manner is necessary to 

continuously show the pollution levels, allowing to appreciate the 
studied parameter surface trend [29]. In these maps the territory is 
divided in cells each covering a portion of it. Each cell is associated to a 
value of the measured or estimated quantity to be represented and is 
characterized by the geographic coordinates associated to its centroid. 
The necessity to estimate represented values derives from the fact that 
the measured quantities deriving from ROM and fixed stations may be 
available only for a limited set of cells; and it may also happen that these 
are not uniformly distributed on the cell grid. To overcome this problem, 
it is possible to estimate missing data over the grid by using the available 
ones by using geographic interpolation methods [8]. These methods are 
special adaptations of more general spatial interpolation techniques that 
are procedures to evaluate the values assumed by a certain quantity on a 
continuous domain (surface, volume) starting from the known values 
(calculated or measured) in some points. The interpolation procedure 
can be carried out with a global approach, that makes use of all the other 
known values in the domain of interest to estimate interpolated values, 
or with a local approach, considering only the measure values in the 
neighbourhoods of the region where the variable is estimated [9]. Un
derstandably, the reliability of any interpolating method will increase 
with the number of available data on the map and with their uniform 
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spatial distribution. 
The Gaussian plume model is often used in dispersion models of 

variable complexity, starting from the simplest case, in which a single 
source is accounted for, and going up to more complex cases in which 
the presence of many sources is accounted for. The spatial pollutants in 
these models are affected by the influence of the parameters from a 
physical-meteorological point of view [10,11]. In fact, weather influ
ence strongly the pollutants dispersion and the emissions related to the 
domestic heating [12,13]. The multisource plume model is among the 
most widely used models for the mathematical modeling of pollutants 
concentrations in urban areas. The multi-source model is then developed 
by superimposing the individual plumes from all the emissions consid
ered. The multi-source Gaussian plume model adapted to interpolation 
of data, considers each single measured value as a pollution source 
dispersing into the environment according to a Gaussian plume distri
bution [14]. Sources are idealized as being large point sources dis
charging at different heights above ground level (Calder 1977). If the 
source physical properties are considered, such as height, flow rate and 
the variables associated with the emission such as gas velocity, tem
perature, etc., it is possible to combine all the sources, averaging data of 
the individual stacks according to a multi-component system mixing 
rules, in a single superstack. This type of model was used by Ref. [15] to 
predict SO2 concentrations in an urban and industrial context in Kuwait, 
providing a better prediction in pollutant concentrations than tradi
tional models [15]. More recent models, to evaluate the pollutants 
concentrations on the ground level, are based on the pollutant concen
tration values measured by air quality monitoring systems and tends to 
reconstruct and locate the pollution source, and are useful to describe 
the results of accidental contaminant releases [16–19]. 

Among the possible approaches that can be adopted to integrate 
missing data on the map there are the deterministic methods that 
calculate the missing values as a function of the values occurring in the 
neighboring points using a rule based on the system physics. These 
methods include the inverse of distances (Inverse Distance Weighted – 
IDW), the polynomial interpolations (Spline) and the polygons of in
fluence (Nearest Neighbour Analysis – NNR). The general idea behind 
the use of polynomial interpolations is that each interval between data 
points, represents the graph with a simple function obtained by con
necting data with lines. This function could be linear, quadratic or cubic 
according to data. The NNR method exploits the proximity between 
points and the influence between them to calculate missing values at 
points of interest. The IDW method is based on the concept that the 
correlation between data on the map is inversely related to the distance 
between points. It will be described in greater detail in the following. In 
general, these methods do not consider the statistical properties of the 
measured points, but assign a unique value to the function of interest, 
considering the variations of physical parameters in the domain. This 
implies sufficient knowledge of the surface to be modeled. With these 
model it is not possible to obtain error estimates on the results obtained. 

The missing values can be estimated also by using a geostatistical 
model. The geostatistical methods (kriging) are based on the measure
ment of the values spatial autocorrelation, regardless of the possible 
physical meaning, and include an evaluation of the forecast error [20]. 
Geostatistics, in fact, studies the variables behavior, theirself and mutual 
spatial correlations, their structure, extracts the rules according to 
coherent models and uses them to carry out the operations that are 
required to solve specific problems. The methods of Geostatistics are 
applicable in all fields of applied sciences in which the phenomena of 
study are characterized by the spatiality. The Kriging methodology is 
well known in literature but there are very few works that implemented 
it for large datasets as those treated in this case, due the calculative 
burden increasing more than linearly with the dataset size. Ordinary 
kriging models are also employed to determine the spatial-temporal 
variety of annual and seasonal PM2.5 and PM10 concentrations [21]. 

Another possibility to estimate air quality in the missing cells, is to 
use measured data in the neighbour cells with purposely designed 

algorithms [22] that takes into account the meteorological parameters 
such as the wind dependence. In the present study, the results of the 
applications of few simple methods is assessed by comparing, in each 
cell where available data are present, the values predicted by the algo
rithm using the neighbour data and the experimental values. Different 
criteria will be adopted and compared. In some of them the influence of 
the neighbour cells on the prediction of the local concentration is based 
exclusively on the distance between the centre of the influencing cell 
and the centre of the tested cell, in others the direction and the speed of 
the wind are taken into consideration in the calculation procedure. The 
methods proposed involves various innovative approaches, in fact this 
study use air quality data provided by an extremely innovative tech
nology really and currently measured in an Italian city. Moreover, the 
model is applied to a very large area. Finally, the developed method for 
the spatial estimation of missing data was compared with other tech
niques to evaluate the best solution. 

Information deriving from air quality monitoring systems are used in 
applications to support smart cities in various sectors [23]. In detail, the 
proposed model will provide detailed information on air quality with a 
very high resolution, in this way it will be possible to analyse pollution 
at the local level, highlighting any critical issues in to propose solutions 
for pollution mitigation. Starting from the monitoring network located 
in any territory, the developed model is able to expand these values and 
thus obtain indications on the pollution levels to be able to implement 
targeted and concrete actions for the reduction of pollution on a local 
scale. 

2. Materials and methods 

2.1. Air quality data 

The data used in this study includes all measurements made by the 
ROM network in Milan between January and June 2020 [24]. The ROM 
network was made of 53 measuring devices located on courier vans. The 
monitoring devices allowed the measurements of gas and suspended 
particulate matter. In this study the analysis will be limited to measures 
relative to PM10. The design of a monitoring network involves a pre
liminary phase of defining the installation positions. These positions can 
be defined with a modeling approach, using operational street pollution 
models [6]. 

The starting point is the subdivision of the ground surface in cells 
with a shape able to cover the whole ground surface over which the 
pollution is monitored by means of fixed or mobile sensors (e.g. Tri
angles, squares, or hexagons). Raw data associated with the time and 
position from which they are taken are used to calculate calculating 
hourly averages of the pollution within the cell ci,j for the cell i and the 
time j. Given a time j, and considering the random position of the ROMs 
the available data will not be able to provide complete sets of values ci,j. 
Hence the need to apply spatial interpolation methods. 

2.2. Methods definition 

Three methods for spatial expansion of data were compared. The first 
method considered is called of isoelliptical expansion (ISOE) was firstly 
developed by Ref. [22] and assumes that a local variation of the con
centration of pollutants with respect to the city average affects the 
neighborhood with changes in the local concentration in the same di
rection, and that the points on the ground affected by the same con
centration changes are located along elliptic iso-concentration curves in 
which the major axis has the same direction of wind and that the ellipse 
elongation increases with the wind intensity. In this work, a modifica
tion to the ISOE method is proposed, to account for the local specific 
changes by considering the history of the pollution of each cell in a 
one-month long period (MISOE method). The effectiveness of these two 
models is tested against another frequently adopted method, which is 
the Inverse Distance Weighted model (IDW), in which the distance 
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between point is the only parameter affecting correlation, irrespective of 
the present atmospheric conditions. In the following, more details of the 
methods tested are reported. 

For the description of the methods, it is assumed that the ground 
surface is dived in equal shaped cells (i.e. squares, hexagons, triangles) 
able to cover the whole surface and that a single value if each pollutant 
concentration is associated to the cell, ideally applied at the cell centroid 
(Fig. 1). 

2.3. ISOE model 

The first step of the ISOE method is the calculation of Ci,j, the vari
ation of local concentration at time j, ci,j, with respect to the background 
level at the same time j, cbg,j, that is 

Ci,j = ci,j − cbg,j (1) 

As above mentioned, the underlying idea is that any local pollution 
source determining a positive variation from the background level or 
any local pollution sink determining a negative variation from the 
background level will have the same effect on the neighborhood along 
closed iso effect lines that have the shape of ellipses, located on ground 
so that one of the two focal points is centered on the source, and that the 
major axis is oriented along the wind direction. It is also hypothesized 
that the ellipse elongation, that is the difference between the two axes, 
increases with the wind intensity. The ellipse axes are related to each 
other by the following system of equations: 
{

a2
j + b2

j = 2r2
0j (2)  

{
a2

j = b2
j + γr2

0jv
2
j (3)  

were aj and bj are the semi-major and semi-minor axes length at time j, vj 
is the wind speed normalized with respect to the historical maximum 
monthly measured value. Time j, r0j is the distance at which the decay 
along the ellipse is obtained for a wind speed equal to zero and γ is an 
adjustable model parameter relating the wind speed and the ellipse 
elongation. The parameter r0j is associated to a decay factor αj by means 
of a decay coefficient dc: 

αj = exp
(
r0jdc

)
(4) 

Provided a second point that is placed at a distance r from the 
pollution source in a direction making an angle θj with the wind 

direction at time j, according to the ellipse equation in polar coordinates, 
it is: 

r=
aj

(
1 − λ2

j

)

1 − λj cos θj
(5)  

Where the ellipse elongation, λ, is defined as follows: 

λj =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

a2
j − b2

j

√

aj
(6) 

Combining (2) and (3), it yields: 

b2
j = a2

j

2 − γv2
j

2 + γv2
j

(7)  

accordingly, equation (6) becomes: 

λ2
j =

2γv2
j

2 + γv2
j

(8)  

which allows to calculate aj from equation (6): 

aj =
r
(
1 − λj cos θj

)

1 − λ2
j

(9)  

As a result, using equations (2) and (7) it is possible to calculate r0j to be 
used in equation (4) to derive the local decay factor αj 

r2
0j = a2

j
2

2 + γv2
j

(10) 

Considering that the ground is divided in cells which are character
ized by a different pollution concentration value, in principle all the cells 
may affect the concentration of the other neighbour cells. In particular, 
it is reasonable to consider that the effect could decrease with increasing 
distance from the cell according to a mathematical law for a weighing 
factor. Consequently, it can be assumed that the effect of the concen
tration in single cells non-adjacent to the one considered could have only 
a second order effect. For this reason, it was decided not to consider non- 
adjacent cells in the interpolation method adopted for the search of 
missing concentration values. Consequently, the estimated concentra
tions CEi,j in each target cell i at time j, are obtained as a linear combi
nation of the neighbour cells of the target cell. The set of neighbour cells 
can be defined as follows: i ∈ I where I is the set of cells; K(i) is the set of 
cell belonging to the neighborhood of the target i t. c.; xi and yi are the 
Cartesian coordinates of the i target cells centroids. Furthermore; 

K(i) = {k∈ I: |xk − xi| ≤Lxcell⋀
⃒
⃒yk − yi| ≤ Lycell⋀k∕= i} (11)  

where Lxcell and Lycell are the characteristic projections in the x and y 
direction of the cell size. In this case study, square cells parallel to the 
coordinate axes are considered and, therefore, Lxcell = Lycell = Lcell is the 

length of the cell side. C(i)
k,j are the observed concentration at time j in the 

cell k belonging to K(i). The estimated concentrations in the target cell 
CEi,j were calculated from a weighted combination of the observed 
concentration C(i)

k,j. 

CEi,j =
∑

k∈K
C(i)

k,j w
(i)
k,j (12)  

where w(i)
k,j is the weighting factor for the concentration contribution of 

the k cell to the i cell at time j calculated as follows: 

w(i)
k,j =

α(i)
k,j

∑
k∈K α(i)

k,j

(13) 

From equation (13) it appears that for equally distant neighbour cells 

Fig. 1. Map of the area considered divided into a square grid.  
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from the target cells, the coefficient dc used in equation (4) is irrelevant. 
In our case with a square network, the centroid of the neighbour cells 
along the diagonal are located a bit further from the centroid of target 
cells than the centroid of the cell on the sides. However, unless a strong 
decay coefficient, smaller than 1 km− 1 is used, its value turned out to be 
scarcely affecting the final estimation value. For the calculations used in 
this paper, dc was set to 1.57 km− 1. Finally, the estimated concentrations 
cei,j are calculated from the inverse of equation (1): 

cei,j =CEi,j + cbg,j (14)  

2.4. MISOE model 

The MISOE model was obtained by modifying the previously 
developed ISOE model by introducing the local adjustment coefficient Ai 
to account for local variations of the measure which tend to keep the 
local measured value above or below the average and do not contribute 
to changing the neighbour values. In fact, each cell is representative of 
different urban conditions and has a typical pollution level. The use of 
local adjustment coefficient includes in the model the cell peculiarity. 
Since the availability of cell data depends on the specific day, the idea is 
that it might be possible to estimate these local adjustment coefficients 
considering a long enough time to have statistically representative 
values sequences but short enough to be still specific of the season 
considered. In order to calculate this coefficient, for each pollutant, it 
was considered the ratio between the local time monthly average, Mi,m, 
of the measured values ci,j values occurring in the cell i in that month, m,

and the monthly average MT,m of all the ci,j values for the pollutant in all 
the cells within the town. Namely, for each pollutant, for the position in 
the cell i, the month coefficient is calculated: 

Ai,m =
Mi,m

MT,m
(15) 

The descriptive coefficient of each cell Ai,m is estimated month by 
month from the historical information available for each cell on a sea
sonal basis considering a number Nm of months. The global coefficient 
for each cell is obtained from the monthly coefficients calculated as 
follows: 

Ai,s =
∑

m

Ai,m

Nm
(16) 

For the winter season, the months of November, December and 
January were considered and, therefore Nm = 3 while for the summer 
season, the months of April, May and June were considered (also Nm =

3). 
As a result, considering the local adjustment coefficient, the esti

mated concentration calculated by Eq. (3) is modified as follows: 

cei,j =Ai ∗

(
∑

k∈K

C(i)
k,j + cbg,j

Ak
w(i)

k,j

)

(17)  

2.5. Inverse distance weighted model 

The inverse distance weighted model (IDW) is a widely used method 
which is based on the assumption (realistic for many phenomena) that 
the properties in a given point are more similar to those of nearby points, 
compared to those of more distant points [25]. Everything is related to 
everything else, but near values have a larger effect. For practical rea
sons a finite number N of cells in a finite neighborhood is considered in 
the calculation, according to Tobler’s first law. 

cei,j =

∑N

l=1
clr− 2

i,l

∑N

l=1
r− 2

i,l

(18) 

In this case the weights that will determine the value of the unknown 
position are inversely proportional to the square of the distance ri,l of the 
l -th point considered from the target cell i. The larger the distance, the 
less is the effect that points distant from the point where the concen
tration is unknown will have during the interpolation process. Although 
the assumptions underlying the IDW method are simple, in applying this 
method it is good to consider that:  

• The power and the number of source points/radius to be interpolated 
is arbitrary.  

• Estimates of uncertainty and possible errors are not carried out.  
• The surfaces obtained may contain numerous peaks or holes (bulls’ 

eyes) around the known data. The spatial arrangement of the sam
ples is not taken into consideration: isolated points and clusters have 
the same importance. 

The power used in Equation (18) can assume different values 
depending from the real-life case [26] and according to that the value 
used in this work is 2. The IDW method is widely used for the pollutants 
spatialization [27] also for the assessment of human exposure to 
pollution [28]. 

Fig. 2. Map of local monthly adjustment coefficients for PM10 for all the city cells: a) winter season, b) summer season.  
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2.6. Error 

All the proposed spatial expansion models were compared by 
calculating the normalized mean square error (NRMSE) estimating the 
values of the pollutant concentration, cei,j in all the N cell were a 
measured value ci,j was available. Finite periods including T time values j 
values, it is: 

NRMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑T

j=1

∑N

i=1
ni,j

(
cei,j − ci,j

ci,j

)2
/
∑T

j=1

∑N

i=1
ni,j

√
√
√
√ (19)  

where ni,j assumes value 1 if the measured value ci,j exists, else it is 0. 

3. Results and discussion 

One of the results obtained from the data analysis using the MISOE 
model is the local adjustment coefficient on the area considered. The 
coefficients were reported directly on the map divided in square cells by 
means of a chromatic scale for two of the seasons considered (winter and 
summer in the specific case) for PM10. The data considered do not 
include values for the weekdays of Saturday and Sunday. In fact, the 
ROM network does not work on weekends and on other holidays, when 
the vehicles do not travel (like the 1st of January). 

As it can be seen in Fig. 2, in the winter season, the coefficients 
relating to PM10 provide higher values in the city centre and decrease 
moving towards the periphery of the town. This indicates the presence of 

a background pollution level that could be represented by domestic 
heating which, going towards the city centre, is also affected by the 
presence of other activities. The city centre, in the specific case of Milan, 
is affected by heavy daily traffic during working days and therefore 
favourable to the production and accumulation of pollutants. Never
theless, the presence of some green areas located in the city centre al
lows to have lower pollution levels and consequently lower adjustment 
coefficients in some cells. Analysing the map of the adjustment co
efficients in the summer season (Fig. 2), it can be seen that, differently 
from the winter season, there is no prevailing trend in the spatial dis
tribution of the coefficient values. These assume lower values than in 
winter for the majority of the cells, and few hot spots can be identified. 
These spots correspond to ground cells, such as the Navigli, character
ized by intense summer activities which correspond to high vehicular 
traffic intensity determining the consequent increase in the local 
pollution levels. In general, the orography of Milan, similarly to the 
whole river Po Valley, does not favour the dispersion of pollutants and, 
thus, the tendency of airborne pollutants to stagnate in the atmosphere 
explains the high measured values of concentration. 

The whole MISOE model developed was applied to the PM10 values 
measured by the ROM network in Milan considering days with different 
climatic and vehicular traffic conditions. In particular, four days of 
January 2020 (Figs. 3 and 4) were considered as an example of winter 
conditions and one day of May 2020 as an example of summer condi
tions (Fig. 5). The maps obtained report the measured values as circles 
while the estimated values are represented by triangles. PM10 concen
trations are reported on a red scale if they are distributed in a high 

Fig. 3. PM10 daily average concentrations obtained in Milan by the ROM network during a) 13th (wind of 3.2 km/h from 202.5◦) and b) 17th (wind of 6.5 km/h 
from 247.5◦) January 2020. Panels c) and d) report the wind intensities and directions. Circles represent measured values while triangles represent estimated values. 
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concentration range and on a green scale if they are distributed in a low 
concentration range. Data maps shown in Fig. 3 correspond to two days 
characterized by a high vehicular traffic which considerably contributed 
to the measured PM10 values. The map reported in Fig. 3a shows a 
rather homogeneous distribution of concentrations, which can be 

explained with the low wind speed (32.4 km/h from 202.5◦) favouring 
the pollutants stagnation and accumulation. In the map of Fig. 3b, 
instead, the distribution of concentration values is more affected by the 
influence of a slightly more intense wind (6.5 km/h from 247.5◦) which 
contributes a little to the dispersion of pollutants while maintaining 

Fig. 4. PM10 daily average concentrations obtained in Milan by the ROM network during a) 20th (wind of 6.1 km/h from 45◦ with rain) and b) 29th (wind of 9 km/h 
from 270◦) January 2020. Panels c) and d) report the wind intensities and directions. Circles represent measured values while triangles represent estimated values. 

Fig. 5. PM10 daily average concentrations obtained in Milan by the ROM network during May 28, 2020 (wind of 7.2 km/h from 202.5◦). Panel b) reports the wind 
intensity and direction. Circles represent measured values while triangles represent estimated values. 
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pretty high concentration values. 
The PM10 values shown in Fig. 4 are low as they correspond to rainy 

days (Fig. 4a) and windy days with high intensity (Fig. 4b) with mod
erate vehicular traffic intensity. The pollution mitigation effect appears 
to be more significant due in the presence of rain rather than with 
intense wind. 

During the spring/summer period considered (May), wind intensity 
values higher than those recorded in January and the absence of do
mestic heating determined lower pollutants concentrations. 

In the representative map of 28/05, reported in Fig. 5, it can be 
noticed how the dispersion direction of PM10 is aligned with the wind 
direction (SSW). The medium-high intensity wind speed and the high 
vehicular traffic intensity determine PM10 daily averages between 50 
and 60 μg/m3 in some cells; these values are above the alarm threshold 
defined by D. Lgs. 155/2010. 

The NRMSE results reported in Table 1 allow a direct comparison of 
the performance of the examined models. In fact, inspection of the 
Table clearly indicates that the modified isoellipse model (MISOE) has 
the lowest NRMSE values. In general, the errors increase as the wind 
intensity increases because the greater dispersion affects the estimates 
that are less precise. At low wind intensity values, the errors associated 
with the IDW and the ISOE models are similar and are slightly larger 
than the error associated with the MISOE model. It appears that the 
MISOE model allows to have a better estimate of the missing data as it 
contains the information of the historical pollution of the cell. 

Each measured data was estimated using the proposed models (ISOE, 
MISOE and, IDW models). In particular, the PM10 measured and esti
mated concentrations trend obtained with the three models proposed for 
a cell for the entire month of January was reported. The analysis of Fig. 6 
shows how the estimated values with all the models follow the trend of 
the measured values. Furthermore, the estimated values obtained with 
the MISOE model are closest to the measured values in line with the low 
NRMSE value shown in Table 1. Although all three proposed models 
consistently estimate PM10 values, the MISOE model provides the 
values that are closest to those measured. 

Given the high spatial resolution of the system considered, it was 
possible to analyse the pollutants trends, in particular of PM10, for some 
particularly interesting cells highlighted in Fig. 7. Four cells 

representative of the territory have been identified. Cell A corresponds 
to the city centre, affected by all those activities mainly related to 
tourism and vehicular traffic due to public transport. Cell B corresponds 
to the industrial area, where a large number of manufacturing activities 
exist. The other considered cells are representative of the peripheral area 
located in the North West of the city (C), and of a Southern area char
acterized by an intense vehicular traffic (D). 

From the maps obtained on a daily basis, reported in Fig. 8, it can be 
seen how the local adjustment coefficients vary according to the con
ditions. This makes possible some interpretation on the link between 
causes and effects. For instance, on some days, higher pollution con
centration located in the northern part of the city can be noticed. In 
particular, the map in Fig. 8 reports the highest values of the local 
adjustment coefficients and a higher pollutant concentration area 
localized in a specific cell. This occurrence could be due to local con
ditions increasing the pollution levels with respect to the rest of the city. 
Considering the cell corresponding to the city centre (cell A), as reported 
in Fig. 7, it can be seen that it exhibits medium-high concentration 
values throughout the month. 

The same behaviour is observed for the cell corresponding to the 
industrial area (cell B in Fig. 7). With regards to the cell located on the 
north-western periphery (cell C in Fig. 7), the local adjustment co
efficients assume medium-low values throughout the month of January. 
The area with high vehicular traffic intensity (cell D in Fig. 7) exhibits 
high coefficients which indicate the high activity of the area especially 
on Friday. On a weekly basis it is observed that during Fridays the cell is 
always greater than the other cells; this highlights both the flow of cars 

Table 1 
NRMSE for the model analyzed.  

NRMSE  

Number of measured data IDW ISOE MISOE 

January 2265 0.45 0.4 0.17 
May 2223 0.4 0.35 0.12 
January wind <1.5 m/s 729 0.3 0.25 0.16 
January wind >1.5 m/s 1536 0.35 0.33 0.14 
May wind <2.5 m/s 1182 0.4 0.42 0.20 
May wind >2.5 m/s 1041 0.6 0.57 0.25  

Fig. 6. PM10 concentrations measured (solid black line) and estimated with the ISOE (dashed grey line), MISOE (black dashed line) and IDW (grey solid line) models 
for a cell during January 2020. 

Fig. 7. Location of cells representative of different city areas.  
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leaving the city for the weekend and greater circulation due to the 
afternoon-evening activities that characterize the area. 

Fig. 9 reports the trends of the local adjustment coefficients calcu
lated on a monthly basis between January and May 2020 for the four 
cells highlighted in Fig. 7. In January the lowest coefficient is obtained 
for the NW periphery while the highest are in the city centre and in the 
high intensity traffic zone. In May, the coefficient of the high intensity 

traffic zone increases and the other coefficients are on average lower 
values respect to January. It can be noticed that in all cases a minimum is 
observed in the month of March. This result is in agreement with the 
results of the analysis of the pollution trend during the spring 2020 
lockdown [22]. In fact, in the period between January and March there 
is an average 70% decrease of the local adjustment coefficients. More
over, it appears that the coefficients in May are still lower than those in 

Fig. 8. Map of the local adjustment coefficients calculated on a daily basis for the 2nd to 5th week of the 2020.  
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January, with the exception of the area D with high vehicular traffic 
intensity. 

4. Conclusion 

It was possible to integrate data from a dynamic road network (ROM) 
in which pollution measurement sensors were mounted over delivery 
vans driving in Milan. Different integration methods were tested. Pur
posely developed ISOE and MISOE models were compared with the IDW 
method reported in the literature. In windy days, the ISOE model, that 
accounts for the effect of wind, provides lower error values than the IDW 
method, in which only distances are accounted for. The MISOE model 
accounting also for local specific deviations of pollution source provides 
more accurate estimated values with a low associated error. In fact, in 
this method, the introduction of the local adjusting coefficients is able to 
take into account the local characteristics of the pollution on the basis of 
historical trends. And This allowed the improvement of the performance 
of the ISOE model; in fact, the MISOE model provided estimated values 
that are much more similar to those effectively measured. These analysis 
features maximize the potentialities of pollution measurement networks 
characterized by high space and time resolution. Furthermore, the 
analysis of the distribution of the local adjusting coefficients could be 
useful to highlight the most critical areas with respect to pollution level 
and may be of help to policy makers for the implementation of pollution 
mitigation policies. 
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