
CHAPTER 7

A pipeline for monitoring water pollution: the example of
heavy metals in Lombardy waters

Published in Heliyon (2022), V. 8.12.
Marco Zanchi1,2, Stefano Zapperi2,3,4, Chiara Zanotti5, Marco Rotiroti5, Tullia

Bonomi5, Stefano Gomarasca1, Stefano Bocchi1, Caterina A. M. La Porta1,2,6,7,8,9

1Department of Environmental Science and Policy, University of Milan, via Celoria 10,
20133 Milano, Italy

2Center for Complexity and Biosystems, University of Milan, Via Celoria 16, 20133
Milano, Italy

3Department of Physics, University of Milan, via Celoria 16, 20133 Milano, Italy
4CNR - Consiglio Nazionale delle Ricerche, Istituto di Chimica della Materia
Condensata e di Tecnologie per l’Energia,Via R. Cozzi 53, 20125 Milano, Italy

5Department of Earth and Environmental Sciences, University of Milano-Bicocca,
Piazza della Scienza 1, 20126 Milan, Italy

6CNR - Consiglio Nazionale delle Ricerche, Istituto di Biofisica, via Celoria 10, 20133
Milano, Italy

7Innovation For Well-Being And Environment (CRC-I-WE), University of Milan, Via
Celoria 10, 20133 Milano, Italy

8Corresponding author: caterina.laporta@unimi.it
9Lead contact: Caterina A.M. La Porta

Abstract

Time-dependent geolocalized analysis of pollution data allows to better understand their
dynamics over time and could suggest strategies to restore a good ecological status of
contaminated area. This research analyzes concentrations of pollutants in surface wa-
ters and groundwater monitored by the Regional Environment Protection Agency of
Lombardy from 2017 to 2020. Lombardy is one of the richest and populous region of Eu-
rope, providing an interesting example of the impact of environmental pollutants due
to anthropogenic and industrial activities, not only for Italy but also for all Europe. Re-
sults show that groundwater displays more sites with heavy metals above the legal limit
with respect to surface waters, including As, Ni, Cr and Zn. Furthermore, the spatio-
temporal analysis of the data clearly shows that the introduction of more restrictive laws
is a proper policy to improve the ecological status of the water.
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7.1 Introduction

Urbanization and industrialization have increased waste production including heavy
metals, leading to a significant negative impact on human health (Goyer and Clarkson,
1996; Engwa et al., 2019; Balali-Mood et al., 2021). Heavy metals, which are compounds
with high atomic weight or with density at least 5 times greater than that of water, are
naturally present on the Earth. However, anthropogenic activities, such as industrial
production or agricultural use of metal-containing compounds, increase environmental
contamination and therefore human exposure (Guzzi and La Porta, 2008; He et al., 2005;
Sharma et al., 2007; Zhou and Wang, 2019; Armiento et al., 2020; Sacchi et al., 2020).
Acute or chronic poisonings by heavy metals are due to exposure through water, air, and
food and their bioaccumulation can lead to various toxic effects on several body tissues
and organs (for a more detailed review see (Goyer and Clarkson, 1996)). In particular,
the contamination of waters by the presence of pollutants harmful to human health is
a critical issue worldwide (Boelee et al., 2019; Kumar et al., 2019; Jordan et al., 2014).
Indeed, being non-degradable materials, their concentration continuously increases in
water bodies becoming part of the food chain and the local environment (Varol, 2011)
and intoxicating organisms far from the source of pollution (Weber et al., 2013; Ebrahim-
pour and Mushrifah, 2010).

In order to stop and counter this phenomenon, it is important to have a clear view
and comprehension of the spatio-temporal state of water pollution both on local and
global scales. In the literature, there are studies which try to offer a picture of the water
contamination state on both scales. Kumar et al (Kumar et al., 2019) and Zhou et al (Zhou
et al., 2020) evaluated the content of heavy metals in surface waters, lakes and rivers
from different countries around the world. Wu et al (Wu et al., 2009) studied the trace
metal pollution in surface water from Yangtze River in Nanjing Section, China. Jahan
(Jahan and Strezov, 2017) assessed the quality of waters of Australian ports. Karaouzas
et al (Karaouzas et al., 2021) offered a clear picture of heavy metal contamination status
in Greek surface waters. A recent paper provided a study on the spatial distribution
of heavy metals in Albania’s soils (Gjoka et al., 2022). On the other hand, the presence
of undesired dissolved species in water can result from natural processes. It is widely
known that geogenic reduced species currently threaten groundwater quality in several
areas worldwide (Ravenscroft et al., 2011; Fendorf et al., 2010). The release of reduced
species such as As, Fe and Mn in groundwater through natural processes is mainly due
to reductive dissolution mechanisms (Ravenscroft et al., 2011) driven by organic matter
degradation (Rotiroti et al., 2021). In areas affected by these kinds of processes, which
is the case of the Lombardy region in Northern Italy, species such as Fe, As and Mn can
naturally reach groundwater concentrations higher than threshold values for ground-
water quality assessment and potability (Zanotti et al., 2022), which constitutes a major
issue for water management and potabilization.

Lombardy is the richest, most populous, and productive region of Italy and the third
most populous region in Europe, showing a GDP higher than those of many EU Member
States. Due to this, it represents an important example for the impact of environmental
pollutants due to anthropogenic and industrial activities for all Europe. In the frame-
work of the EU Green Deal, the reduced use of chemicals in agriculture, transports and
industry appears to be a goal of key importance. To develop the best policy and the
needed corrections, it is important to have a clear picture of the state of pollution in the
air, water and in the soil. However, the spatio-temporal state of water pollution by heavy
metals in Lombardy has not been deeply tackled in the literature.

The main goal of the present research is to develop an integrated strategy combining
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geolocalization and the quantification of heavy metals, alone or in combination, in sam-
ples of groundwater and surface water, using geolocalized data from the Regional En-
vironment Protection Agency (ARPA) in Lombardy over the course of four years, from
2017 to 2020. The spatial and quantitative analysis provided by the present research
offers a clear and comprehensive picture of the state of the art of the presence and the
dynamics of heavy metals in this important Italian region in the years between 2017 and
2020. Moreover, the temporal and spatial analysis allows us to identify the most pol-
luted areas and their possible change over time. These important data, that frame with
efficient synthesis and clarity a very complex phenomenon with many ecological, geo-
logical, social, and economic implications, represent an effective key to interpreting the
heavy metals problem in the environment. Finally, this work offers valuable information
to support new policies for improving the ecological status of waters and soils, as well
as human health.

7.2 Materials and methods

7.2.1 Data

Data relating pollutants in Lombardy from 2017 to 2020 were provided by Regional Envi-
ronment Protection Agency (ARPA). In particular, data concern raw water, without any
potabilization treatment. ARPA-Lombardy monitors monthly 492 groundwater stations
and 350 points placed along the main river network (temporary and small water bodies
are excluded since they are often linked to the irrigation system). In the present research,
only monitoring stations,which have provided measures in each year of interest (2017-
2020), have been considered. The list of pollutants reported in the database are those pro-
vided by the European and Italian Water Environmental Directives (Dir. 2000/60/EC,
Dir. 2006/118/EC, Dir. 2008/105/EC, Dir. 2009/90/EC, M.D. 56/2009, M.D. 260/2010,
Lgs. D. 152,/2006, Lgs. D. 30/2009, Lgs. D. 219/2010). Databases contain 545210 and
1033871 records for groundwater and surface waters, respectively. Among all recorded
substances, only measures related to heavy metals have been selected. In particular,
heavy metals species, which haven’t been measured continuously in the years of interest
(2017-2020), have been excluded from our analysis. For the analysis of groundwater As,
Cr(VI), Fe, Mn, Ni and Zn have been considered. While for surface waters, As, Cr(VI),
Ni and Cr have been taken into account (La Porta et al., 2021).

7.2.2 Data analysis

Data were analyzed using a custom-made python 3.8 jupyter notebook. A statistical
frequentist approach has been applied to analyze the heavy metals’ concentration. In
particular, the analysis focuses both on time and spatial domains. In the first case, con-
centrations averaged over the years of interest (2017-2020) have been computed. In the
latter, the spatial variations of the measurements, averaging concentrations on each lo-
cation of the monitoring stations, has been considered. The combination of these two
approaches has allowed to describe the spatial-temporal variation of the water contami-
nation in Lombardy. In addition, the co-occurrences of the measurements of each pair of
heavy metal species have been computed, counting the number of different monitoring
stations which measure them simultaneously.
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7.2.3 Data visualization

Geolocalized data for shape files and municipalities borders were obtained from the
geoportal of the Lombardy region and plotted using python (3.8) with the geopandas
(0.6.3) ,matplotlib (3.5.0) and seaborn (0.11.2) packages. Boxplots and heatmaps were
plotted using the seaborn package.

7.2.4 Study area

The present research focuses on Lombardy since it is one of the most developed regions
in Italy and Europe. This area extends for ca. 29000 km2 and hosts around 10 million peo-
ple highly concentrated around the big metropolitan area as Milan, Varese, Como, Berg-
amo, Brescia, Mantova and Lodi. Lombardy landscapes and culture have been highly
influenced by intensive agriculture and industrial activities, leading to a strong urban-
ization and to the presence of pollutants in soils and waters. In Lombardy, there are
three distinct natural zones: going from north to south, there is an Alpine area and an
alluvial plain area which is further divided into high and low plains. The Alpine region
hosts several unconfined local Alpine Valley Aquifers (AVA). The alluvial plain is mainly
composed of Pleistocene sediments engraved by river valleys covered by Holocene flu-
vial sediments. The higher plain hosts a mono-layer structure mainly made of sand and
gravel. In the southern area, the lower plain hosts a more stratified structure gener-
ated by the intercalation of silty-clayey into sandy layers (Marchetti, 2002). Silt and clay
layers in the lower plain are commonly accompanied by buried peats which degrades
promoting reducing conditions. The alluvial plain aquifer system is composed of three
superimposed aquifers: the Shallow Po Plain Aquifer (SPPA), the Intermediate Po Plain
Aquifer (IPPA) and the Deep Po Plain Aquifer (DPPA) (Piano tutela delle acque, Lom-
bardy, 2016). The SPPA is more than 100 m thick in the most northern area and becomes
around 50 m thick in the higher plain, decreasing to 20–30 m in the lower plain. The
shallow aquifers are unconfined in the higher plain and semiconfined/confined in the
lower plain. The depth of the groundwater table is higher in the higher plain, with a
thicker unsaturated zone, while it is very low in the lower plain. The IPPA is around
50–100 m thick in the higher plain, where it is unconfined/confined, and it gradually
thickens, up to 600 m, in the lower plain, where it is unconfined. The DPPA is tapped by
water wells only in the north-west area, where the overlying SPPA and IPPA have lower
thickness. The climate of the study area is mainly humid subtropical (“Cfa“ according to
the Koppen and Geiger classification), with warm and wet summers and cold winters.
However, the Lombardy region exhibits significant climate variations with respect to the
Koppen model due to local variability in elevation, proximity to large water basins, and
metropolitan areas. The annual average temperature is around 13.1 ◦C (55.5 ◦F), and
the average annual rainfall is around 853 mm. The pluviometric regime, in particular,
shows two minima in winter and summer and two maxima during spring and autumn
seasons. Figure 7.1 describes the study area.

7.3 Results and discussion

7.3.1 Geolocalization of heavy metals in surface water and groundwater in Lom-
bardy from 2017 to 2020

”Big Data” analysis approaches over geolocalized data offer the possibility to identify
part of lands particularly polluted and, therefore, to propose possible remedies. Accord-
ing to this, the quantity of metals in surface waters and groundwater recorded by ARPA

http://www.geoportale.regione.lombardia.it
https://www.python.org/
https://geopandas.org
https://geopandas.org
https://matplotlib.org/
https://seaborn.pydata.org/
https://www.regione.lombardia.it/wps/portal/istituzionale/HP/DettaglioRedazionale/servizi-e-informazioni/Enti-e-Operatori/territorio/governo-delle-acque/piano-tutela-acque-pta-2016/piano-tutela-acque-pta-2016
https://www.regione.lombardia.it/wps/portal/istituzionale/HP/DettaglioRedazionale/servizi-e-informazioni/Enti-e-Operatori/territorio/governo-delle-acque/piano-tutela-acque-pta-2016/piano-tutela-acque-pta-2016
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Figure 7.1: Map of the study area of Lombardy region, Italy. The figures describes the study
area: Lombardy. The morphological and hydrological features are represented with the locations
of groundwater and surface waters monitoring stations.

in Lombardy in a period between 2017 and 2020 has been investigated. Analyzed metals
represent the 3% of the total pollutants analyzed for surface waters and 2% for ground-
water. The overall dataset includes a total of 18889 records for groundwater and 23385
records for surface waters for the entire period considered.
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Table 7.1: Groundwater information

Heavy
metals

Total mea-
surements

Threshold
[µg/L]

Measurements
over thresh-
old

Monitoring sta-
tions with mea-
surements over
threshold

As 3116 10 290 51
Cr(VI) 3094 5 72 20
Fe 3195 200 540 109
Mn 3196 50 918 158
Ni 3143 20 11 7
Zn 3145 3000 17 5

The table shows some information about the number of total measurements, the legal
threshold concentration, the measurements over the legal threshold and the number of

monitoring stations which measures concentration over the legal threshold from
groundwater. The thresholds have been selected from D.Lgs. 152/2006.

Table 7.2: Surface waters information

Heavy
metals

Total mea-
surements

Threshold
[µg/L]

Measurements
over thresh-
old

Monitoring sta-
tions with mea-
surements over
threshold

As 5713 10 163 28
Cr(VI) 2994 5 45 6
Ni 7380 20 182 19
Cr 7298 50 6 2

The table shows some information about the number of total measurements, the legal
threshold concentration, the measurements over the legal threshold and the number of

monitoring stations which measures concentration over the legal threshold from
surface waters. The thresholds have been selected from D.Lgs. 152/2006.

Figure 7.2A describes the geospatial heatmap of the presence of heavy metals mea-
sured in groundwater by ARPA monitoring stations for the different years. The size
and the color of the points represents the fraction of measurements which overcome the
legal threshold concentration. Figure 7.2B displays the heatmap of the fraction of mea-
surements of the concentration of heavy metals in groundwater of Lombardy over the
legal threshold value divided for municipalities, provinces and years. Table 7.1 and Ta-
ble 7.2 report the number of total measurements available for each of the studied species,
the considered legal threshold values and the number of measurements exceeding those
threshold values respectively for underground waters and surface waters. The data pre-
sented in Table 7.1 highlight that Ni and Zn contribute only marginally to the total pol-
lution with respectively 11 and 17 samples exceeding the regulatory limit, while Cr, Fe,
Mn and As are more significant.

It is clear by Figure 7.2 that the south of Lombardy (the Lower Plain) presents higher
concentrations of heavy metals. The presence of heavy metals seems to remain stable
from 2017 to 2020. However, in general the monitoring stations seem to measure quite
rarely concentrations over thresholds, as pointed by smooth reds color in Figure 7.2.
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Indeed, the average percentage of exceeding the legal threshold concentration over the
monitoring locations and over the years is around 25% with a standard deviation of
the mean of 14%. This can be linked to the increase of the taken measures carried on
by ARPA. Monitoring activity is increasingly punctual and rigorous over time, in par-
ticular after the Legislative Decree 260/2010 approval, which entered into fully effec-
tive in the February 2011(the L.D. 260/2010 updates the L. D.152/2006 ”Environmen-
tal Regulations”, which in turn transposes the European Water Framework Directive
-2000/60/EC). This Decree introduces new technical criteria for the classification of the
water bodies ecological status and, in the case of groundwater and surface waters, cri-
teria for the identification of a suitable monitoring network, as well as the ecological
indicators and the limit values of the pollutants that can characterize groundwater, sur-
face water, as well as transition water.

Figure 7.3 shows that the concentration of heavy metals in surface waters does not
exceed frequently the maximum permissible limits. Indeed, the average percentage of
exceeding the legal threshold concentration over the monitoring locations and over the
years is a about 14% with a standard deviation of the mean of 11%. Comparing with
respect to groundwater, heavy metals appear to exceed the legal threshold value less
frequently.

Regarding groundwater, Figure 7.4 shows how Zn, Ni and Cr(VI), mostly associ-
ated with anthropogenic processes, are detected in most cases in the shallow unconfined
aquifer, which is more vulnerable to contamination related to land use. On the other
hand, Fe, As and Mn which are mostly related to geogenic redox processes (Rotiroti
et al., 2021) are consistently present also in deeper aquifers. It is possible to notice that
the majority of measurements are recorded in the SPPA and IPPA, respectively the 65%
and the 25%.
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A B

Figure 7.2: Spatial distribution of heavy metals in groundwater of Lombardy. A) Geospatial
heatmap of the presence of heavy metals measured in groundwater of Lombardy for different
years. Each point represents the fraction of measures which exceed the legal threshold concen-
tration on a particular monitoring station. When a point is colored in dark red it means that the
recording stations have measured more frequently concentrations of heavy metals over the legal
threshold value. When a point is colored in light yellow it means that the recording stations have
measured more frequently concentrations of heavy metals under the legal threshold value. If the
fraction of measures which exceed the legal threshold concentration on a particular monitoring
station is zero the point is not represented. B) Heatmap of the fraction of measurements of the
concentration of heavy metals in groundwater of Lombardy over the legal threshold value di-
vided for municipalities, provinces and years. Y-axis presents all the municipalities distributed by
provinces while the x-axis represents the years.
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A B

Figure 7.3: Spatial distribution of heavy metals in superficial waters of Lombardy. A) Geospatial
heatmap of the presence of heavy metals measured in superficial waters of Lombardy for different
years. Each point represents the fraction of measures which exceed the legal threshold concen-
tration on a particular monitoring station. When a point is colored in dark red it means that the
recording stations have measured more frequently concentrations of heavy metals over the legal
threshold value. When a point is colored in light yellow it means that the recording stations have
measured more frequently concentrations of heavy metals under the legal threshold value. If the
fraction of measures which exceed the legal threshold concentration on a particular monitoring
station is zero the point is not represented. B) Heatmap of the fraction of measurements of the
concentration of heavy metals in superficial waters of Lombardy over the legal threshold value
divided for municipalities, provinces and years. Y-axis presents all the municipalities distributed
by provinces while the x-axis represents the years.



140 7.3 Results and discussion

Figure 7.4: Percentage distribution of metals in aquifers The plot represents the distribution of
the recordings for each metal in the different kind of aquifers. Only the samples exceeding the
threshold have been taken into account. The abbreviations for the aquifers names are explained in
the study area section.
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Figure 7.5: Analysis of the heavy metals species in groundwater of Lombardy, considering only
the samples exceeding the legal threshold value A) Heatmap of the average relative concentra-
tion of the heavy metals species divided for years. Y-axis presents the metals species, while the
x-axis represents the years. The plot shows that the metals which have higher concentrations over
the legal threshold values are Fe and Mn. B) Co-occurence matrices for the metals species detected
in groundwater of Lombardy for different years. Each matrix shows the percentage of simultane-
ously measurements of two metals in a monitoring station for each year. The percentage has been
computed dividing the number of the co-occurences in a year by the total number of monitoring
stations. C) Co-occurence matrices for the metals species detected in groundwater of Lombardy
for different aquifers. Each matrix shows the percentage of simultaneously measurements of two
metals in a monitoring station for each aquifer. The percentage has been computed dividing the
number of the co-occurences in an aquifer by the total number of monitoring stations.

7.3.2 Heavy metals present above the legal limit and co-localization in Lombardy
between 2017-2020

The research focuses not only on which heavy metals were measured above the legal
threshold concentration but also on which of these were detected together in the same
location.

Figure 7.5A displays the heatmap of the average relative concentration over legal
threshold of the heavy metals species for the 2017-2020 period for groundwater, con-
sidering only the samples over the threshold limit presented in Table 7.1. The relative
concentration over legal threshold is defined as the logarithmic ratio of the measured
concentration and the legal threshold value. The plot shows that the considered heavy



142 7.3 Results and discussion

metals (As, Cr(VI), Fe, Mn, Ni and Zn) don’t show a clear increase in the selected period.
However, it is possible to notice that Ni concentration seems to decrease from 2019 and
Zn shows a peak of concentration in 2020. In order to identify which substances were co-
present above the legal limit in the same place, cross-correlation matrices of percentage
of co-occurences have been represented in Figure 7.5B for different years and in Figure
7.5C for different aquifers (the percentage of co-occurences has been computed dividing
the number of the co-occurences in a year by the total number of monitoring stations).
This analysis highlights the different processes governing the presence of the different
metals in groundwater. Indeed, Ni, Zn and Cr which are mostly anthropogenic do not
have a strong correlation with other metals (the percentages of co-occurence don’t exceed
the 1%), even if considering only the shallow aquifer, which indicates different sources.
In contrast, Fe, Mn and As are strongly correlated, which indicates that they are mostly
related to a common source. Fe and Mn reach a maximum co-occurence frequency of
48% in 2018 and of 58% in SPPA aquifers. As and Mn reach a a maximum co-occurence
frequency of 24% in 2018 and of 33% in IPPA aquifers. Fe and As reach a maximum
co-occurence frequency of 19% in 2018 and of 22% in IPPA aquifers. Particularly, they
are associated to the reducing conditions determined by the degradation of the natural
organic matter of the peat layers and the mobilization of its byproducts (Rotiroti et al.,
2021).

The same analysis has also been carried out for surface waters, observing high con-
centrations of Ni and Cr (Figure 7.6A). In particular, Cr seems to be measured in high
concentrations in 2019 and 2020. Figure 7.6B shows that there are not significant co-
occurences between the metals species for superficial waters. Indeed, the the co-occurrence
frequency values do not exceed the 10%.

Furthermore, Figure 7.7 represents the geolocalization map for Cr, Ni and Zn sepa-
rately since those substances can have an anthropogenic origin. It is clear that Cr has
been measured for all the years in a well establish area near the high industrialized area
of Lombardy. A similar behaviour is shown by Zn which is measured every year in two
locations. Instead, Ni does not show a regularity pattern during the years.

Finally, a barplot of the distribution relative concentration of the heavy metals de-
tected in groundwater from 2017 to 2020 has been reported in Figure 7.8. It is possible to
see that As, Fe and Mn reaches higher values of relative concentration respect to the oth-
ers metals. This could be referred by their natural presence in groundwater in Lombardy,
while the presence of high relative concentration for the others elements, in particular
for Cr(VI), could be explained by anthropogenic activities. According to the previous
results, the concentration distributions seems quite stationary over the years.

It is possibile to observe a similar trend for surface waters as depicted in Figure 7.9.
In particular, the relative concentration of Ni shows high and persistent values for all
years.
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BA

Figure 7.6: Analysis of the heavy metals species in superficial waters of Lombardy, considering
only the samples exceeding the legal threshold value. A) Heatmap of the average relative con-
centration of the heavy metals species divided for years. The y-axis presents the metals species,
while the x-axis represents the years. B) Co-occurence matrices for the metals species detected
in superficial waters of Lombardy for different years. Each matrix shows the percentage of si-
multaneously measurements of two metals in a monitoring station for each year. The percentage
has been computed dividing the number of the co-occurences in a year by the total number of
monitoring stations.
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Figure 7.7: Spatial distribution of Cr, Ni and Zn in groundwater of Lombardy. Geospatial
heatmap of the presence of A) Cr, B) Ni and C) Zn measured in groundwater of Lombardy for
different years. Each point represents the fraction of measures which exceed the legal threshold
concentration on a particular monitoring station. When a point is colored in white it means that
the recording stations have measured more frequently concentrations of heavy metals over the
legal threshold value. When a point is colored in dark red it means that the recording stations
have measured more frequently concentrations of heavy metals under the legal threshold value. If
the fraction of measures which cross the legal threshold concentration on a particular monitoring
station is zero the point is not represented.
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Figure 7.8: Boxplots of the relative concentration of the metals species in groundwater of Lom-
bardy for different years considering only the samples exceeding the legal threshold concentration.
Data refer to years A) 2017, B) 2018, C) 2019 and D) 2020. In the y-axis the the different species of
heavy metals are represented. While in the x-axis it is represented their relative concentration.



146 7.3 Results and discussion
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Figure 7.9: Boxplots of the relative concentration of the metals species in superficial waters of
Lombardy for different years, considering only the samples exceeding the legal threshold concen-
tration. Data refer to years A) 2017, B) 2018, C) 2019 and D) 2020. In the y-axis the different species
of heavy metals are represented. While in the x-axis it is represented their relative concentration.
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7.3.3 Comparison of heavy metals concentration with their background natural value

Since As, Fe and Mn are naturally present in groundwater in Lombardy, the data col-
lected by ARPA have been compared with their natural background values. The natural
background values, evaluated in (Zanotti et al., 2022), vary from monitoring station to
station and can be higher than the regulatory limit. The results are shown in Figure
7.10. Figure 7.10A represents the geospatial heatmap of the presence of As, Fe and Mn
measured in groundwater by ARPA monitoring stations for the different years respect
to their natural background concentrations. Figure 7.10B describes the measured con-
centrations for all years (blue points) respect to the natural background value (red bars)
for each monitoring station. The plot shows that most of the samples exceeding the reg-
ulatory limit can be associated to their natural background value, but still 12% of the
samples exceed those natural background values (the percentage of points which sur-
pass the red bar). Part of these cases can be associated to extreme values still associable
with the natural redox processes: since the natural background level calculation is based
on the 95th percentile of each monitoring station and of each data population (Zanotti
et al., 2022), it implies the that extreme values can still be found, higher than the natural
background values. On the other hand, especially for those monitoring stations with
a low natural background level, the samples exceeding the natural background level
can be associated to an anthropogenic source. This is particularly evident in the higher
plain, where groundwater is naturally in oxidizing conditions which should prevent the
release of redox-sensitive species such as Fe, Mn and As.

7.3.4 Implications

Among the heavy metals present above the legal limit in groundwater As, Cr(VI), Ni
and Zn appear to be the most dangerous when considering their possible impact on the
environment and human health.

As is a natural component of the earth’s crust but it is also employed industrially in
materials processing during the production of glass, paper, textiles or as well as alloying
agent. Other uses of As include diverse products such as pharmaceuticals, pesticides
and feed additives. Due to its known toxicity, leading to serious health effects upon pro-
longed consumption (Choong et al., 2007; Smedley and Kinniburgh, 2002; Kapaj et al.,
2006; Naujokas et al., 2013), As is a well studied groundwater contaminant. High con-
centrations of As in drinking water, leading to acute and chronic exposure, have been
reported in numerous countries around the globe (Smedley and Kinniburgh, 2002). Con-
tamination of groundwater by As has been already reported in Italy (Van Halem et al.,
2009; Selinus et al., 2010). In the present study, the highest level of As, with a value
of 250 µg/L, has been found in Gabbioneta Binanuova close to Cremona in the eastern
part of Lombardy in 2018. It has been reported that dissolved As concentrations are
greater in groundwater compared to surface water. This happens since natural reducing
processes,typical of Po plain groundwater, are related to longer residence times, while
surface environments are mostly in oxidising conditions (Brusseau, 2019).

While Cr(III) is found in many vegetables and fruits and is an essential component
of the human diet, the presence of Cr(VI) in the environment can be due both to natural
causes, such as the erosion of natural Cr deposits, and anthropogenic causes related to
industrial processes. These two forms of Cr can convert into each other and are therefore
considered together when defining drinking water standards. The health effects of the
ingestion of Cr(VI) are well known in the literature (Rowbotham et al., 2000).

Ni concentrations in groundwater depend on a variety of factors such as soil use,
sampling depth and pH. Increased Ni concentrations in groundwater and municipal tap
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Figure 7.10: Spatial distribution of As, Fe and Mn in groundwater of Lombardy respect to their
natural background values. A) Geospatial heatmap of the presence of heavy metals (As, Fe, Mn)
measured in groundwater of Lombardy for different years. Each point represents the fraction of
measures which cross the natural background threshold (abbreviated to n.b.t in the colorbar label)
on a particular monitoring station. When a point is colored in white it means that the recording
stations have measured more frequently concentrations of heavy metals over the legal threshold.
When a point is colored in dark red it means that the monitoring stations have measured more
frequently concentrations of heavy metals under the natural background value. If the fraction of
measures which cross the natural background threshold on a particular monitoring station is zero
the point is not represented. B) The plot compares the distribution of measurements over the legal
threshold (blue scatterplot) with the natural background value for each station (red bars). In the
y-axis the monitoring stations are represented, while the x-axis measures the concentration. A plot
is presented for each element (As, Fe, Mn).

water have been reported in many polluted areas (Organization et al., 2021). Excessive
amount of this metal was shown in the literature to have an adverse impact on the qual-
ity of the environment in terms of flora and fauna (Li et al., 2015), and also an effect on
human health (Genchi et al., 2020). Finally, Zn is an essential nutrient for body growth
and development. Nevertheless, drinking water containing high levels of Zn was re-
ported to be harmful for human health (Sankhla et al., 2019).

Finally, one important aspect that should be monitored over time is the co-presence
of multiple pollutants in the same place. Indeed, they could generate a synergistic im-
pact on the environment and therefore, when considering a ”One health” approach, an
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impact to human health. This aspect was clearly shown in a recent paper (La Porta et al.,
2021) where the different effects of combination of pollutants present in the water have
been tested on a biosensor, the alga Chlamydomonas reinhardtii.

7.4 Conclusion

This chapter presents a detailed statistical analysis of the presence of heavy metals in the
groundwater and surface water of the Lombardy region. In particular, the study focuses
on the co-occurrence of different heavy metals in the same location since this aspect is
particularly important in view of potential synergistic effects.

The main limitations of the study stem from the characteristics of the data collected
by ARPA-Lombardy. In particular, the number of heavy metals considered is restricted,
available data covers only the years 2017-2020, and groundwater and surface water sta-
tions are less present in the northern part of the region.

Possible future directions of the present work can be related to the analysis and col-
lection of new data for locations and time-resolutions not overlapping with ARPA data.
In particular, both temporal ans spatial resolutions could be improved. A further direc-
tion is represented by the analysis of pollution dynamics in surface waters near particu-
larly polluted or industrialized areas.

Globalization has led to faster access to technology, improved communication and
innovation. However, this rapid development has highly impacted the ecological cycle.
Europe with the EU Green Deal aims to become the first neutral institution for climate
to improve the well-being and health of citizens and of future generations. This effort
has been undertaken by the USA and China becoming a global issue. In this situation,
it is important to have a clear knowledge of global pollution. In particular, water is
one of the most important aspect to be considered since clean water is needed for many
different reasons: to avoid health problem, to have healthy soil and food and to preserve
the biodiversity. The present research proposes a method to build a picture of water
contamination by heavy metals and to identify areas where action is needed. Moreover,
it also helps to create a strategy for constant monitoring over time that could inform
future policy decisions.
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CHAPTER 8

Conclusions

The primary goal of this PhD thesis is to enhance microclimate monitoring in precision
agriculture by applying machine learning to IoT sensor data. This thesis seeks to fur-
ther microclimate control by leveraging machine learning techniques alongside sensor
data, with a focus on both spatial and temporal aspects. In summary, this thesis have
addressed the following key challenges:

• Providing a continuous, meter-scale description of microclimate based on lo-
cal IoT sensors measurements: this thesis presents an advanced microclimate
model that combines physical principles with deep learning to accurately simu-
late temperature and humidity variations at a 2-meter resolution in the Lombar-
dian foothills. The model applies fundamental physical laws to integrate climate
data with terrain features, refining key variables like radiation and wind to a fine-
scale resolution. These refined variables are then fed into a feed-forward neural
network, which predicts temperature and humidity variations across the study
area. The neural network is trained, validated, and tested using data from 25 sen-
sors distributed throughout the study area, ensuring precise microclimate predic-
tions. This approach provides a continuous, meter-scale description of microcli-
mate based on local IoT sensors measurements.

• Optimizing the placement of IoT sensor networks by accounting for microcli-
mate variations: this thesis proposes a computational framework utilizing ma-
chine learning algorithms to optimize sensor placement based on temperature vari-
ations, derived from physical principles, in an open field located in the Lombardian
foothills, Italy. Experimental validation demonstrates that several of the optimized
sensors effectively capture the actual temperature variations experienced within
the study area. Additionally, it is shown that some of the optimized sensors can
accurately represent future temperature scenarios predicted by the Nhits neural
network.

• Investigating and forecasting the effects of heat stress on dairy cows in indoor
environments equipped with Automatic Milking Systems, focusing on milk
quality and production: this thesis presents an innovative approach to under-
standing both historical and current microclimate conditions to improve predic-
tions of future trends in milk-related data gathered from automated milking sys-
tems. Through cross-correlation analysis of daily mean values for milk production,
fat, and protein content against daily mean THI, it has been observed that higher
average THI levels correlate with a decrease in milk protein and fat content. This
suggests that heat stress on dairy cows significantly impacts milk composition. To
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enhance predictive accuracy, TSMixer, a recent deep learning model specifically de-
signed for long-horizon forecasting of multivariate time series, has been proposed
to predict the evolution of protein, fat, milk production, and milk temperature
over the following two months. TSMixer showed considerable promise, especially
in capturing and forecasting linear trends in protein content.

• Forecasting local weather conditions by combining local weather data with nu-
merical weather predictions to improve accuracy for agricultural sites: an AI-
based framework was developed utilizing TSMixer to generate multivariate weather
forecasts tailored for agricultural needs. Trained on historical local weather data
and MOLOCH model numerical weather predictions, TSMixer predicts the 46-
hour probabilistic evolution of temperature, wind speed, humidity, and precipi-
tation across six agricultural sites in Northern Italy. The model consistently out-
performs both the MOLOCH model and a past-data-only TSMixer configuration
for forecasting temperature, wind speed, and humidity. Notably, the present AI-
based framework surpasses both models in identifying agricultural hazards, such
as frost, germination blocks, and heat stress.

• Monitoring the spatial and temporal evolution of heavy metals in Lombardy wa-
ters by a big data analysis approach: a big data analysis methodology has been
used to investigate the spatio temporal distribution of heavy metals in ground-
water and surface waters across Lombardy. My primary focus has been on the
co-occurrence of multiple heavy metals at specific locations, as this factor is crucial
for understanding potential synergistic effects. This analytical framework can be
extended to monitor the dynamics of water pollutants, providing valuable insights
for developing targeted precision agriculture policies and addressing public health
concerns.
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