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In the context of environmental monitoring studies, the complex dynamics of
environmental systems, constrained by the distribution, intensity and interaction of
multiple sources, limits the ability to detect pollution phenomena and to identify their
sources. The deployment of multidisciplinary, multilevel and multi-factorial strategies
supports the identification of the links between the pollutants’ sources and targets. Our new
biomonitoring strategy, based on the integration of remote (satellite) and proximal (drone)
sensing monitoring data with field data (bio/chemical analyses) and focused on the use of
cyanobacteria as bioindicators of pollution, was implemented and was validated through
its application on a test-bed area, i.e., Lake Avernus (Campania Region, Southern Italy). A
long-term analysis of multispectral remote sensing observations centred on the Lake
Avernus area highlighted the periodicity and seasonality of cyanobacterial bloom events
over the time interval 2019-2021. However, a sudden change of characteristics, observable
through remotely sensed data, was evidenced during the first and major lockdown related
to the COVID-19 pandemics, in year 2020. This sudden change depended on the drastic
modification of human habits and a reduction in pollutant emissions, as widely reported by
the scientific literature. During the same lockdown period, the opportunity to collect
samples in the field allowed to identify an unusual progression of Microcystis' bloom,
whose dynamics is triggered by the existing anthropogenic sources and the evolution of
environmental parameters, that can stimulate the blooming events. This work shows and
demonstrates how pollution attribution can be achieved using remote sensing of
cyanobacteria, which are excellent bioindicators due to their sensitivity to multiple
stressors and rapid response to habitat changes throughout the event.

1. INTRODUCTION

the underlying cause-effect relationships often remain
undefined, since the evidence of a pollution event arises when

The identification of pollutant sources and pathways is a
relevant step in the process of surveying a polluted site
finalized to the protection of human health and the
environment. The assessment of pollution phenomena often
remains limited to the quantification of the generated impacts
and their evolution, omitting further investigations on their
underlying causes. Difficulties in the task of attributing
environmental pollution phenomena to their causes mainly
depend on their different nature, interaction and spatio-
temporal variability. The resulting complex scenario should be
effectively considered in the assessment procedure.
Furthermore, monitoring activities are affected by
technological and operational constrains, which include the
availability of appropriate technologies and the economic
costs of instruments, field and laboratory activities. An
informative assessment of a pollution event would require
both an integrated procedure, based on a multi-disciplinary
approach, and an adequate spatio-temporal analysis. Instead,
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its effects are detected in a specific location and time.
Environmental changes may be triggered by many factors,
among which the pandemics must also be included for the
consequences of the impacts on human health, for the
emerging research needs, for the social/political response to
the pandemic and the recovery plans. The global outbreak of
COVID-19 has clearly showed this high interlinkage between
pandemic and environmental issues. As for example, the
measures taken to control the spread of the virus such as the
societal lockdown and the slowdown of social and economic
activities induced several environmental changes. From one
side, part of these changes were observed, considering them
under the light of a positive reduction of environmental
stressors [1, 2]. However, the forced behavioral changes
simply modified the nature and distribution of pollution
sources, without necessarily reducing their intensity [3, 4].
Consequently, despite a diffuse public interpretation, often
spread by the media, considering only the occurred changes as
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positive, the evidence derived from observations is different
and requires further investigations [5, 6].

Many works, focused on the impact of COVID-19 on the
environment, concentrated on urban areas, being motivated by
their higher population densities, determining a higher number
of individuals exposed to harmful pollutants [7-9].
Conversely, the observation of coastal areas and, especially,
coastal waters was less considered, despite the fact that
pollutant discharges in coastal areas, often transported through
inland waters, adversely impact on human and environmental
health [10-12]. With this respect, the relevance of coastal
waters protection is very high, considering also the high
number of ecosystem services provided by these areas for the
benefit of human communities [13-15].

Considering the multiple factors affecting environmental
status and the heterogeneity and the variability of the impacted
scenarios, a Multi- disciplinary, Multi-level (hierarchical) [16,
17] Multi-parametric (different sensors) approach (MuM3
hereafter) [18, 19], is needed for the Monitoring of such
complex scenarios and identification of multiple source-path-
target routes.

When the existing constraints do not allow a direct measure
of some parameters of concern, bioindication becomes
fundamental. In fact, the reaction of different living species
(organism/microorganism or communities thereof), being
sensible to the variation of certain physical and chemical
parameters and acting as biomonitors, can be used as a mean
to deliver the needed information on the status and variability
of environmental conditions, as well as to evidence the
connections between different pollution sources and the
existing vulnerable targets [20, 21]. Compared to chemical and
physical measures of environmental quality, bioindicators are
capable of capturing cumulative impacts of multiple pollutants
and habitat changes, in an early stage and over time.
Cyanobacteria are good bioindicators of water quality [22]: in
certain conditions (eutrophication) generated from excessive
nutrient input usually of anthropogenic origin, cyanobacteria
can form extensive blooms, often toxic, that are their (species-
specific) response to environmental stressors. In our latest
researches, we explored the use of cyanobacteria as pollution
bioindicators of coastal water of Campania region in Italy [23].
In particular, several cyanobacterial blooms were detected and
reported in different spots of Campania region coasts, which
were highly impacted by eutrophication phenomena due to the
release of pollutants into water bodies [24]. Then, the
observations were extended to some lakes in the same region,
where cyanobacterial blooms were also observed. The
presence of cyanobacterial toxins, dangerous for human
health, was identified and their relation with anthropic and
environmental stressors was assessed [25]. These findings
were the results of the application of our new fast detection
strategy (FDS) [26], combining the advantages of
remote/proximal sensing with those of
analytical/bioinformatics analyses, namely, LC-HRMS-based
molecular networking.

By this study the fast detection strategy (FDS) is
implemented through its integration with MuM? framework
and our new comprehensive biomonitoring strategy is
validated by its application, choosing a top-down approach
(Figure 1), to a real testbed area.

Both remote and proximal sensing data were acquired,
beginning at the satellite level and scaling-down at different
spatial-temporal resolutions with the aid of Unmanned Aerial
Vehicle (UAV) platforms. The observation time-frame
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included the periods before, during and after the COVID-19
lockdown along the years 2019-2021. Within the observed
area, the entire coastal water bodies located in the North of the
city of Naples (Campania region, Southern Italy) (Figure 2),
the Lake Avernus, a volcanic coastal lake, was selected as
region of interest for a detailed analysis [27].

Figure 1. Overview of our multilevel, multiscale,
multitemporal, multiparametric strategy applied on Lake
Avernus (Southern Italy). Left panel: A) Sentinel-2 satellite,
B) DJI Mavic 2 Pro drone and C) in situ sampling. Right
panel: A) NDVI satellite data of Lake Avernus, B) Visible
range imageries grabbed from drone and C) analytical and
bioinformatic analyses

Campania

L% Gulr o

Naples
oo

Gulf of
Salerno

Lake Avernus

¢ | Lucrine Lake

Figure 2. Selected testbed area. Larger aerial view of the
testbed, evidencing the region of interest (red rectangle)
within the larger area of Campania Region (upper left). Zoom
of the region of interest, displaying the Domitia coast and the
position of Lake Avernus (red square) (right picture). Zoom
of Lake Avernus area (lower left)

Lake Avernus is considered an optimum testbed site for
different reasons. First, due to the morphology of surrounding
landscape, during rainfalls, Lake Avernus can act as a collector
of run-off waters coming from the surrounding areas. Second,
several blooms of different cyanobacterial species and their
associated toxins were observed in this area in different years.
Third, all the observed blooming events were triggered by
stressors, that derived from an assessed state of different
environmental variables.



This study shed light on the causes and consequences of the
assessed environmental conditions emerged at the beginning
of COVID-19 pandemics, further enabling the observation of
the influences of anthropic pressures on cyanobacterial bloom
events.

2. METHODS

The applied hierarchical monitoring integrated the
acquisition of data coming from sensors mounted on remote
(i.e., satellite) and proximal (i.e., drones) platforms, as well as
from in-situ sampling. Field activities were aimed at detecting
the presence of polluted discharges [28, 29] along the coastal
waters of Campania region (Southern Italy). The two sensing
platforms included the satellites of the Copernicus Sentinel 2
mission and the DJI Mavic 2 Pro drone.

Users of the Sentinel 2 mission, have access to a database
of geo-referenced orthophotos, 100x100 km? wide coming
from two twin satellites (2A and 2B). The delivered
radiometric images were sampled for 13 different spectral
bands (Table 1). In Table 1, for each sensor, the table lists its
spatial resolution (m), central wavelength (nm), bandwidth
(nm) and the range (description), where VNIR identifies the
very near infrared region of the electro-magnetic wave
spectrum and the SWIR identifies the shortwave infrared
region. For the purpose of this study, only bands 2, 3, 4 and 8,
having a pixel spatial resolution of 10 meters.

Table 1. Key data of the radiometric sensors mounted on the
SENTINEL-2 twin satellites (S2A & S2B)

Central .
Band  Spatial Wavelength Bandwidth T
Nr. Res. (m) (nm) (nm) ype
S2A S2B S2A  S2B

1 60 4427 4423 21 21 Ultra-
blue

2 10 4924 4921 66 66 Blue
3 10 559.8 559.0 36 36  Green

4 10 664.6 665.0 31 31 Red
5 20 704.1 703.8 15 16  VNIR
6 20 740.5 739.1 15 15 VNIR
7 20 782.8 779.7 20 20  VNIR
8 10 832.8 833.0 106 106  VNIR
8a 20 864.7 864.0 21 22 VNIR
9 60 945.1 943.2 20 21  SWIR
10 60 13735 1376.9 31 30 SWIR
11 20 1613.7 16104 91 94  SWIR
12 20 2202.4 21857 175 185 SWIR

Source: MSI Instrument — Sentinel-2 MSI Technical Guide — Sentinel
Online (esa.int)

The DJI Mavic 2 Pro is an Unmanned Aerial Vehicle (UAV)
equipped with a fully stabilized three-axis gimbal RGB
camera. The resolution of collected images is 20 megapixel. A
multispectral camera (MAPIR Survey 3) was added to the
standard DJI Mavic 2 Pro payload. The use of MAPIR Survey
3 allowed the acquisition of other 3 spectral bands (“Orange”,
“Cyan”, “Near Infrared”). The use of RGB camera was
motivated by the need of comparing the remote and proximal
observation in the visible range with a higher spatial resolution,
which, in the case of the UAV-mounted RGB camera, falls in
the range of a few cm/px, depending on the altitude of the
flight path. In the case of this work, the majority of images
were collected at spatial resolutions of 5-10 cm/px.
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First, a multi-spectral analysis of satellite imageries was
performed along a wide timeframe, including the periods
before and after the first lock-down due to COVID-19
pandemics, in year 2020, ranging from year 2019 to year 2021.
The Sentinel-2 data, publicly available through a dedicated
website, were downloaded and analyzed to calculate two
different multi-spectral indexes for three different time periods:
the period before the lockdown, starting from year 2019; the
period during the first lock-down, in year 2020, and the period
after the lock-down, until year 2021. The chosen Sentinel 2
data were radiometrically corrected, then, after their
elaboration, the elaborated images were classified to highlight
the spatial regions of interest to include the observed water
discharge plumes and the river inlets into the sea. The open-
source QGIS software was used to elaborate the geo-
referenced data and to calculate the chosen multi-spectral
indices.

The first selected multispectral index was the Normalized
Difference Vegetation Index (NDVI). The NDVlI is defined as:

NDVI=(Rnir—Rrep)/(Rnir+RRreD) 9]
where, Rnir and Rrep indicate the values of near-infrared and
red reflectance channels [30]. This index allows to infer the
presence of photosynthetically-active organisms and the
magnitude of photosynthetic activity. In particular, the NDVI
is able to identify the chlorophyll-a, being present also in the
algal and bacterial blooms (e.g., cyanobacteria) within coastal
waters. This is why the NDVI is successfully applied to detect
the presence of eutrophication phenomena, mostly depending
on the supply of nutrients contained in wastewater or
contaminated water. Within the elaboration process, thematic
maps in false color scale were produced, preserving the same
criterion for the classification of the elaborated data to make
them comparable. The attribution of chromatic ranges and
values was kept constant for all the annuities to guarantee
comparability and a coherent analysis. The specific color
range and associated NDVI values are depicted in Figure 3.
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Figure 3. NDVI thematic maps (grey colour refers to the
land areas, while false-colour scale refers to coastal waters).
Data refer to the years 2019-2021

The Surface Algal Bloom Index (SABI) allows the
detection of floating biomass into water bodies [31]. The SABI
is defined as:

SABI=(Rnir—Rrep)/(ReLuetRereen) 2)



where, Rnir, Rrep, ReLue and Rereen indicate the values of
reflectance for the near-infrared, red, blue and green spectral
bands, being especially sensitive to algal and cyanobacterial
blooms.

Thanks to the integrated use of different platforms and
sensors, having different spatial resolutions, it was possible to
combine the imageries related to the testbed areas at different
spatial scales.

3. RESULTS AND DISCUSSION
3.1 NDVI maps and water quality

NDVI maps referred to the years interval between 2019 and
2021 are displayed in Figure 3. Maps were grouped and
classified according to 20 classes. Water areas in purple and
red identify the regions of major interest for this study. In
particular, areas in purple identify the areas with higher NDVI
index values, being associated to higher chlorophyll-a values.
The initial quality of downloaded imageries was chosen to
avoid the presence of atmospheric disturbances that would
affect the multi-spectral indices calculation. The identified
region of interest, where the photosynthetic activity within
water bodies is higher, delimits the water bodies potentially
impacted by nutrients discharges deriving from anthropogenic
sources (e.g.: sewage drains, channels collecting irrigation
waters from agricultural fields, etc.), which give rise to
eutrophication phenomena.

Red-coloured regions, closer to the coastline, are found
close to the river and channels mouths. The calculated NDVI
values and subsequent classification depend on the presence
of discharge plumes, often characterized by a higher turbidity,
that were triggered by periods of intense rainfalls.

3.2 Lake Avernus analysis

Due to the larger spatial extension of the observation area
with respect to the regions of interest and the variable quality
of satellite imageries, due to the presence of cloud cover, a
specific target area was identified, where a preliminary
analysis showed a more evident relationship between
environmental stressors and the observed response. This area
corresponds to the Lake Avernus. Figure 4 displays the
comparison between the elaboration of data derived from
proximal sensing (i.e., drone, on the left) and remote-sensing
(i.e., satellite, on the right) platforms. Satellite data were
sampled on February 7%, 2020 (top right) and 8 days later
(bottom right) while the drone data were collected on February
11" 2020. The NDVI analysis on February 7%, 2020 data
revealed the presence of a pollution discharge, being evident
on the left-side images of the figure. The observed green
plume can be attributed to an ongoing cyanobacterial bloom.

During this period, the lake was interested by a Microcystis
aeruginosa bloom event, that was evidenced by the in situ
collection and analysis of water samples [25]. In order to
parallel the field data collection, a drone mission was
performed to collect proximal sensing data, later analysed
together with satellite multispectral data. Comparing the
satellite maps derived from the calculation of multispectral
indices and the drone RGB images, a significant
correspondence of blooming peaks was found along the shores
of the lake. In order to infer the relevance of the observed
blooming event, the calculation of NDVI derived from satellite
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data was extended to the year interval between 2018 and 2021.
Monthly data were elaborated from imageries with the lowest
possible cloud cover. The elaborated thematic maps are
grouped into a synoptic table in Figure 5.

Figure 4. Right: NDVI satellite data sampled on February
7th 2020 (top) and February 15th 2020 (bottom). A higher
value of the NDVI (dark green) corresponds to higher
chlorophyll-a content. Left: Visible range imageries grabbed
from drone
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Figure 5. Synoptic table of the NDVI (normalized difference
vegetation index) monthly thematic maps for Lake Avernus.
Grey colours are associated to land. Cyan colour is associated
to water with lower NDVI corresponding to a negligible algal
bloom concern, while dark green identifies areas with
observed maximum algal bloom concern, where NDVI
values are higher

3.3 Seasonal and temporal variations

The evident periodicity of blooming reflects the seasonal



cyclicality, depending both on climate factors (i.e., solar
radiation and water temperature) and on the variability of
human activities occurring in the areas around the lake. The
biomonitoring activities carried out for this work integrated
the remote/proximal sensing analysis and the laboratory
biological and chemical analyses of the samples collected in
situ in the spots pointed by drone [32]. The microscopic
observation of collected samples allowed to identify two
prevalent alternating cyanobacterial species: the Microcystis
aeruginosa and the Planktothrix rubescens (Figure 6). The
production of toxins by both species depends on the presence
of environmental stressors, as reported by the literature [25,
217].

The observed blooming in the period March - July 2020 was
not comparable by magnitude to those occurred in the same
period in the other years included in this study. In particular,
the surface extension of the bloom in year 2020 was minor.
This period corresponded to the first and most severe Italian
COVID-19 lockdown. The observed condition corresponds to
a much lower anthropogenic pressure. In fact, while
agricultural activities were minimized in the area, recreational
uses were totally banned during the lockdown.

Planktothrix rubescens

Microcystis aeruginosa

Figure 6. Microscopic observation of samples of algal
blooms collected from Lake Avernus. Two prevalent
cyanobacterial species were evidenced: Microcystis
aeruginosa (left) and Planktothrix rubescens (right)

3.4 Comparison of NDVI and SABI indices

A deeper analysis required the calculation of the SABI,
being more specific for the identification of algal blooms. The
thematic maps derived from the classification of the SABI
values (6 classes), obtained from the same database used for
the NDVI, are grouped in Figure 7. The SABI map derived
from the satellite imageries of February 7% 2020 (top right)
allowed to confirm the presence of a potential algal bloom,
depending on the discharge evidenced by the true-colour
picture (left images) collected during the drone flight and
confirmed by the laboratory analysis, which allowed to
identify the prevailing cyanobacterial species of the observed
bloom (Figure 6).

As clearly visible, no significant differences are observed
between the NDVI and the SABI maps, confirming both the
validity of remotely-sensed observations, being in parallel
validated through the laboratory analysis of field samples,
which allowed the identification of the prevailing
cyanobacterial species associated to the blooming event.
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Figure 7. Right: SABI satellite data sampled on February 7%
2020 (top) and February 15" 2020 (bottom). A higher value
of the SABI (dark green) corresponds to higher chlorophyll-a
content. Left: Visible range imageries grabbed from drone

4. CONCLUSIONS

Our integrated multidisciplinary, multilevel and
multiparametric strategy, based on the spatio-temporal
integration of remote/proximal sensing observations and in
situ measurements, proved to be successful for detecting and
identifying the presence of environmental stressors, their
sources and evolution. Specifically, the application of our
biomonitoring strategy on a target area, corresponding to the
Lake Avernus (Campania region, Southern Italy), allowed to
identify the existence of pollutant discharges in water bodies
and their variability during COVID-19 lockdown in Italy
through the monitoring of cyanobacterial blooming and their
dynamics.

The new implemented procedure allowed to characterize
water pollution events through the integration of remote and
proximal sensing observation of cyanobacterial bloom
dynamics, being excellent bioindicators due to their sensitivity
to multiple environmental stressors and their rapid response to
habitat changes throughout the observed event. Knowing the
planning of the satellite passages on the specific area it was
possible to plan the drone pre-flight and in situ sampling.
However, only after the satellite acquisition, it is possible to
evaluate the quality and relative usability of the data
(excessive cloudiness, strong wind etc.) and also the effective
conduct of the surveys on field could be conditioned by the
unfavorable weather conditions. It must also be pointed out
that the observed phenomena have a relatively slow evolution



and therefore also the possible time gap between the data
coming from the various layers if limited to a few days may be
not considered relevant. In particular, the carried out analysis,
even allowing a quantitative evaluation which in the lower
layers also has a high resolution, was then undersampled in the
context of the overall analysis, bringing the considerations
back to a level of both spatial and temporal scale in which even
the small variations occurred also after a few days do not
invalidate the broader interpretation of the phenomenon. It is
evident that what has been developed aims to be more an
operating model in support of phenomenological
interpretations and also a valid support for early detection and
warning actions. Further studies will be directed to investigate
the specific environmental factors that trigger, from one side,
the cyanobacterial bloom and, from the other side, the
production of toxins.
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