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INTRODUCTION

Freshwaters are an essential resource for life at global
level and perform important functions in the environment
(Boggero et al., 2014), provide habitat for numerous
species, form essential components in hydrological and

nutrient cycles (Moss, 2012), and their services support
food, water and energy security (Hanjra and Qureshi,
2010; Carpenter et al., 2011, Stendera et al., 2012; Car-
valho et al., 2013). Nevertheless, eutrophication of fresh-
water ecosystems resulting from nitrogen (N) and
phosphorous (P) pollution is a major stressor worldwide
(Bennet et al., 2017). In fact, nutrient enrichment triggers
a progression of eutrophic responses in aquatic ecosys-
tems (Smith, 2003; Conley et al., 2009). The most evident
is the significant increase of primary producers’ abun-
dance that are directly correlated and rapidly responds
(i.e., hourly/daily) to high N and P loads into inland and
coastal waters (Carpenter, 2008). Understanding the rela-
tionship between eutrophication processes and inland wa-
ters functional aspects has been a priority for water
managers to mitigate and control eutrophication at differ-
ent spatio-temporal scales (Vargas-Lopez et al., 2021). 

Phytoplankton is characterized by circadian variabil-
ity, as well as by diurnal rhythms and seasonal variability,
driven by physical and biological factors such as light in-
tensity, water temperature, wind, water level, nutrients,
species, and size (Carstensen et al., 2007; Moore et al.,
2008; Leal et al., 2009; Zhang et al., 2012; Jindal and
Thakur, 2013; de Tezanos Pinto and O’ Farrel, 2014;
Bowes et al., 2016). For this reason, lake routine moni-
toring and water quality assessment with conventional
sampling techniques, such as boat based sampling with
filtration of water samples followed by laboratory analysis
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ABSTRACT
Freshwater ecosystems are challenged by cultural eutrophication across the globe, and it is a priority for water managers to implement

water quality monitoring at different spatio-temporal scales to control and mitigate the eutrophication process. Phytoplankton abundance
is a key indicator of the trophic and water quality status of lakes. Phytoplankton dynamics are characterized by high spatio-temporal
variation, driven by physical, chemical and biological factors, that challenge the capacity of routine monitoring with conventional sam-
pling techniques (i.e., boat-based sampling) to characterise these complex relationships. In this study, high frequency in situ measure-
ments and multispectral satellite data were used in a synergistic way to explore temporal (diurnal and seasonal) dynamics and spatial
distribution of Chlorophyll-a (Chl-a) concentration, a proxy of phytoplankton abundance, together with physico-chemical water pa-
rameters in a shallow fluvial-lake system (Mantua Lakes). A good agreement was found between Chl-a retrieved by remote sensing
data and Chl-a fluorescence data recorded by multi-parameters probes (R2 = 0.94). The Chl-a maps allowed a seasonal classification of
the Mantua lakes system as eutrophic or hypertrophic. Along the Mantua lakes system an increasing gradient in Chl-a concentration
was recorded following the transition from a fluvial to lacustrine system. There was significant seasonal heterogeneity among the sub-
basins, probably due to different hydrodynamics, influenced also by macrophyte stands. High-frequency data revealed the importance
of rainfall events in the timing and growth dynamics of phytoplankton, particularly for spring and late summer blooms. Combining
temporal and spatial data at high resolution improves the understanding of complex fluvial-lake systems. This technique can allow man-
agers to target blooms in near-real time as they move through a system and guide them to localized hot spots enabling timely management
action in ecosystems of high conservation and recreational value.
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(e.g., solvent extraction of chlorophyll-a and spectropho-
tometric determination), are challenged to provide in-
sights into the complex relationship between biological,
chemical and physical processes (Kaplan et al., 2003;
Polat et al., 2005; Bresciani et al., 2013, Klemas et al.,
2013; Kiefer et al., 2015; Huang et al., 2015). An appro-
priate spatial and temporal characterization of phyto-
plankton blooms together with information on rapidly
changing temperature, light, water discharge, precipita-
tion, and nutrients are still a challenge in aquatic ecosys-
tems (Bowes et al., 2016; Brentrup et al., 2016;
Vargas-Lopez et al., 2021). 

Chlorophyll-a (Chl-a) is a photosynthetic pigment
used to indicate phytoplankton biomass and is considered
a proxy to determine the trophic state and water quality
status in lakes (Falkowski and Kiefer, 1985; Steinman et
al., 2006; Matthews, 2017). The measurement of the di-
urnal variation of Chl-a concentration is a fundamental
factor to investigate short-term dynamics, because the
phytoplankton blooms can grow and dissipate within a
few days (growth rate of 0.1–0.86 d−1 as reported by
Reynolds, 2006). This short-term variability can influence
the seasonal structure and phenology of phytoplankton
distribution (Woods et al., 2021), and therefore the mon-
itoring needs also to detect annual variations in bloom
magnitude and timing over a medium-long term period
(Bowes et al., 2016). One of the main approaches to de-
termine Chl-a concentration is based on the Chl-a fluo-
rescence used in both in situ continuous fluorimetry
measurements (Laney, 2010; Pan and Qiu, 2019), and in
optical sensors that indirectly estimate in situ fluorescence
and, in addition, allow the assessment of phytoplankton
abundance at large spatial scale (Huot and Babin, 2010;
Ha et al., 2017). Recent advances in developing sensors
and observation platforms, and in particular of accurate
chlorophyll fluorescence probes offers an opportunity to
produce the high-frequency, long-term Chl-a concentra-
tion data useful to investigate understudied subsurface
features (Catherine et al., 2012; Bowes et al., 2016). In
addition, Chl-a fluorescence sensors mounted on a buoy
have the advantage of remotely measuring nightly, assur-
ing more stable and accurate Chl-a values than with man-
ual daytime sampling (Brentrup et al., 2016). A potential
limit of using in vivo fluorescence as a proxy of phyto-
plankton biomass occur when there is nonphotochemical
solar quenching due to phytoplankton exposure to excess
light energy, producing a reduction in fluorescence quan-
tum yield (Morrison et al., 2003; Hamilton et al., 2010).
Another possible limit of these instruments in turbid and
eutrophic waters can be the accumulation of organic and
inorganic material, that require moderate-high frequency
management operations to clean the probes to avoid a sig-
nificant loss of accuracy (Bresciani et al., 2013). Even if,
Chl-a is well correlated to in vivo fluorescence, there are

interfering compounds that can affect this relationship,
and therefore separating the contribution of the water col-
umn and that of the phytoplankton cells in optical signals
is still a major issue (Bergamino et al., 2010; Vargas-
Lopez et al., 2021). For this reason, observations gathered
from in situ continuous fluorimetry sensors are a useful
tool to integrate and validate with measurements of Chl-
a concentration both via spectrophotometry and with
satellite Chl-a concentration products. 

Satellite imagery provides synoptic, fast and repeated
information on aquatic environments identifying lake areas
with different characteristics and seasonal variation improv-
ing strategies for water management (Duan et al., 2009; Liu
et al., 2009; Odermatt et al., 2012; Huovinen et al., 2019).
Earth Observation (EO) data can complement in situ sam-
pling of inland waters given its multi temporal and spatial
distribution capabilities, while boat-based sampling can
measure responses at a finer scale and detail compared to
remote sensing products (Bukata et al., 2005; Schaeffer et
al., 2013, Hestir et al., 2015; Palmer et al., 2015; Tyler et
al., 2016). Lake monitoring methodologies strengths and
weaknesses can be maximized and minimized in a comple-
mentary way using remote sensing products and in situ
measurements. In addition, current and upcoming sensors,
open access and free data policies (Oppelt et al., 2015) and
open source tools will further develop the use of EO data
in lake research and monitoring (Dörnhöfer and Oppelt,
2016; Topp et al., 2020). For example, the recently Sen-
tinel-2, with a twin configuration (A and B), a spatial reso-
lution up to 10 m and a revisiting time of 5 days, of the EU
Copernicus Programme, offer a great opportunity to mon-
itor water quality parameters with medium-high frequency
and fine spatial scale (e.g., Toming et al., 2016; Ansper and
Alikas, 2019; Bresciani et al., 2020).

In fact, satellite remote sensing data have been used
to retrieve Chl-a maps for water quality monitoring (Lin-
dell et al., 1999; Gilerson et al., 2010; Bresciani et al.,
2017; Pinardi et al., 2018) going beyond the limited tem-
poral frequency and spatial coverage of in situ sampling
(Tyler et al., 2016, Kiefer et al., 2015; Dörnhöfer et al.,
2018). Temporal variations involve diurnal and seasonal
dynamics and multi-annual cycles, and spatial variations
include changes within and between aquatic ecosystems
at catchment scale (Duan et al., 2009; Wang et al., 2011;
Nõges et al., 2012). 

In European countries the Water Framework Directive
(WFD) (2000/60/EC) is legislation that aims to protect
and enhance aquatic ecosystems and promote sustainable
water use across Europe (European Commission, 2000).
Recently, Carvalho et al. (2019) reported that there is
growing concern that the objective of good status in all
European waters by 2027 is a long way from being
achieved in many countries, and they evaluated the
strengths and weaknesses of the current WFD implemen-
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tation in order to identify where innovation offers new op-
portunities for monitoring and management. The current
study aims to provide an example of a practical imple-
mentation of improvements, aiming to achieve the classi-
fication of water quality status with satellite images and
Chl-a maps representative of the whole water body capi-
talizing on the availability of data with a weekly-monthly
frequency. This improved spatio-temporal scale provides
a more robust and realistic dataset of Chl-a concentration
distribution and dynamics. Moreover, the sub-annual
analysis of Chl-a values is of great importance to better
define and interpret the phytoplankton biomass phenology
and distribution with the aim of supporting local water
management plans identifying the best spatio-temporal
scale for control and restoration actions. In this context,
the present study uses in a synergistic way high frequency
in situ measurements with satellite remote sensing data
for assessing temporal dynamics and spatial heterogeneity
of phytoplankton abundance, trophic-state and physico-
chemical parameters in Mantua Lakes, a shallow eu-
trophic fluvial-lake system located in Northern Italy. The
main aims were to: i) compare the Chl-a satellite derived
data against continuous in situ fluorimeters data; ii) use
remote sensing data to evaluate seasonal phytoplankton
abundance dynamics and intra-lake spatial variation; iii)
analyse daily evolution of bio-physico-chemical water pa-
rameters from the in situ continuous measurements (Chl-
a, water temperature, and conductivity); iv) analyse the

relationship between the bio-physical-chemical variables
and meteo-climatic and hydrometric level data. 

METHODS

Study area

The Mincio River watershed hosts the shallow fluvial-
lake system composed by the Mantua Lakes (Superior,
Middle and Inferior, surface area of 6.22 km2) and two
protected wetlands (Valli del Mincio and Vallazza) located
upstream and downstream of the lakes, respectively
(Northern Italy; 45°10’ N, 10°47’ E; mean depth 3.5 m;
Fig. 1). The main activities are agriculture and livestock
farming (Pinardi et al., 2018). The origin of this system
dates back to the XII century when the Vasarone dam was
built along the river course between the Superior and Mid-
dle lakes. The water residence time is of the order of days,
and the water flow is regulated by Vasarone (since 1190)
and Vasarina (hydroelectric power plant built in 2015)
dams with the aim of guarantee a stable maximum water
level (17.5 m on the Superior Lake, and 14.5 m on the
Middle and Inferior lakes), and to avoid the flood risk for
Mantua city (Pinardi et al., 2015). These shallow fluvial
lakes and wetlands are a protected area characterized by
eutrophic, turbid waters and are mainly colonized by the
coexistence of different phytoplankton groups (e.g., di-
atoms, green algae, and cyanobacteria) and macrophyte

Fig. 1. Maps of the Mantua Lakes (Superior, Middle and Inferior) and Valli del Mincio and Vallazza wetlands. The buoy locations are
reported with red dots: 1. Rivalta, 2. Vasarina, 3. Middle Lake, 4. Masetti Dam. The “Mantova (Lunetta)” weather station is reported
(yellow star). Picture of the buoy and HL7 multiparameter probe is also reported (orange box). Sentinel-2 image of 26 June 2019.
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communities (submersed, floating, and emergent) (Pinardi
et al., 2020, 2021; Villa et al., 2017). The fluvial-lake sys-
tem is characterized by low water transparency (Secchi
disk mean value between 0.8 and 1.3 m; ARPA Lombardy
dataset from 2009 to 2016), especially in summer due to
high phytoplankton (up to 140 mg m–3; ARPA Lombardy
dataset from 2009 to 2016) and suspended solids concen-
trations (up to 30 mg L–1; ARPA Lombardy dataset from
2015 to 2019). Due to high nutrient (nitrate - NO3-N up
to 7 mg L–1 and total phosphorous in the range from 35 to
158 µg L–1; ARPA Lombardy dataset from 2009 to 2016)
and organic matter loads from upstream, and insufficient
water discharge the Mantua lakes system is subject to a
rapid infilling, which result in a net accumulation of or-
ganic carbon within the system with a high risk of hypoxia
and anoxia (Pinardi et al., 2011; Bolpagni et al., 2014). 

Ancillary data 

Meteorological data were obtained by ARPA Lom-
bardy meteorological service. The sub-hourly or daily
data of the following parameters were downloaded for the
period from 01/01/2018 to 30/12/2020 for the “Mantova
(Lunetta)” station (Fig. 1): air temperature, precipitation,
humidity, global radiation, and wind speed and direction.
Cloud cover was obtained from the online database ERA5
available from the Climate Data Store of Copernicus, cov-
ering the years investigated.

Hourly and daily hydrometric level data were down-
loaded from the automated stations Vasarone both for the
Superior and Middle lakes from the Interregional Agency
for the Po River (AIPO, Mantua branch). The former data
were coupled with Rivalta and Vasarina multi-parameters
probes and the latter with the Middle Lake and Masetti
dam probes.

Water quality parameters from samples taken at the
center of Superior, Middle and Inferior lakes measured
bimonthly (6 data per lake per year) by ARPA Lombardy
were available on line and downloaded for the years 2018
and 2019). This in situ dataset was used to classify sea-
sonally and annually the trophic-state of the three lakes
of Mantua according to OECD (1982). 

Satellite images and Chl-a concentration maps

Chlorophyll-a concentrations were retrieved from
Sentinel-2 images. The Sentinel-2 satellite is equipped
with the Multi-Spectral Instrument (MSI), a passive opti-
cal sensor with 13 spectral bands covering the electromag-
netic spectrum in the wavelengths of visible infrared
shortwave (440-2200 nm), with an orbital swath of about
290 km on the ground, a revisit time of 5-10 days and a
spatial resolution of 10, 20 or 60 m (depending on the
band). In the period between April 2018 and June 2020, a
total of 27 images were downloaded for the following pro-

cessing. The dates were chosen synchronous of proximal
(up to 1 month; Fig. 1 and Tab. 1 in Supplementary Ma-
terial 1) to the installation or maintenance of the multi-
parameter probes to validate the two datasets, as after this
operation the in situ measurements are probably more re-
liable (e.g., absence of biofilm on the sensors). The im-
ages were downloaded at Level 2A from the Open Access
Hub of Copernicus. The Level-2A product provides Bot-
tom Of Atmosphere (BOA) reflectance images derived
from the associated Level-1C products atmospherically
corrected using Sen2Cor processor. Each Level-2A prod-
uct is composed of 100x100 km2 tiles in cartographic
geometry (UTM/WGS84 projection). 

The bands of the Level-2A images were resampled at
10 m and a spatial subset of the tile on the study area was
performed using the SNAP (Sentinel Application Plat-
form) software (ver. 8). Then the BOA reflectance was
corrected for specular effect and converted in Rrs accord-
ing to Mobley (1999). Then the image was masked to re-
move all pixels not classified as water. Finally, the
validated algorithm (R2 = 0.93; MAE (mean absolute
error) = 4.64 mg m–3; rRMSE (relative root-mean-square
error)= 20.18%; Pinardi et al., 2018) to retrieve Chl-a con-
centration for the Mantua lakes system parametrized with
numerous in situ measurements acquired in Mantua Lakes
(Bresciani et al., 2013; Bresciani et al., 2017) was applied
to all water pixels of the 27 images, as follow:

Chl-a (mg m–3) = 76.36 (± 2.29) Ref(705) – 51.57 (±0.26)Ref(665)

where Ref (665 nm) and Ref (705 nm) are the atmospher-
ically corrected reflectance in bands 4 and 5, respectively. 

The images of 03/07/2019 and 06/07/2019 had some
errors in reflectance values (negative values in the blue
regions and anomaly higher values in the NIR region), so
they were downloaded at Level 1C and atmospherically
corrected using the 6SV code (Second Simulation of
Satellite Signal in the Solar Spectrum) which is a Radia-
tive Transfer Model (Vermote et al., 2006). The code was
parametrized with Aerosol Optical Thickness (AOT) and
aerosol microphysical properties information at the time
of imagery acquisition, collected from AERONET sta-
tions near the study area (Sirmione_Museo_GC) and with
a standard percentage of aerosol composition for North
Italian Po Valley (Bresciani et al., 2018). The 6SV prod-
ucts obtained were corrected for specular effect and con-
verted in Rrs according to Mobley (1999). The maps
produced were grouped by season: 8 for spring, 12 for
summer, 3 for autumn, and 4 for winter (Tab. 1 in Sup-
plementary Material 1). The trophic status of the Mantua
Lakes system was estimated seasonally and annually
using the mean Chl-a concentration in accordance with
the OECD classification (OECD, 1982; Chl-a mean (or
maximum) value, in mg m–3 units: <1(<2.5) ultra-olig-
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otrophic, <2.5(<8) oligotrophic, 2.5-8(8-25) mesotrophic,
8–25(25-75) eutrophic, >25(>75) hypereutrophic).

In situ water bio-physico-chemical parameters 

Hydrolab HL7 multi-parameter probes equipped with
different sensors were used to measure with high-fre-
quency the following parameters: fluorimetric chloro-
phyll-a, water temperature, and conductivity (Tab. 2,
Supplementary material 1). Each multi-parameter probe
is fixed on a circular buoy equipped with a GPS device
and two solar panel for energy power. The station man-
ager is the datalogger OTT net DL 500 with a modem
GSM/GPRS for the remote transmission of the data. The
buoys were located in four sites, from upstream to down-
stream the study area: Rivalta, Vasarina, Middle Lake and
Masetti dam (Fig. 1). Data were collected from 16 April
2018 to 30 June 2020. Data measurements were every 10
min until 26 November 2018 and then every 15 minutes.
The optimal timing for ordinary maintenance of the sen-
sors is 30-60 days. The dates of the multi-parameter
probes maintenance at Mantua Lakes are reported in Fig.
1 and Tab. 3 in Supplementary material 1. This optimal
maintenance time schedule was not respected during win-
ter months and during the lockdown period due to
COVID-19 pandemic (Tab. 3 in Supplementary material
1). On three occasions (18/07/2018; 16/05/2019;
22/01/2020), water samples were collected, filtered (with
GF/F glass fiber filters) and analysed by the Laboratory
of Aquatic Ecology of the University of Parma to deter-
mine Chl-a concentration (via acetone 90% extraction and
spectrophometric detection according to APHA, AWWA,
WPCF, 1981) synchronous to the calibration of the fluo-
rimetric sensors. 

Statistical analysis 

Comparison of Chl-a data 

To test the reliability of the integration of the different
datasets of Chl-a (in situ fluorimetric and spectrophoto-
metric, and satellite data) a comparison between continu-
ous fluorimetric data recorded in situ and remote sensing
data from Sentinel-2 were performed together with the
comparison between in situ fluorimetric data and spec-
trophotometric data. Satellite derived data have been pre-
viously compared and validated with spectrophotometric
readings obtained in field campaigns at Mantua Lakes as
reported in Pinardi et al. (2018). 

Three regions of interest (ROIs) were created on all
the 27 Chl-a maps of the Mantua Lakes to extract concen-
tration values to be used for the comparison with in situ
fluorimetric data (time of EO acquisition ±1 hour) (Fig. 1
in Supplementary Material 1). Each ROIs of 9 pixels
(3x3) were selected including the buoys station of the
Mantua Lakes (Vasarina, Middle Lake and Diga Masetti

sites). The Rivalta’s buoy is located in the Mincio River
and the width of the riverbed is too narrow for the 10m
pixel size of Sentinel-2. 

The comparison between continuous Chl-a data
recorded in situ and Chl-a measured in lab was done for
the three dates of field sampling in the four sites where
the buoys are located (Fig. 1 in Supplementary Material
1). MAE (Mean absolute error) and RMSE (Root-mean-
square error) were used as a measure of the error for the
comparison between the observed data. 

Spatial analysis 

The temporal analysis of 24 images (March-Septem-
ber) was done in a GIS environment (QGIS 3.16 soft-
ware), using the same reference system (WGS84) and
cartographic projection (UTM Zone 32N). The period of
analysis was from March to September when the algal
bloom events are periodic and can influence the water
quality status of this shallow turbid system. The GRASS
function (r.series) was used to obtain maximum, mean and
standard deviation, and raster calculator tool was used to
calculate the coefficient of variation (CV= standard devi-
ation/mean) of the temporal series for each pixel of Man-
tua Lakes. 

High frequency data analysis

The analysis was based on the year 2019 as this rep-
resented a complete dataset from January to December for
three multiprobes (Rivalta, Middle Lake, Masetti dam)
whereas the Vasarina multiprobe was subject to vandalism
and was nonfunctional for a large part of 2019 (see Table
3 in Supplementary material 1). Before analysis of the
high frequency data recorded by the multiprobes, outliers
were removed using a Hampel filter outlier detection,
based on the absolute deviation from the median (Pearson
et al., 2016), using the package “pracma” in R (R Core
Team 2017). To exclude Chl-a fluorescence values asso-
ciated with non-photochemical quenching (NPQ), only
nighttime (from 00:00 to 04:00 am) data were used for all
analyses. NPQ often occurs at higher irradiance, so shal-
low and turbid surface waters are more prone to this phe-
nomenon (Brentrup et al., 2016).

Nonparametric Multiplicative Regression (NPMR)
(McCune, 2006) was used to estimate the response of
daily Chl-a to the climate and environmental parameters:
day of year (DOY), lake level, lake surface water temper-
ature, wind vectors, cloud cover, conductivity, radiation,
daily rain total and the sum of the antecedent rain for
seven days. As night-time Chl-a was used, the values were
matched with the environmental values of the preceding
day. The response of Chl-a was estimated using a local
mean multiplicative smoothing function with Gaussian
weighting. NPMR models were produced by adding pre-
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dictors stepwise with fit expressed as a cross-validated R2

(xR2) which can be interpreted in a similar way as a meas-
ure of fit as a traditional R2. The sensitivity, a measure of
influence of each parameter included in the NPMR model,
was estimated by altering the range of predictors by ±0.05
(i.e., 5%) with resulting deviations scaled as a proportion
of the observed range of the response variable. Sensitivity
can be used to evaluate the relative importance of vari-
ables included in models because NPMR models differ
from linear regression and have no fixed coefficients or
slopes.

RESULTS

Ancillary data

Meteorological and water physico-chemical data
measured by ARPA Lombardy are reported in Supplemen-
tary material 2 (Tab. 1, Fig. 1). The annual precipitation
was similar in 2018 and 2020 (670 and 700 mm, respec-
tively), but higher in 2019 (964 mm). The maximum mean
hourly value of solar radiance was comparable in the three
years analysed (977, 1040 and 991 W m–2, respectively).
Air temperature ranged between -2.4° and 31.7°C, and
mean wind velocity was 1.8±0.8 m s–1 in the period from
2018 to 2020. 

In the period 2018-2019, surficial water of the Mantua
Lakes had a water temperature in the range 4-30°C, a
transparency from 0.6 to 1.7 m, a median conductivity of
390-400 μS cm–1 with a peak value (up to 613 μS cm–1 in
the Middle Lake) at the end of November 2019, and a dis-
solved oxygen saturation of 129±86%. The total suspended
solids displayed increasing concentrations moving from
the Superior to the Inferior lake (median 5.5, 10.9, 13.8
mg L–1). Also, Chl-a concentrations varied considerably
(from 2.3 to 45.7 mg m–3 for the period 2018-2019) due to
seasonal (spring and summer or late summer blooms) and
spatial variations in the phytoplankton blooms. All nutri-
ents had high variability, as follows: i) ammonium nitrogen
varied between 0.01 to 0.15 mg L–1; ii) median nitrate con-
centrations were 1.4, 1.2 and 0.8 mg L–1 from the Superior
to the Inferior lake (with a peak at the end of November

2019 up to 8.5 mg L–1); the total nitrogen patterns were
comparable to that of nitrate, with a median value around
2 mg L–1; iv) orthophosphates followed a decreasing gra-
dient from upstream to downstream (median 26, 19 and 6
µg L–1 for Superior, Middle and Inferior lakes, respec-
tively); v) total phosphorous median values were 72 µg
L–1 in the Superior Lake and 82 µg L–1 in the Middle and
Inferior lakes; vi) a peak up to 110 and 140 µg L–1 were
measured for orthophosphate and total phosphorous,
again at the end of November 2019; vii) reactive silica
concentration varied between 0.1 and 7.6 mg L–1 (this lat-
ter value refers to the end of November 2019) and showed
a seasonal variation coupled to the spring diatom bloom
(resulting in lower SiO2 concentrations).

Chl-a concentrations and mapping 

The comparison between Chl-a concentration re-
trieved by satellite data and fluorimetric Chl-a measured
in situ by the multiparameter probes shown a good agree-
ment (R2 = 0.94; RMSE = 11.76%; Fig. 2). 

The 27 maps of Chl-a concentration for the Mantua
lakes system are reported in figure 1 in Supplementary ma-
terial 3. A phytoplankton bloom was observed at the begin-
ning of spring (in April 2018 and March 2019), and the
highest Chl-a values were observed in mid July 2019 and
in June 2020 (up to 130 mg m–3; Fig. 1 in Supplementary
material 3). The seasonal and annual mean Chl-a concen-
tration maps are reported in figure 3. The maps show a high
spatial heterogeneity in all seasons with a clear increasing
gradient of Chl-a from upstream to downstream (Fig. 3). 

The Mantua lakes system was always classified as hy-
pereutrophic using the 27 images data for the investigated
period 2018-2020, with the exception of the winter period
when the whole lake system was classified as eutrophic
(Tab. 1). Looking at a single sub-basin on a seasonal and
annual basis, it is evident that there is a great variability
of mean Chl-a concentration values, despite this, it does
not result in assignment of a different or lower trophic
state classification (Fig. 2 in Supplementary material 3).
In addition, the trophic-status classification using the in
situ ARPA dataset (n=36) showed an underestimation of

Tab. 1. Classification of the seasonal and annual trophic status of the Mantua Lakes based on the mean Chl-a concentration maps
retrieved by Sentinel-2 data.

                                         Number of maps         Number of valid pixels        Chl-a mean (±SD)                Classification

                                                                                                                                     (mg m–3)

Spring                                            8                                    335152                              40 (±7)                        Hypereutrophic
Summer                                         12                                   494832                              41 (±8)                        Hypereutrophic
Autumn                                          4                                    160100                               33(±9)                         Hypereutrophic
Winter                                            3                                    125292                               21(±8)                             Eutrophic
Annual                                          27                                  1080675                              35(±9)                         Hypereutrophic
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Fig. 2. Scatter plot of Chl-a concentration values measured by the fluorimeter of the multi-probes and retrieved by Earth Observation
(EO) data. Standard deviation for EO data is the 3x3 pixels of the region of interest and for continuous data the value recorded ±1 hours
from satellite acquisition.

Fig. 3. Seasonal and annual mean Chl-a concentration maps for the period from 16 April 2018 to 30 June 2020 in Mantua Lakes.
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mean Chl-a concentration in autumn, and the winter value
was influenced by the presence of an early algal bloom in
the Inferior Lake both in 2018 and 2019 compared to the
Sentinel-2 data-based classification (Fig. 2 in Supplemen-
tary material 3).

Focusing on the more productive period, between
March and September, the mean Chl-a concentration of
the Mantua lakes system shown higher values in the
downstream portion of the Middle and in the Inferior lake
(> 40 mg m–3) (Fig. 4). The minimum Chl-a concentra-
tions also showed a gradient from upstream to down-
stream: minimum values were found in the fluvial portion
of the Superior Lake with progressively higher values
being found moving into the more lacustrine portion of
the system (Middle and Inferior lakes; Fig. 4). The map
of the maximum values is particularly interesting as it al-
lows to immediately identify areas with the highest inten-
sity of algal bloom (Fig. 4). In the Superior Lake the
maximum values were detected in the portion of the lake
where there is the transition between lotic and lentic wa-
ters and in the downstream portion of the lake (Fig. 4). In
the Middle Lake in two areas close to the macrophyte
stands the Chl-a concentration is higher compared to open
water (Fig. 4). In the Inferior lake, which is characterized
by sparse macrophyte plants, high Chl-a concentrations
were retrieved in different portions of the system (Fig. 4). 

The CV map of the Chl-a concentration for each pixel
of the fluvial lake system shown a range between 0 and
0.7 for the period March-September (Fig. 4). The areas
with the highest CV values were located in the upstream
portion of the Superior Lake due to the highest standard
deviation values of the pixels and a lower Chl-a concen-
tration in the majority of the maps investigated.

High frequency data analysis

Comparing fluorimetric Chl-a data recorded in situ with
that measured in the lab via spectrophotometry indicated a
good relationship (R2= 0.91; RMSE = 33.5%; Fig. 5). 

Examining the seasonal variation in Chl-a for the three
lakes it is apparent that the timing and growth dynamics
of increases are influenced by rainfall events (Fig. 6). The
influence of the first event centred on the 4th of February
2019 can be seen to increase the conductivity successively
downstream from Rivalta to Middle Lake to Masetti dam
buoys. An almost immediate increase in Chl-a was ob-

served in Rivalta while, after two weeks, higher concen-
trations were observed first in Masetti dam and then Mid-
dle Lake, despite Masetti dam being further downstream.
Another bloom event was observed in Middle and Inferior
lakes during September and October 2019, the onset of
which appeared to coincide with high rainfall in the first
week of September. No Chl-a increase was noted in Ri-
valta at this time and concentrations were low for much
of the year after spring in this flow dominated site. The
Chl-a pattern appeared more dynamic for Middle Lake
with higher variation noted than for other sites. Tempera-
ture in Rivalta was higher in autumn-winter than the other
sites but colder than the lake sites in spring and summer.
Smaller scale variations in temperature, typically declines,
coincided with rainfall events. 

In order to further understand the factors influencing the
dynamics of Chl-a in the Mantua lakes system we examined
the high frequency data from the Rivalta, Middle Lake and
Masetti dam sensors using Nonparametric Multiplicative
Regression (NPMR) (Tab. 2). The models had an xR2 rang-
ing from 0.75 to 0.85 and included DOY, antecedent rain
for seven days or daily rain and the lake temperature. How-
ever, in the models for Rivalta and Middle Lake the an-
tecedent rain was interchangeable with water temperature
with no loss of performance (xR2). The sensitivity value pro-
vides an indication of the importance of the variables in the
models. The DOY had the highest sensitivity value (1.056
to 0.456) with the exception of the model for Masetti dam
where lake temperature was higher (0.579).

DISCUSSION

The integration of Sentinel-2 satellite data at medium-
high spatial-temporal resolution with high-frequency con-
tinuous data allowed the assessment of the phytoplankton
biomass at short (hourly/daily) and medium-term
(seasonal/interannual) resolution. In addition, it also enabled
assessment of the spatial heterogeneity together with the
seasonal and annual variation of the trophic-state of the shal-
low fluvial-lake system affected by cultural eutrophication
and anthropic impacts in the climate change scenario. 

The first important result of this work is the good
agreement between Chl-a concentration retrieved by satel-
lite and in situ fluorimetric data (R2=0.94). Both datasets
were also validated with Chl-a determined by spectropho-

Tab. 2. Results of NPMR (Nonparametric Multiplicative Regression) models for daily Chl-a for 2019.  

Lake                              xR²       Ave. size     Var.1         Sen.          Tol.          Var.2         Sen.          Tol.          Var.3         Sen.          Tol.             p

Rivalta                           0.84          20.2         DOY        0.528         18.2       rain7day      0.065          9.0                                                             ≤0.05
Middle Lake                  0.75          20.2         DOY        1.056         18.2       rain7day      0.119          9.0                                                             ≤0.05
Masetti dam                  0.85          19.0         DOY        0.456         18.2        LSWT       0.579          1.3            rain         0.007         15.7         ≤0.05
xR2, cross-validated R2; Ave. size, average neighbourhood size; Tol., tolerance; Sen., sensitivity; LSWT, lake surface water temperature. 
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metric measurements. This comparison is an essential step
to allow the integration of these datasets in order to inves-
tigate phytoplankton dynamics at different spatial (from

points to whole lake) and temporal (from sub-hourly to
season) scales to expand our knowledge on complex shal-
low aquatic ecosystems (Huang et al., 2015). 

Fig. 4. Maps of Chl-a concentration mean (a), coefficient of variation (CV) (b), minimum (Min) (c), and maximum (Max) (d) of the 24
images acquired between March and September of the study period in Mantua Lakes.

Fig. 5. Scatter plot of Chl-a concentration data measured by the fluorimeter of the multi-probes and in situ water samples analysed in
laboratory via spectrophotometric technique. 
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The conventional monitoring dataset of ARPA Lom-
bardy showed that generally the Mantua Lakes are char-
acterized by nutrient rich, turbid and highly productive
waters with seasonal variation of ammonium, orthophos-
phate and reactive silica probably coupled with the phy-
toplankton phenology of different species. In accordance
with this monitoring data, the results of the work confirm
the persistence of the high trophic state (hypertrophic
class) of this shallow fluvial-lake system on an annual
basis and in all seasons, except in winter months (eu-
trophic class). These results are in agreement with the data
reported in previous work on the same study area (Bol-
pagni et al., 2014; Pinardi et al., 2018). The spatial vari-
ation is important in this small shallow system, which is
highly heterogeneous with an increase of Chl-a concen-
tration moving from the more fluvial portion to the lentic
downstream portion of the system. This river-to-lake gra-

dient in Chl-a concentration differs, for example, from the
findings of Gillett et al., (2015) in a small drowned-river
mouth lake in the USA. They expected a phytoplankton
spatial distribution reflecting the presence of three hydro-
logic zones, however no spatial patterns were evident in
terms of phytoplankton biovolume and composition
which can probably be explained by the small lake area
and the horizontally well-mixed waters, due to low reten-
tion time (1-4 months) and water discharge. In Mantua
Lakes the water residence time is even less (from few
days up to 1 month), but the basins are closer to lentic wa-
ters (few cm s–1), favouring phytoplankton growth and ac-
cumulation and therefore a heterogeneous pattern.

Focusing on the period of major productivity of the
phytoplankton (March-September), the coefficient of vari-
ation of Chl-a concentration increased up to 70% in the
Superior Lake and in particular in the lotic portion of this

Fig. 6. Results from the multiparameter probe for 2019 for Rivalta, Middle Lake and Masetti dam stations for Chl-a, conductivity, lake
water temperature and the sum of seven day antecedent rainfall. Vasarina had excessive data gaps and is not presented.
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sub-basin, where the magnitude of the variation of Chl-a
was highest. The maximum Chl-a concentration map pro-
duced highlighted the portion of the lakes where the phy-
toplankton blooms were more intense, which is very
useful in terms of monitoring both for the choice of a
proper site for in situ sampling and subsequent identifi-
cation of algal species (e.g., cyanobacteria) and for even-
tually developing an early warning system. This system
could include a combination of critical parameters such
as phytoplankton abundance, water renewal time, oxygen
concentration, water temperatures, that under or over a
given threshold can promote hypoxia or anoxia events in
large portions of the lake and the collapse of the ecosys-
tem, as reported for example in Pinardi et al. (2011) for
the Middle Lake. In addition, such systems can be used
to inform the public of blooms and update lake shore sig-
nage regarding precautions needed. In the eastern portion
of the Superior Lake close to the biggest macrophyte
stand and upstream of the Vasarina dam is clearly an area
with the highest value of Chl-a (Fig. 4). These findings
confirm the results reported with a more limited dataset
by Pinardi et al. (2015) and Bresciani et al. (2017), sug-
gesting that Chl-a distribution is probably due to the com-
bined effects of water hydrodynamics, water discharge
and wind speed. In fact, the area with the highest values
is characterized by water stagnation which can favour
phytoplankton blooms and accumulation in nutrient rich
waters. Extending previous finding for the Superior Lake
to the Middle and Inferior lakes we can speculate that
probably water circulation is not homogeneous in each
sub-basin, but it can be influenced by lake morphology
and by the presence of floating-leaved or emergent macro-
phyte stands, that are an obstacle to water circulation (i.e.,
in the Superior and Middle Lake). More robust conclu-
sions can be formulated when a hydrodynamic model is
computed also for the Middle and Inferior lakes. More-
over, it is acknowledged that phytoplankton composition
and abundance is shaped by the presence of macrophytes
as they influence and regulate water quality because of
their effects on allelopathy, nutrient competition, shading
and hypoxic/anoxic conditions (Izaguirre et al., 2010;
Naselli-Flores and Barone, 2012). As an example,
Avigliano et al. (2014) suggested that water depth and de-
velopment of macrophytes are the key factors in shaping
phytoplankton structure in a warm-temperate wetland
characterized by drought/flood periods. 

Our results shown the great advantages of using re-
mote sensing data in terms of spatial (coverage of the
whole lake system simultaneously, with a high number of
pixels that each add up to give a large number of data ex-
tracted) and temporal (i.e., 27 maps in this study) scales,
allowing assessments of data accuracy and uncertainty
both in Chl-a concentration and trophic status classifica-
tion. On the other hand, a limit of this technique is that it

is related to the upper euphotic layers of the water, instead
the in situ Chl-a data collected during the routine opera-
tional monitoring by ARPA is integrated along the depth
of the water column from 0.5 to 2 m in the Mantua Lakes,
but this latter approach is independent from the water
transparency that varies seasonally. A low frequency and
point resolution dataset can be less robust and less repre-
sentative of the quality status of a complex and heteroge-
neous aquatic ecosystem, such as the Mantua Lakes, as
found for the period analysed in the underestimation of
the annual trophic-status using the ARPA dataset com-
pared to the satellite-based classification (see Fig. 2 in
Supplementary material 3).

Examining the Chl-a data for the high frequency
buoys revealed two main bloom events in the lake in the
spring and late summer of 2019 the timing and intensity
of which was likely controlled by precipitation events.
The increase in conductivity and Chl-a was almost imme-
diate in the uppermost site Rivalta with a delay of about
two weeks for a response to be noted in the lower lakes,
at Middle Lake and Masetti dam sites. While this is in-
dicative of the time needed for a nutrient pulse to move
through the system in spring it also shows the benefits of
positioning a sensor in the upper part of a chain of lakes
to allow for forewarning and the planning of management
actions in response to bloom events. The importance of
precipitation was supported by its inclusion in NPMR
analysis for all three sites although the influence of sea-
sonality as accounted for by the inclusion of the DOY
variable was usually the most important factor as indi-
cated by sensitivity values. Temperature was also inter-
changeable with precipitation in the models probably as
a result of it also reflecting seasonality but also because
of the fact that rainfall events were typically accompanied
by a drop in temperature. It therefore may act as a proxy
for seasonality and influx. Apart from the different sea-
sonal timings, generally the Chl-a concentrations were
similar between Middle Lake and Masetti dam despite
lake chains being effective nutrient retention sinks, as ev-
idenced by the decline in annual median phosphate con-
centrations through the system (Stewart et al., 1976;
Arheimer and Brandt, 1998). The influence of nutrient re-
tention and its visibility in reduced Chl-a concentrations
is likely dependent on scale, both spatial and temporal,
water retention time (short for these lakes), and connec-
tivity between lakes. Although, Pinardi et al., (2011)
measured a net annual export of Chl-a loads (relative to
Middle Lake) to the Inferior Lake, as a result of phyto-
plankton growth owing to high N and P availability which
is converted into particulate forms (as particulate N and
P were highly correlated with Chl-a concentration, and N
and P dissolved forms decreased). 

Comparing the results of the buoys for Middle and In-
ferior lakes (Masetti dam) (Fig. 6) with the satellite im-
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ages (Fig. 1 in Supplementary material 3) we can see that
the bloom observed by the buoys was visible on the 8th of
March 2019, providing vital supplementary information
on phytoplankton spatial distribution. Even if the reason
is unclear as to why the spring bloom occurred earlier in
Inferior Lake rather than in the upstream Middle Lake.
Both lakes have a mean depth of 3 m, possible explana-
tions are that there could be a larger population of zoo-
plankton in Middle Lake reducing bloom growth or
localized nutrient input to Inferior Lake promoting growth
although data are lacking to support this. For example,
Bowes et al. (2016) reported that a possible explanation
for the absence of or reduced phytoplankton blooms de-
spite favourable conditions may be the high water tem-
perature that can inhibit phytoplankton groups and
stimulate filter feeders and zooplankton grazing, or in-
creasing viral lysis rates. 

An intense episode of precipitation in the middle of No-
vember 2019 resulted in extremely high nutrient and sus-
pended solid concentrations in the Mantua Lakes water, but
low phytoplankton biomass, probably due to the physical
disturbance of water and less favourable weather conditions
for algal growth. Extreme rainfall may disturb physically
the water column (Jones and Elliott, 2007), and can favour
the runoff and pulse of dissolved and particulate nutrients
and organic matter from the catchment to the rivers and
lakes (Weyhenmeyer et al., 2004; Wantzen et al., 2008).
These effects can be amplified by flood events. The re-
sponses of the biotic compartment to these episodic
changes can be complex, heterogeneous and from short to
intermediate in duration (Paidere et al., 2007), and can in-
volve variation in the bacterial and phytoplankton commu-
nity structure and productivity with consequence on the
lake metabolism (Jennings et al., 2012).

Extreme weather events are typically unpredictable and
limited in duration, and therefore routine monitoring usu-
ally misses the biotic and abiotic responses to these events
which are now more recurrent and important in the projec-
tion of future extreme weather conditions (Jennings et al.,
2012). In this scenario, projections of increased warming,
increase in extreme events occurrence, changes in fre-

quency and severity of storms have already been reported,
while major uncertainty is related to precipitation, and wind
speed future projection (Beniston et al., 2007; Samuelsson,
2010). However, the consequences of these changes will
depend on the climate change direction at a given position
and on lake and watershed characteristics and resilience ca-
pacity (Staehr and Sand-Jensen, 2006, 2007).

Generally speaking, there is probably no ideal single
approach to monitoring lake systems and it is necessary
to combine several approaches and sources of informa-
tion. Essential to this is the cross-validation of products
as done here to ensure confidence in data sources. Tab. 3
attempts to summarize the main events in a shallow lake
system like Mantua and indicate where each monitoring
approach contributes most. For example, high frequency
probes are ideal for assessing short term dynamics and as-
sessing the duration of blooms, whereas bloom spatial ex-
tent can best be addressed through EO approaches. In
contrast, field sampling is essential to understand the nu-
trient dynamics driving the system, while for management
and planning it is essential to incorporate information
from all these sources. In accordance with Carvalho et al.
(2019), combining these approaches would be a step for-
ward in delivering the improvements in temporal and spa-
tial resolution identified by researchers and river basin
managers as a developmental need of Europe’s Water
Framework Directive. In addition, monitoring an entire
system of lakes in this manner has the benefit of applying
a holistic approach for the evaluation of the trophic status
essential for effective management rather that overfocus-
ing on the detail of complex assessments, a criticism lev-
elled at the WFD (Voulvoulis et al., 2017).

CONCLUSIONS 

In the present global context, water managers have a
challenging role to mitigate and control cultural eutrophi-
cation processes, often exacerbated by climate change ef-
fects. The understanding of the complex relationship at
different spatio-temporal scales between biological (i.e.,

Tab. 3. Table of events and knowledge contribution from the different data sources. Presence and relative size of dots indicates attributed
importance. 

Events                                                  Earth observation        High frequency probes         Field sampling chemistry       Weather station

Rainfall event                                                                                               •                                                •                                         •
Nutrient loading and dynamics                                                                    •                                               •                                         •
Spring bloom duration                                        •                                         •                                                •                                          
Spring bloom extent                                            •                                                                                                                                  
Late summer bloom duration                              •                                         •                                                •                                          
Late summer bloom extent                                 •                                                                                                                                  
Subsequent management and planning               •                                        •                                               •
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phytoplankton abundance) and physico-chemical factors in
aquatic ecosystems is still a key research issue. In this con-
text, this research represents a pilot case study of daily and
seasonal phytoplankton biomass trends analysis by inte-
grating high frequency in situ data (i.e., multiprobes
mounted on buoys) located upstream and downstream
along a water system, using the new generation of Sentinel-
2 MSI images to retrieve spatio-temporal distribution of
Chl-a concentration, for a multi-annual period. Mapping of
the seasonal and spatial variation of Chl-a concentration
gave insights into the intra-lake heterogeneity, identifying
zones with higher variability and susceptibility to environ-
mental factors and thus improving strategies for water re-
source management and planning of monitoring programs.
NPMR analysis on high-frequency data allowed the iden-
tification of rainfall events as a principal driver in the timing
and growth dynamics of phytoplankton, especially for
spring and late summer blooms. 

Progress in sensor technology allowed the collection
of high-frequency and spatially distributed data with the
opportunity to better understand and monitor key ecolog-
ical variables, such as Chl-a, and their rapid changes at
temporal scales not possible with manual field measure-
ments. In addition, water temperature, another key param-
eter for aquatic environments, which is also part of in situ
measurements of this study, can be retrieved with the use
of thermal remote sensing, for example with Landsat
satellite series, although with a less frequent revisit time
and lower spatial resolution than Sentinel-2, they actually
provide valuable data for medium-small size lakes (e.g.,
Sharaf et al., 2019).

Combining high resolution spatial and temporal data
improves the understanding of complex fluvial-lake sys-
tems. In this context, the availability of data from local,
regional and global scales across a network of sites and
utilizing remote sensing data, will allow comparative
analysis and will be increasingly important due to the
global nature of many current pressures, of both tempo-
rary or permanent nature on aquatic ecosystems. This in-
tegrated approach can allow water managers to have
near-real time water quality data fundamental in guiding
accurate and efficient management actions in aquatic
ecosystem of high nature value. 
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