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Abstract: Monitoring inland waters is of critical importance for the effective and sustainable
management of water resources, especially under climate change scenarios. This paper
introduces a satellite-based approach for river monitoring using optical multispectral data.
Time series of percentage water content, derived by the normalized difference water index
(NDWI) calculated for each satellite acquisition, are aggregated at monthly timesteps to
generate monthly water frequencies. Then, the river dynamics are evaluated by comparing
each month with the previous one and with the average conditions of the same month in
previous years. The ability of the method to investigate hydromorphological processes
over time is demonstrated with the case study of the record-breaking Po River shrinking
due to the severe 2022 drought in northern Italy, through the analysis of Copernicus
Sentinel-2 satellite acquisitions. Earth observation data analysis is complemented with
metrics generated from in situ river discharge measurements, including the coefficient
of variation and the Streamflow Drought Index (SDI), to provide a more comprehensive
understanding of the severity and variability of the hydrological drought throughout
the year 2022. The findings demonstrate the satellite-based observation capabilities in
monitoring surface waters, thereby stimulating the development of operational services
like hydromorphological assessment.

Keywords: river shrinking; hydromorphology; percentage water content; drought;
hydrological extremes; warming climate; Sentinel-2

1. Introduction
Rivers are dynamic systems where abiotic and biotic elements interact across spatial

and temporal scales [1]. They are fundamental in the global hydrological cycle and are
crucial in providing essential goods and services to human society and ecosystems [2].
However, many rivers worldwide are heavily impacted by anthropogenic pressures, popu-
lation growth, and climate change, leading to significant alterations in channel patterns
and hydrology [3,4]. These alterations often result in a reduction in freshwater quality
and quantity, further driven by extreme events. In Europe, projections suggest increased
seasonality of river discharge and more intense summer droughts and heat waves, affecting
the kinetics of solute, pollutant, and oxygen dissolution and precipitation, which in turn
may degrade water quality and disrupt plant and fish habitats [5]. Variations in discharge
also impact fluvial dynamics and sediment transport, impairing vegetation growth and
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influencing meander development and channel parameters (slope, width, depth, etc.),
thereby modifying the morphology of river systems [6]. Therefore, quantifying the spatio-
temporal variation in surface water bodies and monitoring hydromorphological processes
are essential to understand river changes induced by climate change and human activity,
and to manage the current and future water resources and land use, supporting effective
biodiversity conservation and climate adaptation strategies [7,8].

Traditionally, river monitoring techniques have involved in situ observations and
measurements, which are labor-intensive, costly, and often lack a uniform spatial distri-
bution of measurement stations (e.g., gauges). Effective integrated river management
requires methodologies that exploit near-real-time data over wide geographic areas for
both long and short-term intervention planning, especially with the increasing frequency
and intensity of extreme events (like floods and droughts) caused by climate change [9].
Consequently, there has been a shift to explore new and cost-effective approaches for
targeted monitoring over longer periods, with more detailed explicit spatial information
over large geographic areas. Satellite remote sensing has emerged as a promising solution
for detecting surface waterbodies and delineating their changes [2,10], which is the most
widely used technique to date for the morphological assessment of rivers [1]. Recent
advances in approaches to remote sensing data analysis address the need for a global
understanding of the physical river hydromorphological processes [11]. Satellite imagery
has been used to monitor drought impacts on surface water resources in specific regions,
enabling improved water resource management, drought detection, and preparedness
efforts in resource-limited environments [12].

The implementation of the EU Water Framework Directive, which mandates the clas-
sification of water bodies’ hydrological and morphological conditions, has stimulated the
development of new cross-disciplinary methods [13,14]. For example, satellite remote sens-
ing data are integrated with numerical models to fill gaps when data series are incomplete,
generating indices and maps that facilitate the characterization of rivers in response to
natural or anthropogenic pressures and climate change [14]. Recent years have seen an
increase in inland water Earth observation products, which provide valuable information
at the global level, including remote and hazardous areas [15]. Indeed, numerous na-
tional and international initiatives, such as the International Precipitation Working Group
(IPWG), NASA Energy and Water Cycle Study (NEWS), European Union Water and Global
Change (WATCH), the Global Energy and Water Exchanges (GEWEX 2018) initiative, the
EU Copernicus Programme, the Copernicus Italian IRIDE program (part of the Copernicus
Mirror Programme), have been developed over the years to improve the hydromorpho-
logical monitoring [16,17]. Italian National Institute for Environmental Protection and
Research (ISPRA) developed the IDRAIM methodology based on an integration of remote
sensing, GIS, and field surveys for the hydromorphological quality assessment of Italian
streams [18].

Mapping surface water bodies from remote sensing data includes several approaches
suitable for different specific objectives, scales (local, regional, or global), and sensor char-
acteristics [19–21]. Methodologies to detect water pixels from synthetic aperture radar
and optical imagery include supervised and unsupervised classification [22], water in-
dex thresholding [23], object segmentation [24], spectral mixture analysis (SMA) [20,25],
multidimensional hierarchical clustering [21], and deep learning [26]. A wide number of
supervised machine learning models used for water mapping are available in the litera-
ture, including methods like decision trees [27], support vector machines [28], random
forests [29], multilayer perceptron [30], and convolutional neural networks [31].

Detecting water from optical imagery is more straightforward than using synthetic
aperture radar, although the latter has the advantage that it is not affected by cloud or
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weather conditions and can detect water through a thin canopy. For automatic water
detection, the most commonly used methodologies include pre-trained machine learning
algorithms, while the majority of developed methods rely on thresholding in one or more
spectral bands or water-related spectral indices [26]. While supervised machine learning
models are preferable over thresholding for accurate results, they might not be the best
option when multiple sites at a global scale are addressed [32]. This is due to different
water constituents (sediments, organic dissolved matter, and chlorophyll) and atmospheric
conditions at different sites, other than their dependency on the training data [21].

Remote sensing optical multispectral imagery at high and very-high spatial resolution,
acquired with high revisit frequency, has great potential for monitoring small surface
water bodies and water dynamics [10]. Water, vegetation, and bare ground represent
the most common cover types of Earth’s surface, reflecting solar radiation differently
in various wavelengths. Water only reflects in the visible spectral wavelengths and has
almost no reflection in the near-infrared range, making it very distinct from other surfaces.
Water pixels will, therefore, be clearly detected from low reflectance values in the near-
infrared range. Various spectral indices, such as normalized difference water index (NDWI),
modified NDWI (MNDWI), multispectral water index (WuWI), automated water extraction
index (AWEI), normalized difference moisture index (NDMI), and simple water index (SWI)
have been designed to classify water pixels from remote sensing optical multispectral data.

Although remote sensing provides a comprehensive database for hydrological moni-
toring, the utilization of satellite images necessitates the input of specialist expertise and a
specific analytical approach (e.g., GIS analysis and data processing), in addition to high
spatial and temporal resolution [14]. Moreover, integrating near-real-time observation with
hydrological and meteorological models enables the description of hydromorphological
dynamics, weather-climate-induced variations, and permanent transformations associated
with extreme events [10].

The majority of developed methods rely on thresholding in one or more spectral
bands or water-related spectral indices [26] to identify water pixels. The pixel classification
approach, however, does not take into account the gradient of water coverage in the
subpixel, reducing the percentage of water content in the pixel to a water/non-water pixel.
Keeping the information about percentage water content (PWC) in pixels is a requirement
for a more detailed quantitative assessment of hydromorphological processes at the metric
scale when working on data with a spatial resolution of a few meters. In fact, during a
drought, the variation in flow rate shows a reduction in riverbed width, which results
in a gradually decreasing PWC in riverbank pixels due to changes in the proportions of
subpixel water and non-water components. Another advantageous feature is the possibility
of using virtual constellations of satellites to increase the temporal revisit and consequently
increase the monitoring capacity [33]. In recent years, the availability of a wide number of
small satellites mounting low-cost optical multispectral sensors, even if equipped with a
spectral configuration, not including some radiometric intervals, opened the way to the
characterization of slightly wide or highly branched riverbeds.

For these reasons, the objective of this study is to present a simple but effective and
portable approach for the monitoring of river hydromorphology through remote sensing
time series analysis. Simple, because it makes use of a fuzzy transform function on a single
spectral index; effective, because it takes into account the gradient of water cover, expressed
as the percentage of water content in the pixel, and exploits dense time series; and portable,
because the selected spectral index is calculated on the spectral bands available in most
multispectral optical sensors. It is based on the extraction of PWC from satellite optical data
and the use of relative metrics, which can be applied to a variety of high and very-high-
resolution optical multispectral sensors and different geographic sites. The effectiveness of
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the methodology is demonstrated in the case study of the Po River shrinking during the
record-breaking drought of year 2022, through the use of open-access Copernicus Sentinel-2
satellite data.

2. Materials and Methods
2.1. Study Area

The Po River, the longest river in Italy, flows for approximately 652 km from the
Monviso mountain in the Cottian Alps, to its delta in the Adriatic Sea. The Po basin covers
approximately 74,000 km2, counting 141 main tributaries and 31,000 km of natural and
artificial channels, crossing seven Italian regions and a diverse range of geomorphological
features, including mountains, hills, and plains [34]. According to the hydrometer located
in Pontelagoscuro, considered as a reference for the Po River watershed [35], during the
period 1923–2006 the mean recorded annual discharge was 1500 m3/s, with a maximum ob-
served peak flow of 10,300 m3/s in 1951 and a minimum observed flow of 168 m3/s in July
2006 [34,36]. The Po River hydrology is characterized by a mixed regime: Alps mountain
streams are dominated by snowmelt, with seasonal peak flows in spring and early summer;
the Apennine streams are dominated by rainfall, showing a minimum seasonal flow during
the summer. The hydrological behavior is influenced by various tributaries, such as the
Dora Baltea, Ticino, and Adda rivers, which play crucial roles in sustaining its flow and
impacting its overall water balance [35,37]. Po River watershed represents one of the most
densely populated, cultivated, and highly developed areas in Europe, which results in high
water demand for many purposes including irrigation, hydro-power production, and civil
and industrial uses [34,35]. As a result of the intense human activity, the morphology and
the hydrology of the River Po have been significantly modified over time. Historically, the
river had irregular, meandering channels formed by natural processes, with discontinuous
embankments and minimal bank protection. However, extensive land use changes have
led to the artificial straightening of its channels [36]. Agriculture dominates land use in the
Po basin, contributing to 46% of Italy’s total agricultural production [35]. To support this,
an extensive network of artificial canals has been developed for irrigation. Currently, 80%
of the irrigation water is withdrawn from surface water sources, amounting to approxi-
mately 16.5 billion m3 per year, while the remaining 20% is extracted from aquifers [38].
Additionally, nearly 5 billion m3 per year are withdrawn for industrial and civil uses. These
water extractions, combined with evapotranspiration, significantly reduce available water,
resulting in only about 60% of the total annual inflow being converted into discharge [36].

Climate change has intensified these challenges. Rising temperatures and decreasing
precipitation have led to increased dryness, reducing surface runoff and intensifying
seasonal flow variability. The combined effects of long-term water resource exploitation
and climate change have made this region particularly vulnerable to both floods and
droughts, placing growing pressure on all economic activities [39].

Furthermore, from an ecological perspective, the delta of the Po River is one of the
most significant in the Mediterranean Sea for its substantial biodiversity, with the presence
of 460 vertebrates and more than 1000 plant species [34,40]. However, increasing hydrologi-
cal instability threatens this ecosystem, jeopardizing habitats and species dependent on the
river’s natural dynamics. As a result, a robust monitoring system and sustainable manage-
ment strategies are urgently needed to protect the Po River ecosystem and prevent conflicts
over water resource access, ultimately fostering long-term resilience and sustainability [39].

Figure 1 shows the study area, which encompasses the Po River from the city of Turin
(about 535 km from the river mouth) to the delta on the Adriatic Sea.
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Figure 1. Study area. The orange rectangles represent the extent of the 5 satellite image tiles used
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The focus areas extent are represented by the green rectangles. The location of the Pontelagoscuro
hydrometer is represented by a black triangle.

In 2022, Europe experienced a severe meteorological drought, characterized by record-
low precipitations and high temperatures. This led to an intensified hydrological drought,
endangering the security of water resources and the stability of riverine ecosystems. In
northern Italy, the Po River discharge was significantly reduced by the drought, which
severely impacted the agricultural and energy sectors. The reduction in the water available
for irrigation, the seawater intrusion, and the low flows affected food and energy production
throughout the year [35,41]. The mean flow during this period was about 30% lower than
the second-lowest flow recorded in the past two centuries, observed in the summer of
2006 [38].

According to the 2023 ISPRA National Hydrological Balance Report, the Po River
watershed experienced a 36% precipitation deficit, with 650.2 mm in 2022, compared with
the long-term average annual precipitation of 1015.7 mm [38,42]. Additionally, warmer
temperatures induced a decline in snow precipitation with a consequent reduction in
snowmelt contribution to the annual stream flow. The increase in temperature also re-
sulted in enhanced evapotranspiration, which amplified the runoff deficit and shifted
the timing of spring river flow. This led to an anticipated higher water demand, particu-
larly for irrigation [9,38]. These factors collectively reduced the average flow rate of many
rivers, leading to the record-breaking drought event selected in this study for testing the
effectiveness of the proposed methodology.

2.2. Discharge Analysis

The level of the Po River has been gauged at various stations since the beginning
of the 19th century. In this study, the daily flow dataset from 1961 to 2023 measured by
the Pontelagoscuro hydrometer (located 83 km from the river mouth, see Figure 1) has
been analyzed. Po River discharge data were collected from https://simc.arpae.it/dext3r/
(accessed on 11 September 2024). The average monthly runoff was calculated for each year,
and then two different indices were quantified on a monthly basis to detect anomalies in Po
River runoff: the coefficient of variation (CV) and the Streamflow Drought Index (SDI) [43].

https://simc.arpae.it/dext3r/
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For each month, CV was calculated to assess the variability of river discharge during
the considered year according to Equation (1).

CVt =
σt

µt
(1)

where t is the considered year, σt is the standard deviation of the considered year, and µt is
the average discharge of the considered year.

SDI was computed using the same approach as the Standardized Precipitation Index
(SPI), which is commonly used for the detection of meteorological droughts [44]. SDI,
defined in terms of discharge, was calculated for the period from 1961 to 2022 to quantify
the intensity and duration of the hydrological drought by comparing runoff anomalies to
historical averages. For each month, the discharge data were fitted to a long-term reference
period (1961–2021) to determine the mean and standard deviation. These values were then
used to standardize the discharge (Equation (2)), resulting in monthly SDI values.

SDIt =
(

Xi,t − µi(t0,t−1)

)
/σi,(t0,t−1)

(2)

where Xi,t is the mean monthly discharge over the considered year t, and µi(t0,t−1)
and σi,(t0,t−1)

are, respectively, the monthly discharge average and the monthly standard deviation of a
multi-year time series, corresponding to the reference period. The SDI values were then
used to classify the wet and drought periods according to Table 1 [43]. A positive SDI value
typically outlines conditions that are wetter than average, whereas values around zero indicate
conditions that are at the median level. Conversely, negative SDI values are indicative of
drier-than-average conditions [43,44].

Table 1. Classification of wet and drought period according to SDI.

SDI Category

SDI ≥ 2 Extremely wet
1.5 ≤ SDI < 2 Severely wet
1 ≤ SDI < 1.5 Moderately wet
0 < SDI < 1 Mildly wet
−1 ≤ SDI < 0 Mild drought

−1.5 ≤ SDI < −1 Moderate drought
−2 ≤ SDI < 1.5 Severe drought

SDI < −2 Extreme drought

Considering the analyzed case study and the available discharge dataset, the following
time periods were used to calculate CV and SDI: t = 2022; t−1 = 2021; and t0 = 1961.

2.3. Remote Sensing Data Processing

Time series of the satellite imagery acquired by MultiSpectral Instrument (MSI) on-
board Copernicus Sentinel-2 satellites constellation, consisting of a set of 13 spectral bands
in the visible, near-infrared, and short-wave infrared radiometric intervals at 10, 20, and
60 m spatial resolution, were collected and analyzed. Specifically, all the Sentinel-2 MSI
satellite acquisitions processed at level L2A for the period 2016–2023 with cloud cover
lower than 90% were collected for the entire study area, for a total of around 2700 images
distributed in 5 tiles (Figure 1).

For each satellite acquisition dataset, the provided raster masks corresponding to
clouds, cloud shadows, and snow were used to identify and remove bad pixels from further
analysis. Normalized difference water index (NDWI) was calculated from masked surface
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reflectance spectral bands in the green (B3) and near-infrared (nir) spectral intervals (B8) at
10 m spatial resolution according to Equation (3) [45].

NDWI = (green − nir)/(green + nir) (3)

Percentage water content (PWC) in each pixel was calculated from NDWI using a
fuzzy transform with the following rules: PWC = 0 for NDWI ≤ 0; PWC = 1000.0 × NDWI
for NDWI > 0 and NDWI ≤ 1; PWC = 100 for NDWI > 1. Thresholds were identified by
expert operators’ visual inspection on 250 NDWI transects perpendicular to riverbanks.

S2SDB Database [46], freely accessible from the open access data repository available
at link https://github.com/ffilipponi/S2SDB (accessed on 11 September 2024), generated
using of AROSICS algorithm [47] for operational image co-registration, was used to spa-
tially co-register PWC time series, in order to deal with weak spatial coherence of Sentinel-2
MSI time series [48]. Co-registered PWC time series were stacked in large multidimensional
datacubes, one for each Sentinel-2 granule, and spatially sub-set to the study area.

Monthly water frequency (MWF) was calculated as the monthly average of PWC for
a total of 96 months in the period 2016–2023. River shrinking analysis was based on the
monthly water frequency anomaly (MWFA), which is the difference of each month from
the average values of the same month calculated from a multi-year time series, and the
difference from the previous month (DPM), calculated as the difference between MWF
and the MWF of the previous month. MWFAs were calculated for the years 2021–2023
with respect to the monthly climatology, identified in the previous period 2016–2020.
Furthermore, overall water frequency (OWF), which is the average water frequency, was
calculated for the entire considered period 2016–2023.

The MWFs of June, July, August, and September of a given year were compared against
all the remaining years by means of t-tests (e.g., July 2022 MWF was tested against July
MWFs of the remaining years). The analysis was conducted for each 1 km slice separately
(n = 479). For each month and year, the number of significant t-tests (p < 0.05), under the
alternative hypothesis that the MWF of the given year was lower than that of the remaining
years, was computed.

The boundary area potentially subjected to a 200 yr return period flood is referred to as
“Fascia A” and represents an administrative layer for the Po Basin Authority (data available
at https://webgis.adbpo.it/catalogue/#/map/1664 (accessed on 24 July 2024). Within this
area, the spatial domain of the analysis was determined based on OWF for the complete
time series (2016–2023). Pixels with an OWF higher than or equal to 5% were considered as
belonging to the riverbed under normal conditions. The 5% mask was then polygonized,
and holes were filled in a GIS environment. The resulting polygon was cut into 1 km long
slices, and for each slice the mean of all OWF pixel values was calculated, resulting in a
time series of spatially averaged OWF for each slice. The coefficient of variation of the
OWF (CVOWF) was calculated as:

CVOWF = σ2
OWF/µOWF (4)

where σ2
OWF is the variance of overall water frequency and µOWF is the average of overall

water frequency. To reduce the noise of CVOWF data, the analysis was performed on a 10
km moving average along the distance from the river mouth.

Figure 2 presents a summary of the main phases of the pre- and post-processing of
satellite data applied to monitor river shrinking.

https://github.com/ffilipponi/S2SDB
https://webgis.adbpo.it/catalogue/#/map/1664
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Figure 2. Data processing flowchart showing the main steps followed to analyze Sentinel-2 MSI data
for detecting anomalies in water frequency.

Two focus areas along the Po River were selected for presenting the key results of
this study based on the following: the intensity of the anomalies (MWFAs) observed (as
high-intensity anomalies facilitate a more comprehensive understanding of the variation
and impact of the drought within the regions); the absence of artifacts, such as cloudiness
(essential for obtaining accurate and unobstructed observations, which in turn ensures
data quality and integrity); and, the existence of extensive riverbeds and breaching areas
(crucial for comprehending the dynamics of river flow and the interconnectivity of diverse
hydrological systems).



Remote Sens. 2025, 17, 1070 9 of 23

3. Results
3.1. River Discharge

According to the data provided by the hydrological station in Pontelagoscuro, Po
River’s mean flow in July 2022 was approximately 160.6 m3/s, significantly lower than the
2016–2021 average of 750.8 m3/s [49]. The July 2022 drought was part of a broader trend of
declining river flows, with a particularly pronounced summer decline.

The combined analysis of SDI and CV for the year 2022 demonstrates the intensity
and variability of the hydrological drought conditions observed throughout the year in the
entire Po River basin. Figure 3 shows how the SDI values remained negative throughout
the year, with the lowest values observed between June and July, indicating continuous
moderate to severe drought conditions from February to September. On an annual basis,
the comparison shows that 2022 has the lowest SDI value (−0.94) along the entire study
period (1961–2023), followed by 2007 (−0.66). While considering individual months of 2022,
the SDI values range between −0.67 in December (mild drought) and −1.6 in June (severe
drought). In addition, CV, represented by the size of the bubbles in Figure 3, was generally
higher in spring and summer (April to August), with a maximum in June, corresponding
to the most severe SDI anomalies. This indicates increased variability in hydrological
conditions, particularly river discharge, during the peak drought months. In contrast,
there was a continuous increase in SDI values towards the end of the year (September–
December), accompanied by a decline in CV, which points to an overall stabilization of
river discharge variability.
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Figure 3. Monthly SDI and CV (the latter represented by bubble size) calculated for Po River
discharge at the Pontelagoscuro hydrological station for the year 2022. See Table 1 for SDI values
classification (drought).

Figure 4 shows the SDI values calculated for the study period 1961–2023, referring to
the single month and the entire hydrological year. Negative values indicate dry periods,
ranging from 0 to −2 as mild to extreme drought. In addition to 2022 and 2007, already
mentioned, the years characterized by the lowest SDI annual values are 1990 (−0.60),
2005 (−0.55), 2006 (−0.56), 2017 (−0.62), and 2023 (−0.52), indicating that the frequency
of drought conditions has increased over the last decades. Notably, the year 2022 has
the lowest SDI, resulting in negative values during all the months and a minimum in
June. A similar situation can be observed for other years (e.g., 2005 or 2017), but in these
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cases, the mean monthly discharge is always higher than the corresponding discharge of
2022 (excluding November 2017). On the contrary, during the year 2023, characterized
by monthly discharge values even lower than 2022 from January to April, the discharge
notably increased over the last months of the year (above all in November, with discharge
higher than 2000 m3/s).
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Evidence suggests that the hydrological drought experienced in 2022 was not merely
a sporadic occurrence confined to the summer months; rather, it is indicative of a more
extensive and persistent decline in river discharge, reaching its peak during the June–July
window. Compared to 2022, past years with a similar trend of flow rate and low SDI annual
values, like 1990 or 2017, are characterized by higher monthly discharge values for almost
all the months.

3.2. Changes in Monthly Water Frequency

MWF in the June–September period of 2022 was significantly lower than in other years
on 71.4% of the analyzed area of the Po River (Table 2), whereas the remaining years show
proportions lower than 20%.

Table 2. Results of t-test analysis on MWF for the period June–September. For each year in the period
2016–2023, average number of slices where the MWF of the given year was found to be lower than
the average (p < 0.05), along with the % over the whole study area, are reported.

Year Number of 1 km Slices Proportion of the Entire Study Area (%)

2016 89 18.5
2017 66 13.7
2018 27 5.5
2019 21 4.3
2020 8 1.7
2021 32 6.7
2022 342 71.4
2023 61 12.7

Values in bold refers to the analyzed drought year 2022.

Figure 5 shows the significant reduction in the river width between July 2018 and
July 2022 in the focus area of Calendasco (located near Piacenza, 340 km from the river
mouth, 45 m a.s.l.). In 2022, the number of pixels with MWF equal to 100% is approximately
one order of magnitude lower than in 2018, associated with a corresponding decrease in
water-full pixels (>90% water content, Figure 5c). The anomaly against the 2016–2023 mean
(Figure 5d) also indicates a reduction in the water content in July 2022 compared to the
average of previous years, highlighting with a red color scale (i.e., negative PWC anomaly)
the areas where the riverbed has narrowed as a result of the reduced river flow due to
drought conditions.

Figure 6 shows the DPM during the period May 2022–October 2022 in Pontelagoscuro
(where the reference hydrometer is located, 83 km from the river mouth, 5 m a.s.l.), high-
lighting the shrinking during the period May–July, followed by a widening of the riverbed
as rainfall returned.

The MWFA against the 2016–2023 mean was further evaluated across space and time.
Figure 7 shows the spatio-temporal evolution of MWFA during the whole study period and
across the ~500 km of the Po River analyzed in this study. Across the temporal dimension,
the entire year 2022 results as a negative MWFA, while the spatial dimension shows areas
with almost no morphological changes as an effect of artificial elements on channel forms
and processes.

The wide range of river morphologies along the Po course resulted in markedly
different CVOWF (Figure 8), with values close to 10% in meander-rich areas and almost zero
in confined single-thread channels.
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MWF in July 2018 and July 2022. (d) Monthly water frequency anomalies (MWFAs) in July 2022.
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Figure 6. Pontelagoscuro focus area (green rectangle in the overview map). Difference from the
previous month (DPM) during the period May 2022–October 2022. (a) May 2022. (b) June 2022.
(c) July 2022. (d) August 2022. (e) September 2022. (f) October 2022.
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Figure 8. Spatial distribution of OWF for the three selected focus areas (green rectangles in the
overview map, with corresponding sub-figure letter). (a) Braided patterns. (b) Partially confined
channel forms. (c) Longitudinal lateral bars. (d) Coefficient of variation in monthly water frequency
(CVOWF, 10 km moving average) over the river course.

The OWF along the Po River has the capability to represent the diversity of geomorphic
units, showing braided patterns (Figure 8a), partially confined channel forms (Figure 8b),
and longitudinal lateral bars (Figure 8c).

The analysis of the MWF values highlights a higher variability for more dynamic
river areas, characterized by larger riverbeds and the presence of longitudinal bars, also
associated with higher CVOWF values.
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For example, the CVOWF calculated for the polygon about 1 km downstream of the
reference hydrometer in Pontelagoscuro (Figure 9a) is equal to 5.21%. The trend of the
MWF values over the period 2016–2023 for the area downstream of the Pontelagoscuro
hydrometer is shown in Figure 9b. A significant decrease in the MWF values during
summer 2022 is evident, as well as the relation of the MWF and monthly discharge, which
results in a dynamic morphology characterized by a partly confined channel and the
presence of a mid-channel bar.
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Figure 9. (a) Subdivision of the Po river area, in Pontelagoscuro (green rectangle in the overview
map), into slices (polygons in red color) of 1 km length: the location of the reference hydrometer
is indicated by a black triangle, while the selected polygon for the analysis of monthly water fre-
quencies is highlighted in yellow color. (b) The trend of monthly average discharge measured by
the Pontelagoscuro hydrometer and the trend of monthly water frequency (MWF) calculated for the
selected area over the period 2016–2023.
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Figure 10 shows OWF and July 2022 MWFA calculated for the last river stretch before
the confluence with the Po River of two tributaries: Trebbia River (originates from Apennine
mountains, flows into Po River 42 m a.s.l. approximately 320 km from the river mouth), and
Oglio River (originates from Alps mountains, flows into Po River 18 m a.s.l. approximately
183 km from the river mouth). For the considered stretches, OWF maps reveal a braided
pattern of Trebbia River and partially confined channel forms for Oglio River, while the
MWFA of July 2022 reveals the patterns of river shrinking, even at a channel width of about
20 m.
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Figure 10. (a) Overall water frequency (OWF) of Trebbia River tributary. (b) Monthly water frequency
anomaly (MWFA) during July 2022 of Trebbia River tributary. (c) Overall water frequency (OWF)
of Oglio River tributary. (d) Monthly water frequency anomaly (MWFA) during July 2022 of Oglio
River tributary.

4. Discussion
4.1. Proposed Methodological Approach

While a number of alternative methodologies for the classification of water, vegetation,
and sediments in riverine systems are available and commonly deployed, the proposed
approach specifically aims at quantitatively monitoring the river water component and
represents a novel contribution to the field, offering a reproducible, relatively user-friendly
solution that can be applied with diverse sensors and extended to any site. It relies on the
use of a simple spectral index, calculated from optical multispectral imagery, to generate a
PWC time series. NDWI spectral index is designed to maximize the reflectance of a water
body by using green wavelengths, minimize the low reflectance in the near-infrared of
water bodies, and take advantage of the high reflectance in the near-infrared of vegetation
and bare ground features. From the use of a random forest classification model to map
water bodies, NDWI resulted as one of the predictor variables exhibiting higher importance.
It could alone classify water pixels with an overall accuracy higher than 90%, comparable
to the one obtained by the random forest classification model [29]. The use of a short-wave
infrared spectral band in place of a near-infrared spectral band, in combination with the
green wavelength, can provide a more accurate detection of water bodies [50]. Nevertheless,
it has been demonstrated that using Sentinel-2 MSI, the NDWI spectral index could classify
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the water body better than the modified MNDWI, which is based on short-wave infrared
spectral bands [23,50]. A comparative analysis of normalized difference spectral indices to
map water surface is provided in [51].

The choice to select the NDWI spectral index, based on green and near-infrared
wavelengths, is motivated by the aim of maximizing the applicability of the proposed
procedure to a large number of remote sensing optical multispectral sensors. In fact,
spectral bands in the green and near-infrared radiometric ranges are typically available in
both high and very-high-resolution optical multispectral sensors, unlikely other radiometric
ranges such as short-wave infrared, making the methodology applicable to a wide number
of remote sensing datasets. In addition, green and near-infrared spectral bands, unlike
those in other radiometric ranges such as short-wave infrared and red-edge, are available
at higher spatial resolution in Sentinel-2 MSI satellite acquisitions.

When the percentage of water content in a pixel is lower than 100%, the water-related
spectral indices values show significant variations, which depend on the relative fractions
of bare ground and vegetation within the pixel [52]. Although this is a critical issue in the
classification of water bodies, it could be considered as relevant information in monitoring
hydromorphological conditions using time series. In fact, the use of a continuous variable
(PWC) instead of a discrete variable (classified pixel) can provide a more detailed quanti-
tative assessment of water cover within the pixel and consequently improve monitoring
over time. This particularly applies during periods of slow but high variability, like those
characterized by drought conditions. Among other existing data analysis techniques that
allow us to estimate fractional water in pixels, SMA is a good candidate. Nevertheless,
it does not represent a simple but effective method because it is computationally more
demanding, requires a minimum number of spectral bands to run, needs a sensor-specific
training set that makes it less easily portable to other sensors, and does not necessarily lead
to a better result than the use of a fuzzy transform function on NDWI values.

The use of a spatial co-registration algorithm should minimize the effect of spatial
misalignment of different acquisitions [46], which is critical when working on metric-scale
processes at a spatial resolution of a few meters, possibly reducing biases in the subsequent
processing steps for time series analysis. The use of percentiles to clean spurious pixels
allows us to remove neighboring cropland fields with very high soil moisture, which
may result in pixels with high PWC. Generally speaking, water content modifies the
spectral signature of soil targets, affecting mapping products also generated using many
other techniques.

The methodology presented here allows near-real-time monitoring at a meter scale of
both climate-related phenomena and hydromorphological processes. These two processes
often co-occur, making it difficult to single out the effect of an individual phenomenon
on the river dynamics. The three proposed statistics integrate each other, since PWC
and MWFA are more suitable for the detection of climate-related phenomena (e.g., the
reduction in the river width in July 2022 compared to July 2018, and the July 2022 anomaly
computed against the long-term average, Figure 5) and year-by-year changes in river
morphology (Figures 7 and 9), while DPM allows the detection of short-term dynamics
(Figure 6), thereby providing an effective tool for the near-real-time monitoring of river
hydromorphological processes.

The combined use of satellite data and metrics generated from in situ river discharge
measurements (i.e., the CV and the SDI) allows a more comprehensive understanding
of the effects of extreme events on river dynamics, as demonstrated in the case study of
the record-breaking Po River shrinking during the severe 2022 drought event. A global
assessment of water dynamics at the whole river mainstem scale (as in Figures 7 and 8)
allows us to clearly depict anomalies over time and to identify hotspots, as the illustrated
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case studies, where climate-related phenomena combine with geomorphic singularities
resulting in unique river dynamics.

While the proposed approach has been tested on the Po River, it can be used to assess a
variety of rivers worldwide since it only requires satellite optical multispectral acquisitions
and discharge data.

4.2. Applicability of the Proposed Methodology: Po River Shrinking in Summer 2022

The proposed methodology is a cost-effective tool, relatively easy to use also by non-
specialists, and fully reproducible. Being based on normalized band reflectance differences,
this method is easily applicable to other sensors and allows the synergic use of multiple
sensors operating at different spatial and temporal scales.

Po River shrinking during the record-breaking summer 2022 drought was analyzed
using all the available Sentinel-2 MSI optical multispectral satellite acquisitions over the
period 2016–2023. The analysis was based on the calculation of the PWC through the
application of the fuzzy transform function, a mathematically well-founded soft computing
method [53], on the normalized difference water index (NDWI), calculated from satellite
imagery at 10 m spatial resolution. Spatio-temporal variations were analyzed through
MWF maps, which were used to calculate the DPM and anomalies from the reference
climatology (MWFA) (shown here as a time series over the period 2016–2021), showing the
seasonal and interannual variation in the width of the riverbed. This approach enabled
the quantitative assessment of drought impact as indicated by the reduction in the PWC
compared to the previous year. Additionally, the difference in water frequency from
the preceding month facilitated the identification of anomalies crucial for monitoring
short-term dynamics and planning timely interventions. The main variations were evident
especially in more dynamic river sections, characterized by braided patterns or longitudinal
lateral bars, as the two selected focus areas, i.e., Calendasco and Pontelagoscuro (see
Figures 5 and 6). Moreover, the OWF calculated over the period 2016–2023 was used to
calculate CVOWF, which provided a summary of the temporal changes and river dynamics
during the investigated years. The CVOWF values range between more than 10% in meander-
rich areas and almost zero in single-thread channels (Figure 8).

The results demonstrate a notable reduction in the riverbed area in 2022, particularly
during the late spring and summer months. This is evident both by comparing the MWF
of July in the years 2018 and 2022, and by comparing July 2022 with the climatological
average of the study years. The statistical significance of the slices’ average number where
the MWF was found to be lower than the average demonstrates how effective MWF is
in revealing the river shrinking. Further developments of the methodology based on the
classification of additional variables, such as vegetation and sediments, could facilitate the
interpretation of riverine data, potentially enabling the prediction of riverbed changes.

Integration with in situ data and measurements has improved the interpretation of
the results obtained through satellite image processing. Water discharge records across the
years facilitated the reconstruction of the historical trend of Po River discharge (1961–2021),
enabling a comparative analysis with the 2022 flow. In particular, the application of the
SDI allowed for the quantification of the hydrological drought severity, while through the
discharge CV, it was possible to identify the months of greatest water stress (late spring–
summer), evidencing that the observed river shrinkage correlates with record-low water
discharges in June and July 2022. The integration of diverse analytical approaches was
crucial in addressing the limitations of employing individual methods, thereby facilitating a
more precise comprehension of the hydrological drought dynamics and their repercussions
on riverine systems.
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While this study is primarily focused on the Po River 2022 summer drought, the satel-
lite observations facilitate not only the monitoring of climate change-related phenomena
but also the observation of the geomorphological processes of the river. These examples
demonstrate the potential of satellite tools in general and of this methodology in particular
for monitoring variations and supporting the effective planning and management of water
resources and alluvial environments.

The proposed approach provides an effective cognitive tool for water resource manage-
ment. Indeed, surface water extents are variable in time, occasionally presenting extreme
changes, as in floods [54]. Furthermore, the combined effects of climate change and anthro-
pogenic pressures are contributing to the increase in hydrological extremes at the global
level, including water scarcity and floods [15]. For these reasons, watercourse monitoring
tools must evolve to improve our knowledge of complex hydromorphological processes
and the possibility to predict water dynamics [55]. Information produced from the analysis
of remote sensing data would be useful not only to monitor a specific watercourse but also
to support the integrated management of river systems at the regional or national level,
including efficient water management strategies to optimize water allocation [15].

4.3. Lessons Learned and Future Perspectives

Despite its multiple strengths, the proposed methodology is not without intrinsic
limitations. For instance, some errors may occur, above all in heavily vegetated or urbanized
regions, due to reflection patterns (adjacency effect) or object shadows similar to water
spectra [56]. Cloud cover may limit the availability of satellite observations, usually
during autumn and spring periods. Moreover, snow, ice, and frozen river systems can
generate additional complexities [33]. Sun-glint affects water pixel detectability, since it
may contaminate Sentinel-2 imagery acquired during late spring and early summer periods.
A metric of robustness based on missing data would also be useful. However, the use of a
standardized pre-processing procedure to remove bad pixels is essential to have consistent
data quality and maximize information [15].

Concerning the choice of spectral index to use, the NDWI can enhance information
about water bodies and restrict information about vegetation and soil features, but it cannot
completely distinguish built-up features from water bodies. Short-wave infrared-based
spectral indices have a lower impact from subpixel vegetation components, even if such
radiometric interval is not available in most of very-high-resolution satellite optical multi-
spectral sensors or it is available at a lower spatial resolution. Moreover, NDWI thresholds
vary depending on the proportions of subpixel water and non-water components. The
proposed approach could be applied elsewhere, provided that possible adjustment of the
threshold values of NDWI used for fuzzy transform, based on actual site conditions, is
taken into account. It should be considered that using a threshold value larger than 0.1
on the NDWI calculated from Sentinel-2 MSI imagery, leads to a severe decrease in water
maps classification performances [57]. NDWI threshold could, for example, be adjusted
to match a reference dataset that has a finer spatial resolution [52]. Field surveys are still
required to validate and integrate with the hydromorphological analysis conducted using
satellite data. This will mitigate the misclassification errors resulting from the automated
procedure and enhance the precision and efficiency of monitoring, particularly in the case
of smaller river systems [58].

The reference period for the calculation of anomalies in MWF was limited to the period
2016–2020 due to the unavailability of Sentinel-2 MSI satellite acquisitions during previous
years. Such a reference period is far from being considered a climatology, which is typically
calculated over a 30-year period.
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Copernicus Sentinel-2 satellites constellation offers a relatively high temporal resolu-
tion due to dense revisit time satellite acquisitions. However, the spatial resolution of 10 m
limits the applicability of the proposed methodology to watercourses with active channels
wider than 50 m [15,59]. Therefore, the narrower river networks, like most mountain and
small river watersheds, where the effects of climate change could be even more dramatic,
are excluded from the analysis using Sentinel-2 MSI imagery [1,15]. The analysis focused
on the last river stretches of two tributaries before the confluence with the Po, namely
Trebbia River and Oglio River, demonstrates the effectiveness of using PWC to account
for the gradient of water cover within pixel, extending the use of datasets at 10 m spatial
resolution to rivers with active channels less than 50 m wide. The exploitation of higher
spatial resolution satellite imagery acquired with optical multispectral sensors, which is
increasingly available and can even be used in synergy with the Copernicus satellite acqui-
sitions, would overcome the spatial resolution limitation. Many of the newer constellations
of CubeSat satellites provide optical multispectral data at a very high spatial resolution,
even at daily revisit frequency. However, such data are distributed at a cost, which makes
this solution often not practically or financially feasible [33], even if less expensive than
other high-resolution satellite or airborne imagery [33,60]. For detailed characterization
of specific stretches, the use of unmanned aerial systems remains a valuable tool [15],
also for calibration and validation purposes [59], although without the ability to revisit in
time. Future developments of the proposed methodology will consider the synergic use of
Copernicus Sentinel-2 and PlanetScope imagery. LiDAR acquisitions can be complemented
with multispectral optical data analyses to provide additional quantitative information
useful in characterizing hydromorphological changes. The different large-scale information
obtained from the analysis of remote sensing data would be useful not only to monitor a
specific watercourse but also to support the integrated management of river systems at the
regional or national level [15].

While the CV and SDI metrics generated from in situ river discharge measurements
effectively measure the magnitude and variability of a hydrological event and highlight the
anomalies, they have inherent statistical limitations. SDI is useful for long-term drought
monitoring, but its sensitivity to extremes makes it less effective under climate change.
For example, a single extreme flood can skew the standard deviation, reducing the SDI
values and underestimating the severity of the drought. Conversely, a distorted standard
deviation can exaggerate the coefficient of variation, making stable conditions appear highly
variable. The CV, which measures relative variability, does not take into account long-term
trends, such as increasing drought frequency due to climate change, meaning that a gradual
decline in flow may not be reflected in the CV and may not indicate worsening conditions.
In addition, both indices focus on streamflow droughts, neglecting meteorological and
groundwater droughts, which may misrepresent actual water availability. Therefore, for a
more comprehensive hydrological assessment, these indices should be used in combination
with other methods and trend analysis.

A list of specific goals for future developments, in order of priority, is as follows:
(i) demonstrate PWC reliability through the comparison with other methodological ap-
proaches to extract the percentage of water content in pixel, as well as cost-effectiveness
analysis; (ii) tune fuzzy transform function on specific sites and a variety of sensors;
(iii) demonstrate the improved monitoring capabilities using virtual satellite constellations,
even providing datasets at higher spatial resolution; (iv) account for homogeneous geomor-
phic units. Future development of the proposed methodology could, in fact, account for
the subdivision of river stretches according to homogeneous geomorphic units at different
spatial scales. This should enable an evaluation of the ecological response to drought con-
ditions, as geomorphic units represent the physical foundation for habitat units, provided
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that also vegetation and bare-ground features are mapped, according to the applications
proposed in previous studies [59]. Moreover, it will yield insights into the existing range of
habitats present within a given reach [11], opening the way for the characterization of river
habitats and the assessment of river ecosystem state.

The proposed mapping products can be even used to extend the existing hydromor-
phological indicators, thus providing further information that can support decision-makers
and agencies involved in hydromorphological monitoring. The provided insights would be
useful for the assessment of river dynamics, allowing the analysis of the variation in these
features over time and with different water levels [61], as well as understanding the past
and current river processes and forecasting future watercourse dynamics. Moreover, the
availability of a simple approach for the assessment of river dynamics could have positive
returns by growing the community engaged in watercourse protection [15].

5. Conclusions
This study proposes a simple but effective and portable approach for the monitoring

of river hydromorphology through remote sensing. A case study focusing on the Po River
is presented, providing evidence of the impact of the 2022 drought on river width. The use
of PWC time series calculated from Sentinel-2 NDWI, together with the derived indicators
(i.e., MWF, MWFA, DPM, and OWF), contributed to a more comprehensive understanding
of the river dynamics and spatio-temporal variations compared to an assessment based
only on the available hydrological dataset. The findings demonstrate that (i) during
June and July 2022, due to a reduction in precipitation and an increase in temperature
and evapotranspiration, the Po River experienced a significant shrinkage; (ii) the annual
and interannual satellite-based analysis conducted from 2016 to 2023 highlighted higher
sensitivity areas; and (iii) variation in river width was evident as a result of both climate
change and river hydromorphological dynamics.

The potential for generalizing the methodology through the proposed approach, in
terms of applicability to other geographic sites and the possible use of various optical multi-
spectral sensors, allows detailed assessments of surface water dynamics across entire river
basins, enhancing monitoring capabilities and supporting the effective management of wa-
ter resources. Application of the procedure to imagery acquired by a virtual constellation of
high- and very-high-resolution satellite sensors can provide a more detailed understanding
of the phenomenon, stimulating the development of operational services like hydromor-
phological assessment. While the results confirm the reliability of the proposed approach,
future improvements could further refine the methodology, with the aim of advancing
sustainable strategies in response to climate change and anthropogenic pressures.
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