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A B S T R A C T

Water quality impairment is a concern in water resources management. During floods, a large amount of sedi
ment and pollutants may be delivered to the river reaching the coastal zone and forming plumes that impact 
coastal water bodies. The present paper aims to assess spatial patterns of pollutants from the catchment to the 
sea, identifying the sources of nutrients within a basin, and their fate in the sea. An ecohydrological model, Soil & 
Water Assessment Tool (SWAT), and remote sensing techniques (Sentinel-2 imagery, processed on Google Earth 
Engine), using the Normalized Difference Turbidity Index (NDTI), were coupled and tested in the Canale 
d’Aiedda basin and Mar Piccolo Sea (Apulia, Southern Italy). The SWAT model was calibrated using daily flow 
and discrete sediment and nutrient concentrations. The highest specific load of total nitrogen (TN) (~10 kg 
ha− 1y− 1) was simulated in the agricultural subbasins (vineyards, olive groves, and winter wheat). Similarly, the 
highest specific load of total phosphorus (TP) (0.7 kg ha− 1y− 1) was predicted in the subbasins where the vineyard 
was the prevalent crop production. NDTI was analyzed for detecting sediment concentrations in river plumes 
during a flash flood event (0.066 m3s− 1, June 10, 2023). The post-event NDTI showed increased turbidity along 
the coast. The results indicate that flash floods play an important role in sediment and pollutant loads delivered 
to the sea. This study also shows that Sentinel-2 satellite data and cloud computing enhanced turbidity moni
toring into the sea or lake, complementing the SWAT results. The methodology applied in the study showed that 
hydrological models and remote sensing should be coupled for basins and coastal areas ecosystems protection.

1. Introduction

Water quality deterioration represents one of the most pressing 
environmental challenges of the 21st century, with significant implica
tions for ecosystem health, human well-being, and economic sustain
ability (Reid et al., 2019; Vörösmarty et al., 2010). Anthropogenic 
activities have dramatically altered the hydrological cycle and nutrient 
fluxes, leading to widespread degradation of freshwater and marine 
ecosystems globally (Grizzetti et al., 2019; Steffen et al., 2020). Despite 
substantial policy interventions, including the European Water Frame
work Directive and Marine Strategy Framework Directive, recent as
sessments indicate that only 40 % of European surface waters achieve 
good ecological status (European Space Agency(ESA), 2015; Carvalho- 
Santos et al., 2016).

Sustainable watershed management is an important goal for the 
communities, especially in the Mediterranean Region, where water re
sources are limited. In this Region, intermittent rivers are predominant 
and constitute an important source of water for both human activities 
and ecological features (Tramblay et al., 2021a, 2021b). Several studies 
reported that both diffuse and point sources may be critical pressures for 
intermittent and ephemeral streams (Magand et al., 2020; Ricci et al., 
2022). For these river systems, flash floods assume a key role in sedi
ment and nutrient export to the stream (Fouilland et al., 2012). Signif
icant amounts of sediments and pollutants are mobilized from terrestrial 
sources and transported to the sea during floods, forming plumes that 
may impact coastal water bodies and influence coastal water properties 
and circulation (Horner-Devine et al., 2015; Mallin et al., 2016; Osad
chiev and Korshenko, 2017; Sauvage et al., 2018).
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Sediment loads transported by rivers constitute both natural 
geomorphological processes and anthropogenically enhanced phenom
ena with significant ecological implications (Wohl et al., 2019; Yang 
et al., 2017). Excessive sediment delivery to coastal environments can 
lead to habitat smothering, reduced light penetration, and altered 
benthic community composition (Delgado-Fernandez et al., 2019; 
Schaeffer et al., 2015). Furthermore, sediments often serve as vectors for 
contaminants, including heavy metals and organic pollutants (González- 
Ortegón et al., 2019; Liu et al., 2007). Understanding the source of 
pollutants, their spatial and temporal variability, and the plume dy
namics is crucial for assessing the potential impacts on water quality and 
identifying watershed and coastal management strategies (Álvarez- 
Romero et al., 2013; Devlin et al., 2015).

Integrated river basin management employs several methodological 
approaches. Ecohydrological modeling has gained significant traction in 
recent decades (Centanni et al., 2024; da Burigato Costa et al., 2019; 
Malagó et al., 2019), offering robust capabilities for quantifying sedi
ment and pollutant transport to marine environments while identifying 
critical source areas within watersheds. The Soil and Water Assessment 
Tool (SWAT) has emerged as a powerful ecohydrological modeling 
framework for quantifying sediment and nutrient transport processes 
across diverse spatial and temporal scales (Arnold et al., 1998; Ricci 
et al., 2022). Concurrently, advancements in satellite sensors have 
substantially enhanced the applicability of remote sensing techniques in 
water quality assessment and coastal dynamics (Álvarez-Romero et al., 
2013; Devlin et al., 2015; Gancheva et al., 2021; Lega and Endreny, 
2016; Petus et al., 2014; Zablan et al., 2023). Satellite-derived optical 
indices, particularly those leveraging multispectral sensors such as 
Sentinel-2 and Landsat-8, provide powerful tools for delineating plume 
extent, turbidity gradients, and sediment deposition patterns (Cabezas- 
Rabadán et al., 2019; Kastridis et al., 2020; Lega and Endreny, 2016). 
Process-based models, coupled with remote sensing data, may support 
decision-making for water resource management in Mediterranean 
water systems (Álvarez-Romero et al., 2013; Kaplan et al., 2024; Le Page 
et al., 2020; Li et al., 2014).

Despite the technological advances, significant knowledge gaps 
persist regarding the fate and transport of sediments and associated 
pollutants across the land-sea interface, particularly in regions charac
terized by intermittent streams (Borg Galea et al., 2019; Skoulikidis 
et al., 2017) characterized by flashy hydrographs, high erosion rates, 
and complex hydrological behaviors (Fortesa et al., 2021; Nerantzaki 
et al., 2015). While extensive research exists on large perennial river 
plumes (Dagg et al., 2004; Horner-Devine et al., 2015; Mendes et al., 
2016; Osadchiev and Korshenko, 2017), smaller episodic watersheds 
remain understudied (Joumar et al., 2023). Furthermore, integrated 
approaches that couple watershed-scale process modeling with remote 
sensing of coastal plumes remain underrepresented in the scientific 
literature.

This study addresses these research gaps by developing and imple
menting an integrated methodological framework that combines SWAT 
modeling with satellite-derived turbidity indices to characterize the 
complete source-to-sea continuum of sediment and nutrient transport in 
a Mediterranean watershed. Specifically, this research aims to: (1) 
quantify spatial and temporal patterns of sediment and nutrient gener
ation within the Canale d’Aiedda basin; (2) identify critical source areas 
contributing disproportionately to pollutant loading; and (3) charac
terize the extent, intensity, and deposition patterns of sediment plumes 
in the receiving Mar Piccolo coastal embayment during a flash flood 
event. By integrating terrestrial watershed modeling with coastal remote 
sensing observations, this study provides a novel methodological 
framework applicable to similar watersheds globally, while generating 
actionable information to support integrated coastal zone management 
in the study region.

2. Materials and methods

2.1. Study area

Canale d’Aiedda is a watershed (Fig. 1) located in the Puglia Region 
in Southern Italy. The Mediterranean region’s representative climate, 
land cover, and management practices are exemplified in this 360 km2 

basin, which drains into the Mar Piccolo’s second inlet, an inner semi- 
enclosed sea (D’Ambrosio et al., 2019).

Agriculture is the main anthropogenic activity in the basin. Vine
yards, olive trees, almond trees, orange groves, vegetables, and arable 
land are the most widespread land uses and cover almost 88 % of the 
total area. Urban areas are of medium size and occupy 4 % of the total 
basin area (D’Ambrosio et al., 2020). Soils range from clayey silt to 
sandy loam (D’Ambrosio et al., 2019). Three wastewater treatment 
plants (WWTPs), located in the municipalities of Montemesola, Mon
teiasi, and San Giorgio Ionico, discharge treated wastewater into the 
river system. The stream feeds a protected area (WWF oasis, 1.16 km2), 
“Palude la Vela” wetland, which is part of the Site of Community 
Importance “Mar Piccolo” (IT9130004). This wetland is an important 
site for various residents (i.e., grey herons and finches), and migratory 
birds (i.e. flamingos and curlews). The stream shows an intermittent 
character; it is mainly characterized by concrete beds and banks. The 
river is dry for most of the year, whereas the river segments downstream 
of the WWTPs are perennial (Ricci et al., 2022).

The Mar Piccolo is characterized by a long tradition of activities 
related to mussel farming, especially in the second inlet, with an annual 
production ranging from 7000 and 8500 t (Petrosillo et al., 2023). The 
surrounding area has been influenced by industrial development, which 
has brought economic growth and environmental implications. From a 
naturalistic point of view, Mar Piccolo stands out for its conformation 
and the presence of a rich ecosystem. The biodiversity is also linked to 
the presence of submarine springs at the bottom of the marine basin 
(Zuffianò et al., 2016), called “citri”, which contribute to influencing 
ecosystems and water quality.

Given the ecological importance of the Mar Piccolo’s biodiversity, it 
is essential to conduct studies that assess the potential release of con
taminants from surrounding drainage areas and identify appropriate 
environmental protection and restoration measures. The balance be
tween development and conservation is one of the main challenges for 
the future of Mar Piccolo, an area that, despite the critical issues, may 
have a high potential ecological value (Trinchera et al., 2015).

2.2. SWAT model set up and calibration

The SWAT model is a widely utilized semi-physical, spatially 
distributed hydrological, and water quality model designed for pre
dicting streamflow, sediment, and nutrient loads in both gauged and 
ungauged river basins (Arnold et al., 1998). SWAT discretizes a basin 
into sub-basins based on user-defined drainage thresholds and further 
into hydrological response units (HRUs) according to land use, slope, 
and soil properties (Neitsch et al., 2011). For this study a threshold of 
350 ha was used to obtain 40 subbasins, while thresholds of 10 % of land 
use, 10 % of soil classes, and 20 % slopes were used to discretize HRUs. 
Surface runoff can be calculated using either the Soil Conservation 
Service curve number (SCS-CN) method or the Green-Ampt method, 
with this study employing the SCS-CN method (Soil Conservation Ser
vice (SCS), 1972). Potential evapotranspiration (PET) is estimated using 
the Penman-Monteith, Priestly-Taylor, or Hargreaves methods, with this 
work utilizing the Hargreaves method (Hargreaves and Samani, 1985). 
The sediment yield is estimated by using the Modified Universal Soil 
Loss Equation (MUSLE) (Williams, 1975). Sediment degradation or 
deposition in the channel is simulated through a simplified version of 
Bagnold’s stream power relationship (Bagnold, 1977). The nutrient 
cycle is modeled using a mass balance approach as described by Neitsch 
et al. (2011) derived from the QUAL2E model (Brown and Barnwell, 
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1987). Spatial data necessary for model setup include Digital Elevation 
Model (DEM), soil map, and land use map (reclassified using specific 
SWAT codes) (Table 1).

The study integrated land use and soil data into the SWAT geo
database, identifying 13 land use classes and 11 soil types (D’Ambrosio 
et al., 2019). Crop management practices, informed by farmer in
terviews, were also incorporated. For vineyards, tillage occurred twice 
at 10 cm depth in February and May, and once at 35 cm depth in 
October, with fertilizers applied in February and October (types 12–12- 
17 and 10–5-15) and organic manure in November. Irrigation spanned 
from May to September, totaling 2400 m3 ha− 1 annually. Olive man
agement involved three shallow tillages in April, August, and November, 
with fertilizer applications in April (urea and 12–8-8) and August 
(13–46-0), and irrigation from June to September totaling 500 m3 ha− 1 

annually. Durum wheat, planted in November and harvested in July, 
had deep tillage in August, shallow tillage in October, and fertilizers 
applied in December (25–15-0) and February (urea). Minor crops un
derwent shallow tillage in spring and deep tillage in autumn, and auto- 
irrigation and auto-fertilization functions were used. The USLE P (Uni
versal Soil Loss Equation – Support practice factor) factor was set to 1 
due to the lack of conservation practices. The river basin was divided 
into 40 sub-basins, with HRUs discretized using thresholds of 10 % for 
land use, 10 % for soil properties, and 20 % for slopes, generating 271 
HRUs. It was verified that the thresholds maintained the original pro
portion of land use and soil types, excluding only minor classes. SWAT 
was run from 2014 to 2023 (with three years of warm-up) and calibrated 
for streamflow, sediment, and nutrients.

Sensitivity analysis and calibration were conducted using the SWAT- 

Calibration and Uncertainty Programs (SWAT-CUP) tool, employing the 
Sequential Uncertainty Fitting (SUFI-2) algorithm as described by 
Abbaspour et al. (2015), to achieve a proper model performance. The 
parameters included into the sensitivity analysis were selected based on 
literature and on previous studies carried out in the same study area 
(Arnold, 2012; D’Ambrosio et al., 2020). Streamflow data, at daily time 
scale from 2017 to 2021, measured at the two gauging stations, located 
in subbasins 27 and 29 (Fig. 1) were used for calibrating hydrology. 
Discrete nutrient concentrations measurement of sediment, total nitro
gen (TN) and total phosphorus (TP), collected in the same period 
(2017–2021), were used to calibrate water quality. The evaluation of 
model performance was judged based on the following statistical 
metrics.

Nash & Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) 

NSE = 1 − ⟦

∑n

i=1

(
Yobs

i − Ysim
i

)2

∑n

i=1

(
Yobs

i − Ymean
)2

⟧ (1) 

Percent bias (PBIAS) 

PBIAS = ⟦

∑n

i=1

(
Yobs

i − Ysim
i

)
*(100)

∑n

i=1

(
Yobs

i
) ⟧ (2) 

Coefficient of determination (R2) 

Fig. 1. Study area: Canale d’Aiedda basin. Land use classes and sub-basins.
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R2 = ⟦

∑n

i=1

(
Yobs

i − Ysim
i

)

∑n

i=1

(
Yobs

i − Ymean
i

) ⟧ (3) 

Following the guidelines proposed by Moriasi et al. (2007), the 
model prediction was considered satisfactory when both NSE and R2 

exceeded 0.5 and PBIAS ranged between − 25 % and + 25 %. To evaluate 
all the different hydrological conditions (wet and dry), it was decided to 
use all the series for the calibration (Centanni et al., 2024).

2.3. Remote sensing approach for plume detection

2.3.1. Remote sensing data
The remote sensing data used in this study were acquired from 

Sentinel-2 L2 A satellite images, available on the Google Earth Engine 
(GEE) platform after online access to a centralized repository of geore
ferenced and atmospherically corrected satellite multispectral images. 
The Copernicus Sentinel-2 mission of the European Space Agency (ESA) 
includes two polar-orbiting satellites, Sentinel-2 A and Sentinel-2B, 
equipped with advanced high-resolution multispectral imagers (MSI) 
providing a set of 13 spectral band images from the visible to the 
shortwave infrared, at 10, 20, and 60 m spatial resolution. The twin 
satellites ensure a nominal revisit time of five days and a global absolute 
geolocation accuracy of the images better than 6 m (European Space 
Agency(ESA), 2015). The Sentinel-2 image collection for the area of 
interest (AOI) (Mar Piccolo at the mouth of the d’Aiedda stream) was 
selected and processed via cloud computing. A multiple filter pre- 
processing step was applied to remove all the images with more than 
10 % cloud cover, develop the imagery time series for both the selected 
period and the region of interest (ROI), intersect the boundaries of AOI, 
and select the spectral bands to be used for the normalized indices 
extraction. Rainfall events and floods recorded at the gauging stations 
were preliminarily identified to filter the time. Despite several images 
from 2017 to 2023 were considered, due to data availability constraints 

(i.e. presence of clouds), only images related to the flood event of June 
10th 2023 (Figure Annex 1) were suitable to highlight the dispersion of 
pollutants delivered into the sea. This event was chosen because it 
coincided with cloud-free satellite overpasses, ensuring optimal obser
vation conditions over the area. Two images were subsequently chosen 
to investigate the water turbidity levels before and after the flood event, 
enabling a comparative analysis of its environmental impact.

2.3.2. Spectral indices
Several normalized spectral indices are available in the literature to 

identify water surface, water quality, suspended sediment, water 
turbidity, and chlorophyll concentration (Vizzari, 2022; Zablan et al., 
2023). This study, focused on extracting water surface and detecting 
water turbidity parameters using the indices shown in Table 2.

Starting from Sentinel-2 imagery, two of the most widely used 
indices to distinguish water surfaces from dry land automatically were 
applied: the Automated Water Extraction Index (AWEI) and the 
Normalized Difference Water Index (NDWI). Given the absence of 
clouds, reliefs, and building shadows, the results achieved by both 
indices had high accuracy and similar responses (Figure Annex 2; 
Figure Annex 3). NDWI seems more accurate only in the Southeastern 
part of the area (Fig. 2), then water extraction was performed using such 
index and selecting a threshold value (0.07) from the NDWI frequency 
distribution.

Water turbidity was assessed using Normalized Difference Turbidity 
Index (NDTI), specifically developed by Lacaux et al. (2007) to calculate 
this water parameter from remote sensing data. NDTI operates on the 
assumption that an increase in turbidity will result in higher reflectance 
in the red band compared to the green band.

3. Results

3.1. SWAT model performance and calibration analysis

The study identified many hydrological and water quality parame
ters that significantly influence streamflow, sediment, and nutrient 
concentrations (Table 3). Specifically, the Curve Number (CN2) and the 
parameters related to evapotranspiration, transmission losses, and 
infiltration to aquifers were the most sensitive for hydrological pro
cesses. The calibration results for streamflow were satisfactory for gauge 
A and good for gauge B (Figure Annex 4a, Fig. 4b; Table 4). The sta
tistical performance metrics were R2 0.60, NSE 0.58, PBIAS +23.00 for 
gauge B (Reach 27) and R2 0.50, NSE 0.50, PBIAS 0.00 for gauge A 
(Reach 29).

During the calibration period, observed daily mean flow at gauge A 
was 0.034 m3s− 1, ranging from 0.006 to 0.548 m3s− 1, while the simu
lated mean flow was 0.034 m3s− 1, ranging from 0.0197 to 0.582 m3s− 1. 
At gauge B, the observed daily mean flow was 0.049 m3s− 1, with a range 
of 0.0 to 2.673 m3s− 1, and the simulated mean was 0.038 m3s− 1, with a 
range of 0.0046 to 2.808 m3s− 1 (Figure Aannex4a; Figure Annex 4b).

The average slope length (SLSUBBSN), peak rate adjustment factor in 

Table 1 
Source and spatial resolution of the input data used for the SWAT model setup.

Input Source Resolution

Digital elevation model Puglia Region (http://www.sit.puglia. 
it).

8 × 8 m

Land use map Puglia Region land use map (http: 
//www.sit.puglia.it) integrated by 
using National Agricultural Census data 
(dati-censimentoagricoltura.istat.it). 
Arable land was categorized into durum 
wheat, set-aside land, and herbage.

1:5000 
(21 land 
uses)

Soil map and database Puglia Region (2001) ACLA2 project 
Joint Research Centre European Soil 
Data Centre (JRC-ESDAC) (https://es 
dac.jrc.ec.europa.eu/resource-type 
/datasets

1:100000 
500 × 500 
m 
(11 soil 
types)

Point sources (Waste 
Water Treatment 
Plants)

Puglia Water Authority (personal 
communication) 
Regional Agency for Environmental 
Protection (http://www.arpa.puglia. 
it/web/guest/depuratori) 
Puglia Region (http://www.sit.puglia. 
it)

-

Meteorological data Civil Protection Service – Puglia Region 
(https://protezionecivile.puglia.it/) 
Regional Agency for Irrigation and 
Forestry Activities (http://www. 
agrometeopuglia.it/

-

Agricultural practices Farmers’ and dealers’ interviews (
D’Ambrosio et al., 2019) on agricultural 
practices: tillage operations (type and 
date), fertilizer and irrigation 
applications (timing, amount, type). 
Grazing was considered on pasture.

-

Table 2 
Spectral indices.

Index Full name Formulation S-2 
bands

Reference

AWEI Automated 
Water 
Extraction 
Index

Blue+ 2.5 • Green −
1.5(NIR + SWIR1) −
0.25 • SWIR2

B2, B3, 
B8, 
B11, 
B12

Feyisa et al., 
2014

NDWI Normalized 
Difference 
Water Index

Green − NIR
Green + NIR

B3, B8
Mcfeeters, 
1996

NDTI Normalized 
Difference 
Turbidity Index

Red − Green
Red + Green

B3, B4
Lacaux 
et al., 2007

M. Centanni et al.                                                                                                                                                                                                                              Ecological Informatics 91 (2025) 103410 

4 

http://www.sit.puglia.it
http://www.sit.puglia.it
http://www.sit.puglia.it
http://www.sit.puglia.it
http://censimentoagricoltura.istat.it
https://esdac.jrc.ec.europa.eu/resource-type/datasets
https://esdac.jrc.ec.europa.eu/resource-type/datasets
https://esdac.jrc.ec.europa.eu/resource-type/datasets
http://www.arpa.puglia.it/web/guest/depuratori
http://www.arpa.puglia.it/web/guest/depuratori
http://www.sit.puglia.it
http://www.sit.puglia.it
https://protezionecivile.puglia.it/
http://www.agrometeopuglia.it/
http://www.agrometeopuglia.it/


the subbasin (ADJ_PKR), and the sediment routing parameter (SPCON 
and SPEXP) were the most sensitive parameters for sediment pre
dictions. The calibration of TP and TN included several parameters. The 

most sensitive parameters for nitrogen included the nitrogen uptake 
distribution parameter (N_UPDIS), the nitrate percolation coefficient 
(NPERCO), the initial NO₃ concentration in the soil layer (SOL_NO3), 

Fig. 2. Daily simulated and observed TP, TN, and sediment at reach 27 (3b,3d,3f) and 29 (3a,3c,3e).

Table 3 
Calibrated parameters for the best fit simulation of the Canale d’Aiedda basin at the gauge A (reach 29) and B (reach 27).

Hydrology Nutrient Sediment

Parameter Fitted value A Fitted value B Parameter Fitted value A Fitted value B Parameter Fitted value A Fitted value B

v_EVRCH.bsn 0.865* v_AI1.wwq 0.08* v_ADJ_PKR.bsn 0.622*
v_SURLAG.bsn 10.946* v_AI2.wwq 0.015* v_RSDCO.bsn 0.074*
v_TRNSRCH.bsn 0.511* v_CDN.bsn 0.25* v_SPCON.bsn 0.003*
r_CN2.mgt − 0.260 0.210 v_RCN_SUB_BSN.bsn 1.8* v_SPEXP.bsn 1.499*
v_BIOMIX.mgt 0.697 0.622 v_NFIXMX.bsn 15* v_CH_COV1.rte 0.349 0.505
v_ALPHA_BF.gw 0.004 0.294 v_N_UPDIS.bsn 90* v_CH_COV2.rte 0.456 0.266
v_GW_DELAY.gw 333.824 42.052 v_PHOSKD.bsn 100* v_CH_ERODMO.rte 0.805 0.224
v_GWQMN.gw 386.109 2222.123 v_PPERCO.bsn 10* v_LAT_SED.hru 10.985 3424.48
v_REVAPMN.gw 410.453 749.154 v_NPERCO.bsn 2* r_SLSUBBSN.hru − 0.080 − 0.220
v_RCHRG_DP.gw 0.103 0.853 v_PSP.bsn 0.02* v_USLE_P.mgt 0.087 0.050
v_GW_REVAP.gw 0.171 0.181 v_SDNCO.bsn 1.1*
r_SOL_K().sol 0.080 − 0.098 v_BC1_BSN.bsn 0.55*
r_SOL_AWC().sol 0.217 − 0.101 v_BC2_BSN.bsn 1.1*
v_SOL_ALB().sol 0.170 0.217 v_BC3_BSN.bsn 0.21*
r_SOL_Z().sol 0.097 − 0.234 v_BC4_BSN.bsn 0.355*
v_EPCO.hru 0.512 0.894 v_P_UPDIS.bsn 0.5*
v_ESCO.hru 0.256 0.692 v_FIXCO.bsn 1*
v_CANMX.hru 1.410 3.138 v_CH_ONCO_BSN.bsn 50*
v_CANMX.hru 1.260 3.368 v_CH_OPCO_BSN.bsn 50*
v_CANMX.hru 0.772 0.322 v_RCN.bsn 1*
v_CANMX.hru 0.372 2.224 v_CMN.bsn 0.001
v_CANMX.hru 0.067 v_SOL_NO3().chm 75 55
v_CANMX.hru 2.330 v_SOL_ORGN().chm 5 5
v_CANMX.hru 3.287 v_SOL_ORGP().chm 5 5
v_CANMX.hru 4.307 v_SHALLST_N.gw 75 75
v_CH_K1.sub 107.085 29.669 v_ERORGN.hru 2.5 2.5
v_CH_N1.sub 17.895 10.069 v_ERORGP.hru 2.5 3
v_CH_N2.rte 6.817 0.276 v_FRT_SURFACE.mgt 0.6 0.6
v_CH_K2.rte 0.260 43.230

* The specific parameter can be adjusted only at the basin level.
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and the initial organic N concentration in the soil layer (SOL_ORGN). For 
phosphorus, the key parameters were the phosphorus uptake distribu
tion parameter (P_UPDIS), the phosphorus soil partitioning coefficient 
(PHOSKD), the phosphorus percolation coefficient (PPERCO), and the 
initial organic P concentration in the soil layer (SOL_ORGP) (Table 3).

Statistical performances for sediment calibration indicate a strong 
agreement between observed and simulated values for both gauges 
(Table 4, Fig. 2). At the basin scale, the annual average sediment load 
was 0.027 t ha− 1. For TP, the results indicated excellent agreement at 
Gauge A and good performance at Gauge B (Fig. 2). For TN calibration, 
statistical evaluation showed good performance at gauge A and slightly 
lower agreement at gauge B (Table 4).

3.2. Spatial and temporal distribution of pollutants

For the year 2023, the annual average sediment load was 0.014 t 
ha− 1. At the subbasin scale simulated value ranged from 0.001 t ha− 1 to 
0.213 t ha− 1. These results are far below the limit of soil generation (1.4 
t ha− 1, Verheijen et al., 2009) indicating that for the study area the soil 
erosion is not a main issue. For this reason, only the TN and TP loads 
were further analyzed.

The spatial distribution of TN and TP loads varies across sub-basins, 
reflecting differences in land cover and management practices. The 
higher TN loads (~7 to 10 kg ha− 1y− 1) were simulated in the north
western subbasins, where agricultural land uses are predominant 
(vineyards, olive groves, and winter wheat) (Table 5, Fig. 3a). Agricul
tural practices such as fertilizer application and tillage operations are 
responsible for nutrient and soil particle delivery to the stream. The 
highest value of TP load was simulated near the basin outlet (0.7 kg 
ha− 1y− 1), in the subbasin where the vineyard is the prevalent crop 
production (Table 5, Fig. 3b).

The temporal distribution of TN and TP loads delivered to the sea 

shows distinct seasonal patterns. The TN load exhibited high values in 
April and October, while the TP load showed high values in April, 
October, June, and August. For the remaining months, the nutrient load 
pattern was stable (Fig. 3c and Fig. 3d). In April and October, the high 
values of nutrient loads could be related to precipitation and runoff 
patterns, which enhance the export and transport of nutrients from 
agricultural lands to the water bodies. The high values of the TP load in 
June and August are mainly due to WWTPs’ discharges because natural 
runoff is low or absent (Fig. 3c and Fig. 3d).

3.3. Plume of pollutants from catchment to sea

The analysis of the flood that occurred on June 10th, 2023, carried 
out by coupling satellite imagery and SWAT model predictions, provided 
insights into the transport of sediments and nutrients into the sea during 
the event. At the basin scale, the rainfall was 29.72 mm, and at the 
outlet, the streamflow was 0.066 m3s− 1. Sediment load delivered to 
marine environments was 31.43 t, TN was 19.4 kg, and TP load was 1.43 
kg. These results highlight the significant impact of such hydrological 
events on nutrient and sediment fluxes delivered to the sea.

The water turbidity caused by the flood was mapped for Mar Piccolo 
and the estuarine area of the d’Aiedda River (Palude la vela). Fig. 4a 
presents the mean annual NDTI scores for 2022 within the AOI, as well 
as the NDTI values seven days before (Fig. 4b) and eight days after the 
rainfall event (Fig. 4c). A stretch image processing based on the pixel 
values standard deviation (σ) was applied to reduce the gradient range 
and emphasize the results (Fig. 4d, e, f).

The NDTI values calculated for the AOI, along with their range, are 
summarized in Table 5a. A significant increase in NDTI was observed 
across the Mar Piccolo water body before and after the selected flood 
event, compared to the mean annual value recorded in 2022 (Fig. 4, 
Table 6). Outliers were identified in the maximum values (Table 6a), as 
both June measurements were lower than the annual averages. Addi
tionally, the highest NDTI recorded after the flood event was lower than 
that observed before the event. This discrepancy can be attributed to 
isolated pixels representing small surface areas rather than the entire 
study region. For this reason, the detected average values are more 
significant than the minimum and maximum values. The mean values of 
NDTI progressively increases from yearly averages to June observation, 
both for Mar Piccolo and D’Aiedda estuarine zone, where the NDTI 
increased by more than 0.05 units (Table 6b).

The NDTI difference (before and after the flood) was significantly 
high in the southeastern area, in the surrounding waters near the 
d’Aiedda outlet (Fig. 5a), where the current tends to veer left. NDTI 
values are relatively low in the center of Mar Piccolo and higher along 
the coast. Fig. 5b illustrates the water surface, where the NDTI increased 
by more than 0.05 units. This threshold was chosen to distinguish be
tween general water turbidity and turbidity caused by rain events.

The NDTI values for areas with an increase of more than 0.05 units, 
predominantly near the estuarine channel, are summarized in Table 5b. 
A rising trend is observed in the extreme and average values after the 
flood event.

4. Discussion

4.1. Modeling hydrology, sediment, and nutrient transport

The SWAT model was successfully capable of simulating hydrologi
cal processes, sediment transport, and nutrient dynamics in the Canale 
d’Aiedda basin with satisfactory to good statistical performance criteria. 
The model’s performance in correctly describing the hydrological dy
namics of this intermittent Mediterranean stream is important, as it is 
common that intermittent streams can be difficult to model because 
their flow regimes can be variable (De Girolamo et al., 2017; Ricci et al., 
2023). These results confirm observations in other similar studies in the 
Mediterranean region where SWAT was successfully employed to model 

Table 4 
Statistical performances of the SWAT model calibration at a daily time step.

Variable B (Reach 27) A (Reach 29)

R2 NSE PBIAS R2 NS PBIAS

FLOW_OUT 0.60 0.58 +23.00 0.50 0.50 0.00
SED_OUT 1.00 0.98 +15.80 0.97 0.88 − 0.60
TN 0.72 0.59 − 5.0 0.75 0.73 − 14.90
TP 0.90 0.77 +35.50 0.83 0.83 +8.00

Table 5 
Total Nitrogen (TN) and Total phosphorous (TP) loads for each subbasins for 
2023.

Subbasin 
number

TN (kg 
ha− 1)

TP (kg 
ha − 1)

Subbasin 
number

TN (kg 
ha− 1)

TP (kg 
ha− 1)

1 9.46 0.21 21 1.84 0.13
2 4.11 0.23 22 0.05 0.00
3 7.18 0.39 23 0.05 0.01
4 5.05 0.33 24 0.41 0.04
5 0.91 0.04 25 0.72 0.03
6 0.41 0.01 26 1.94 0.08
7 6.03 0.34 27 2.16 0.10
8 8.40 0.22 28 0.69 0.09
9 0.30 0.01 29 0.05 0.00
10 1.38 0.05 30 2.42 0.70
11 0.75 0.03 31 0.08 0.00
12 2.53 0.14 32 0.05 0.00
13 0.10 0.01 33 0.13 0.00
14 0.24 0.01 34 0.13 0.00
15 0.53 0.04 35 0.01 0.00
16 0.61 0.03 36 1.26 0.27
17 0.90 0.04 37 0.33 0.02
18 1.83 0.18 38 0.08 0.00
19 0.93 0.04 39 0.05 0.00
20 0.99 0.04 40 0.99 0.30
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streamflow in systems under high temporal variability (Centanni et al., 
2024; Molina-Navarro et al., 2014; Papatheodoulou et al., 2013).

The spatial pattern of nutrient loads among sub-basins indicated 
clear patterns following land use, as would be expected because of the 
prevalence of agricultural land use in the basin. The highest TN loads 
(~10 kg ha− 1y− 1) were simulated in northwest sub-basins with domi
nance of vineyard, olive grove, and winter wheat, while the highest TP 
loads (0.7 kg ha− 1y− 1) were projected at the outlet of the basin in areas 
dominated by vineyards. These are consistent with current studies that 
have established agriculture as a key cause of nutrient loads in Medi
terranean watersheds (D’Ambrosio et al., 2019; Malagó et al., 2019; 
Pisinaras et al., 2019; Pulighe et al., 2020).

The loads of TN and TP simulated in this study are comparable to the 
rate of loading that is identified in other similar Mediterranean agri
cultural basins. For instance, De Girolamo et al. (2019) noted a general 
mean TP yield of 0.86 kg ha− 1 yr− 1 for the southern Sardinian Rio 
Mannu basin, while Pulighe et al. (2020) estimated for TN and TP, total 
amounts of 4.8 and 1.18 kg ha− 1 y− 1, respectively.

Our findings support Carvalho-Santos et al. (2016), who report in a 
corresponding Mediterranean watershed in Portugal with TN and TP 
loads of approximately 1.04 and 1.09 kg ha− 1 y− 1, respectively. da 
Burigato Costa et al. (2019), in a watershed located in central Italy, 
found values of TN ranging from 0 to 41 kg ha− 1 y− 1, which are higher in 
the maximum, and of TP ranging from and to 0 to 0.71 kg ha− 1 y− 1. 
Moreover, Malagó et al. (2019) estimated similar average values for TN 
(3.74 kg ha− 1 y− 1) and TP (0.22 kg ha− 1 y− 1) the whole Mediterranean 
sea drainage area.

Contrastingly, Panagopoulos et al. (2011) reported considerably 
higher mean annual TN export (20 kg ha− 1 y− 1) in a Greek catchment. 
Similarly, Salim Aoubid and Opp (2023) found loads of TN ranging from 
0.27 to 65 kg ha− 1 y− 1 and of TP from 0.01 to 16 kg ha− 1 y− 1. Such a 
large disparity is likely the result of the much larger watershed area and 
its distinct characteristics. Comparability with these studies suggests 
that our results reflect average nutrient export regimes from represen
tative Mediterranean agricultural land covers dominated by permanent 
crops such as vineyards and olive groves.

Seasonal cycles of nutrient loading in this work are a product of the 
dynamic coupling between agricultural activities and hydrologic pro
cesses. Maximum TN and TP loads in April and October occur when 
there are high precipitation rates along with agricultural activities 
(fertilizer application and tillage), which enhance the mobilization and 
transport of nutrients. This is supported by the observation of Fouilland 
et al. (2012), whose research highlighted the importance of rainy season 
trends to nutrient export from Mediterranean catchments. The elevated 
TP loads during summer months (June and August), despite low natural 
runoff, augment the data to confirm that WWTPs turn into predominant 
phosphorus loading sources during dry seasons, which validates findings 
by Magand et al. (2020) regarding the influence of point sources under 
low flow regimes in intermittent streams.

4.2. Remote sensing approach for plume detection

The application of remote sensing techniques, using the NDTI, is a 
methodological advance in coastal plume detection for intermittent 

Fig. 3. Spatial distribution of the annual load of TN a) and TP b), and temporal distribution of the average monthly load represented in c) and d) estimated for 2023.
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streams. Selection of Sentinel-2 imagery is an appropriate compromise 
between spatial resolution (10-20 m) and frequency (revisit every 5 
days) to enable relative small-scale detection of those plumes likely 
missed by coarser-resolution satellites such as MODIS or Landsat. This 

approach is also consistent with the results reported by Dogliotti et al. 
(2015), who emphasized high spatial resolution requirements in moni
toring turbidity in coastal and inland small water bodies. Sentinel-2 is 
obfuscated by clouds, which poses a significant challenge when tracking 

Fig. 4. Annual mean scores of NDTI of Mar Piccolo (a, d); NDTI scores before (b, e) and after (c, f) flood event (June 10th, 2023), respectively. A stretch of 3σ was 
applied to reduce the gradient range (d, e, f).

Table 6 
NDTI values for (a) Mar Piccolo and, (b) D’Aiedda estuarine.

(a) Mar Piccolo (b) D’Aiedda channel estuarine

min max mean min max mean

Year (2022) − 0.4463 0.0947 − 0.1603 − 0.2167 − 0.0028 − 0.1506
Jun 3, 2023 − 0.2233 0.0843 − 0.0664 − 0.2233 − 0.0063 − 0.1488
Jun 18, 2023 − 0.1323 0.0634 − 0.0522 − 0.128 0.0634 − 0.0636
Difference (18–3 Jun) − 0.1388 0.1666 0.0143 0.06 0.1666 0.0852

Fig. 5. NDTI differences between before and after the flood event (June 10th, 2023) (a) and NDTI increasing more than 0.05 units (b).
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water turbidity during rainfall events under persistent cloud conditions. 
This aspect limited the availability of images in this study. To address 
this limitation, Nguyen et al. (2020) proposed a solution by harmonizing 
data from multiple satellite sources, including Landsat 7 and Sentinel-2. 
Furthermore, Caballero et al. (2022) suggested that the use of ACOLITE 
(Vanhellemont and Ruddick, 2014; Vanhellmont and Ruddick, 2016), a 
generic processor developed for coastal and inland water applications, is 
effective in successfully removing clouds and sun glints without elimi
nating cloud shadows.

Comparative water index testing (AWEI and NDWI) of determining 
water surface areas revealed NDWI to be slightly more accurate over the 
southeastern corner of the study area, again substantiating the premise 
that the choice of index is relative to a specific coastal environment. This 
conclusion is upheld by Mcfeeters (1996) original argument that NDWI 
possesses inherent benefits when working within turbid coastal water 
bodies, where suspended sediment penetrates more so by the green band 
utilized by NDWI than by the blue band utilized in AWEI.

In this work, the spectral assessment of NDTI, following a selected 
flood event, revealed significant spatial variations of turbidity within 
Mar Piccolo. The trend of sequence towards higher values of NDTI from 
annual means to post-flood (Table 5) provides quantitative evidence for 
plume formation. The sharp increase in NDTI values (+0.0143 units for 
Mar Piccolo and + 0.0852 units for the D’Aiedda channel estuarine) 
bears witness to the sensitivity of this spectral index to water turbidity 
variations, in line with work by Lacaux et al. (2007) and with the same 
magnitude of change in NDTI measured after precipitation.

The spatial distribution of the plume, with higher turbidity concen
trated in the southeastern area near the d’Aiedda outlet (Fig. 5a), agrees 
with hydrodynamic principles of plume formation. The asymmetric 
distribution, with higher turbidity observed on the left side of the 
channel outlet, was not expected and reflects the influence of tidal 
currents on plume dynamics (De Pascalis et al., 2016). Similar asym
metric patterns have been observed by Baldoni et al. (2022) and Sal
cedo-Castro et al. (2023), who attributed such distributions to the 
Coriolis effect and local circulation patterns. The finding suggests the 
complex three-dimensional nature of coastal plume dynamics and the 
utility of satellite-based observation for its detection as spatial 
heterogeneities.

The trend of growing turbidity closer to the coast compared to the 
interior of Mar Piccolo has been observed following coastal plume dy
namics documented by Spicer et al. (2021), who described weak vertical 
mixing in areas of reduced tidal activity. Our designation of areas of 
NDTI grows above 0.05 units (Fig. 5b) provides an approach to dis
tinguishing event-induced turbidity from background variability, of
fering a quantitative technique for plume size mapping that would be 
applicable routinely in the future.

The integration of SWAT-modeled sediment outputs with NDTI 
measurements demonstrates the complementary nature of these ap
proaches. While the SWAT model provided quantitative estimates of 
sediment loads (31.43 t), the NDTI analysis revealed the spatial fate of 
these sediments once they entered the coastal system. This integration 
addresses a significant knowledge gap in the understanding of the 
source-to-sea continuum of sediment transport, particularly in inter
mittent Mediterranean streams where conventional monitoring tech
niques are often limited by the episodic nature of flow events.

4.3. Integrated watershed-coastal management implications

The combined use of ecohydrological modeling and remote sensing 
in this study offers a novel approach for understanding the fate of pol
lutants from catchment to coast. It addresses a significant gap in the 
literature regarding intermittent streams and their impact on coastal 
ecosystems. Previous studies have often focused separately on either 
watershed processes or coastal plume dynamics, with limited integra
tion between these domains (Baldoni et al., 2022; Salcedo-Castro et al., 
2023). Our integrated approach provides a more comprehensive 

understanding of the entire source-to-sea continuum, which is essential 
for effective water quality management.

The identification of critical source areas for nutrients within the 
basin provides valuable information for targeted management in
terventions. The high nutrient export from agricultural sub-basins, 
particularly those dominated by vineyards and olive groves (Babaei 
et al., 2019; Khanal et al., 2018), suggests that implementing improved 
agricultural practices in these areas could significantly reduce nutrient 
loading to the Mar Piccolo. Similar conclusions have been drawn by 
Strauss et al. (2007) and Mtibaa et al. (2018), who emphasized the 
importance of targeting critical source areas for cost-effective watershed 
management.

The observed impacts of point sources during dry periods highlight 
the need for improved wastewater treatment. This finding is consistent 
with recommendations by Magand et al. (2020) and Ricci et al. (2022)
regarding the management of point sources in intermittent streams. The 
seasonal patterns of nutrient loading suggest that management strate
gies should be tailored to address different sources depending on the 
time of year, with a focus on diffuse agricultural sources during wet 
periods and point sources during dry periods.

The analysis of the flash flood showed that these events may be 
critical for water quality (Fouilland et al., 2012), demonstrating the 
episodic nature of sediment transport in Mediterranean intermittent 
river systems, as observed by Buendia et al. (2016). In the dry season 
(summer and autumn), flash floods are very common in the Mediterra
nean Region (Llasat et al., 2014; Tramblay et al., 2023), leading to the 
washing out of a large amount of sediment and nutrients into the stream 
and, consequently, to the sea. The plume formed by these events can 
impact the quality of the coastal water bodies (Rosa et al., 2022; Sauvage 
et al., 2018). Moreover, in areas with reduced tidal influence and low 
wind stress, such as the Mar Piccolo, stratification within plumes can 
limit the mixing of sediment and affect sediment transport processes in 
the coastal environment (Spicer et al., 2021). The importance of flash 
floods in sediment and nutrient transport emphasizes the need for 
management approaches that address these episodic events. Traditional 
management approaches (i.e. plowing up and down slopes, no reduced 
tillage or crop residue management or cover cropping) often focus on 
average conditions and may not adequately address the significant 
pollution loads delivered during extreme events. This finding supports 
the conclusions of Tramblay et al. (2021a, 2021b) regarding the 
importance of considering hydrological extremes in Mediterranean 
watershed management.

The observed plume dynamics in the Mar Piccolo highlight the 
vulnerability of this semi-enclosed marine basin to terrestrial inputs, 
which is particularly concerning given its ecological importance and the 
presence of mussel farming activities. The spatial distribution of 
turbidity suggests that sediments and associated pollutants may impact 
specific areas of the basin more severely than others, which should be 
considered in coastal management and conservation efforts. Similar 
concerns have been raised by Petrosillo et al. (2023) regarding the 
balance between economic activities and environmental protection in 
Mar Piccolo.

4.4. Methodological strengths and limitations

Combining SWAT modeling with remote sensing represents a notable 
advancement in studying source-to-sea systems, despite several limita
tions. Discrete sediment sampling for both sediment and nutrients may 
miss the high variability of intermittent streams, with more intensive 
storm event monitoring needed in future work (De Girolamo et al., 
2019). While our model showed satisfactory performance metrics, 
continuous monitoring would improve reliability for extreme events. 
The remote sensing approach using NDTI requires ground-truthing to 
establish quantitative relationships between index values and actual 
suspended sediment concentrations, as satellite-based indices struggle 
with extreme values (Dewantoro et al., 2024; Tavora et al., 2023). 
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Sentinel-2’s 5-day revisit time often misses rapidly evolving plume dy
namics, particularly problematic for flash floods in Mediterranean sys
tems where conditions change within hours. Despite these constraints, 
this integrated approach bridges the watershed-coastal monitoring 
divide—SWAT providing continuous temporal predictions at limited 
spatial points while satellite imaging offers extensive spatial coverage at 
discrete intervals. This combination proves particularly valuable for 
watersheds with intermittent streams where conventional monitoring 
struggles with variable flow regimes (Arnold, 2012).

5. Conclusion

This study demonstrates the efficacy of integrating ecohydrological 
modeling with remote sensing for tracking pollutant dynamics from 
catchment to coast. The SWAT model successfully identified critical 
source areas of nutrients within the Canale d’Aiedda basin, with agri
cultural lands—particularly vineyards and olive groves—contributing 
the highest TN loads (10 kg ha− 1y− 1) and TP loads (0.7 kg ha− 1y− 1). 
Temporal patterns revealed distinct seasonal variability, with peak 
nutrient transport occurring during spring and autumn rainfall events. 
The June 2023 flash flood analysis highlighted the episodic nature of 
pollutant transport in Mediterranean intermittent streams, delivering 
substantial loads (19.4 kg TN, 1.43 kg TP, and 31.43 t sediments) to the 
Mar Piccolo. Remote sensing analysis using NDTI effectively captured 
the spatial distribution of the resulting sediment plume, revealing 
asymmetric dispersion influenced by local circulation patterns.

While our approach addresses significant knowledge gaps regarding 
the source-to-sea continuum, several limitations remain. The discrete 
water quality sampling likely missed peak concentrations during 
extreme events, and Sentinel-2’s temporal resolution cannot fully cap
ture rapidly evolving plume dynamics. Future research should incor
porate high-frequency water quality monitoring during storm events 
and explore integration with hydrodynamic models to better predict 
plume behavior in coastal waters. Nevertheless, this integrated meth
odology offers valuable insights for watershed management, suggesting 
targeted interventions for agricultural practices in critical source areas 
and improved wastewater treatment to mitigate impacts on coastal 
ecosystems, particularly in vulnerable semi-enclosed basins like the Mar 
Piccolo.
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Malagó, A., Bouraoui, F., Grizzetti, B., De Roo, A., 2019. Modelling nutrient fluxes into 
the Mediterranean Sea. Journal of Hydrology: Regional Studies 22, 100592. https:// 
doi.org/10.1016/j.ejrh.2019.01.004.

Mallin, M.A., Turner, M.I.H., McIver, M.R., Toothman, B.R., Freeman, H.C., 2016. 
Significant reduction of fecal Bacteria and suspended solids loading by coastal best 
management practices. J. Coast. Res. 32 (4), 923–931. https://doi.org/10.2112/ 
JCOASTRES-D-15-00195.1.

Mcfeeters, S.K., 1996. The use of the normalized difference water index (NDWI) in the 
delineation of open water features. International Journal of Remote Sensing 17 (7), 
1425–1432. https://doi.org/10.1080/01431169608948714.

Mendes, R., Sousa, M.C., deCastro, M., Gómez-Gesteira, M., Dias, J.M., 2016. New 
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